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3HRSOH�GHFLGH�LQ�WKH�PRVW�QDWXUDO�ZD\�XS�WR�ZKLFK�SRLQW�WZR�WKLQJV�DUH�UHODWHG�RU�QRW��:H�FDOO�WKLV

DELOLW\�PHDVXUH�RI�UHODWHGQHVV��WKDW�LV��WKH�PHDVXUH�RI�WKH�VWUHQJWK�IRU�WKH�UHODWLRQ�EHWZHHQ�WZR��RU

PRUH��ZRUGV��,Q�RUGHU�WR�IRUPDOL]H�DQG�LPSOHPHQW�WKH�PHDVXUH�RI� UHODWHGQHVV��VWUXFWXUHG� OH[LFDO

UHVRXUFHV�DUH�QHHGHG��7KH�PDLQ�FRQWULEXWLRQV�RI�WKLV�GLVVHUWDWLRQ�DUH�WKH�IROORZLQJ�

�� 7KH�IRUPDOL]DWLRQ�RI�NQRZOHGJH�EDVHG�UHODWHGQHVV�DPRQJ�ZRUGV�DQG�FRQFHSWV�

�� $�PHWKRG�WR�HQULFK�DQG�VWUHQJWKHQ�VWUXFWXUHG�OH[LFDO�UHVRXUFHV�H[WUDFWHG�IURP�GLFWLRQDULHV�

7KH� ILUVW� FRQWULEXWLRQ� \LHOGHG� &RQFHSWXDO� 'HQVLW\�� D� PHDVXUH� RI� UHODWHGQHVV� LPSOHPHQWHG� RQ

:RUG1HW��D�OH[LFDO�NQRZOHGJH�EDVH�IRU�(QJOLVK��7KH�WKHRUHWLFDO�DGYDQWDJHV�RI�RXU�IRUPDOL]DWLRQ�DUH

SUHVHQWHG�� DV� ZHOO� DV� WKH� HYDOXDWLRQ� UHVXOWV� RQ� WZR� SUDFWLFDO� WDVNV�� 2Q� WKH� RQH� KDQG�� ZH� KDYH

SHUIRUPHG� IUHH�WH[W� :RUG� 6HQVH� 'LVDPELJXDWLRQ�� DSSO\LQJ� &RQFHSWXDO� 'HQVLW\� RQ� DOO� QRXQV

DSSHDULQJ�LQ�D�SXEOLF�GRPDLQ�(QJOLVK�FRUSXV��2XU�UHVXOWV�FRPSDUH�IDYRUDEO\�ZLWK�WZR�RWKHU�VWDWH�

RI�WKH�DUW�WHFKQLTXHV�DSSOLHG�WR�WKH�VDPH�FRUSXV��2Q�WKH�RWKHU�KDQG��ZH�DOVR�WDFNOHG�WKH�DXWRPDWLF

FRUUHFWLRQ�RI�VSHOOLQJ�HUURUV�IRU�(QJOLVK��EXW�LQ�WKLV�FDVH��XVLQJ�&RQFHSWXDO�'HQVLW\�DORQJVLGH�RWKHU

FRPSOHPHQWDU\� NQRZOHGJH� VRXUFHV� DQG� WHFKQLTXHV�� L�H�� &RQVWUDLQW�*UDPPDU� DQG�ZRUG� DQG� FR�

RFFXUUHQFH�VWDWLVWLFV��7KH�LPSOHPHQWHG�V\VWHP�GHPRQVWUDWHV�WKDW�WKH�LQWHQGHG�FRUUHFWLRQ�SURSRVDO

FDQ�EH�DXWRPDWLFDOO\�VHOHFWHG�ZLWK�KLJK�SUHFLVLRQ�

$V� UHJDUGV� WKH� VHFRQG�PDLQ� FRQWULEXWLRQ�� LW� LV�ZHOO� NQRZQ� WKDW� WKH� LQIRUPDWLRQ� H[WUDFWHG� IRUP

GLFWLRQDULHV�KDV�LWV�VKRUWFRPLQJV��7KH�KLHUDUFKLHV�REWDLQHG�DUH�XVXDOO\�KLHUDUFKLHV�RI�ZRUGV��QRW�RI

ZRUG�VHQVHV��0RUHRYHU��WKH�KLHUDUFKLHV�WHQG�WR�EH�VKDOORZ�DQG�VPDOO��ZLWK��XQVDWLVIDFWRU\�VWUXFWXUH

LQ�WKH�KLJKHU�SDUW��7KH�PHWKRG�SUHVHQWHG�LQ�WKLV�GLVVHUWDWLRQ�VKRZV�WKDW�WKLV�VKRUWFRPLQJV�FDQ�EH

RYHUFRPH� RQ� D� )UHQFK� PRQROLQJXDO� GLFWLRQDU\�� /H� SOXV� 3HWLW� /DURXVVH�� 7KH� PHWKRG� FRPSULVHV

WHFKQLTXHV�WR�VHQVH�GLVDPELJXDWH�WKH�JHQXV�WHUPV�LQ�WKH�GHILQLWLRQV��WKXV�SURGXFLQJ�KLHUDUFKLHV�RI

ZRUG�VHQVHV��DQG�WHFKQLTXHV�WR�OLQN�WKH�VHQVHV�RI�WKH�HQWULHV�LQ�WKH�WDUJHW�GLFWLRQDU\�WR�WKH�VHQVHV

LQ�D�OH[LFDO�NQRZOHGJH�EDVH�LQ�D�GLIIHUHQW�ODQJXDJH��YLD�D�ELOLQJXDO�GLFWLRQDU\��&RQFHSWXDO�'HQVLW\�LV

WKH�NH\�FRPSRQHQW�LQ�ERWK�WDVNV��7KH�SURSRVHG�PHWKRG�LV�DOVR�XVHG�WR�VROYH�WKH�GLIILFXOWLHV�SRVHG

E\� WKH� F\FOHV� LQ� WKH� KLHUDUFKLHV� DQG� WKH� LVRODWHG� HQWULHV� ZKLFK� DUH� XQFRQQHFWHG�� 7KH� PHWKRG

HQDEOHV� WKH�SURGXFWLRQ�RI�KLJK�TXDOLW\� VWUXFWXUHG� OH[LFDO� UHVRXUFHV� IRU�QRQ�(QJOLVK� ODQJXDJHV�� LQ

DGGLWLRQ�WR�PXOWLOLQJXDO�OLQNV�DPRQJ�UHVRXUFHV�LQ�GLIIHUHQW�ODQJXDJHV�
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7KLV�WKHVLV�ZRXOG�QRW�H[LVW�LI�LW�ZDV�QRW�IRU�WKH�,;$�UHVHDUFK�JURXS�

7KH�SKLORVRSK\�RI�WKLV�JURXS�DQG�LWV�PRWLYDWLRQ�WR�UHVHDUFK�RQ�%DVTXH�DUH�KLJKO\�FRQWDJLRXV�

,�VSHFLDOO\�WKDQN�WKH�DWWHQWLRQ�UHFHLYHG�E\�.HSD�DQG�$UDQW]D��DV�ZHOO�DV�WKH�ZRUN�GRQH�ZLWK�.ROGR�

7R�FROODERUDWH�ZLWK�*HUPDQ�LQ�WKH�KRW�GHVHUW�KDV�DOVR�EHHQ�GHFLVLYH

LQ�WKLV�ORQJ�UHVHDUFK�WUDLQLQJ�SURFHVV�

,I�VRPH�KHOSHG�UHVHDUFKLQJ��RWKHUV�PDQDJHG�WR�NHHS�PH�DZD\��IRU�P\�RZQ�EHQHILW�

SDUHQWV�DQG�VLVWHU��WKH�NRDGULOD�LQ�HLEDU��WKRVH�LQ�P\�IODW�ZKR�SURPRWH�OD]LQHVV�

WKH�FRPSXWHU�VFLHQFH�GHSDUWPHQW�RI�8(8��WKH�ODUJH�DQG�WLUHOHVV�IXQ�ORYLQJ�JURXS�LQ�WKH�IDFXOW\�

FDSDEOH�RI�SOD\LQJ�PXV�DIWHU�D�WLULQJ�UHVHDUFK�GD\��WKH�SDOD�ORYLQJ�FOXE��WKH�QRLV\�3K'�VWXGHQWV�IURP

WKH�RYHUFURZGHG�EXOHJR�NDOWH�DQG�IRVD�FRP~Q��WKH�SRWDWR�RPHOHW�VPHOO�ILOWHULQJ�LQ�IURP�P\�ZLQGRZ�DW

PLGGD\��DQG�PRUH�VHULRXVO\��WKH�EDVTXH�ODQJXDJH�SUHVVXUH�JURXS�DQG�WKH�LQVXERUGLQDWLRQ�WR

PLOLWDU\�VHUYLFH�JURXS��GUDZLQJ�SRVWHUV�LV�IXQ���

DIWHU�DOO��DQD��QRW�HYHU\WKLQJ�LV�ZRUN��LV�LW"
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:6'��:RUG�VHQVH�'LVDPELJXDWLRQ
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,,�0RWLYDWLRQ

3HRSOH�GHFLGH� LQ� WKH�PRVW�QDWXUDO�ZD\�XS� WR�ZKLFK�SRLQW� WZR� WKLQJV�DUH� UHODWHG�RU�QRW��:KDW� LV

PRUH� UHODWHG� WR� VKHHS�� FRZ�� FRGILVK� RU� UDGLR"�:H� KDYH� QR� SUREOHPV� WR� UHFRJQL]H� WKH� UHODWLRQV

H[LVWLQJ� DPRQJ� WKH� REMHFWV� LQYROYHG�� DQG� ZH� DUH� UHDGLO\� SUHSDUHG� WR� DQVZHU� VXFK� TXHVWLRQV�

+RZHYHU��DV�LW�KDSSHQV�ZLWK�PRVW�DELOLWLHV�FRQQHFWHG�WR�FRPPRQ�VHQVH��LW�LV�YHU\�GLIILFXOW�WR�PDNH

FRPSXWHUV� VKRZ� WKLV� DELOLW\�� 7KH\� ODFN� WKH� FOXHV� WR� DQVZHU� WKLV� NLQG� RI� TXHVWLRQV�� 7KH\� GR� QRW

NQRZ�ZKDW�VKHHS��FRZ�RU�UDGLR�DUH��QRU�GR�WKH\�NQRZ�ZKLFK�DUH�WKH�UHODWLRQV�DPRQJ�WKHP��:HUH

WKH\�DEOH�WR�DQVZHU�VXFK�TXHVWLRQV��FRPSXWHUV�FRXOG�JHW�D�JUDVS�RI�WKLV�DUHD�RI�FRPPRQ�VHQVH��DQG

WKLV� FRXOG� EH� DSSOLHG� WR� VHYHUDO� LQWHUHVWLQJ� DSSOLFDWLRQV�� :H� ZLOO� IRFXV� RQ� 1DWXUDO� /DQJXDJH

3URFHVVLQJ� �1/3��� $V� PDQ\� SHRSOH� WKLQN�� WKH� NH\� RI� VHPDQWLF� SURFHVVLQJ� OLHV� LQ� WKH� DELOLW\� WR

DQVZHU�VXFK�TXHVWLRQV�UHJDUGLQJ�WKH�UHODWHGQHVV�GHJUHH��:H�ZLOO�FDOO�WKLV�DELOLW\�UHODWHGQHVV��WKDW�LV�

WKH�PHDVXUH�RI�WKH�VWUHQJWK�IRU�WKH�UHODWLRQ�EHWZHHQ�WZR��RU�PRUH��ZRUGV��7KLV�PHDVXUH�LV�XVXDOO\

GHILQHG�MXVW�IRU�QRXQV�

,Q� OLWHUDWXUH�� GLIIHUHQW� ZD\V� WR� IRUPDOL]H� UHODWHGQHVV� KDYH� EHHQ� VWXGLHG�� ,Q� VRPH� ZRUNV�� RQO\

UHODWHGQHVV� EHWZHHQ� ZRUGV� KDV� EHHQ� GHYHORSHG�� EXW� PDQ\� RWKHUV� ZRUN� ZLWK� ZRUG� VHQVHV� RU

FRQFHSWV
�

��7KH� ILUVW� RQHV� GR�QRW� GLVWLQJXLVK�EHWZHHQ� WKH� GLIIHUHQW� VHQVHV� RI� WKH�ZRUG� EDQN�� IRU

LQVWDQFH��7KH�ODWWHU��RQ�WKH�FRQWUDU\��DVNHG�ZKHWKHU�WKH�ZRUGV�EDQN�DQG�ULYHU�DUH�FORVHO\�UHODWHG�RU

QRW��ZRXOG�DQVZHU�WKDW�´LW�GHSHQGVµ��LI�WKLV�EDQN�LV�ULYHUVLGH��WKHQ�\HV��EXW�LI�LW�LV�D�EXLOGLQJ�KDYLQJ

WR� GR� ZLWK� PRQH\�� WKHQ� QR�� WKHVH� DUH� QRW� VR� FORVHO\� UHODWHG�� )URP� RXU� SRLQW� RI� YLHZ�� WKH

IRUPDOL]DWLRQ�IRU�ZRUG�VHQVHV�LV�PRUH�LQWHUHVWLQJ�WKDQ�MXVW�WKH�UHODWHGQHVV�EHWZHHQ�ZRUGV�

                                                          
�

�:RUG�VHQVH�DQG�FRQFHSW�ZLOO�EH�XVHG�DV�HTXLYDOHQW�WHUPV�LQ�WKLV�GLVVHUWDWLRQ�
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)RUPDOL]DWLRQV�FDQ�EH�DOVR�FODVVLILHG�DFFRUGLQJ�WR�WKH�OH[LFDO�UHVRXUFH�WKH\�XVH�

• 7KRVH�XVLQJ�FROOHFWLRQV�RI�ZULWWHQ�WH[WV��FRUSRUD

• 7KRVH�XVLQJ�GLFWLRQDULHV��VSHFLDOO\�WKH�GHILQLWLRQ�WH[WV

• 7KRVH� XVLQJ� VWUXFWXUHG� NQRZOHGJH�� VXFK� DV� 'LFWLRQDU\� .QRZOHGJH� %DVHV� �'.%��� /H[LFDO

.QRZOHGJH�%DVHV��/.%��DQG�RQWRORJLHV

$IWHU�VWXG\LQJ�WKH�WKUHH�UHVRXUFH�W\SHV��ZH�GHHPHG�PRVW�UHDVRQDEOH�WR�EDVH�RXU�IRUPDOL]DWLRQ�RQ

VWUXFWXUHG� NQRZOHGJH�� $OO� OH[LFDO� UHVRXUFHV� NHHS� LQWHUHVWLQJ� LQIRUPDWLRQ�� ZKLFK� LV� KLJKO\

FRPSOHPHQWDU\��+RZHYHU��UHODWHGQHVV�PHDVXUHV�EDVHG�RQ�RQWRORJLHV�KDYH�WKH�VWURQJHVW�WUDGLWLRQ�

URRWHG�LQ�UHVHDUFK�RQ�SV\FKRORJ\�DQG�DUWLILFLDO�LQWHOOLJHQFH��7KH�IDFW�RI�KDYLQJ�D�ZLGH�FRYHUDJH�/.%

OLNH�:RUG1HW� �0LOOHU� HW� DO�� ����E�� DFFHVVLEOH� KDV� DOORZHG� XV� WR� DSSO\� RXU� WKHRUHWLFDO� LGHDV� RQ

SUDFWLFH�� DV�ZH� LPSOHPHQWHG� RXU�PHDVXUH� RI� UHODWHGQHVV� RQ� WKLV� NQRZOHGJH� EDVH��:H�ZLOO� VWXG\

VHYHUDO�PHDVXUHV�EDVHG�RQ�DOO�GLIIHUHQW�NLQGV�RI�OH[LFDO�UHVRXUFHV�LQ�VHFWLRQ�,,,�$��DQG�WKH�UHDVRQV�WR

SUHIHU� WKRVH� EDVHG� RQ� RQWRORJLHV� ZLOO� EH� H[SRVHG� LQ� VHFWLRQ� ,,,�'�� 7KH�PHDVXUH� RI� UHODWHGQHVV

LQWURGXFHG�LQ�WKLV�GLVVHUWDWLRQ�LV�FDOOHG�&RQFHSWXDO�'HQVLW\��&'���DQG�LW�LV�EDVHG�RQ�WKH�KLHUDUFK\�RI

RQWRORJ\� FRQFHSWV
	

�� (YHQ� LI� LW� KDV� EHHQ� LPSOHPHQWHG� RQ� WKH� KLHUDUFK\� RI�:RUG1HW�� LW� FDQ� EH

DSSOLHG�RQ�DQ\�OH[LFDO�UHVRXUFH�DV�ORQJ�DV�LW�VXSSOLHV�FRQFHSWV�VWUXFWXUHG�RQ�D�KLHUDUFK\�

7KH�PHDVXUH�RI�UHODWHGQHVV�DPRQJ�ZRUG�VHQVHV�LV�FUXFLDO�RU�DW�OHDVW�KHOSIXO�IRU�PDQ\�DSSOLFDWLRQV�

VXFK� DV� GLVDPELJXDWLRQ� RI� V\QWDFWLF� VWUXFWXUHV�� ZRUG� VHQVH� GLVDPELJXDWLRQ�� RQWRORJ\� EXLOGLQJ�

OHDUQLQJ� RI� VHOHFWLRQDO� UHVWULFWLRQV�� PHUJLQJ� RI� RQWRORJLHV�� HYDOXDWLRQ� RI� RQWRORJLHV�� LQIRUPDWLRQ

UHWULHYDO��GRFXPHQW�UHWULHYDO�DQG�FODVVLILFDWLRQ��FRQFHSW�FOXVWHULQJ��DXWRPDWLF�WH[W�FRUUHFWLRQ��DV�ZHOO

DV�JHQHUDO�VHPDQWLF�LQWHUSUHWDWLRQ�

5HODWHGQHVV� RIWHQ� DSSHDUV� FORVHO\� OLQNHG� WR� :RUG� VHQVH� 'LVDPELJXDWLRQ� �:6'��� DQG� ZH� KDYH

DFWXDOO\�XVHG�WKLV�DSSOLFDWLRQ�WR�HYDOXDWH�RXU�IRUPDOL]DWLRQ��:H�KDYH�XVHG�&RQFHSWXDO�'HQVLW\� WR

GLVDPELJXDWH�DPRQJ�WKH�VHQVHV�RI�QRXQV�DSSHDULQJ�LQ�IUHH�UXQQLQJ�WH[WV��7KLV�ILHOG�LV�FXUUHQWO\�RQH

RI�WKH�PRVW�DFWLYH�DUHDV�LQ�1/3��DQG�FRQWLQXHV�WR�SRVH�DQ�RSHQ�SUREOHP��7KH�PDFKLQH�WUDQVODWLRQ

V\VWHPV�EXLOW�LQ�WKH�VL[WLHV��IRU�LQVWDQFH��FRXOG�QRW�FRSH�ZLWK�ZRUG�VHQVH�DPELJXLW\��DQG�WKDW�ZDV

RQH� RI� WKH�PDLQ� UHDVRQV� IRU� WKHLU� IDLOXUH�� $V� WKH� LPSOHPHQWDWLRQV� RI� UHODWHGQHVV� VWDUWHG� WR� XVH

EURDGHU�LQIRUPDWLRQ�VRXUFHV��EHWWHU�UHVXOWV�KDYH�EHHQ�DFKLHYHG�LQ�ZRUG�VHQVH�GLVDPELJXDWLRQ��(YHQ

                                                          
�

�&RQFHSWV�WKDW�ZLOO�EH�OLQNHG�WR�WKH�ZRUG�VHQVHV�LQ�WKH�OH[LFRQ�
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LI�WKH�FXUUHQW�WHFKQRORJ\�LV�QRW�UHDG\�XVDEOH�LQ�UHDO�DSSOLFDWLRQV��ZRUG�VHQVH�GLVDPELJXDWLRQ�ZLWK�D

PDQDJHDEOH�HUURU�UDWH�IRU�IUHH�UXQQLQJ�WH[W�PLJKW�EH�DW�KDQG�LQ�WKH�QHDU�IXWXUH�

7KH�PRVW�H[WHQGHG�DSSURDFKHV�WR�:6'�UHSUHVHQW�SROLVHP\�DQG�KRPRQ\P\�XVLQJ�D�FORVHG�OLVW�RI

ZRUG� VHQVHV�� DQG� XVXDOO\� FODLP� WKDW� NQRZOHGJH�SRRU
�

� WHFKQLTXHV�ZRXOG� VXIILFH� IRU� WKH� WDVN��2I

FRXUVH��WKHVH�PDLQVWUHDP�DSSURDFKHV�KDYH�EHHQ�KHDYLO\�GLVSXWHG��2Q�WKH�RQH�KDQG��WKHUH�DUH�WKRVH

WKDW�GR�QRW�FRQFHLYH�:6'�VHSDUDWHG�IURP�JHQHUDO�1/3��DV� LW�ZRXOG�ILUVW�UHTXLUH�WKDW�DOO�GLIILFXOW

SUREOHPV�LQ�1/3�ZHUH�VROYHG��7KH\�WKLQN�WKDW�WKH��NQRZOHGJH�EDVHG��DGYDQFHV�RQ�1/3�ZLOO�GLOXWH

WKH�ZRUG�VHQVH�DPELJXLW\�SUREOHP�QDWXUDOO\��2Q�WKH�RWKHU�KDQG��WKHUH�DUH�WKRVH�ZKR�GLVSXWH�WKH

FORVHG�OLVW�PRGHO��DQG�DGYRFDWH�WKH�G\QDPLF�QDWXUH�RI�WKH�OH[LFRQ��$FFRUGLQJ�WR�WKHP��WKHUH�LV�QR

ZD\� WR� VWDWH� GLIIHUHQFHV� EHWZHHQ� ZRUG� VHQVHV� ZLWKRXW� ILUVW� XQGHUVWDQGLQJ� SURFHVVHV� VXFK� DV

PHWRQ\P\�DQG�PHWDSKRU��6RPH�VNHSWLFV�JR�IXUWKHU��DQG�FODLP�WKDW� LW� LV� LPSRVVLEOH� WR�GUDZ� OLQHV

EHWZHHQ�ZRUG�VHQVHV��DQG�TXHVWLRQ�WKH�H[LVWHQFH�RI�ZRUG�VHQVHV�DV�GLVFUHWH�HQWLWLHV��,Q�RXU�RSLQLRQ�

WKHVH�DUH�DOO�YDOXDEOH�FULWLFLVPV�WKDW�KDYH�WR�EH�WDNHQ�LQWR�DFFRXQW��,GHDOO\�DOO�WKHVH�LGHDV�VKRXOG�EH

LQWHJUDWHG� LQWR� WKH�:6'� V\VWHP� �DQG�� DW� WKH� VDPH� WLPH��:6'� VKRXOG�EH� WLJKWO\� LQWHJUDWHG�ZLWK

JHQHUDO�/13���EXW�LW�FDQ�QRW�EH�GHQLHG�WKDW��PHDQZKLOH��LQWHUHVWLQJ�UHVXOWV�DUH�EHLQJ�REWDLQHG�XVLQJ

MXVW�WKH�PRVW�VLPSOLVWLF�DSSURDFKHV��0RUH�UHFHQWO\��LW�VHHPV�WKDW�WKH�GLVFXVVLRQ�KDV�EHHQ�WDNHQ�WR

WKH� SUDFWLFDO� VLGH�� )RU� LQVWDQFH�� .LOJDUULII�� ZKR� GRXEWV� DERXW� WKH� H[LVWHQFH� RI� ZRUG� VHQVHV

�.LOJDUULII������D���KDV�RUJDQL]HG�WKH�6HQVHYDO
�

�FRPSHWLWLRQ�RQ�:6'�LQ������

2QH�RI�WKH�PRVW�LPSRUWDQW�JRDOV�RI�RXU�UHVHDUFK�JURXS�LV�WKH�GHYHORSPHQW�RI�KHOS�V\VWHPV�IRU�WH[W

FRPSUHKHQVLRQ� DQG� SURGXFWLRQ�� ,Q� WKLV� VHQVH�� ZH� GHYHORSHG� WKH� FRPPHUFLDO� VSHOOLQJ

FKHFNHU�FRUUHFWRU�IRU�%DVTXH��;X[HQ���:KHQ�ILQGLQJ�D�PLVVSHOOLQJ��VSHOOLQJ�FRUUHFWLRQ�SURJUDPV

WU\�WR�ILJXUH�RXW�WKH�FRUUHFW�ZRUG��SURGXFLQJ�D�OLVW�RI�FRUUHFWLRQ�SURSRVDOV��,W�LV�XS�WR�WKH�KXPDQ

XVHU� WR� FKRRVH� WKH� FRUUHFW� SURSRVDO�� (YHQ� LI� WKLV� PLJKW� VXIILFH� IRU� WH[W�SURFHVVRUV�� IRU� RWKHU

DSSOLFDWLRQV� WKH� SURJUDP� LWVHOI� KDV� WR� FKRRVH� WKH� FRUUHFW� SURSRVDO�� 2QH� H[DPSOH� RI� VXFK� DQ

DSSOLFDWLRQ� LV� RSWLFDO� FKDUDFWHU� UHFRJQLWLRQ�� ,W� LV� NQRZQ� WKDW� ZKHQ� D� WH[W� LV� VFDQQHG�� RSWLFDO

FKDUDFWHU� UHFRJQLWLRQ� LQWURGXFHV� VRPH� HUURUV� �IRU� H[DPSOH�� WKH� 
,
� DW� WKH� EHJLQQLQJ�RI� D�ZRUG� LV

RIWHQ� UHFRJQL]HG� DV� DQ� 
O
�� DQG�� LQ� FRQVHTXHQFH�� D� SRVW�SURFHVV� KDV� WR� EH�SHUIRUPHG� LQ� RUGHU� WR

FRUUHFW�WKH�UHFRJQLWLRQ�PLVWDNHV��XVXDOO\�LQYROYLQJ�D�SHUVRQ�WKDW�XVHV�D�VSHOOLQJ�FRUUHFWRU��,Q�RUGHU

WR� FKHFN� ZKHWKHU� VXFK� KXPDQ� SRVW�SURFHVVLQJ� FDQ� EH� HOLPLQDWHG� RU� QRW�� ZH� KDYH� GHYHORSHG� D

V\VWHP� IRU� DXWRPDWLF� WH[W�FRUUHFWLRQ�� ZKLFK� XVHV� V\QWDFWLF� WRROV� GHYHORSHG� LQ� RXU� JURXS� DQG

                                                          
�

�:H�XVH�NQRZOHGJH�SRRU�DV�RSSRVHG�WR�NQRZOHGJH�EDVHG�DSSURDFKHV��,Q�RWKHU�ZRUGV��ZH�FDQ�VD\�WKDW��FXUUHQWO\��WHFKQLTXHV�XVLQJ

H[WHQVLYH�NQRZOHGJH�DUH�PRUH�SRSXODU�DQG�VXFFHVVIXO�WKDQ�NQRZOHGJH�LQWHQVLYH�PHWKRGV�

�

�KWWS���ZZZ�LWUL�EWRQ�XN�HYHQWV�VHQVHYDO�
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&RQFHSWXDO�'HQVLW\��,QFLGHQWDOO\��ZH�KDYH�EHHQ�DEOH�WR�WHVW�RXU�UHODWHGQHVV�PHDVXUH�LQ�D�GLIIHUHQW

WDVN�

$QRWKHU� LPSRUWDQW� PRWLYDWLRQ� RI� WKLV� WKHVLV� LV� WKH� SURGXFWLRQ� RI� VWUXFWXUHG� OH[LFDO� UHVRXUFHV�

'XULQJ�WKH�HLJKWLHV��WKH�1/3�FRPPXQLW\��ZKLFK�ZDV�IRFXVLQJ�PDLQO\�RQ�V\QWDFWLF�LVVXHV��QRWLFHG

WKH�QHHG�RI�ZLGH�DQG�ULFK�OH[LFDO�UHVRXUFHV��,I�1/3�EDVHG�DSSOLFDWLRQV�ZHUH�WR�GHDO�ZLWK�UHDO�WH[WV�

ZLGH�FRYHUDJH�OH[LFRQV�ZHUH�LQ�KDUG�QHHG��%HVLGHV�� LW�ZDV�IRXQG�WKDW�PDQ\�OLQJXLVWLF�SKHQRPHQD

WKDW� KDG� EHHQ� GHVFULEHG� XVLQJ� FRPSOLFDWHG� V\QWDFWLF� UXOHV�� KDG� D� OH[LFDO� RULJLQ�� $FFRUGLQJO\�� WKH

OH[LFRQ�HYROYHG�IURP�EHLQJ�D�SODLQ� OLVW�RI�ZRUGV� WR�D� ULFK� VWUXFWXUHG�V\VWHP�RI�ZRUGV�DQG�ZRUG

VHQVHV��6HHLQJ�WKLQJV�DV� WKH\�ZHUH�� WKH�UHVHDUFK�JURXSV�EHJDQ�WR�EXLOG� WKHVH�ERWK�ULFK�DQG�ZLGH�

FRYHUDJH�OH[LFRQV�PDQXDOO\��7KH�DPRXQW�RI�LQIRUPDWLRQ�WR�EH�FRGHG�LV�UHDOO\�KXJH��DQG�LW�UHTXLUHV

TXLWH� D� IHZ� SHUVRQ�\HDUV�� ZKLFK�ZHUH� DYDLODEOH� MXVW� WR� D� KDQGIXO� RI� ZLGH�VFDOH� SURMHFWV�� OLNH� IRU

H[DPSOH��&<&��/HQDW���������('5��<RNRL��������('5��������RU�:RUG1HW��$V�DQ�DOWHUQDWLYH� WR

IXOO\�PDQXDO� HQFRGLQJ�� DXWRPDWLF� RU� VHPL�DXWRPDWLF�PHDQV� WR� SURGXFH� OH[LFRQV� KDYH� DOVR� EHHQ

FRQVLGHUHG��IRFXVLQJ�RQ�WKH� LQIRUPDWLRQ�H[WUDFWLRQ�IURP�RWKHU� OH[LFDO� UHVRXUFHV��QDPHO\��FRUSRUD

DQG�GLFWLRQDULHV�

'LFWLRQDULHV�KDYH�RIWHQ�EHHQ�WKH�VWDUWLQJ�SRLQW�WR�H[WUDFW�/H[LFDO�.QRZOHGJH�%DVHV��/.%���)URP

DOO�WKH�NLQGV�RI�LQIRUPDWLRQ�H[WUDFWHG��IURP�D�OH[LFDO�VHPDQWLF�SRLQW�RI�YLHZ��WKH�PRVW�RXWVWDQGLQJ

RQHV� KDYH� EHHQ� WKH� KLHUDUFKLHV�� 8QIRUWXQDWHO\�� PRVW� UHVHDUFK� JURXSV� ZHUH� RQO\� DEOH� WR� JHW

KLHUDUFKLHV�RI�ZRUGV��DV�WKH\�ZHUH�QRW�FDSDEOH�RI�GLVFULPLQDWLQJ�DXWRPDWLFDOO\�WKH�DSSURSULDWH�ZRUG

VHQVH�LQYROYHG�LQ�D�FHUWDLQ�QRGH�RI�WKH�KLHUDUFK\��2QH�LPSRUWDQW�H[FHSWLRQ�LV�WKH�ZRUN��%UXFH�HW

DO���������GRQH�RQ�WKH�/'2&(�GLFWLRQDU\��3URFWHU���������,Q�WKLV�FDVH�ZRUG�VHQVH�KLHUDUFKLHV�ZHUH

DXWRPDWLFDOO\�EXLOW�XVLQJ�WKH�LQIRUPDWLRQ�WKDW�ZDV�FRGHG�LQ�WKLV�VSHFLILF�GLFWLRQDU\�WR�SHUIRUP�WKH

GLVDPELJXDWLRQ��0RVW�RI�WKH�H[WUDFWHG�/.%V�KDYH�EHHQ�IRU�(QJOLVK��DV�ZHOO�DV�WKH�RQWRORJLHV�DQG

WKH�/.%V�WKDW�ZHUH�EXLOW�E\�KDQG��7KLV�OHDYHV�DOO�RWKHU�ODQJXDJHV�LQ�D�ZHDN�SRVLWLRQ�ZKHQ�IDFLQJ

UHDO�WH[W�1/3��7KHUH�DUH�WZR�FRPSOHPHQWDU\�VROXWLRQV�WR�WKLV�XQZDQWHG�VLWXDWLRQ�

• 7R� XVH� WKH� FRUSRUD� DQG� GLFWLRQDULHV� WKDW� DUH� DYDLODEOH� IRU� HDFK� ODQJXDJH� LQ� RUGHU� WR� H[WUDFW

/.%V�IRU�WKDW�ODQJXDJH�

• 7R�XVH�WKH�NQRZOHGJH�DOUHDG\�FRGHG�LQ�(QJOLVK�/.%V� LQ�RUGHU� WR�FUHDWH�/.%V�LQ�D�GLIIHUHQW

ODQJXDJH�

,Q�RWKHU�ZRUGV��DYDLODEOH� OH[LFDO�UHVRXUFHV�IRU�WKH�JLYHQ�ODQJXDJH�KDYH�WR�EH�XVHG��RI�FRXUVH��EXW

ZKHQHYHU�LV�SRVVLEOH�DQG�DSSURSULDWH�WKH�NQRZOHGJH�FRGHG�LQ�(QJOLVK�/.%V�VKRXOG�EH�WUDQVODWHG
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DQG� UHXVHG�� ,Q� RXU� RSLQLRQ�� RXU� IRUPDOL]DWLRQ� RI� UHODWHGQHVV� FDQ� KHOS� LQ� ERWK� FRPSOHPHQWDU\

DSSURDFKHV��DV�ZH�ZLOO�VKRZ�LQ�FKDSWHU�9,�

7KH�WZR�PDLQ�PRWLYDWLRQV�IRU�WKLV�GLVVHUWDWLRQ��WKDW�RI�IRUPDOL]LQJ�D�PHDVXUH�IRU�UHODWHGQHVV�DQG

WKDW�RI�EXLOGLQJ�VWUXFWXUHG�OH[LFDO�UHVRXUFHV��DUH�LQWHUUHODWHG��5HODWHGQHVV�IRU�D�JLYHQ�ODQJXDJH�FDQ

QRW�EH�LPSOHPHQWHG�LI�WKHUH�DUH�QR�VWUXFWXUHG� OH[LFDO� UHVRXUFHV� IRU�WKDW� ODQJXDJH��HVSHFLDOO\�/.%

DQG� RQWRORJLHV�� %HVLGHV�� LW� LV� GLIILFXOW� WR� GHYLVH� PHDQV� WR� DXWRPDWLFDOO\� FUHDWH� VWUXFWXUHG� OH[LFDO

UHVRXUFHV�ZLWKRXW� WKH�KHOS�RI� UHODWHGQHVV�PHDVXUHV��8VLQJ� WKH� H[LVWLQJ�/.%V� DQG�RQWRORJLHV� IRU

(QJOLVK� LW� LV� SRVVLEOH� WR� GHILQH� WKH� UHODWHGQHVV� IRU� (QJOLVK� ZRUGV� DQG� ZRUG� VHQVHV�� ,I� WKLV

UHODWHGQHVV�FRXOG�EH�XVHG�WR�VSHHG�XS�WKH�FRQVWUXFWLRQ�RI�VWUXFWXUHG�UHVRXUFHV�IRU�RWKHU�ODQJXDJHV

DQG� WR� OLQN� WKHP� WR� (QJOLVK� UHVRXUFHV�� LW� ZRXOG� EH� SRVVLEOH� WKHQ� WR� DEVRUE� DOO� WKH� ULFKQHVV� LQ

(QJOLVK� UHVRXUFHV��DQG�DOO� WKHVH�ULFK�UHVRXUFHV�ZRXOG�EH�DYDLODEOH� IRU�RWKHU� ODQJXDJHV��)ROORZLQJ

WKLV�GLUHFWLRQ�RI�UHVHDUFK��ZH�SHUIRUPHG�WZR�PDLQ�WDVNV��2Q�WKH�RQH�KDQG��ZH�OLQNHG�WKH�HQWULHV�RI

WKH�)UHQFK�GLFWLRQDU\�/H�3OXV�3HWLW�/DURXVVH� �/33/��/DURXVVH�� ������ WR� WKH� HQWULHV� LQ� WKH�(QJOLVK

/.%�:RUG1HW��DW�WKH�VHQVH�OHYHO��WKDW�LV��)UHQFK�ZRUG�VHQVH�OLQNHG�WR�(QJOLVK�ZRUG�VHQVH��2Q�WKH

RWKHU�KDQG��ERWK� WKH� LQIRUPDWLRQ� LQ� WKH�GLFWLRQDU\�DQG�WKH� OLQNV�EXLOW� WR�:RUG1HW�ZHUH�XVHG� WR

VHQVH�GLVDPELJXDWH�WKH�KLHUDUFKLHV�H[WUDFWHG�IURP�/33/�

'XULQJ� WKH� ZRUN� WKDW� SURGXFHG� WKLV� GLVVHUWDWLRQ�� WKHUH� ZHUH� QR� ZLGH� DQG� VWUXFWXUHG� OH[LFDO

UHVRXUFHV� IRU� DQ\� ODQJXDJHV� RWKHU� WKDQ� (QJOLVK�� :H� WKHUHIRUH� GHILQHG� UHODWHGQHVV� IRU� (QJOLVK

VHQVHV�� ZKLFK� ZH� DSSOLHG� WR� ZRUG� VHQVH� GLVDPELJXDWLRQ� DQG� WH[W�FRUUHFWLRQ� RQ� (QJOLVK� WH[WV�

5HJDUGLQJ�WKH�FRQVWUXFWLRQ�DQG�HQULFKPHQW�RI�/.%V��RXU�JURXS�KDG�DOUHDG\�H[WUDFWHG�PXFK�OH[LFDO

LQIRUPDWLRQ� IURP� D� )UHQFK� GLFWLRQDU\�� SURGXFLQJ� D� ILUVW� YHUVLRQ� RI� D� /.%�� 7KLV� GLVVHUWDWLRQ

GHVFULEHV� WKH� ZRUN� SHUIRUPHG� RQ� WKLV� /.%� LQ� RUGHU� WR� HQULFK� DQG� UHRUJDQL]H� LWV� KLHUDUFKLHV�

1HYHUWKHOHVV�� %DVTXH� LV� WKH� WDUJHW� RI� PRVW� UHVHDUFK� LQ� RXU� JURXS�� $OO� PHWKRGV� DQG� WHFKQLTXHV

GHYHORSHG� LQ� WKLV� GLVVHUWDWLRQ� ZHUH� GHVLJQHG� JHQHUDO� HQRXJK� WR� EH� XVHG� LQ� WKH� FRQVWUXFWLRQ� RI

VWUXFWXUHG�OH[LFDO�UHVRXUFHV�DQG�LQ�WKH�LPSOHPHQWDWLRQ�RI�D�UHODWHGQHVV�PHDVXUH�IRU�%DVTXH�RU�DQ\

RWKHU�ODQJXDJH�

,,,�*RDOV

$QVZHULQJ� WKH�PDLQ�PRWLYDWLRQV�� WKH� IRUPDOL]DWLRQ�RI� UHODWHGQHVV� DQG� WKH�EXLOGLQJ�RI� VWUXFWXUHG

OH[LFDO�UHVRXUFHV��ZH�VHW�WZR�PDLQ�REMHFWLYHV�WR�WKLV�WKHVLV�

�� 7KHRUHWLFDO�� WR�GHILQH�D�PHDVXUH�RI�WKH�UHODWHGQHVV�DPRQJ�FRQFHSWV�DQG�ZRUGV�EDVHG

RQ�NQRZOHGJH�
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�� 3UDFWLFDO��WR�GHYHORS�WHFKQLTXHV�WR�HQULFK�DQG�VWUHQJWKHQ�QRQ�(QJOLVK�VWUXFWXUHG�OH[LFDO

UHVRXUFHV�

%RWK�JRDOV�LQYROYH�OH[LFDO�UHVRXUFHV��5HJDUGLQJ�WKH�WKHRUHWLFDO�JRDO��ZH�ZLOO�WU\�WR�WDNH�DGYDQWDJH�RI

H[LVWLQJ� VWUXFWXUHG� OH[LFDO� UHVRXUFHV� VR� DV� WR� PRGHO� D� VSHFLILF� LQIHUHQFH� W\SH�� WKH� UHODWHGQHVV

PHDVXUH�� 7KH� SUDFWLFDO� JRDO� LV� FRQFHUQHG� ZLWK� WKH� EXLOGLQJ� RI� ULFKHU� OH[LFDO� UHVRXUFHV�� IURP

GLFWLRQDULHV�WR�/.%V�

,Q�RUGHU�WR�DFKLHYH�WKHVH�JRDOV��ZH�VHW�WKUHH�PDLQ�WDVNV�

�� 'HVLJQ�DQG�LPSOHPHQW�&RQFHSWXDO�'HQVLW\�EDVHG�RQ�:RUG1HW�

�� /LQN�� DW� ZRUG� VHQVH� OHYHO�� WKH� HQWULHV� LQ� WKH� )UHQFK� GLFWLRQDU\�/H� 3OXV� 3HWLW� /DURXVVH� WR

:RUG1HW�

�� 'LVDPELJXDWH�DQG�VWUHQJWKHQ�WKH�ZRUG�VHQVH�KLHUDUFKLHV�LQ�WKH�'LFWLRQDU\�.QRZOHGJH�%DVH

DOUHDG\�H[WUDFWHG�IURP�/H�3OXV�3HWLW�/DURXVVH�

 

 ,Q�RUGHU�WR�DFFRPSOLVK�WDVNV���DQG���LW�KDV�EHHQ�QHFHVVDU\�WR�XVH�&RQFHSWXDO�'HQVLW\��:H�KDYH�WR

SRLQW� RXW� WKDW� RQFH� D� VWURQJ� VHQVH�GLVDPELJXDWHG�KLHUDUFK\� IRU� )UHQFK� LV� FRQVWUXFWHG�� LW�ZLOO� EH

SRVVLEOH�WR�DSSO\�&RQFHSWXDO�'HQVLW\�GLUHFWO\�RQ�WKLV�KLHUDUFK\��REWDLQLQJ�D�UHODWHGQHVV�PHDVXUH�IRU

)UHQFK��7KH�IROORZLQJ�K\SRWKHVHV�LV�EHKLQG�RXU�DSSURDFK�

 ,Q� RUGHU� WR� GLVDPELJXDWH� DQG� HQULFK� QRQ�(QJOLVK� /.%V�� ODQJXDJH�H[WHUQDO� NQRZOHGJH� LV

QHHGHG��ZKLFK�FDQ�EH�UHDGLO\�DFTXLUHG�YLD�PXOWLOLQJXDO�OLQNV��XVXDOO\�WR�(QJOLVK��

 %HVLGHV�WDVNV���DQG����ZH�KDYH�DSSOLHG�DQG�HYDOXDWHG�&RQFHSWXDO�'HQVLW\�RQ� WZR�RWKHU�SUDFWLFDO

DSSOLFDWLRQV��:H�WKHUHIRUH�SHUIRUPHG�WZR�PRUH�WDVNV�

�� $SSOLFDWLRQ�� WXQLQJ�DQG�HYDOXDWLRQ�RI�&RQFHSWXDO�'HQVLW\��ZRUG� VHQVH�GLVDPELJXDWLRQ�RI

QRXQV�LQ�UXQQLQJ�WH[W�

�� $SSOLFDWLRQ�DQG�HYDOXDWLRQ�RI�&RQFHSWXDO�'HQVLW\��DXWRPDWLF�VSHOOLQJ�FRUUHFWLRQ�

,Q�RUGHU�WR�DFFRPSOLVK�(QJOLVK�:6'��ZH�MXVW�XVHG�WKH�LPSOHPHQWDWLRQ�RI�&RQFHSWXDO�'HQVLW\�RQ

:RUG1HW�� %HVLGHV� WKH� HYLGHQW� LQWHUHVW� RI� :6'�� ZH� XVHG� LW� WR� HYDOXDWH� RXU� UHODWHGQHVV

IRUPDOL]DWLRQ��,Q�IDFW��WKHUH�LV�QR�DJUHHG�SURFHGXUH�WR�GLUHFWO\�HYDOXDWH�UHODWHGQHVV��DQG�ZH�GHHPHG

EHWWHU�WR�HYDOXDWH�LW�RQ�D�SUDFWLFDO�DQG�FRPSDUDEOH�DSSOLFDWLRQ�
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,Q� RUGHU� WR� EH� DEOH� WR� SHUIRUP� DXWRPDWLF� WH[W�FRUUHFWLRQ�� ZH� KDYH� XVHG� GLIIHUHQW� NQRZOHGJH

UHVRXUFHV��DSDUW�IURP�&RQFHSWXDO�'HQVLW\��LQFOXGLQJ��V\QWDFWLFDO�NQRZOHGJH�DQG�VWDWLVWLFDO�PRGHOV�RI

ZRUG�DQG�FR�RFFXUUHQFH�IUHTXHQFLHV�

,9�6WUXFWXUH�RI�WKH�GLVVHUWDWLRQ�DQG�(QJOLVK�YHUVLRQ�DYDLODELOLW\

Main goals of
dissertation

Tasks Original Chapters
Whole

chapter in
English

Appen
dix

Paper
code

I Introduction YES
II Lexical resources YES

To define a measure of
the relatedness among
concepts and words
based on knowledge.

Design and implementation of
Conceptual Density based on
WordNet.

III Relatedness and
Conceptual
Density

YES B.1
A.1
A.2
A.3

Application, tuning and evaluation
of Conceptual Density: word sense
disambiguation of running text.

IV Word Sense
Disambiguation

NO A A.1
A.2
A.3

Application and evaluation of
Conceptual Density: automatic
text-correction.

V Automatic
Spelling
Correction

NO B B.1
B.2
B.3
B.4

To develop techniques
to enrich and
strengthen non-English
structured lexical
resources.

Linking, at word sense level, of the
entries in the French dictionary Le
Plus Petit Larousse to WordNet.

Disambiguation and strengthening
of the word sense hierarchies in the
Dictionary Knowledge-Base
already extracted from Le Plus
Petit Larousse.

VI Enriching the
Dictionary
Knowledge Base

NO C C.1
C.2

VIIConclusions YES
� �

�
�WDEOH��6WUXFWXUH�DQG�JRDOV�RI�WKH�GLVVHUWDWLRQ��LQFOXGLQJ�DYDLODELOLW\
RI�WKH�(QJOLVK�YHUVLRQ�DV�D�FKDSWHU�RU�FROOHFWLRQ�RI�SDSHUV�

Code Erref Title Chapters
A.1 Agirre & Rigau, 1995 A proposal for Word Sense Disambiguation using Conceptual

Distance
III and IV

A.2 Agirre & Rigau, 1996a Word Sense Disambiguation using Conceptual Density III and IV
A.3 Agirre & Rigau, 1996b An Experiment on Word Sense Disambiguation of the Brown

corpus using WordNet
III and IV

B.1 Agirre et al., 1994b Conceptual Distance and Automatic Spelling Correction III and V
B.2 Agirre et al., 1995 Lexical-Semantic Information and Automatic Correction of

Spelling Errors
V

B.3 Agirre et al., 1998b Towards a Single Proposal in Spelling Correction V
B.4 Agirre et al., 1998c Towards a Single Proposal in Spelling Correction V
C.1 Rigau & Agirre, 1995 Disambiguating bilingual nominal entries against WordNet VI
C.2 Rigau et al., 1997 Combining Unsupervised Lexical Knowledge Methods for

Word Sense Disambiguation
VI

�
���
�WDEOH��3DSHUV�UHODWHG�WR�WKH�GLVVHUWDWLRQ�
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7KH�JRDOV�DQG�WDVNV�RI� WKLV� WKHVLV�� LQFOXGLQJ� WKHLU� UHODWLRQ�ZLWK� WKH�FRQWHQWV�RI�HDFK�FKDSWHU�� WKH

DYDLODELOLW\�RI�WKH�(QJOLVK�YHUVLRQ�RI�WKH�FKDSWHUV�DQG�WKH�UHODWHG�SDSHUV��RUJDQL]HG�LQ�DSSHQGLFHV�

DUH�VXPPDUL]HG�LQ�WDEOH���

7KH�FKDSWHUV�ZLWKRXW�(QJOLVK�WUDQVODWLRQ�DUH�FRYHUHG�LQ�WKH�SXEOLVKHG�SDSHUV�ZKLFK�DUH�LQFOXGHG�LQ

WKH�DSSHQGLFHV
�

��7KHUH�LV�RQH�DSSHQGL[�IRU�HDFK�FKDSWHU�ZLWKRXW�(QJOLVK�WUDQVODWLRQ�DYDLODEOH��7KH

SDSHUV�KDYH�EHHQ�FRGHG�XVLQJ�WKH�DSSHQGL[�ZKHUH�WKH\�EHORQJ��7KH�IXOO�OLVW�RI�SDSHUV�UHODWHG�WR�WKLV

GLVVHUWDWLRQ�LV�VKRZQ�LQ�WDEOH����RUGHUHG�DFFRUGLQJ�WR�WKH�DSSHQGL[�

)ROORZLQJ� WKLV� LQWURGXFWRU\� FKDSWHU�� FKDSWHU� ,,� GHDOV� ZLWK� OH[LFDO� UHVRXUFHV�� $IWHU� QRWLQJ� WKH

FXUUHQW� LPSRUWDQFH�RI� OH[LFDO� UHVRXUFHV� LQ�1DWXUDO�/DQJXDJH�3URFHVVLQJ�� WKH�PRVW� LQIOXHQWLDO� DQG

ZLGHO\�NQRZQ�UHVRXUFHV�DUH�LQWURGXFHG��,Q�WKH�(QJOLVK�YHUVLRQ��RQO\�WKH�FRUSRUD��GLFWLRQDULHV�DQG

VWUXFWXUHG�UHVRXUFHV�WKDW�ZHUH�DFWXDOO\�XVHG�LQ�WKLV�GLVVHUWDWLRQ�DUH�PHQWLRQHG�

,Q�&KDSWHU� ,,,� �5HODWHGQHVV�DQG�&RQFHSWXDO�'HQVLW\��ZH� VWXG\�GLIIHUHQW�ZD\V�RI�PHDVXULQJ� WKH

GHJUHH�WR�ZKLFK�ZRUGV�DQG�ZRUG�VHQVHV�DUH�FORVHO\�UHODWHG�DQG�ZH�LQWURGXFH�WKH�PRVW� LPSRUWDQW

FRQWULEXWLRQ�RI� WKLV�GLVVHUWDWLRQ��&RQFHSWXDO�'HQVLW\��%HIRUH� SUHVHQWLQJ�&RQFHSWXDO�'HQVLW\��ZH

VWXG\� RWKHU� IRUPDOL]DWLRQV� RI� UHODWHGQHVV�� :KHQ� SUHVHQWLQJ� WKH� LPSOHPHQWDWLRQ� RI� &RQFHSWXDO

'HQVLW\��ZH�LQWURGXFH�VRPH�SDUDPHWHU�DQG�YDULDQWV�WKDW�KDYH�WR�EH�HYDOXDWHG�HPSLULFDOO\��)LQDOO\�

ZH�GHIHQG�WKH�VXSHULRULW\�RI�RQWRORJ\�EDVHG�UHODWHGQHVV��DQG�DPRQJ�RQWRORJ\�EDVHG�IRUPDOL]DWLRQV�

WKH�DGYDQWDJHV�RI�&RQFHSWXDO�'HQVLW\��$�IXOO�(QJOLVK�YHUVLRQ�RI�WKLV�FKDSWHU�LV�DYDLODEOH�

,Q� FKDSWHU� ,9� �:RUG� 6HQVH� 'LVDPELJXDWLRQ�� ZH� HYDOXDWH� &RQFHSWXDO� 'HQVLW\� LQ� D� SUDFWLFDO

DSSOLFDWLRQ��DQG��DORQJ�WKH�ZD\��ZH�DGMXVW�WKH�SDUDPHWHUV�RI�&RQFHSWXDO�'HQVLW\�PHQWLRQHG�LQ�WKH

SUHYLRXV�FKDSWHU��FRQVLGHULQJ�WKH�UHVXOWV�RI�WKLV�DSSOLFDWLRQ��(YHQ�LI�WKH�SUHYLRXV�FKDSWHU�GHIHQGV

WKH� WKHRUHWLFDO� DQG� SUDFWLFDO� DGYDQWDJHV� RI� &RQFHSWXDO�'HQVLW\�� ZH�ZDQWHG� WR� VKRZ� WKDW� LW� DOVR

DWWDLQV� JRRG� UHVXOWV� LQ�SUDFWLFH�� ,Q�:RUG� VHQVH�'LVDPELJXDWLRQ�ZH�KDYH� WR� GHFLGH�ZKLFK�RI� WKH

VHQVHV�IRU�D�ZRUG�ZDV�LQWHQGHG�IRU�D�JLYHQ�WHVW�RFFXUUHQFH��$OPRVW�DOO�PHDVXUHV�RI�UHODWHGQHVV�KDYH

EHHQ�DSSOLHG� WR�:RUG�VHQVH�'LVDPELJXDWLRQ� �PRVWO\� LQ�QRXQ�GLVDPELJXDWLRQ��� DQG�� IXUWKHUPRUH�

WKH\�KDYH�EHHQ�VRPHWLPHV�GHVLJQHG�VSHFLILFDOO\�IRU�WKLV�SXUSRVH��7KLV�FKDSWHU�ZLOO�VWDUW�ZLWK�D�VWXG\

RI�DQWHFHGHQWV��XQGHUOLQLQJ� WKH�QHHG�RI�GLIIHUHQW�NQRZOHGJH� VRXUFHV��$IWHUZDUGV��ZH�ZLOO� H[SODLQ

WKH�GHVLJQ�RI� WKH�H[SHULPHQWV�DQG� WKH�DOJRULWKP�XVHG� WR�GLVDPELJXDWH�ZLWK�&RQFHSWXDO�'HQVLW\�

7KH�H[SHULPHQW�ZDV� VHW�RQ�DQ�DOUHDG\�GLVDPELJXDWHG�FRUSXV�� VR�DV� WR�DXWRPDWLFDOO\�PHDVXUH� WKH

SUHFLVLRQ�RI�WKH�V\VWHP��)URP�WKLV�FRUSXV��ZH�FKRVH�IRXU�WH[W�VHWV��DQG�ZH�GLVDPELJXDWHG�DOO�QRXQV

                                                          
�

�7KH�SDSHUV�FDQ�DOVR�EH�DFFHVVHG�LQ�KWWS���L[D�VL�HKX�HV��
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LQ�WKH�VDPSOH��DURXQG�������QRXQV���FKRRVLQJ�WKH�ZRUG�VHQVHV�IURP�:RUG1HW��$�VSHFLILF�VHFWLRQ�LV

GHYRWHG�WR�VWXG\�WKH�HIIHFWV�RI�WKH�SDUDPHWHUV�DQG�YDULDQWV�RI�&RQFHSWXDO�'HQVLW\��DQG�WR�FKRRVH

WKH�EHVW�YDOXHV�IRU�WKH�SDUDPHWHUV��$IWHU�HYDOXDWLQJ�WKH�UHVXOWV��ZH�ZLOO�FRPSDUH�WKHP�WR�WKRVH�RI

RWKHU�PHWKRGV��:H�KDYH�LPSOHPHQWHG�WZR�RWKHU�RQWRORJ\�EDVHG�PHWKRGV��REWDLQLQJ�ZRUVH�UHVXOWV�

)LQDOO\��WKH�FRQWULEXWLRQV�RI�WKLV�FKDSWHU�DUH�RXWOLQHG�

7KLV�FKDSWHU�LV�QRW�DYDLODEOH�LQ�WKH�(QJOLVK�YHUVLRQ��EXW�LW�LV�IXOO\�FRYHUHG�LQ�WKH�SDSHUV��$JLUUH�	

5LJDX�� ������ ����D�� ����E��� 7KH� ILUVW� SDSHU� �$JLUUH� 	� 5LJDX�� ������ SUHVHQWV� VRPH� SUHOLPLQDU\

H[SHULPHQWV��ZKLFK�ZHUH�FRPSOHWHG�DIWHUZDUGV�ZLWK�WKH�H[SHULPHQWV�SUHVHQWHG�LQ�WKH�VHFRQG�SDSHU

�$JLUUH�	�5LJDX�� ����D��� )LQDOO\�� D� VOLJKWO\�PRUH� H[WHQGHG� YHUVLRQ� ZDV� SXEOLVKHG� DV� DQ� LQWHUQDO

UHSRUW��$JLUUH�	�5LJDX������E��

,Q�FKDSWHU� 9� �$XWRPDWLF� 6SHOOLQJ�&RUUHFWLRQ��ZH� KDYH� GHYHORSHG� DQRWKHU� SUDFWLFDO� DSSOLFDWLRQ�

WKDW�RI� DXWRPDWLFDOO\� FRUUHFWLQJ� VSHOOLQJ� HUURUV�� ,Q� WKLV� FKDSWHU�ZH� LQWURGXFH� WKH� LPSOHPHQWDWLRQ

DQG�WKH�GHVLJQ�RI�WKH�V\VWHP�WKDW�WULHV�WR�FKRRVH�WKH�FRUUHFW�SURSRVDO�DPRQJ�D�VHW�RI�FRUUHFWLRQ

SURSRVDOV��)LUVWO\�ZH�SUHVHQW�WKH�OLWHUDWXUH�RQ�WKLV�VXEMHFW��$IWHUZDUGV��ZH�LQWURGXFH�WKH�UHVXOWV�RI

WKH�IHDVLELOLW\�VWXG\�RQ�VHPDQWLF�DQG�V\QWD[�EDVHG�FRUUHFWLRQ��:H�FRQFOXGHG�WKDW�LW�ZDV�DEVROXWHO\

QHFHVVDU\� WR� LQFOXGH� VHPDQWLF� NQRZOHGJH�� DQG�SXW� IRUZDUG� D�SURSRVDO� IRU� WKH�XVH�RI� UHODWHGQHVV

PHDVXUHV�RQ� WKH�/.%�EXLOW� IURP�/H�3OXV�3HWLW�/DURXVVH�� ,Q� WKH� IROORZLQJ� VHFWLRQ�� WKH�PHWKRG� IRU

DXWRPDWLF� FRUUHFWLRQ� LV� SURSRVHG�� ZKLFK� LV� EDVHG� RQ� V\QWDFWLF� NQRZOHGJH�� VHPDQWLF� NQRZOHGJH

�SURYLGHG� E\� &RQFHSWXDO� 'HQVLW\� IRU� QRXQV�� DQG� FRUSXV�EDVHG� VWDWLVWLFDO� WHFKQLTXHV�� 1H[W�� WKH

GHVLJQ�RI�WKH�H[SHULPHQWV�LV�SUHVHQWHG�DORQJVLGH�WKH�HYDOXDWLRQ�DQG�FRPSDULVRQ�ZLWK�RWKHUV��7ZR

NLQGV�RI�FRUSRUD�ZHUH�XVHG��RQH�LQ�ZKLFK�ZH�LQWURGXFHG�VSHOOLQJ�HUURUV�DUWLILFLDOO\��DQG�DQRWKHU�ZLWK

UHDO�VSHOOLQJ�HUURUV��)LQDOO\��WKH�FRQWULEXWLRQV�RI�WKLV�FKDSWHU�DUH�VXPPDUL]HG�

5HJDUGLQJ�WKH�(QJOLVK�YHUVLRQ��WKLV�FKDSWHU�LV�IXOO\�DYDLODEOH�LQ�WKH�SDSHUV��$JLUUH������$JLUUH�HW�DO��

����E��$JLUUH� HW� DO��� ������$JLUUH� HW� DO��� ����E��$JLUUH� HW� DO��� ����F��� 7KH�SUHOLPLQDU\� LGHDV�ZHUH

SUHVHQWHG�LQ�6SDQLVK�LQ��$JLUUH���������VSHFLILFDOO\�WKH�IHDVLELOLW\�VWXG\�DQG�WKH�SUHOLPLQDU\�SURSRVDO

IRU�XVLQJ� WKH�NQRZOHGJH� LQ� WKH�)UHQFK�/.%��$� UHGXFHG�YHUVLRQ�ZDV�SXEOLVKHG� LQ� �$JLUUH� HW� DO��

�������7KH�SURSRVDO� IRU� XVLQJ� WKH� UHODWLRQV� LQ� WKH� /.%�ZDV� IXUWKHU� HODERUDWHG� LQ� �$JLUUH� HW� DO��

����E���7KH�GHVLJQ�RI�WKH�FRUUHFWLRQ�V\VWHP�DQG�WKH�DFWXDO�H[SHULPHQWV�DUH�GHVFULEHG�LQ��$JLUUH�HW

DO�������E������F���EHLQJ�WKH�ODWWHU�WKH�ILQDO�YHUVLRQ�

&KDSWHU�9,� �(QULFKLQJ�WKH�'LFWLRQDU\�.QRZOHGJH�%DVH�� WDFNOHV� WKH�RWKHU�PDLQ�REMHFWLYH�RI� WKLV

GLVVHUWDWLRQ�� QDPHO\�� WKDW� RI� EXLOGLQJ� /.%V� IRU� QRQ�(QJOLVK� ODQJXDJHV�� )LUVW� RI� DOO�� OH[LFDO

NQRZOHGJH� DFTXLVLWLRQ� OLWHUDWXUH� LV� UHYLHZHG�� LQFOXGLQJ� PXOWLOLQJXDO� UHVRXUFH� OLQNLQJ�� DQG� WKH
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H[WUDFWLRQ�RI�KLHUDUFKLHV� IURP�GLFWLRQDULHV��+LHUDUFKLHV� DUH�XVXDOO\� H[WUDFWHG� IURP�GLFWLRQDULHV�E\

DQDO\]LQJ� WKH� GHILQLWLRQV� RI� WKH�ZRUG� VHQVHV� DQG� GHWHFWLQJ� WKH� K\SHUQ\P\� UHODWLRQ� EHWZHHQ� WKH

HQWU\�EHLQJ�GHILQHG�DQG�D�GLVWLQJXLVKHG�WHUP�LQ�WKH�GHILQLWLRQ�FDOOHG�JHQXV��6SHFLDO�DWWHQWLRQ�LV�SDLG

WR� WKH� SUREOHPV� SUHVHQWHG� E\� WKH� KLHUDUFKLHV� H[WUDFWHG� IURP� GLFWLRQDULHV�� 2Q� WKH� RQH� KDQG�

KLHUDUFKLHV�DUH�QRW�XVXDOO\�VHQVH�GLVDPELJXDWHG��2Q�WKH�RWKHU�KDQG��KLHUDUFKLHV�WHQG�WR�EH�VKDOORZ

DQG� LVRODWHG� IURP� HDFK� RWKHU�� DQG� WR� H[KLELW� FRKHUHQF\� SUREOHPV� LQ� WKH� WRS� OD\HU�� 3DUW� RI� WKH

SUREOHPV�RI�VKDOORZQHVV�DQG�LVRODWLRQ�LV�FDXVHG�E\�WKH�F\FOHV�LQ�WKH�H[WUDFWHG�KLHUDUFKLHV�DQG�WKH

IDFW� WKDW� VRPH�ZRUG� VHQVHV� DUH� OHIW� RXW� RI� WKH� KLHUDUFKLHV� �JHQHUDOO\� WKRVH� GHILQHG� XVLQJ� VSHFLDO

UHODWRUV��ZKLFK�GR�QRW�FRQWDLQ�D�JHQXV���2XU�SRVLWLRQ�DQG�SURSRVDO�WR�RYHUFRPH�WKHVH�SUREOHPV�LV

SUHVHQWHG�QH[W�

,Q�RUGHU�WR�FKHFN�ZKHWKHU�LW� LV�SRVVLEOH�WR�VWUHQJWKHQ�WKH�FRQVWUXFWLRQ�RI�/.%V�RU�QRW��ZH�KDYH

VWXGLHG�WKH�'.%�H[WUDFWHG�IRUP�/H�3OXV�3HWLW�/DURXVVH��6R�DV�WR�PDNH�WKLV�'.%�D�/.%�XVDEOH� LQ

1/3�� ZH� KDYH� WR� VROYH� WKH� VKRUWFRPLQJV� H[SODLQHG� DERYH��:H� SURSRVH� DQ� LQWHJUDWHG� VROXWLRQ

PHWKRG��)LUVWO\��ZH� VWXGLHG� WKH� GHILQLWLRQV� SURGXFLQJ� F\FOHV� LQ� WKH� KLHUDUFK\� DQG� WKH� GHILQLWLRQV

ZLWK� VSHFLILF� UHODWRUV�� DQG�ZH� OLQNHG� DOO� WKHVH� HQWULHV� WR� DQ� H[WHUQDO�/.%��:RUG1HW� �LQ� IDFW��ZH

OLQNHG� DOO� HQWULHV� LQ� /33/��� 7KHVH� OLQNV� ZLOO� HQDEOH� XV� WR� LQWHJUDWH� WKH� PHQWLRQHG� SUREOHPDWLF

GHILQLWLRQV� LQ� WKH� RYHUDOO� KLHUDUFKLHV�� 6HFRQGO\�� ZH� DXWRPDWLFDOO\� GLVDPELJXDWHG� WKH� KLHUDUFKLHV�

SURGXFLQJ� D�ZRUG� VHQVH�KLHUDUFK\�� )LQDOO\��ZH� XVHG� WKH� /33/�:RUG1HW� OLQNV� WR� FRQQHFW� DOO� WKH

LVRODWHG� KLHUDUFKLHV� �LQFOXGLQJ� WKRVH� SURGXFHG� E\� EUHDNLQJ� WKH� F\FOHV� DQG� E\� VSHFLILF� UHODWRU

GHILQLWLRQV��WDNLQJ�:RUG1HW�DV�D�UHIHUHQFH��,Q�RWKHU�ZRUGV��ZH�FRQQHFWHG�WKH�LVRODWHG�KLHUDUFKLHV

XVLQJ� WKH� :RUG1HW� KLHUDUFK\�� %\� WKH� ZD\�� WKH� WRS� OD\HU� RI� :RUG1HW� LV� LQFRUSRUDWHG� LQ� WKH

H[WUDFWHG�KLHUDUFK\��VROYLQJ�WKH�ODFN�RI�FRKHUHQFH�LQ�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV�

,Q�RUGHU�WR�OLQN�WKH�ZRUG�VHQVHV�RI�WKH�'.%�H[WUDFWHG�IURP�/33/�WR�:RUG1HW��ZH�XVHG�D�ELOLQJXDO

GLFWLRQDU\�DQG�&RQFHSWXDO�'HQVLW\��VR�WKDW�ZH�FDQ�DVVLJQ�RQH�:RUG1HW�FRQFHSW��RU�PRUH��WR�HDFK

ZRUG�VHQVH�LQ�/33/��6R�DV�WR�GLVDPELJXDWH�WKH�KLHUDUFK\��ZH�ZLOO�XVH�ERWK�WKH�NQRZOHGJH�LQ�WKH

GLFWLRQDU\� LWVHOI�DQG�WKH� OLQN� WR�:RUG1HW��:H�KDYH� LPSOHPHQWHG�VHYHUDO� LQGHSHQGHQW� WHFKQLTXHV

IRU�GLVDPELJXDWLRQ��LQFOXGLQJ�&RQFHSWXDO�'HQVLW\��ZKLFK�ZHUH�FRPELQHG�XVLQJ�D�YRWLQJ�VWUDWHJ\�

7KLV� FKDSWHU� LV� QRW� IXOO\� FRYHUHG� LQ� (QJOLVK�� 7KH�ZRUN� RQ� F\FOHV� DQG� WKH� WUHDWPHQW� RI� VSHFLILF

UHODWRUV�LV�QRW�SXEOLVKHG�\HW�LQ�(QJOLVK��7KH�WZR�SDSHUV�UHODWHG�WR�WKLV�FKDSWHU�FRYHU�WKH�PHWKRG�WR

OLQN�/33/� WR�:RUG1HW� �5LJDX�	�$JLUUH�� ������ DQG� WKH�PHWKRG� WR� GLVDPELJXDWH� WKH� KLHUDUFKLHV

H[WUDFWHG� IURP�/33/� �5LJDX� HW� DO��� ������� 7KH� ODWWHU� KDV� EHHQ� IXUWKHU� LPSURYHG� DV� H[SODLQHG� LQ
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�5LJDX�HW�DO���������EXW�WKHVH�LPSURYHPHQWV�KDYH�QRW�EHHQ�FRYHUHG�LQ�WKH�SUHVHQW�GLVVHUWDWLRQ��7KH

UHVXOWV�IRU�WKH�FRQQHFWLRQ�RI�WKH�LVRODWHG�KLHUDUFKLHV�DUH�XQDYDLODEOH�LQ�(QJOLVK�

,Q� WKH� ODVW� FKDSWHU�ZH� VXPPDUL]H� WKH� FRQWULEXWLRQV�PDGH�� RUJDQL]HG�E\� FKDSWHUV�� DQG�SURSRVH

IXUWKHU�ZRUN�





��

9��&KDSWHU

/(;,&$/�5(6285&(6�86('

9�$� ,QWURGXFWLRQ

/H[LFDO�UHVRXUFHV�KDYH�EHHQ�FODVVLILHG�DFFRUGLQJ�WR�WKH�IROORZLQJ�FULWHULD�

�� &RUSRUD

�� 'LFWLRQDULHV

�� 6WUXFWXUHG�UHVRXUFHV��'LFWLRQDU\�.QRZOHGJH�%DVHV�DQG�/H[LFDO�.QRZOHGJH�%DVHV

�� 6WUXFWXUHG�UHVRXUFHV��2QWRORJLHV

7KH�RUGHU� LV�JLYHQ�E\�WKH�GHJUHH�RI�HODERUDWLRQ�� ,Q�FRUSRUD�� WKHUH� LV�RQO\� UDZ� LQIRUPDWLRQ�DERXW

ZRUGV�� ,Q� GLFWLRQDULHV�� WKH� OH[LFRJUDSKHUV� LQFOXGH� SDUW� RI� VSHHFK�� XVDJH� FRGHV�� VXEMHFW� FRGHV�

GHILQLWLRQV��H[DPSOHV��HWF��$SDUW�IURP�ZRUGV��ZH�FDQ�DOVR�ILQG�ZRUG�VHQVHV��'LFWLRQDU\�.QRZOHGJH

%DVHV��'.%��WU\�WR�PDNH�H[SOLFLW�WKH�LQIRUPDWLRQ�LPSOLFLW�LQ�GLFWLRQDULHV��HVSHFLDOO\�LQ�WKH�GHILQLWLRQ

WH[W��DQG�JDWKHU�OH[LFDO�LQIRUPDWLRQ�DERXW�ZRUGV��/H[LFDO�.QRZOHGJH�%DVHV��/.%��DLP�DW�SURYLGLQJ

DOO� LQIRUPDWLRQ� WKDW� D� V\VWHP� SHUIRUPLQJ� 1/3� QHHGV� DERXW� ZRUGV� LQ� RUGHU� WR� XQGHUVWDQG� DQG

SURGXFH� WH[WV��2QWRORJLHV�� DUH� FRQFHSWXDOL]DWLRQV� DERXW� WKH�ZRUOG� RU� D� VSHFLILF� ILHOG�� DQG� WU\� WR

UHSUHVHQW�DOO�WKDW�QHHGV�WR�EH�NQRZQ��HQWLWLHV��HYHQWV��UHDVRQLQJ��«�FRPPRQ�VHQVH��IRU�D�JLYHQ�RU

JHQHUDO�DSSOLFDWLRQ�

)RU�WKH�VDNH�RI�WKLV�GLVVHUWDWLRQ��DQG�VSHFLDOO\�LQ�FKDSWHU�,,,��ZH�ZLOO�UHIHU�WR�RQWRORJLHV�RQ�D�PRUH

JHQHUDO�VHQVH��ZKLFK�LQFOXGHV�DOO�VWUXFWXUHG�OH[LFDO�UHVRXUFHV�� WKDW� LV��'.%V�DQG�/.%V��7KH�PDLQ

UHDVRQ�LV�WKDW�ZH�ZLOO�EH�IRFXVLQJ�RQ�D�UHODWLRQ��LV�D��K\SHUQ\P��VXSHUFODVV��WKDW�LV�FRPPRQ�WR�DOO

VWUXFWXUHG�OH[LFDO�UHVRXUFHV��,Q�RQWRORJLHV��ZH�ILQG�KLHUDUFKLHV�RI�FRQFHSWV��DQG�LQ�'.%�DQG�/.%V

KLHUDUFKLHV�RI�ZRUG�VHQVHV��7KH�UHODWHGQHVV�PHDVXUH�WKDW�ZH�ZLOO�GHILQH�FDQ�EH�HTXDOO\�DSSOLHG�WR

DQ\�RI�WKHP��)RU�WKH�VDPH�UHDVRQ��ZH�ZLOO�XVH�ZRUG�VHQVH�DQG�FRQFHSW�LQ�DQ�LQWHUFKDQJHDEOH�ZD\�
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5HJDUGLQJ�WKH�OH[LFDO�UHVRXUFHV�WKDW�ZHUH�XVHG�LQ�WKLV�GLVVHUWDWLRQ��:RUG1HW�LV��ZLWKRXW�DQ\�GRXEW�

WKH�PRVW�LPSRUWDQW�UHVRXUFH��DV�ZH�ZLOO�LPSOHPHQW�UHODWHGQHVV�RYHU�WKH�UHODWLRQV�LQ�:RUG1HW��$V

IRU� FRUSRUD�� ZH� KDYH� XVHG� 6HP&RU� WR� HYDOXDWH� WKH� UHVXOWV� LQ� WKH� GLVDPELJXDWLRQ� RI� ZRUGV� �FI�

FKDSWHU� ,9��� DQG� WKH� %URZQ� DQG� %DQN� RI� (QJOLVK� FRUSRUD� IRU� WKH� HYDOXDWLRQ� RI� DXWRPDWLF

FRUUHFWLRQ��FI��FKDSWHU�9���,Q�FKDSWHU�9,�ZH�ZLOO�HQULFK�WKH�'.%�ZKLFK�KDV�EHHQ�H[WUDFWHG�IURP

WKH�/H�3OXV�3HWLW�/DURXVVH�GLFWLRQDU\��XVLQJ�DOVR�WKH�2[IRUG�)UHQFK�(QJOLVK�'LFWLRQDU\��:H�ZLOO� ORRN�DW

HDFK�UHVRXUFH�FORVHU�LQ�WKH�QH[W�VHFWLRQV�

9�%� %URZQ�DQG�6HPFRU

7KH�%URZQ�FRUSRUD��)UDQFLV�	�.XFHUD��������FRPSULVHV�DURXQG�����������ZRUGV�IURP�WKH�(QJOLVK

RI�WKH�8QLWHG�6WDWHV��,W�KDV�EHHQ�WDNHQ�IURP�VHYHUDO�VDPSOHV�RI�GLIIHUHQW�ZULWWHQ�JHQUHV��6RPH�RI

WKH�H[DPSOHV�RI�WKH�JHQUHV�DUH�WKH�IROORZLQJ��SUHVV�UHSRUWDJH��SUHVV�HGLWRULDO��OHDUQHG�VFLHQF�DQG�KXPRXU��

6HPFRU�LV�D�VXEVHW�RI�WKH�%URZQ�FRUSXV��ZKLFK�KDV�EHHQ�WDJJHG�ZLWK�VHPDQWLF�LQIRUPDWLRQ�E\�WKH

VDPH� WHDP� WKDW� GHVLJQHG�:RUG1HW� �0LOOHU� HW� DO�� ������� ,W� LQFOXGHV� ���� WH[WV� IURP� WKH� %URZQ

FRUSRUD��DQG�DOO�DGMHFWLYHV��QRXQV��YHUEV�DQG�DGYHUEV�DUH�WDJJHG�ZLWK�WKH�FRUUHVSRQGLQJ�ZRUG�VHQVH

IURP�:RUG1HW��:H�FDQ�VHH�VRPH�GDWD�DERXW�WKLV�FRUSXV�LQ�WDEOH����([FHSW�IRU�D�IHZ�ZRUGV��DOO�DUH

WDJJHG�ZLWK�DQ�VLQJOH�VHQVH��%RWK�%URZQ�DQG�6HPFRU�DUH�IUHHO\�DYDLODEOH�

Quantity of words 359.732
Tagged with word sense 192.639
Tagged with multiple
word senses

666

� �
�
�WDEOH��'DWD�RQ�6HPFRU

,Q�WKLV�FRUSXV��WKH�VHQWHQFH�´7KH�FRQGXFWRU�VDLG�WR�5LWFKLH�µ�LV�UHSUHVHQWHG�DV�IROORZV��WDJJHG�DFFRUGLQJ

WR�:RUG1HW�YHUVLRQ������

<s>
<stn>50</stn>
<wd>The</wd><tag>DT</tag>
<wd>conductor</wd><sn>[noun.person.1]</sn><tag>NN</tag>
<wd>said</wd><mwd>say</mwd><msn>[verb.communication.0]</msn><tag>VBD</tag>
<wd>to</wd><tag>TO</tag>
<wd>Ritchie</wd><df>person</df><sn>[noun.Tops.0]</sn><pn>person</pn><tag>NP</tag>
<wd>:</wd><tag>:</tag>
</s>

7KH�WDJV�DUH�JLYHQ�XVLQJ�6*0/��:RUG�IRUPV�DUH�EHWZHHQ�<wd> </wd>��V\QWDFWLF�FDWHJRU\�LV�JLYHQ

EHWZHHQ�<tag> </tag>��DQG�WKH�VHPDQWLF�WDJ�EHWZHHQ�<sn> and </sn>���)RU�H[DPSOH��WKH�ZRUG

FRQGXFWRU�LV�D�QRXQ��11��DQG�LQ�WKLV�VHQWHQFH��WKH�VHQVH�LW�FRUUHVSRQGV�WR�LV���noun.person��WKDW�LV�

WKH� ILUVW� VHQVH� RI� FRQGXFWRU�ZLWK�person� DV� VHPDQWLF� FRGH� �ZH�ZLOO� UHIHU� WR� VHPDQWLF� FRGHV� IURP
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:RUG1HW� LQ�9�'��� ,Q� WKH� FDVH� RI� QDPHV�� WKH� VHPDQWLF� WDJ� GHSHQGV� RQ� WKH� HQWLW\� WR� ZKLFK� WKH

SURSHU�QRXQ�UHIHUV�WR��)RU�H[DPSOH��5LWFKLH�LV�DVVLJQHG�SHUVRQ�

9�&� %DQN�RI�(QJOLVK

7KH�&2%8,/'�SURMHFW� OHG�E\� WKH�GLFWLRQDU\�SXEOLVKLQJ� FRPSDQ\�&ROOLQV
�

�� LQFOXGHV� D� FRUSXV� WR

PRQLWRU� WKH� GHYHORSPHQW� RI� (QJOLVK�� ZKLFK� ZDV� EXLOW� ZLWK� WKH� KHOS� RI� WKH� 8QLYHUVLW\� RI

%LUPLQJKDP
�

��,Q�������WKH�FRUSXV�KDG�����PLOOLRQ�ZRUGV�DQG�LV�FXUUHQWO\�XQGHU�GHYHORSPHQW��7KLV

FRUSXV�LV�QRW�IUHHO\�DYDLODEOH��DQG�SHUPLVVLRQ�KDV�WR�EH�DVNHG�LQ�RUGHU�WR�VHH�SDUWV�RI�WKH�FRUSXV�

9�'� :RUG1HW

6R�DV�WR�LPSOHPHQW�WKH�UHODWHGQHVV�PHDVXUH�GHILQHG�LQ�FKDSWHU�,,,��ZH�KDG�WR�FKRRVH�D�FRQYHQLHQW

VWUXFWXUHG�OH[LFDO�UHVRXUFH��:RUG1HW��0LOOHU�HW�DO������E��KDV�D�YHU\�ZLGH�OH[LFDO�FRYHUDJH���������

ZRUGV���EHVW�IURP�IUHHO\�DYDLODEOH�RQWRORJLHV
�

��7KDW�ZDV�WKH�PDLQ�UHDVRQ�WR�FKRRVH�:RUG1HW��7KH

RWKHU�FDQGLGDWHV�ZHUH�0LNURNRVPRV�DQG�6HQVXV��7KH�ILUVW�RQH�KDV�ULFK�UHODWLRQV�EHWZHHQ�FRQFHSWV�

EXW� WKH� OH[LFRQ� LV�TXLWH� OLPLWHG� �WKH\�GR�QRW� VSHFLI\� WKH� DPRXQW�RI�ZRUGV��EXW� LW� FRQWDLQV������

FRQFHSWV��� 7KH� ODWWHU�� ZDV� FUHDWHG� MRLQLQJ� VHPL�DXWRPDWLFDOO\� 0LNURNRVPRV� DQG� :RUG1HW�� ,W

LQFOXGHV�DQ�LQWHUHVWLQJ�DPRXQW�RI�ZRUGV�����������EXW�VRPH�HUURUV�ZHUH�LQWURGXFHG�LQ�WKH�KLHUDUFK\

E\� WKH� DXWRPDWLF� MRLQLQJ� DOJRULWKP�� 8QIRUWXQDWHO\�� QR� HUURU�UDWH� LV� JLYHQ� �.QLJKW� 	� /XN�� ����

)LQDOO\��ZH�KDYH�WR�SRLQW�RXW�WKDW�:RUG1HW�LV�YHU\�SRSXODU�LQ�1/3�UHVHDUFK��D�IXOO� OLVW�RI�SDSHUV

FDQ�EH�IRXQG�LQ�WKH�:RUG1HW�ZHE�SDJH��DQG�WKDW�DQ\RQH�FDQ�UHWULHYH�LW�YLD�,QWHUQHW
�

�

:RUG1HW�LV�D�/.%�IRU�(QJOLVK�IURP�WKH�8QLWHG�6WDWHV��,W�ZDV�GHVLJQHG�IROORZLQJ�SV\FKROLQJXLVWLF

SULQFLSOHV��(DFK�SDUW�RI�VSHHFK��QRXQV��YHUEV��DGMHFWLYHV�DQG�DGYHUEV�� LV�RUJDQL]HG�DV�DQ� LVRODWHG

UHODWLRQDO�V\VWHP��7KHVH�UHODWLRQDO�V\VWHPV�KDYH�V\QRQ\P�VHWV��V\QVHW��DV�FRQFHSWXDO�XQLWV��,I�D�ZRUG

KDV�PXOWLSOH�VHQVHV�LW�ZLOO�DSSHDU�LQ�VHYHUDO�V\QVHWV��DQG�LI�LW�KDV�D�VLQJOH�VHQVH��LQ�D�VLQJOH�V\QVHW��)RU

LQVWDQFH��ZRPDQ�KDV�IRXU�VHQVHV��ZLWK�GLIIHUHQW�V\QRQ\PV�LQ�HDFK�RQH�

1. woman, adult female

2. womanhood, woman

3. charwoman, char, cleaning woman, cleaning lady, woman

4. woman ((informal) a female person who plays a significant role)

                                                          
�

�KWWS���WLWDQLD�FREXLOG�FROOLQV�FR�XN�

�

�KWWS���WLWDQLD�FREXLOG�FROOLQV�FR�XN�ERHBLQIR�KWPO

�

�0RVW�RI�ZLGH�FRYHUDJH�RQWRORJLHV�DUH�QRW�IUHHO\�DYDLODEOH��&<&�DQG�('5�DUH�DYDLODEOH��WKRXJK�FRQVLGHUDEO\�H[SHQVLYH��0LQGH1HW�LV

QRW�DYDLODEOH�DW�DOO��2WKHU�RQWRORJLHV�DUH�IRU�LQWHUQDO�XVH��DQG�WKH\�DUH�QRW�SUHSDUHG�WR�EH�UHOHDVHG��IRU�H[DPSOH��1RXQ6HQVH��

�

�KWWS���ZZZ�FRJVFL�SULQFHWRQ�HGX�aZQ
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7KH��
� �
�VHQVH�KDV�QR�V\QRQ\PV��DQG�WKHUHIRUH��D�JORVV�LV�LQFOXGHG��WKHVH�JORVVHV�FDQ�DOVR�EH�IRXQG

IRU�WKH�UHVW�RI�VHQVHV��

7KHUH�DUH�RWKHU� OH[LFDO�FRQFHSWXDO� UHODWLRQV�EHWZHHQ�QRPLQDO�V\QVHWV� �VHH� WDEOH����� ,Q� WKH�FDVH�RI

QRXQV��KLSHUQ\P\�LV�WKH�PRVW�LPSRUWDQW��DV�LW�RUJDQL]HV�WKH�QRXQ�KLHUDUFK\��)RU�LQVWDQFH��WKH�ZRUG

VHQVHV�RI�ZRPDQ�KDYH�WKH�IROORZLQJ�K\SHUQ\PV�

woman, adult female => female, female person

womanhood, woman => class, social class, socio-economic class

charwoman, char, cleaning woman, cleaning lady, woman => cleaner

woman => female, female person

7KH� UHVW� RI� WKH� UHODWLRQV� LQFOXGH� PHURQ\P\� DQG� DQWRQ\P\�� EXW� WKH\� DUH� QRW� VR� V\VWHPDWLFDOO\

GHYHORSHG�� 7KH� RQO\� UHODWLRQ� ZKLFK� LV� QRW� EHWZHHQ� QRXQV� LV� DWWULEXWH�� DV� LW� UHODWHV� QRXQV� DQG

DGMHFWLYHV�� )RU� H[DPSOH�� DQ� DWWULEXWH� RI� FDQDU\� LV� WR� EH� VPDOO�� (DFK� UHODWLRQ� KDV� DOVR� LWV� LQYHUVH

UHODWLRQ�

:H�FDQ�VHH�WKH�GDWD�UHJDUGLQJ�QRXQV�IRU�:RUG1HW�YHUVLRQ�����LQ�WDEOH����1RXQV�KDYH�DQ�DYHUDJH�RI

����� VHQVHV�� (DFK� V\QVHW� KDV� DQ� DYHUDJH� RI� ����� UHODWLRQV�� ZKLFK� DUH� EDVLFDOO\� KLSHUQ\P\� DQG

KLSRQ\P\��+DOI� WKH� V\QVHWV�KDYH�D� UHODWLRQ�RI�PHURQ\P\�RU�KRORQ\P\�� DQG� WKH� UHVW�RI� UHODWLRQV

DSSHDU�VFDUFHO\�

Amount Per word Per Synset
Nouns 87.671
Synsets 60.631 1,22
Relations Hypernymy/hyponymy 122.246 2,01

Meronymy/holonymy 35.067 0,58
Antonimy 1.713 0,03
Attribute 645 0,01
Total 159.670 2,63
�
� �
�WDEOH��6RPH�GDWD�RI�:RUG1HW�����IRU�QRXQV

1RPLQDO�V\QVHWV�LQ�:RUG1HW�DUH�VWUXFWXUHG�LQ����VHPDQWLF�ILHOGV��7KHVH�ILHOGV�DUH�OLVWHG�LQ�WDEOH���

7KH� VHQVH� RI� D� QRXQ� LQ�:RUG1HW� FDQ� EH� LQGLFDWHG� GLUHFWO\�� H�J�� WKH� WKLUG� VHQVH� RI� FRQGXFWRU�� RU

LQGLUHFWO\�DV�UHIHUUHG�WR�D�FHUWDLQ�VHPDQWLF�ILHOG��H�J��WKH�ILUVW�VHQVH�IRU�FRQGXFWRU�IURP�WKH�QRXQ�SHUVRQ

VHPDQWLF� ILHOG��$PRQJ�VHPDQWLF� ILHOGV��QRXQ�7RSV� LV� VSHFLDO�� DV� LW� JDWKHUV� WKH� V\QVHWV� LQ� WKH� XSSHU

OD\HU�RI�WKH�KLHUDUFK\�

noun.Tops noun.feeling noun.possession
noun.act noun.food noun.process
noun.animal noun.group noun.quantity
noun.artifact noun.location noun.relation
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noun.attribute noun.motive noun.shape
noun.body noun.object noun.state
noun.cognition noun.person noun.substance
noun.communication noun.phenomenon noun.time
noun.event noun.plant

�
� �
�WDEOH��6HPDQWLF�FRGHV�IRU�QRXQV�LQ�:RUG1HW

9�(� /33/

7KH�)UHQFK�GLFWLRQDU\�/H�3OXV�3HWLW�/DURXVVH��/DURXVVH��������LV�D�PRQROLQJXDO�GLFWLRQDU\��7KH�GDWD

IRU�WKLV�GLFWLRQDU\�LV�VKRZQ�LQ�WDEOH����2XU�UHVHDUFK�WHDP�KDV�FDUULHG�RXW�FRVLGHUDEOH�UHVHDUFK�RQ

WKLV� GLFWLRQDU\�� )LUVW� RI� DOO�� ZH� GHYHORSHG� D� /H[LFDO� 'DWD�%DVH� ZLWK� DOO� WKH� LQIRUPDWLRQ� LQ� WKH

GLFWLRQDU\��HQWU\��ZRUG�VHQVH�QXPEHU��SDUW�RI�VSHHFK��XVDJH�ILHOG��GHILQLWLRQ�WH[W�DQG�H[DPSOHV��7KH

GHILQLWLRQV�ZHUH�V\QWDFWLFDOO\�DQDO\]HG��DQG�OH[LFDO�VHPDQWLF�UHODWLRQV�ZHUH�H[WUDFWHG��,Q�WKH�FDVH�RI

QRXQV��WKH�H[WUDFWHG�UHODWLRQV�DUH�WKH�IROORZLQJ��V\QRQ\P\�DQG�DQWRQ\P\��KLSHUQ\P\��PHURQLP\�

ODFN�RI��UHIHU�WR��GHULYDWLRQ�DQG�VHYHUDO�FDVH�UHODWLRQV��7KH�H[WUDFWHG�UHODWLRQV�ZHUH�XVHG�WR�EXLOG�D

'.%��VWUXFWXUHG�DV�D�VHPDQWLF�QHWZRUN�

Total Nouns
Entries 15.953 10.506
Defined word senses 22.899 13.740
Words in dictionary definitions (total) 97.778 66.323
Length of definitions (average) 3.27 3.82

�
� �
�WDEOH��'DWD�IRU�/33/�

9�)� 2)('

2[IRUG�)UHQFK�(QJOLVK�'LFWLRQDU\��283��������LV�D�ELOLQJXDO�GLFWLRQDU\�RI�PHGLXP�VL]H��:H�RQO\�KDYH

WKH�)UHQFK�(QJOLVK�SDUW�DYDLODEOH�LQ�WKH�PDFKLQH�UHDGDEOH�IRUPDW��7DEOH���VKRZV�WKH�GDWD�IRU�WKLV

GLFWLRQDU\�� 7KH�GLFWLRQDU\� KDV� ������� HQWULHV��(DFK� HQWU\� FDQ�KDYH� D� VLQJOH� VHQVH� IRU� WKH� VRXUFH

ZRUG��RU� LW�FDQ� OLVW�PRUH� WKDQ�RQH�VHQVH��:H�ZLOO�FDOO�HDFK�RI� WKLV�ELOLQJXDO� VHQVHV� VXEHQWU\��)RU

LQVWDQFH��WKH�HQWU\�IRU�WKH�ZRUG�PDLQWLHQ�FRQWDLQV�WZR�VXEHQWULHV�

PDLQWLHQ�Q�P���DWWLWXGH��EHDULQJ���FRQVHUYDWLRQ��PDLQWHQDQFH

PDLQWLHQ����Q�P���DWWLWXGH��EHDULQJ
PDLQWLHQ����Q�P���FRQVHUYDWLRQ��PDLQWHQDQFH

7KH�ELOLQJXDO�GLFWLRQDU\�KDV��������RI��VXFK�VXEHQWULHV�IRU�QRXQV��)URP�DQRWKHU�SRLQW�RI�YLHZ��WKH

GLFWLRQDU\�FRQWDLQV��������)UHQFK�ZRUGV�DQG��������(QJOLVK�ZRUGV�LQ�WKH�GLFWLRQDU\��VHH�WDEOH����
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Amount of
entries

Amount of
subentries.

Total 21.322 31.502
Nouns 13.030 16.917
English nouns 11.969 –
�
� �
�WDEOH��'DWD�IRU�WKH�ELOLQJXDO�GLFWLRQDU\�2)('

7KH� VXEHQWULHV� LQFOXGH� VHYHUDO� ILHOGV�� SDUW� RI� VSHHFK� �PDQGDWRU\�� IRU� LQVWDQFH�� PDVFXOLQH� QRXQ�

Q�P����VHPDQWLF� ILHOG��RSWLRQDO�� LW�FDQ�EH�RQO\�RQH�RI���� ILHOGV�� IRU�H[DPSOH�� FRPP�� LQ� WKH�H[DPSOH

EHORZ��PHDQLQJ� FRPPHUFLDO��� D� )UHQFK� FOXH� �RSWLRQDO�� IRU� H[DPSOH�� DWWLWXGH� DQG� FRQVHUYWLRQ� LQ� WKH

DERYH�H[DPSOHV��RU� UHVVRXUFHV�EHORZ���DQG� ODVW��EXW�QRW� OHDVW�� WKH�PDQGDWRU\�(QJOLVK� WUDQVODWLRQ�RU

WUDQVODWLRQV�� 7KH� VHPDQWLF� ILHOG� DQG� WKH� )UHQFK� FOXH� KHOS� WKH� XVHU� WR� FKRRVH� WKH� DSSURSULDWH

ELOLQJXDO�VHQVH��VXEHQWU\��IRU�WKH�)UHQFK�HQWU\�� LQ�RUGHU�WR�VHOHFW� WKH�WUDQVODWLRQ�IRU�WKH� LQWHQGHG

VHQVH�

IROLH����Q�I��PDGQHVV
SURYLVLRQ����Q�I��VXSSO\��VWRUH
WUpVRU����Q�P��UHVVRXUFHV���FRPP���ILQDQFHV
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6LPLODULW\�SOD\V�D� IXQGDPHQWDO� UROH� LQ� WKHRULHV� RI�NQRZOHGJH�DQG�EHKDYLRU�� ,W� VHUYHV�DV�DQ� RUJDQL]LQJ�SULQFLSOH�E\

ZKLFK�LQGLYLGXDOV�FODVVLI\�REMHFWV��IRUP�FRQFHSWV��DQG�PDNH�JHQHUDOL]DWLRQV�

�7YHUVN\�������

7KH�PDLQ�REMHFW�RI�WKLV�FKDSWHU�LV�WR�GHILQH�NQRZOHGJH�EDVHG�FRQFHSW�UHODWHGQHVV��E\�GHVLJQLQJ�DQG

LPSOHPHQWLQJ�&RQFHSWXDO�'HQVLW\��EDVHG�RQ�:RUG1HW��)LUVW�RI�DOO��ZH�ZLOO�SUHVHQW�UHODWHGQHVV�DQG

UHYLHZ� WKH� PRVW� LPSRUWDQW� OLWHUDWXUH� RQ� WKLV� VXEMHFW�� FODVVLILHG� DFFRUGLQJ� WR� WKH� XVHG� OH[LFDO

UHVRXUFH�� ,Q� WKH� IROORZLQJ� VHFWLRQ�� ZH� ZLOO� SUHVHQW� &RQFHSWXDO� 'HQVLW\� DQG� LWV� SUHGHFHVVRU�

&RQFHSWXDO�'LVWDQFH��ERWK�EDVHG�RQ�RQWRORJLHV��2Q�VHFWLRQ�&�WKH�LPSOHPHQWDWLRQ�XVLQJ�:RUG1HW

ZLOO�EH�SXW�IRUZDUG��1H[W��VHFWLRQ�'�ZLOO�VKRZ�WKH�PRUH�UHOHYDQW�IHDWXUHV�RI�&RQFHSWXDO�'HQVLW\�

FRPSDULQJ�LW�ZLWK�WKH�RWKHU�DSSURDFKHV�WR�UHODWHGQHVV�

9,�$� ,QWURGXFWLRQ�DQG�DQWHFHGHQWV

%HIRUH�JRLQJ�IXUWKHU�LQ�WKH�REMHFW�RI�WKLV�FKDSWHU��ZH�ZDQW�WR�GHILQH�WKH�WHUPLQRORJ\�XVHG�LQ�WKLV

ZRUN��VR�DV�WR�FODULI\�WKH�PLVXQGHUVWDQGLQJ�DERXW�VLPLODULW\�LQ�WKH�OLWHUDWXUH��7KH�EDVHV�RI�WKLV�ZRUN

DUH�WZR�PDLQ�LGHDV��ZKLFK�DUH�RIWHQ�FRQIXVHG��VLPLODULW\�DQG�UHODWHGQHVV��7KH�ILUVW�RQH�DSSOLHV�WR

WZR�WKLQJV�WKDW�DUH�VLPLODU�RQH�WR�WKH�RWKHU��IRU�H[DPSOH��D�IRUN�DQG�D�VSRRQ��7KH�VHFRQG�RQH�LV

XVHG�WR�VWDWH�WKDW�ERWK�WKLQJV�DUH�UHODWHG�� IRU� LQVWDQFH��D�IRUN�DQG�D�VWHDN��7ZR�VLPLODU� WKLQJV�DUH

UHODWHG��LQGHHG��EXW�RQ�WKH�FRQWUDU\��WZR�UHODWHG�WKLQJV�GR�QRW�KDYH�WR�EH�VLPLODU��,Q�WKH�OLWHUDWXUH�

VLPLODULW\�LV�ZLGHO\�VSUHDG��EXW�LW�LV�RIWHQ�XVHG�ZKHUH�UHODWHGQHVV�VKRXOG�DSSHDU��:H�EHOLHYH�WKDW�LQ

JHQHUDO�ZH�FDQ�WDON�DERXW�UHODWHGQHVV��EHLQJ�VLPLODULW\�D�FHUWDLQ�NLQG�RI�UHODWHGQHVV��,Q�VRPH�ZRUNV

DERXW�RQWRORJ\�VHPDQWLF�GLVWDQFH�KDV�EHHQ�RSSRVHG�WR�VLPLODULW\�DQG�UHODWHGQHVV�� WZR�FRQFHSWV
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ZLWK�KLJK�VLPLODULW\�KDYH�D�VKRUW�VHPDQWLF�GLVWDQFH�EHWZHHQ�WKHP��6LPLODULW\�DQG�VHPDQWLF�GLVWDQFH

DUH�LQYHUVHO\�UHODWHG��DQG�WKHUHIRUH�� LW� LV�QRW�QHFHVVDU\�WR�GHILQH�VHPDQWLF�GLVWDQFH��,Q� WKH�SUHVHQW

GLVVHUWDWLRQ��VHPDQWLF�GLVWDQFH�ZLOO�QRW�EH�GHVFULEHG��EXW�FRQFHSWXDO�GLVWDQFH�ZLOO��DV�DQ�VSHFLILF

LPSOHPHQWDWLRQ�DQG�PHDVXUH�RI�UHODWHGQHVV�

0DQ\�SHRSOH�WKLQN�WKDW�UHODWHGQHVV�LV�RQH�RI�WKH�NH\V�WR�XQGHUVWDQG�QDWXUDO� ODQJXDJH��.H\�WR�WKH

XQGHUVWDQGLQJ�RU�QRW��PDQ\�DSSOLFDWLRQV�RI�1DWXUDO�/DQJXDJH�3URFHVVLQJ�XVH� LPSOHPHQWDWLRQV�RI

UHODWHGQHVV��DXWRPDWLF�FRUUHFWLRQ��VHH�FKDSWHU�9,,,���LQIRUPDWLRQ�UHWULHYDO��GRFXPHQW�LQGH[LQJ�DQG

UHWULHYDO� �6XVVQD�� ������� FOXVWHULQJ� �6FK�W]H� ����D�� ����E��� GLVDPELJXDWLRQ� �H�J�� RI� V\QWDFWLF

DPELJXLW\� ²VHH� IRU� H[DPSOH� SUHSRVLWLRQDO� SKUDVH� DWWDFKPHQW� DPELJXLW\� �5HVQLN�� �����²� RU�ZRUG

VHQVH� GLVDPELJXDWLRQ�� FI�� FKDSWHU� 9,,��� LQ� WKH� FRQVWUXFWLRQ� RI� RQWRORJLHV� �ZKHQ� FRQVWUXFWLQJ

WD[RQRPLHV�²FI��FKDSWHU�,;²���ZKHQ�OHDUQLQJ�VHOHFWLRQDO�UHVWULFWLRQV��*ULVKPDQ�	�6WHUOLQJ��������

ZKHQ�PHUJLQJ�RQWRORJLHV��.QLJKW�	�/XFN��������8WL\DPD�	�+DVLGD���������LQ�RQWRORJ\�HYDOXDWLRQ

�5DGD�HW�DO�����������DQG�DOVR�LQ�VHPDQWLF�XQGHUVWDQGLQJ��('5��������

7KDW�LV�ZK\�OLWHUDWXUH�UHJDUGLQJ�UHODWHGQHVV�LV�VR�ZLGH��VHOGRP�LW�LV�WKH�PDLQ�VXEMHFW�RI�SDSHUV��DQG

RQO\�IURP�WLPH�WR�WLPH�LV�UHIHUUHG�WR��0RVW�RI�WKH�WLPH�WKH�SDSHU�GHDOV�ZLWK�DQ�DSSOLFDWLRQ�ZKLFK

LPSOLFLWO\�XVHV�D�PHDVXUH�RI�UHODWHGQHVV��ZLWKRXW�GHILQLQJ�LW�DV�VXFK�

,W�LV�QRW�DQ�HDV\�WDVN�WR�FODVVLI\�WKH�UHVHDUFK�RQ�UHODWHGQHVV��QRW�RQO\�EHFDXVH�RI�WKH�VKHHU�TXDQWLW\

RI� LW��EXW�DOVR�EHFDXVH�RI� WKH�YHU\�GLIIHUHQW�DSSURDFKHV�XVHG�� ,Q�RWKHU�ZRUGV�� LW� VHHPV� WKDW�HDFK

UHVHDUFK� JURXS� KDV� IRXQG� LWV� RZQ� IRUPDOL]DWLRQ� RI� UHODWHGQHVV�� $OO� IRUPXODWLRQ� KDYH� ZHDN� DQG

VWURQJ�IHDWXUHV��ZKLFK�FRXOG�PHDQ�WKDW�WKLV�ILHOG�KDV�QRW�UHDFKHG�LWV�PDWXULW\��EXW�LW�LV��QHYHUWKHOHVV�

XQGHUVWDQGDEOH�� LI� ZH� EHDU� LQ� PLQG� WKDW� HDFK� UHVHDUFK� JURXS� KDV� VWXGLHG� UHODWHGQHVV� IURP� D

GLIIHUHQW�DQJOH��GHSHQGLQJ�RQ�WKH�WDUJHW�DSSOLFDWLRQ��$OWKRXJK�LW�LV�QRW�WKH�JRDO�RI�WKLV�GLVVHUWDWLRQ

WR�H[DPLQH�DOO�RI�WKHP�LQ�GHSWK��ZH�ZLOO�WU\�WR�FODVVLI\�DQG�VWXG\�WKH�EHVW�NQRZQ�DQG�WKRVH�ZKLFK

DUH�PRUH�UHODWHG�WR�RXU�ZRUN��:H�KDYH�XVHG�D�JHQHUDO�FULWHULRQ�WR�DUUDQJH�WKHP��GHSHQGLQJ�RQ�WKH

UHVRXUFH�XVHG��RQWRORJ\��HOHFWURQLF�GLFWLRQDU\��FRUSXV�RU�D�FRPELQDWLRQ�RI�WKHP�

2WKHU�FRQFHSWV�KDYH�DOVR�EHHQ�XVHG�IRU�WKH�FODVVLILFDWLRQ�RI�WKH�ZRUNV��7R�EHJLQ�ZLWK��ZH�ZLOO�VHW

WKH�IROORZLQJ�GLIIHUHQFH�UHJDUGLQJ�WKH�UHODWHGQHVV�EHWZHHQ�WZR�ZRUGV�RU�WZR�FRQFHSWV�

�� 3DUDGLJPDWLF�UHODWLRQ��$V�UHJDUGV� OLQJXLVWLFV�� LW�KROGV�ZKHQ�D�ZRUG�FDQ�EH�VXEVWLWXWHG�IRU

DQRWKHU�RQH�LQ�D�VHQWHQFH��&RQFHSWXDOO\��JLYHQ�D�VSHFLILF�RQWRORJLFDO�ZRUOG��LW�KDSSHQV�ZKHQ

ERWK� FRQFHSWV� DUH�RI� WKH� VDPH� W\SH�RU� FODVV��7KLV� LV� XQGHUVWRRG� DV� VLPLODULW\�� VLQFH� VLPLODU

FRQFHSWV�WHQG�WR�EH�FODVVLILHG�XQGHU�WKH�VDPH�FODVV�



5(/$7('1(66�$1'�&21&(378$/�'(16,7<

��

�� 6\QWDJPDWLF�UHODWLRQ��$V�IDU�DV�ODQJXDJH�LV�FRQFHUQHG��LW�KROGV�ZKHQ�WZR�ZRUGV�DSSHDU�LQ

WKH�VDPH�WH[WXDO�FRQWH[W��,Q�D�SDLU�RI�FRRUGLQDWHV��ZH�FDQ�VD\�WKDW�LI�WKH�SDUDGLJPDWLF�UHODWLRQ

LV� YHUWLFDO�� WKH� V\QWDJPDWLF� RQH� LV� KRUL]RQWDO� �8=(,�� ������� &RQFHSWXDOO\�� HYHQ� LI� WKH\� DUH

FRQFHSWV� RI� GLIIHUHQW� NLQGV�� D� UHODWLRQ� H[LVWV� EHWZHHQ� WKHP�� 7KLV� LV�� LQ� RXU� RSLQLRQ�

UHODWHGQHVV��'HSHQGLQJ�RQ�WKH�WH[WXDO�FRQWH[W�WDNHQ�LQWR�DFFRXQW��ZH�FDQ�IXUWKHU�GLVWLQJXLVK�

• /RFDO� V\QWDJPDWLF� UHODWLRQ�� FROORFDWLRQV� DUH� RQH� H[DPSOH�� H�J�� ´JRRG� DSSHWLWHµ�� RU� WKH

UHODWLRQ�EHWZHHQ�YHUE�DQG�DUJXPHQW��DV� LQ�´HDW� WKH�KDPµ�� ,Q� WKHVH�FDVHV�ERWK� WHUPV�DUH�

JHQHUDOO\� VSHDNLQJ�� FORVH� LQ� WH[WXDO� FRQWH[W�� DQG� D� GLUHFW� V\QWDFWLF� UHODWLRQ� LV� VHW� EHWZHHQ

WKHP�

• *OREDO�V\QWDJPDWLF�UHODWLRQ��UHODWHG�ZRUGV�GR�QRW�KDYH�WR�DSSHDU�FORVH�WR�HDFK�RWKHU�RU

LQ� WKH� VDPH� VHQWHQFH��+HUH�ZH� ILQG� WRSLF�UHODWHG� UHODWLRQV�� H�J�� WKH� RQH� H[LVWLQJ�EHWZHHQ

ZRUGV�UHIHUUHG�WR�FRRNHU\��VXFK�DV�KDP��VWHZ��IRUN��NLWFKHQ��HWF��:H�FDQ�VD\�WKDW�WKH�WRSLF

SXWV�WKHP�LQWR�UHODWLRQ�

,Q� VRPH� FDVHV�� WZR� ZRUGV� GR� QRW� QHHG� WR� DSSHDU� LQ� WKH� VDPH� WH[WXDO� FRQWH[W�� EXW� LQ

FRQWH[WV� WKDW� VKDUH� VLPLODU� IHDWXUHV�� HLWKHU� V\QWDFWLF�RU� VHPDQWLF��7KHUHIRUH�� LI� WZR�ZRUGV

WXUQ�XS�LQ�WZR�VLPLODU�WH[WV��ZH�FDQ�HVWDEOLVK�WKDW�WKHUH�LV�DQ�LQGLUHFW�JOREDO�V\QWDJPDWLF

UHODWLRQ�EHWZHHQ�WKHP�

(YHQ�LI�WKLV�GLVWLQFWLRQ�PD\�VHHP�UDWKHU�IX]]\��ZH�ZLOO�VRRQ�VKRZ�WKDW�PRVW�RI�WKH�VWXGLHG�V\VWHPV

ILW�FOHDUO\�LQ�RQH�RI�WKHVH�FODVVHV�

$QRWKHU�GLIIHUHQFH�KDV�WR�EH�VHW�EHWZHHQ�ZRUG�UHODWHGQHVV�DQG�FRQFHSW�UHODWHGQHVV��:H�DUH�PRUH

LQWHUHVWHG�LQ�WKH�VHFRQG�RQH��WKDW�LV�� LQ�FRQFHSWXDO�UDWKHU�WKDQ�OLQJXLVWLF�UHODWLRQV��,Q�RUGHU�WR�VHH

WKH�UHOHYDQFH�RI�FRQFHSWV��+LUVW����������VWDWHV���$Q\�SUDFWLFDO�1/8�V\VWHP�PXVW�EH�DEOH�WR�GLVDPELJXDWH

ZRUGV�ZLWK�PXOWLSOH�PHDQLQJV��DQG�WKH�PHWKRG�XVHG�WR�GR�WKLV�PXVW�QHFHVVDULO\�ZRUN�ZLWK�WKH�PHWKRGV�RI�VHPDQWLF

LQWHUSUHWDWLRQ�DQG�NQRZOHGJH�UHSUHVHQWDWLRQ�XVHG�LQ�WKH�V\VWHPµ��2QWRORJLHV��/H[LFDO�.QRZOHGJH�%DVHV��/.%�

DQG�'LFWLRQDU\�.QRZOHGJH�%DVHV� �'.%�� DUH� DOVR�XVXDOO\�RUJDQL]HG� DFFRUGLQJ� WR� FRQFHSWV�� DV� LQ

:RUG1HW�� �7KH�PRVW� DPELWLRXV� IHDWXUH� RI�:RUG1HW�� KRZHYHU�� LV� LWV� DWWHPSW� WR� RUJDQL]H� OH[LFDO� LQIRUPDWLRQ� LQ

WHUPV� RI�ZRUG�PHDQLQJV�� UDWKHU� WKDQ�ZRUG� IRUPV�� �0LOOHU� HW� DO�������E�����7KHUH�DUH� VRPH�H[FHSWLRQV� LQ

'.%� DQG� /.%V�� DV� VRPH� V\VWHPV� DUH� XQDEOH� WR� GR� VHQVH� GLVDPELJXDWLRQ�� EXW� WKH\� DGPLW� WKH

QHFHVVLW\� RI� DUUDQJLQJ� WKH� NQRZOHGJH� EDVH� DFFRUGLQJ� WR� FRQFHSWV�� )RU� LQVWDQFH� 5LFKDUGVRQ

����������� UHSRUWV���,Q� WKH� IXWXUH�� WKLV�DSSURDFK�PD\�EH�PXFK�PRUH� YLDEOH�ZLWK� D� VHQVH� GLVDPELJXDWHG�/.%�

ZKLFK�LV�ZRUN�FXUUHQWO\�LQ�SURJUHVV��
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%RWK� ZRUG� UHODWHGQHVV� DQG� FRQFHSW� UHODWHGQHVV� DUH� FORVHO\� OLQNHG�� :RUGV�� EHLQJ� OLQJXLVWLFDOO\

VLPLODU��DUH�DOVR�FRQFHSWXDOO\�DOLNH�LQ�RQH�RU�PRUH�PHDQLQJV��DQG��YLFH�YHUVD��ZRUGV�VHUYLQJ�WR�QDPH

WZR�VLPLODU�FRQFHSWV�DUH�DOVR�VLPLODU�

7DNLQJ� LQWR�DFFRXQW�DOO�ZH�KDYH�FRQVLGHUHG�XQWLO�QRZ��ZH�ZLOO� VWXG\� WKH� UHODWHGQHVV�PHDVXUHV� LQ

DFFRUGDQFH�ZLWK�VL[�IHDWXUHV�

• 5HJDUGLQJ�WKH�XVHG�UHVRXUFH��GLFWLRQDU\��RQWRORJ\��FRUSXV�RU�D�FRPELQDWLRQ�

• 3DUDGLJPDWLF�RU��JOREDO�ORFDO��V\QWDJPDWLF�UHODWHGQHVV�

• 5HODWHGQHVV�EHWZHHQ�HLWKHU�ZRUGV�RU�FRQFHSWV�

• (YDOXDWHG�RQ�ZLGH�WH[WV��MXVW�D�IHZ�ZRUGV��RU�QRW�HYDOXDWHG�DW�DOO�

• (YDOXDWHG�ZLWK�QRXQV�RQO\��RU�ZLWK�DOO�SDUWV�RI�VSHHFK�

• 3UHFLVLRQ�RI�WKH�UHVXOWV��QR�UHVXOWV�UHSRUWHG��PHGLXP��JRRG��RU�H[FHOOHQW�UHVXOWV�

$V�VWDWHG�SUHYLRXVO\��WKH�HYDOXDWLRQ�RI�UHODWHGQHVV�LV�QRW�HDV\��,W�LV�VRPHWLPHV�FDUULHG�RXW�ZLWK�WKH

KHOS�RI�DG�KRF�OLVWV�RI�UHODWHG�ZRUGV�HODERUDWHG�E\�SHRSOH��EXW�PRUH�RIWHQ�WKH�HYDOXDWLRQ�LV�GRQH

LQGLUHFWO\�� WDNLQJ� LQWR� FRQVLGHUDWLRQ� WKH� UHVXOWV� REWDLQHG� IURP� DSSOLFDWLRQV� VXFK� DV� ZRUG� VHQVH

GLVDPELJXDWLRQ��LQIRUPDWLRQ�UHWULHYDO�RU�RWKHU�RQHV��7KH�SUREOHPV�RI�WKH�IRUPHU�DSSURDFK�DUH�WKDW

WKH�OLVWV�SURGXFHG�E\�GLIIHUHQW�UHVHDUFKHUV�GR�QR�DJUHH��DV�ZHOO�DV�WKH�ODFN�RI�JXLGHOLQHV�WR�FRQVWUXFW

VXFK� OLVWV�� )XUWKHUPRUH�� ZKHQ� FRPSDULQJ� WKH� VFRUH� SURGXFHG� E\� WKH� V\VWHP� ZLWK� WKDW� RI� WKH

KXPDQ�SURGXFHG�OLVWV��RQO\�SHUIHFW�PDWFKHV�DUH�FRXQWHG��HYHQ�LI�WKH�ZRUGV�WKDW�GR�QRW�PDWFK�DUH

FORVHO\�UHODWHG�

:H�ZLOO�QRZ�IRFXV�RQ�WKH�UHODWHGQHVV�DQWHFHGHQWV��SD\LQJ�VSHFLDO�DWWHQWLRQ�WR�WKH�IHDWXUHV�QDPHG

EHIRUH��ZKLFK�DUH�VXPPDUL]HG�LQ�D�VLQJOH�OLQH�DIWHU�WKH�H[SRVLWLRQ�RI�HDFK�V\VWHP�

9,�$��� $QWHFHGHQWV�EDVHG�RQ�RQWRORJLHV

,I� RQWRORJ\� �VHH� FKDSWHU�9� IRU� RXU� GHILQLWLRQ� RI� RQWRORJ\�� LV� WDNHQ� DV� EDVLV�� UHODWHGQHVV� RI� WZR

REMHFWV� FDQ� EH� GHGXFWHG� IURP� WKH� LQIRUPDWLRQ� LQ� WKH� RQWRORJ\�� 7YHUVN\� �������� LQ� WKH� ILUVW

D[LRPDWL]DWLRQ� RI� VLPLODULW\� ZKLFK� FDPH� IURP� WKH� ILHOG� RI� SV\FKRORJ\�� VDLG�� �$� QHZ� VHW�WKHRUHWLFDO

DSSURDFK�WR�VLPLODULW\�LV�GHYHORSHG�LQ�ZKLFK�REMHFWV�DUH�UHSUHVHQWHG�DV�FROOHFWLRQV�RI�IHDWXUHV��DQG�VLPLODULW\�LV�GHVFULEHG

DV� D� IHDWXUH�PDWFKLQJ� SURFHVV��� 7KHUHIRUH�� KH� XVHG� D� UHSUHVHQWDWLRQ� PRGHO� EDVHG� RQ� IHDWXUHV�� ,WV

PHDVXUH�ZDV�DSSOLHG�WR�GLIIHUHQW�WDVNV��H�J��VLPLODULW\�RI�FKDUDFWHUV��RI�IDFHV�DQG�RI�QDWLRQV��,Q�LWV

HYDOXDWLRQ��KH�FRPSDUHG�KLV�D[LRPDWL]LQJ�ZLWK�SHRSOH
V�LQWXLWLRQ�RQ�VLPLODULW\�
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$W� WKDW� WLPH� LQ� $UWLILFLDO� ,QWHOOLJHQFH�� VHPDQWLF� QHWZRUNV� ZHUH� WKH� PRVW� XVXDO� UHSUHVHQWDWLRQ

PRGHOV��DQG�VLPLODULW\�ZDV�GHYHORSHG�PDLQO\�XVLQJ�VSUHDGLQJ�DFWLYDWLRQ�WHFKQLTXHV�RQ�VXFK�QHWZRUNV

�4XLOOLDQ��������&ROOLQV�	�/RIWXV���������$V�IRU�&ROOLQV�DQG�/RIWXV��7KH�FRQFHSWXDO�QHWZRUN�LV�RUJDQL]HG

DORQJ� WKH� OLQHV� RI� VHPDQWLF� VLPLODULW\��7KH�PRUH�SURSHUWLHV� WZR� FRQFHSWV�KDYH� LQ� FRPPRQ�� WKH�PRUH� OLQNV� WKHUH�DUH

EHWZHHQ�WKH�WZR�QRGHV�YLD�WKHVH�SURSHUWLHV�DQG�WKH�PRUH�FORVHO\�UHODWHG�DUH�WKH�FRQFHSWV�
� �

��7KH\�GLG�QRW�GLUHFWO\

LPSOHPHQW�WKHLU�PRGHO��EXW�FODLPHG�WKDW�LW�IROORZHG�WKH�UHVXOWV�RI�SV\FKROLQJXLVWLF�H[SHULPHQWV�

6R�DV�WR�PDNH�WKH� VSUHDGLQJ�DFWLYDWLRQ� LPSOHPHQWDWLRQ�HDVLHU��5DGD�HW�DO�� �������PDGH�TXLWH�D� ORW�RI

ZRUN�DURXQG�WKH�HYDOXDWLRQ�DQG�PHUJLQJ�RI� VHPDQWLF�QHWZRUNV��7KH�PHDVXUH�RI� UHODWHGQHVV� WKH\

SUHVHQW� LV� QDPHG� 6HPDQWLF� 'LVWDQFH�� �«� >LQ� VSUHDGLQJ� DFWLYDWLRQ@� VHPDQWLF� UHODWHGQHVV� LV� EDVHG� RQ� DQ

DJJUHJDWH�RI�WKH� LQWHUFRQQHFWLRQV�EHWZHHQ�WKH�FRQFHSWV��7KLV� LV�GLIIHUHQW� IURP�VHPDQWLF�GLVWDQFH�ZKLFK�LV� HTXDO� WR� WKH

PLQLPDO� SDWK� OHQJWK� EHWZHHQ� WZR� FRQFHSWV��� 0RUHRYHU�� FRQVLGHULQJ� WKDW� WKHUH� LV� D� SULYLOHJHG� UHODWLRQ

VWUXFWXULQJ�WKH�VHPDQWLF�QHWZRUNV�²WKH�FODVV�VXEFODVV�RU�LV�D�UHODWLRQ²��LQVWHDG�RI�XVLQJ�DOO�UHODWLRQV

WKH\�FODLP�WKDW�LW� LV�HQRXJK�WR�DSSO\�WKH�LV�D�UHODWLRQ���ZH�K\SRWKHVL]H� WKDW� >«@� LV� VWURQJ� HQRXJK� IRU� WKH

OHQJWK�RI�LV�D�SDWKV�WR�EH�XVHG�DV�D�PHDVXUH�RI�VHPDQWLF�UHODWHGQHVV���,Q�WKHLU�SURSRVDO�IRU�WKH�GLVWDQFH�IRUPXOD

�FI���
� �
�HTXDWLRQ���GLVWDQFH�EHWZHHQ�WKH�FRQFHSWV�$�DQG�%�LV�GHILQHG�DV� WKH� OHQJWK�RI� WKH�VKRUWHVW

SDWK�RI�LV�D
� �

�UHODWLRQV�WKDW�OLQNV�ERWK�FRQFHSWV�

)length(min),dist(
),path(

S%$ ��� ∈
= ���

7KH� GLVWDQFH� PHDVXUH� ZRXOG� EH� VPDOO� IRU� WZR� FORVHO\�UHODWHG� FRQFHSWV�� DQG� YLFH� YHUVD�� 1R

HYDOXDWLRQ�UHSRUW�ZDV�SUHVHQWHG��7KLV� IRUPXOD�� LQ� LWV�VLPSOLFLW\�� LV�TXLWH�RIWHQ�XVHG��H�J�� WR�PHUJH

GLIIHUHQW�RQWRORJLHV��.KQLJW�	�/XN��������8WL\DPD�	�+DVLGD��������
���
2QWRORJ\�SDUDGLJPDWLF�FRQFHSWV�IHZ�ZRUGV�QR�UHVXOWV

6XVVQD��������GHYHORSHG�IXUWKHU�5DGD�V�LGHD�DSSO\LQJ�LW�WR�WKH�:RUG1HW�NQRZOHGJH�EDVH��LQ�RUGHU

WR�SHUIRUP�ZRUG�VHQVH�GLVDPELJXDWLRQ�RQ�D�GRFXPHQW�LQGH[LQJ�DSSOLFDWLRQ��7KH�FRQFHSWV�RI�WKH

NQRZOHGJH�EDVH�DUH�ZRUG�VHQVHV�LQ�WKLV�FDVH��DQG��DSDUW�IURP�VXEFODVV�UHODWLRQV��KH�DOVR�SURSRVHV�WR

XVH�DOO�WKH�RWKHU�UHODWLRQV�LQ�:RUG1HW��(DFK�UHODWLRQ�ZLOO�KDYH�D�VLPLODULW\�ZHLJKW��VHH�Z � �[�\��LQ�WKH

�
���
��HTXDWLRQ

� �

��DV��IRU�H[DPSOH��FRQFHSWV�OLQNHG�E\�D�V\QRQ\P\�UHODWLRQ�DUH�PRUH�VLPLODU�WKDQ�WKRVH

OLQNHG�E\�SDUW�RI�UHODWLRQV��VHH�DOVR�7YHUVN\���������7KH�GLVWDQFH�EHWZHHQ�WZR�DGMDFHQW�FRQFHSWV�LQ

                                                          
���
�$V�ZH�FDQ�VHH�VLPLODULW\�DQG�UHODWHGQHVV�DUH�FRQIXVHG�LQ�WKLV�ZRUN�DV�ZHOO�

� �

�$V�LW�LV�QRW�QHFHVVDU\�IRU�WKLV�GLVVHUWDWLRQ��ZH�ZLOO�QRW�GLIIHUHQWLDWH�EHWZHHQ�FODVV�VXEFODVV�DQG�LV�D�UHODWLRQV�

� �

�7KHVH�DUH�WKH�YDOXHV�IRU�WKH�IHDWXUHV�ZH�KDYH�PHQWLRQHG�DERYH��UHJDUGLQJ�WKH�ZRUN�RI�5DGD�HW�DO�

� �

�Z 	 �LQ�6XVVQD�V�ZRUN�LV�PRUH�FRPSOH[�WKDQ�VWDWHG�KHUH��EXW��DV�KH�VD\V��WKH�SDUWLFXODU�ZHLJKWV�XVHG�>Z 	 @�PD\�QRW�PDNH�WKDW�PXFK�GLIIHUHQFH��
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WKH�VHPDQWLF�QHWZRUN��Z�[�\��LQ�WKH��
���
�HTXDWLRQ��LV�GHILQHG�DV�WKH�DGGLWLRQ�RI�WKH�ZHLJKWV�RI�DOO�WKH

UHODWLRQV� EHWZHHQ� ERWK� FRQFHSWV�� ,Q� DGGLWLRQ�� WKH� GHHSHU� WKH� FRQFHSWV� DUH� LQ� WKH� KLHUDUFK\�� WKH

VKRUWHU�ZRXOG�EH�WKH�GLVWDQFH��DV�FDSWXUHG�E\�WKH�GLYLVRU�G�LQ�WKH�HTXDWLRQ��

∑
−∈

=
� � � ��� � �	�
 ��� ���� ��

�

G

\[Z
\[Z

),(
),( ���

7KHUHIRUH��WKH�SDWK�KDYLQJ�WKH�VPDOOHVW�ZHLJKW��FI���
� �
�HTXDWLRQ��ZLOO�\LHOG�WKH�GLVWDQFH�EHWZHHQ�DQ\

WZR�FRQFHSWV�

  andwhere

),(min),dist(
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6XVVQD�GRHV�QRW�GR�D�GLUHFW�HYDOXDWLRQ��EXW�DQ�LQGLUHFW�RQH��WKURXJK�WKH�UHVXOWV�REWDLQHG�RQ�D�ZRUG

VHQVH�GLVDPELJXDWLRQ�WDVN�

2QWRORJ\�SDUDGLJPDWLF�FRQFHSWV�ZLGH�QRXQV�JRRG�UHVXOWV

0DKHVK�HW�DO�� ������������� WDNH� WKH�ULFKQHVV�RI� WKH�0LFURFRVPRV�RQWRORJ\�DV� VWDUWLQJ�SRLQW�� DQG

DUJXH� WKDW� VSUHDGLQJ� DFWLYDWLRQ� SHUIRUPV� ZRUG� VHQVH� GLVDPELJXDWLRQ� LQ� D� EOLQG� ZD\�� ��«� VSUHDGLQJ

DFWLYDWLRQ�«�GRHV�QRW�PDNH�XVH�RI�DYDLODEOH�NQRZOHGJH���:KHQ�VHDUFKLQJ�WKH�SDWKV�EHWZHHQ�ZRUG�VHQVHV�

WKH\�DIILUP�WKDW�WKH�DUJXPHQW�VWUXFWXUH�WDNHQ�IURP�WKH�VHPDQWLF�DQDO\VLV�RI�WKH�VHQWHQFH�VKRXOG�EH

FRQVLGHUHG�� ,Q� RWKHU� ZRUGV�� UHODWHGQHVV� ZRXOG� PHDVXUH� WKH� GHJUHH� WR� ZKLFK� WKH� VHOHFWLRQDO

UHVWULFWLRQV�RI�YHUEV�RU�DGMHFWLYHV�KROG�IRU�WKH�FKRVHQ�ZRUG�VHQVHV��,Q�RUGHU�WR�FRPSXWH�WKLV��WKH\

XVH�FRQFHSW�EDVHG�VHOHFWLRQDO�UHVWULFWLRQV�DQG�WKH�KLHUDUFK\�RI�FRQFHSWV�

2QWRORJ\��SDUDGLJPDWLF�DQG�ORFDO�V\QWDJPDWLF�FRQFHSWV�SURSRVDO�QRXQV�YHUEV�QR�UHVXOWV

9,�$��� 0HDVXUHV�EDVHG�RQ�(OHFWURQLF�'LFWLRQDULHV

7KHUH� DUH� QR� FRQFHSWV� LQ� GLFWLRQDULHV�� EXW� ZRUG� VHQVHV�� +RZHYHU�� WKHVH� UHVSRQG� WR

FRQFHSWXDOL]DWLRQV� PDGH� E\� OH[LFRJUDSKHUV�� DQG�� LQ� D� ELJ� VHQVH� FDQ� EH� FRPSDUHG� WR� RQWRORJ\

FRQFHSWV��+RZ�FDQ�UHODWHGQHVV�EHWZHHQ�WKRVH�VHQVHV�EH�PHDVXUHG"�8QOLNH�RQWRORJ\�EDVHG�ZRUNV�

WKHUH�LV�QR�IRUPDOL]DWLRQ�EDVHG�RQ�SV\FKRORJ\�RU�NQRZOHGJH��EXW�RQO\�RQ�SUDFWLFDO�DSSURDFKHV�

5HJDUGLQJ� WKH� W\SH� RI� UHODWHGQHVV�� LW� FDQ� EH� VDLG� WKDW� LQGLUHFW� JOREDO� V\QWDJPDWLF� UHODWLRQV� DUH

EURDGO\�XVHG��,Q�RUGHU� WR�VHH�ZKHWKHU� WZR�VHQVHV�DUH�UHODWHG�� WKHLU�FRQWH[W� LV�FKHFNHG��DV�ZH�DUH
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XVLQJ�GLFWLRQDULHV��WKH�FRQWH[W�LV�WKH�GHILQLWLRQ�RI�WKH�VHQVH���,I�WKH\�DUH�VLPLODU��WKHQ�WKH�VHQVHV�DUH

WDNHQ�WR�EH�UHODWHG��7KH�K\SRWKHVLV�VHWV�WKDW�UHODWHG�VHQVHV�ZLOO�EH�GHILQHG�ZLWK�UHODWHG�ZRUGV�

/HVN��������DSSOLHG�WKLV�K\SRWKHVLV�GLUHFWO\�WR�ZRUG�VHQVH�GLVDPELJXDWLRQ��WKH�UHODWHGQHVV�PHDVXUH

RI�WZR�VHQVHV� LV� WKH�DPRXQW�RI�ZRUGV�VKDUHG�E\�WKH�FRUUHVSRQGLQJ�GHILQLWLRQV��7KH�PRUH�ZRUGV

DSSHDU�LQ�ERWK�GHILQLWLRQV��WKH�PRUH�FORVHO\�UHODWHG�ERWK�VHQVHV�ZRXOG�EH��$V�ZH�ZLOO�VHH�EHORZ��KLV

LQWXLWLRQ�KDV�EHHQ�IUXLWIXO��EXW�LW�LV�DOVR�YHU\�ZHDN��DV�LW�LV�VXERUGLQDWHG�WR�WKH�DFWXDO�ZRUGV�FKRVHQ

ZKHQ�ZULWLQJ�WKH�GHILQLWLRQ��7KH�HYDOXDWLRQ�LV�FDUULHG�RXW�WKURXJK�D�VHQVH�GLVDPELJXDWLRQ�WDVN��7KH

VDPH�PHWKRG�LV�SXW�IRUZDUG�LQ��&RZLH�HW�DO���������:LONV�HW�DO����������EXW�LQ�RUGHU�WR�LPSURYH�WKH

HIILFLHQF\�ZKHQ�PHDVXULQJ� WKH�UHODWHGQHVV�RI�D�VHW�RI�ZRUGV�� WKH\�XVH�DQ�RSWLPL]DWLRQ� WHFKQLTXH

NQRZQ�DV�VLPXODWHG�DQQHDOLQJ�

'LFWLRQDU\�JOREDO�V\QWDJPDWLF�FRQFHSWV�ZLGH��QRXQV�PHGLXP�UHVXOWV

9HURQLV�DQG�,GH��������KROG�WKH�VDPH�DSSURDFK��EXW�JR�IXUWKHU�IROORZLQJ�D�FLUFXODU�GHILQLWLRQ��WKH

UHODWHGQHVV� PHDVXUH� RI� WZR� VHQVHV� ZLOO� EH� JLYHQ� E\� PHDQV� RI� WKH� DGGLWLRQ� RI� WKH� UHODWHGQHVV

PHDVXUH�RI�WKH�ZRUGV�XVHG�LQ�WKH�GHILQLWLRQV��,Q�RWKHU�ZRUGV��QRZ�LW�LV�QRW�QHFHVVDU\�WKDW�WKH�VDPH

ZRUGV�DSSHDU�LQ�WKH�GHILQLWLRQ�RI�ERWK�VHQVHV��LW�LV�HQRXJK�LI�UHODWHG�ZRUGV�DUH�XVHG��$QG��ZKHQ�DUH

WZR�ZRUGV�UHODWHG"�:KHQ�WKHLU�VHQVHV�DUH�UHODWHG��,Q�RUGHU�WR�VHH�ZKHWKHU�WKLV�K\SRWKHVLV�LV�XVHIXO

RU� QRW�� WKH\� EXLOW� XS� D� KXJH�QHXUDO� QHWZRUN� XVLQJ� WKH� WHUPV� DSSHDULQJ� LQ� GLFWLRQDU\� GHILQLWLRQV�

DGGLQJ� OLQNV� EHWZHHQ� WKH� GHILQLHQGXP� DQG� WKH�ZRUGV� LQ� WKH� GHILQLWLRQ
� �

�� DQG� WHVWHG� LW� LQ� D� VHQVH�

GLVDPELJXDWLRQ�WDVN��WKHUH�LV�QR�V\VWHPDWLF�HYDOXDWLRQ���7KH�VDPH�DSSURDFK�ZDV�WDNHQ�E\�.R]LPD

DQG�)XUXJRUL���������EXW�ZLWK�WKH�REMHFW�RI�LPSURYLQJ�HIILFLHQF\��WKH\�FRPSLOH�WKH�LQIRUPDWLRQ�LQWR

D�YHFWRU�PRGHO� �.R]LPD�	� ,WR�� ������� VLPLODU� WR� WKH�PRGHO� SUHVHQWHG�EHORZ�²VHH� DOVR� �1LZD�	

1LWWD�������²��7KH\�HYDOXDWH�FRPSDULQJ�VLPLODULW\�OLVWV�EXLOW�XS�IURP�SHRSOH·V�LQWXLWLRQ�

'LFWLRQDU\�JOREDO�V\QWDJPDWLF�ZRUGV�IHZ�QRXQV�QR�UHVXOWV

/HVN�V� PHWKRG� IROORZHG� DQRWKHU� GHYHORSPHQW�� ZKLFK� XVHG� YHFWRU�PRGHOV� EDVHG� RQ� FR�

RFFXUUHQFHV�LQ�GLFWLRQDU\�GHILQLWLRQV��:LONV�HW�DO���������������FROOHFWHG�ZRUG�FR�RFFXUUHQFHV�IURP

WKH� GHILQLWLRQV� RI� /'2&(�� $V� GHILQLWLRQV� LQ� /'2&(� KDYH� EHHQ� ZULWWHQ� XVLQJ� D� UHGXFHG

YRFDEXODU\��FRPSULVLQJ������ZRUGV���FR�RFFXUUHQFHV�DUH� OLPLWHG� WR�WKRVH� WHUPV��$V� ODLG�GRZQ�E\

WKH�DXWKRUV�� WZR�ZRUGV�FR�RFFXU�ZKHQ�WKH\�DSSHDU� LQ� WKH�VDPH�GHILQLWLRQ��)RU�FRGLI\LQJ� WKH�FR�

RFFXUUHQFHV�RI�HDFK�ZRUG��WKH\�XVH�D�YHFWRU��VHH��
� �
�IRUPXOD���,Q�WKLV�YHFWRU��WKHUH�ZLOO�EH�D�YDOXH

IRU�HDFK�ZRUG�LQ�WKH�UHGXFHG�YRFDEXODU\��1� LQ�WKH��
� �
�HTXDWLRQ�HTXDOV�WR� WKH�VL]H�RI� WKH�UHGXFHG

YRFDEXODU\���������UHSUHVHQWLQJ�WKH�FR�RFFXUUHQFH�VWUHQJWK�IRU�WKH�ZRUG�Z�DQG�WKH�L�WK�ZRUG�LQ�WKH

                                                          
� �

�'HILQLWLRQV�ZHUH�QRW�OHPPDWL]HG��QRU�DQDO\]HG�
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UHGXFHG�YRFDEXODU\�� 6L[�GLIIHUHQW� IRUPXODV� DUH�SXW� IRUZDUG� WR�PHDVXUH� WKH� VWUHQJWK�� DOO� RI� WKHP

EDVHG�RQ� IUHTXHQFLHV�RI�ZRUGV� DQG� FR�RFFXUUHQFHV�� ,Q� WKH� �
� �
� HTXDWLRQ�� IRU� H[DPSOH�� WKH� YHFWRU

YDOXHV�DUH�MXVW�WKH�JURVV�IUHTXHQFLHV�RI�WKH�FR�RFFXUUHQFHV�

( )    ,,0

�
�

�
� YYY L
r = ���

���
�

� IY ,= ���

$V� WR� HVWLPDWH� WKH� UHODWHGQHVV� EHWZHHQ� WZR�ZRUGV��ZH� FDQ�PDWKHPDWLFDOO\� FDOFXODWH� WKH� UHODWLRQ

EHWZHHQ� WKH� WZR�FRUUHVSRQGLQJ�YHFWRUV�� XVLQJ�� IRU�H[DPSOH�� WKH�FRVLQH� �VHH� HTXDWLRQ�����EXW� WKH

DXWKRUV� DOVR� SURSRVH� RWKHU� WKUHH� IRUPXODV�� :LONV� HW� DO�� JR� IXUWKHU� RQ�� JHWWLQJ� WKH� UHODWHGQHVV

PHDVXUH�IRU�ZRUG�VHQVHV�E\�FUHDWLQJ�D�YHFWRU�IRU�HDFK�GLFWLRQDU\�VHQVH��VXPPLQJ�XS�DOO�WKH�YHFWRUV

IRU� WKH�ZRUGV� LQ� WKHLU�GHILQLWLRQ� �FI���
� �
� HTXDWLRQ��� ,Q� WKLV�ZD\�� WKH�PDWKHPDWLFDO�PHDVXUH�RI� WKH

UHODWLRQ� EHWZHHQ� WZR� YHFWRUV�ZLOO� \LHOG� WKH� UHODWHGQHVV�PHDVXUH� IRU� WZR� VHQVHV� �LW� LV� HQRXJK� WR

UHSODFH�ZRUGV�IRU�ZRUG�VHQVHV�LQ�Z�DQG�]�RI�HTXDWLRQ����XVLQJ�WKH�YHFWRUV�IURP�HTXDWLRQ����

∑ ∑
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7KLV�PHWKRG��LQVWHDG�RI�PHDVXULQJ�GLUHFWO\�WKH�RYHUODS�RI�ZRUGV�LQ�GHILQLWLRQV��XVHV�WKH�YHFWRUV�IRU

WKRVH�ZRUGV��7KH�HYDOXDWLRQ�LV�QRW�YHU\�WKRURXJK��DV�WKH\�FDUULHG�RXW�WKH�VHQVH�GLVDPELJXDWLRQ�RI

RFFXUUHQFHV�RI�EDQN�

'LFWLRQDU\�JOREDO�V\QWDJPDWLF�FRQFHSWV�IHZ�QRXQV�JRRG�UHVXOWV

5LFKDUGVRQ�V� DSSURDFK� ������� LV� TXLWH� DOLNH� WR� WKH� RQWRORJ\�EDVHG� RQHV�� ,Q� IDFW� KH� EXLOGV� XS� D

VHPDQWLF�QHWZRUN�IURP�WKH�GHILQLWLRQV�RI�WZR�GLFWLRQDULHV��/'2&(�DQG�:HEVWHU
V��
� �
�*RYH��������

DIWHU�V\QWDFWLFDOO\�DQDO\]LQJ�WKH�GHILQLWLRQV�DQG�H[WUDFWLQJ�VHPDQWLF�UHODWLRQV��(DFK�VHPDQWLF�UHODWLRQ

KDV�D�ZHLJKW�EDVHG�RQ�IUHTXHQFLHV��$V�WKH�ZRUGV�LQ�WKH�GHILQLWLRQV�DUH�QRW�VHQVH�GLVDPELJXDWHG�LQ

WKLV�VHPDQWLF�QHWZRUN��LW�LV�QRW�SRVVLEOH�WR�PHDVXUH�WKH�UHODWHGQHVV�EHWZHHQ�WZR�VHQVHV��,QVWHDG��LW

LPSOHPHQWV�UHODWHGQHVV�DPRQJ�ZRUGV�XVLQJ�SDWKV�RI� UHODWLRQV��7KH� LGHD� LV�VLPLODU� WR� WKH� VSUHDGLQJ

DFWLYDWLRQ�PHWKRG��WZR�ZRUGV�ZLOO�EH�FORVHO\�UHODWHG�LI�WKHUH�DUH�PDQ\�UHODWLRQ�SDWKV�EHWZHHQ�WKHP�
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$OO� UHODWLRQ�SDWKV� DUH� QRW� HTXDOO\� PHDQLQJIXO�� DQG� KH� LV�� WKHUHIRUH�� LQ� QHHG� RI� PHDVXULQJ� WKH

FRQWULEXWLRQ�RI�HDFK�W\SH�RI�UHODWLRQ��,Q�RUGHU�WR�ZHLJKW�HDFK�NLQG�RI�UHODWLRQ��KH�XVHV�DQ�HPSLULFDO

PHWKRG��ZKLFK�FRPSLOHV��������SDLUV�RI�FORVHO\�UHODWHG�ZRUGV�IURP�D�WKHVDXUXV�DQG��������SDLUV�RI

QRQ�UHODWHG�ZRUGV��6HQVH�DPELJXLW\�FDQ�FDXVH�HUURUV�LQ�WKH�SDWKV�MRLQLQJ�WZR�ZRUGV��LI�D�ZRUG�LQ

WKH�SDWK�KDG�GLIIHUHQW� VHQVHV� LQ�HDFK�GHILQLWLRQ� LW� DSSHDUHG��� VR�KH� LV� IRUFHG� WR�DSSO\�YHU\� VKRUW

SDWKV��QR�ORQJHU�WKDQ�WZR�GHILQLWLRQ�ZRUGV��7KH�HYDOXDWLRQ�LV�PDGH�WKURXJK�WKH�XWLOL]DWLRQ�RI�WKLV

WKHVDXUXV��DSSO\LQJ�KHOG�RXW�SDLUV�QRW�XVHG�IRU�FDOFXODWLQJ�WKH�ZHLJKWV�

'LFWLRQDU\��SDUDGLJPDWLF�DQG�JOREDO�V\QWDJPDWLF�ZRUGV�ZLGH�QRXQV�JRRG�UHVXOWV

9,�$��� $OWHUQDWLYHV�EDVHG�RQ�FRUSRUD

5HVHDUFKHUV�WKDW�DGYRFDWH�WKH�XVH�RI�FRUSRUD�TXRWH�)LUWK��������RIWHQ���\RX�VKDOO�NQRZ�D�ZRUG�IRU�WKH

FRPSDQ\�LW�NHHSV���,Q�RWKHU�ZRUGV��WKH�IHDWXUHV�DQG�PHDQLQJ�RI�D�ZRUG�ZLOO�EH�JLYHQ�E\�WKH�FRQWH[W

ZKHUH�LW�DSSHDUV��RU��EHWWHU��E\�WKH�DQDO\VLV�RI�DOO�WKH�FRQWH[WV�WKH�ZRUG�DSSHDUV�LQ��2Q�WKLV�EDVLV�

WKH�IROORZLQJ�K\SRWKHVLV�KDV�EHHQ�VHW��7ZR�ZRUGV�ZLOO�EH�FORVHO\�UHODWHG�LI�WKH\�FRPH�XS�LQ�VLPLODU

FRQWH[WV��,Q�RUGHU�WR�DQDO\]H�WKH�UHODWHGQHVV�EHWZHHQ�ZRUGV��ZH�RQO\�QHHG�WR�FRPSDUH�WKH�FRQWH[WV

ZKHUH� WKH\� DSSHDU�� :KHWKHU� JOREDO� RU� ORFDO� V\QWDJPDWLF� UHODWHGQHVV� LV� GHILQHG� GHSHQGV� RQ� WKH

SDUWLFXODU� IHDWXUHV�XVHG� WR�PRGHO� WKH� FRQWH[W�� ,I�ZH�ZDQW� WR� VWXG\� ORFDO� V\QWDJPDWLF� UHODWHGQHVV�

ZRUGV�ZLWK�D�GLUHFW� V\QWDFWLF� UHODWLRQ�ZLOO�EH�XVHG�� ,Q� WKH�FDVH�RI�JOREDO� V\QWDJPDWLF� UHODWHGQHVV�

ZLGH�ZLQGRZV�DUH�XVHG��DERXW�±���ZRUGV��ZLWKRXW�WDNLQJ�LQWR�DFFRXQW�WKH�RUGHU�DQG�XVLQJ�FRQWHQW

ZRUGV�RQO\�

6R�DV�WR�EH�DEOH�WR�GHYHORS�FRUSXV�EDVHG�WHFKQLTXHV�WKDW�PHDVXUH�WKH�UHODWHGQHVV�EHWZHHQ�VHQVHV�

WKH�ZRUGV�LQ�WKH�FRUSXV�KDYH�WR�EH�ODEHOHG�ZLWK�VHQVHV��IRUPLQJ�D�WUDLQLQJ�FRUSXV��7KLV�LV�RQH�RI

WKH�SUREOHPV�RI�FRUSXV�EDVHG�WHFKQLTXHV��WKH�QHHG�RI�H[WHQVLYH�PDQXDO�VHQVH�GLVDPELJXDWLRQ�

0XWXDO�,QIRUPDWLRQ��0,��KDV�EHHQ�D�VLPSOH�DQG�VXFFHVVIXO�PHDVXUH��&KXUFK�	�+DQNV��������*DOH

HW�DO���������������ZKLFK� LV� IRXQGHG�RQ� LQIRUPDWLRQ� WKHRU\��$FFRUGLQJ� WR�PXWXDO� LQIRUPDWLRQ�� LI

WZR�ZRUGV�WHQG�WR�DSSHDU�DOZD\V�WRJHWKHU�LQ�FRQWH[W��WKHLU�UHODWHGQHVV�ZRXOG�EH�VWURQJHU��2Q�WKH

FRQWUDU\��LI�WZR�WHUPV�QHYHU�DSSHDU�LQ�WKH�VDPH�FRQWH[W��WKHLU�UHODWHGQHVV�ZRXOG�EH�ZHDNHU��&KXUFK

DQG�+DQNV�XVH�����ZRUG�ZLQGRZV�DV�FRQWH[W��,Q�RUGHU�WR�FDOFXODWH�WKH�0,�RI�ZRUGV�Y�DQG�Z��ZH

KDYH� WR� FRQVLGHU� WKH� SUREDELOLWLHV� RI� HDFK� ZRUG� DQG� RI� ERWK� ZRUGV� DSSHDULQJ� WRJHWKHU� �FI�� �
� �

HTXDWLRQ��

)Pr()Pr(

),Pr(
log),I(M

wv

wv
wv = ���
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7KH� HDVLHVW�ZD\� WR� HVWLPDWH� WKHVH� SUREDELOLWLHV� ²FDOOHG�PD[LPXP� OLNHOLKRRG� HVWLPDWH²� LV� WR� WDNH� WKH

FRXQWV�RI�HDFK�ZRUG��FI��I�LQ�HTXDWLRQ����DQG�GLYLGH�LW�E\�WKH�WRWDO�TXDQWLW\�RI�ZRUGV�1�

1

I
[

�≅)Pr(
���

&RUSXV�JOREDO�V\QWDJPDWLF�ZRUGV
���

�IHZ�QRXQV�JRRG�UHVXOWV�VSDUVH�GDWD�SUREOHP
���

0,�LV�XVHG�LQ�PDQ\�DSSOLFDWLRQV��DQG�WKH�PRVW�TXRWHG�SUREOHP�LQ�OLWHUDWXUH�LV�WKH�HVWLPDWLRQ�RI�WKH

SUREDELOLWLHV�IRU�UDUH�HYHQWV��$OO�VWDWLVWLFDO�WHFKQLTXHV�KDYH�DOVR�WR�IDFH�WKLV�SUREOHP��EHFDXVH�D�IHZ

ZRUGV�DSSHDU�YHU\�RIWHQ� LQ�WH[WV��EXW�PRVW�RI� WKHP�GR�LW�YHU\�UDUHO\� �LQ�DFFRUGDQFH�ZLWK� �=LSI�V

ODZ���7KLV�SUREOHP�LV�NQRZQ�DV�WKH�VSDUVH�GDWD�SUREOHP��:KLFK�LV�WKH�SUREDELOLW\�RI�RFFXUUHQFH�IRU�D

ZRUG�QHYHU�VHHQ�LQ�WKH�FRUSXV"�$QG�ZKLFK�LV�WKH�SUREDELOLW\�RI�FR�RFFXUUHQFH�IRU�WZR�ZRUGV�WKDW

KDYH�WXUQ�RXW�WZLFH�LQ�WKH�FRUSXV�EXW�QRW�WRJHWKHU"�,W�ZRXOG�EH�XQIDLU�WR�DVVLJQ�WKHVH�WZR�HYHQWV���

SUREDELOLW\��7KH�WHFKQLTXHV�EURXJKW�LQWR�VHUYLFH�WR�IDFH�WKLV�SUREOHP�DUH�FDOOHG�VPRRWKLQJ�WHFKQLTXHV�

6FK�W]H� �����D�� ����E�� ������ IRXQG� DQRWKHU� DOWHUQDWLYH� WR� WKH�ZRUG� FR�RFFXUUHQFH�PHWKRG��+H

FRGHG�FR�RFFXUUHQFHV�ZLWK�YHFWRUV�DQG�PHDVXUHG�WKH�UHODWHGQHVV�EHWZHHQ�ZRUGV�E\�PHDQV�RI�WKH

DQJOH� EHWZHHQ� WKH� YHFWRUV� �VHH�:LONV��PHWKRG� LQ� WKH� SUHYLRXV� VHFWLRQ��� ,Q� RUGHU� WR� EH� DEOH� WR

H[WHQG�UHODWHGQHVV�WR�ZRUG�VHQVHV��KH�JURXSV�DXWRPDWLFDOO\�WKH�FRQWH[WV�RI�D�ZRUG��E\�VXPPLQJ�WKH

YHFWRUV�IRU�DOO�WKH�ZRUGV�LQ�WKH�FRQWH[W�DQG�XVLQJ�FOXVWHULQJ�WHFKQLTXHV��$�KXPDQ�H[SHUW�FDQ�WKHQ

DQDO\]H�WKH�UHVXOWLQJ�FOXVWHUV�IRU�HDFK�ZRUG��DQG�DVVLJQ�D�ZRUG�VHQVH�WR�HDFK�FOXVWHU��$FFRUGLQJ�WR

WKH�DXWKRUV��WKLV�ZRXOG�EH�HDVLHU�WKDQ�WDJJLQJ�HDFK�RFFXUUHQFH�RI�WKH�ZRUG�LQ�WKH�ZKROH�FRUSXV�RQH

E\�RQH�

&RUSXV�JOREDO�DQG�ORFDO�V\QWDJPDWLF�ZRUGV�ZLGH�QRXQV�JRRG�UHVXOWV�QR�VSDUVH�GDWD�SUREOHPV

)URP�DOO� WKH� LQIRUPDWLRQ� LQ� WH[WV��0,�DQG�WKH�YHFWRUV�RI�6FK�W]H�RQO\� WDNH� LQWR�DFFRXQW� WKH�FR�

RFFXUUHQFHV� RI� ZRUGV�� 7KHUH� LV� GRXEWOHVV� PRUH� ULFKQHVV�� H�J�� V\QWDFWLF� VWUXFWXUH�� 7KH� V\QWDFWLF

VWUXFWXUH�FDQ�EH�UHIOHFWHG�XVLQJ�YHU\�VLPSOH�VFKHPHV��DV�SDUW�RI�VSHHFK�ODEHOV�DSSHDULQJ�FORVH�WR�WKH

WDUJHW� ZRUG�� EXW� DUJXPHQW� VWUXFWXUHV� �YHUE�REMHFW�� QRXQ�DGMHFWLYH�� HWF��� KDYH� DOVR� EHHQ� XVHG�

6\QWDFWLF�VWUXFWXUH�LV�XVXDOO\�UHSUHVHQWHG�DV�IHDWXUHV��DQG�WKHUHIRUH��WKH�V\QWDFWLF�FRQWH[W�RI�D�ZRUG

LV�H[SUHVVHG�E\� V\QWDFWLF� IHDWXUHV�H[WUDFWHG� IURP�WKH� FRUSXV� �WKDW� LV�� SDUW�RI�VSHHFK�RU� DUJXPHQW

VWUXFWXUHV�IRXQG�IRU�WKH�RFFXUUHQFHV�RI� WKH�ZRUG��� ,I� WKH�FRUSXV� LV� WDJJHG�ZLWK�ZRUG�VHQVHV�� WKH

                                                          
���

�:H�FODVVLI\�LW�DV�UHODWHGQHVV�EHWZHHQ�ZRUGV��EHFDXVH�LW�LV�QRW�VWUDLJKWIRUZDUG�WR�H[WHQG�LW�IRU�VHQVHV��DV�LW�ZRXOG�QHHG�KDQG�WDJJLQJ�

�	�

�$FFRUGLQJ�WR�WKH�UHOHYDQFH�LQ�FRUSXV�EDVHG�DOWHUQDWLYHV��ZH�KDYH�DGGHG�WKH�VSDUVH�GDWD�SUREOHP�DV�DQRWKHU�IHDWXUH�
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UHOHYDQW� V\QWDFWLF� IHDWXUHV� IRU� HDFK� VHQVH� FDQ� EH� WKXV� FROOHFWHG�� EHLQJ� GLUHFWO\� XVHG� LQ� VHQVH�

GLVDPELJXDWLRQ� �FI�� FKDSWHU� ,9��� 6R� DV� WR� IRUPDOL]H� UHODWHGQHVV�� V\QWDFWLF� IHDWXUHV�PXVW� EH� XVHG

LQGLUHFWO\��ZRUGV�DSSHDULQJ� LQ�FRQWH[WV�ZLWK�VLPLODU�V\QWDFWLF� IHDWXUHV�ZRXOG�EH�FORVHO\� UHODWHG��LQ

IDFW�� ZH� FODVVLI\� WKHVH� UHODWHGQHVV� PHDVXUHV� DV� LQGLUHFW� JOREDO� V\QWDJPDWLF��� 7KDW� LV� ZKDW

*UHIHQVWHWWH�GRHV��������������ZKHQ�KH�GHILQHV�WKH�UHODWHGQHVV�PHDVXUH�EHWZHHQ�ZRUGV�EDVHG�RQ

V\QWDFWLF� IHDWXUHV�� +H� PDNHV� DQ� LQWHUHVWLQJ� HYDOXDWLRQ�� VLPLODU� WR� WKDW� RI� 5LFKDUGVRQ�� WDNLQJ� D

WKHVDXUXV�DV�D�VWDQGDUG�IRU�PHDVXULQJ�UHODWHGQHVV�

&RUSXV�JOREDO�V\QWDJPDWLF�ZRUGV�IHZ��QRXQV�JRRG�UHVXOWV�VSDUVH�GDWD�SUREOHP

,Q� VRPH� ZRUNV� D� VSHFLILF� V\QWDFWLF� UHODWLRQV� LV� XVHG�� )RU� LQVWDQFH�� PDQ\� RI� WKH� VWXGLHV� RQ� WKH

VHOHFWLRQDO� UHVWULFWLRQV� RI� YHUEV� �*ULVKPDQ� DQG� 6WHUOLQJ�� ������ /HH�� ������ H[WUDFW� YHUE�REMHFW� RU

YHUE�VXEMHFW�SDLUV�IRUP�FRUSRUD��DQG�WU\�WR�ILQG�WKH�FODVV�RI�QRXQV�ILWWLQJ�EHVW�LQ�HDFK�DUJXPHQW�RI

WKH�YHUE��%\�GRLQJ�WKHVH��WKH\�GHILQH�D�PHDVXUH�RI�UHODWHGQHVV�EHWZHHQ�YHUEV�DQG�QRXQV�

&RUSXV�JOREDO�V\QWDJPDWLF�ZRUGV�IHZ�QRXQV�JRRG�UHVXOWV�VSDUVH�GDWD�SUREOHP

9,�$��� &RPELQDWLRQV�EHWZHHQ�RQWRORJLHV��GLFWLRQDULHV�DQG�FRUSRUD

7KHUH�DUH�TXLWH�D� IHZ�ZRUNV�DGYLVLQJ� WKH� LPSURYHPHQW�RI�SUHYLRXV�DSSURDFKHV��7KH� UHDVRQV�DUH

YDULRXV�� 0RVW� LPSRUWDQW�� DOO� WHFKQLTXHV� DERYH� VHH� WKH� OH[LFRQ� DV� D� OLVW� ZLWKRXW� DQ\� VHPDQWLF

VWUXFWXUH��:RUGV� DQG� FRQFHSWV� DUH� RUJDQL]HG� DURXQG� FODVVHV�� DQG� ORWV� RI� VHPDQWLF� IHDWXUHV� RI� D

ZRUG�DUH�UHDOO\�IHDWXUHV�RI�WKH�FODVV��7KHUHIRUH��ZK\�VKRXOG�ZH�NHHS�WKH�LQIRUPDWLRQ�IRU�HDFK�ZRUG�

LI�PRVW� RI� LW� FDQ� EH� JHQHUDOL]HG� DV� FODVV� IHDWXUHV"� %HVLGHV�� WKH�PDLQ� SUREOHPV� RI� WKH� VWDWLVWLFDO

DSSURDFK� �VSDUVH�GDWD� SUREOHP� DQG� WKH�QHHG� RI� KDQG�GLVDPELJXDWLRQ��ZRXOG�EH� UHGXFHG� LI

ZRUGV�ZHUH�RUJDQL]HG�DURXQG�FODVVHV��)RU�H[DPSOH��LQ�RUGHU�WR�GHILQH�WKH�PRVW�W\SLFDO�REMHFW�RI�WKH

YHUE�´WR�HDWµ�� LW�LV�PXFK�EHWWHU�WR�XVH�WKH�FODVV�HDWDEOH�REMHFW�� UDWKHU�WKDQ�OLVWLQJ�VDQGZLFK��KDP��KDNH�

DSSOH��HWF�H[KDXVWLYHO\��0RUHRYHU��DOWKRXJK�NLZL�GRHV�QRW�DSSHDU�LQ�WKH�FRUSXV�DV�DQ�REMHFW�RI�HDW��LI

LW�LV�FODVVLILHG�DV�DQ�HDWDEOH�REMHFW��ZH�ZLOO�EH�DEOH�WR�LQIHU�WKH�UHODWLRQ�EHWZHHQ�NLZL�DQG�HDW�

6RPH�ZRUNV� WU\� WR� LQGXFH� FODVVHV� IURP� WKH� FRUSXV� LWVHOI� �IRU� H[DPSOH�� LQ� WKH� DERYH�PHQWLRQHG

6FK�W]H�V�ZRUN���EXW��LW�XVXDOO\�LQWURGXFHV�D�FRQVLGHUDEOH�GHJUHH�RI�QRLVH��2WKHU�ZRUNV�SURSRVH�WR

XVH� WKHVDXUXV� RU� RQWRORJLHV�� LQ� WKH� VHDUFK� RI� LQWXLWLYH� DQG� VWUDLJKWIRUZDUG� FODVV� GHILQLWLRQV�

<DURZVN\���������IRU�LQVWDQFH��LQ�D�ZRUN�RQ�VHQVH�GLVDPELJXDWLRQ�WDNHV�DV�FODVVHV�WKH�RQHV�JLYHQ�E\

5RJHW
V�WKHVDXUXV��,Q�5RJHW
V�WKHVDXUXV��.LUNSDWULFN��������HDFK�FRQFHSWXDO�FDWHJRU\�LV�PDGH�RI�D

OLVW�RI�UHODWHG�ZRUGV��,Q�RUGHU�WR�NQRZ�ZKLFK�DUH�WKH�W\SLFDO�FRQWH[WV�IRU�HDFK�FDWHJRU\��KH�FROOHFWV

FRQWH[WV�IRU�HDFK�ZRUG�LQ�WKH�FDWHJRU\�IURP�WKH�*UROLHU�HQF\FORSHGLD��(DFK�FRQWH[W�LV�PDGH�E\�WKH
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����VXUURXQGLQJ�ZRUGV��+H�WKHQ�VHOHFWV�IURP�DOO�WKH�ZRUGV�LQ�WKH�FRQWH[W�RI�WKH�FDWHJRU\��WKH�PRVW

VLJQLILFDQW
���

�RQHV��DFFRUGLQJ�WR�D�VWDWLVWLFDO�PHDVXUH�FDOOHG�VDOLHQF\��VHH�HTXDWLRQ����

)Pr(

)Pr(
log)saliency(

Z

FZ
Z = ����

,Q�WKLV�ZRUN�UHODWHGQHVV�RI�ZRUGV�LV�QRW�H[SOLFLWO\�GHILQHG��EXW�LW�LV�LPSOLFLWO\�XVHG�DV�D�PHWKRG�WR

ODEHO�ZRUGV�ZLWK�5RJHW�V�FODVV��1HYHUWKHOHVV��DV�LQ�PDQ\�ZRUNV�UHODWHG�WR�FRUSRUD��LW�LV�SRVVLEOH�WR

LQIHU�WKH�UHODWHGQHVV�EHWZHHQ�ZRUGV�RU�VHQVHV�IURP�WKH�PHDVXUHV�JLYHQ��$QRWKHU�H[DPSOH�RI�WKLV

FRPELQHG�DSSURDFK�WDNHV�D�VLPLODU�PHDVXUH�WU\LQJ�WR�H[WUDFW�LQIRUPDWLRQ�IRU�RQWRORJLHV��%DVLOL�HW�DO�

������������&XFFKLDUHOOL�	�9HODUGL�������

2QWRORJ\�FRUSXV�JOREDO�V\QWDJPDWLF�FRQFHSWV�ZLGH�QRXQV�YHU\�JRRG�UHVXOWV�QR�VSDUVH�GDWD�SUREOHPV

5HVQLN� �����D�� ����E�� ������ ������ SURSRVHV� D� GLIIHUHQW� VWUDWHJ\� WR� FRPELQH� WKH� LQIRUPDWLRQ� RI

RQWRORJ\�DQG�FRUSXV��$V�WR�PHDVXUH�WKH�UHODWHGQHVV�EHWZHHQ�WZR�ZRUG�VHQVHV��KH�ILUVW� ORRNV� IRU

WKHLU�FORVHVW�FRPPRQ�DQFHVWRU�LQ�WKH�KLHUDUFK\�RI�WKH�RQWRORJ\��:RUG1HW���,QVWHDG�RI�PHDVXULQJ

WKH�GLVWDQFH�WR�WKLV�FRPPRQ�DQFHVWRU��KH�HVWLPDWHV�WKH�LQIRUPDWLRQ�FRQWHQW�RI�WKH�FODVV�UHSUHVHQWHG

E\�LW�DQG�XVHV�WKLV�DV�WKH�UHODWHGQHVV�PHDVXUH��VHH�IRUPXOD�����ZKHUH�Y�DQG�Z�DUH�QRXQV��DQG�F�WKH

FORVHVW�FRPPRQ�DQFHVWRU��

)Pr(log),(similarity cwv −= ����

&ODVV�SUREDELOLWLHV�FDQ�EH�HVWLPDWHG�XVLQJ�WKH�IUHTXHQFLHV�LQ�WKH�FRUSXV�WKDW�WKH�ZRUGV�EHORQJLQJ�WR

WKH�FODVV�KDYH�

1

I

F
��

�∑
∈≅)Pr(

����
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�$V�IRU�<DURZVN\��ZRUGV�WKDW�DUH�OLNHO\�WR�FRRFFXU�ZLWK�WKH�PHPEHUV�RI�WKH�FDWHJRU\��
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7KLV� UHODWHGQHVV�PHDVXUH� KDV� EHHQ� XVHG� WR� FDOFXODWH� WKH� VWUHQJWK� RI� WKH� UHODWLRQ� EHWZHHQ� QRXQ

VHQVHV�DQG�YHUEV��VR�DV�WR�LQGXFH�VHOHFWLRQDO�UHVWULFWLRQV�IRU�YHUEV��,W�KDV�DOVR�EHHQ�XVHG�WR�SHUIRUP

ZRUG�VHQVH�GLVDPELJXDWLRQ�RI�QRXQV��DFKLHYLQJ�JRRG�UHVXOWV�LQ�ERWK�WDVNV��/L�DQG�$EH�������������

DOVR� DSSO\� WKLV� DSSURDFK� LQ� WKH� LQGXFWLRQ� RI� VHOHFWLRQDO� UHVWULFWLRQV� DQG� DXWRPDWLF� FOXVWHULQJ� RI

QRXQV�

2QWRORJ\�FRUSXV�SDUDGLJPDWLF�FRQFHSWV�IHZ�QRXQV�JRRG�UHVXOWV�QR�VSDUVH�GDWD�SUREOHPV

+HDUVW� DQG� 6FK�W]H� ������� FRPELQH� WKH� UHODWHGQHVV�PHDVXUH� IRU�ZRUGV� LQWURGXFHG� LQ� 6FK�W]H�V

SUHYLRXV�ZRUN������D������E��ZLWK�WKH�KLHUDUFKLFDO�LQIRUPDWLRQ�RI�:RUG1HW��7KHLU�PDLQ�WDUJHW�LV�WR

UHODWH�FRQFHSWV�WKDW�KDYH�QR�UHODWLRQ�LQ�:RUG1HW
V�KLHUDUFK\��)RU�LQVWDQFH�EDOO�DQG�UHIHUHH�DUH�FORVHO\

UHODWHG�� EXW� YHU\� ORRVHO\� UHODWHG� LQ� :RUG1HW�� 7KH\� ILUVW� JURXS� DOO� V\QVHWV� LQ� :RUG1HW� LQ� ���

FDWHJRULHV�� DFFRUGLQJ� WR� WKHLU� SRVLWLRQ� LQ� WKH� KLHUDUFKLHV�� 7KHQ� WKH\� XVH� WHFKQLTXHV� VLPLODU� WR

6FK�W]H
V�WR�ILQG�UHODWLRQV�DPRQJ�WKHVH�JURXSV��7KHUH�LV�QR�V\VWHPDWLF�HYDOXDWLRQ�RI�UHVXOWV��DQG�WKH

DXWKRUV�WKHPVHOYHV�KDYH�FRQIHVVHG�KDYLQJ�REWDLQHG�IHZ�UHODWLRQV��2Q�WKH�RWKHU�KDQG�WKH\�GR�QRW

SURSRVH�DQ\�QHZ�UHODWHGQHVV�PHDVXUH�EDVHG�RQ�WKH�VR�EXLOW�FRQFHSW�QHWZRUN�

2QWRORJ\�FRUSXV�JOREDO�DQG�ORFDO�V\QWDJPDWLF�FRQFHSWV�IHZ�QRXQV�JRRG�UHVXOWV�QR�VSDUVH�GDWD�SUREOHPV

.DURY�DQG�(GHODPQQ��������������FRXQW�RQ�GLFWLRQDULHV�LQ�RUGHU�WR�FROOHFW�WKH�SUHOLPLQDU\�FRQWH[WV

�VHQWHQFHV� LQ� WKLV� FDVH�� WKDW� DUH� UHODWHG� WR� D� JLYHQ�ZRUG� VHQVH�� DYRLGLQJ� LQ� WKLV�ZD\� WKH� QHHG�RI

KDQG�WDJJHG�GDWD��7KH\�WKLQN�WKHUH�LV�D�FLUFXODULW\�LQ�UHODWHGQHVV��ZRUGV�DUH�UHODWHG�LI�WKH\�DSSHDU�LQ

VLPLODU� VHQWHQFHV�� DQG� VHQWHQFHV� DUH� UHODWHG� LI� WKH\� FRQWDLQ� UHODWHG� ZRUGV�� 6R� DV� WR� EUHDN� WKLV

FLUFXODULW\� WKH\� WDNH� DQ� LWHUDWLYH� DOJRULWKP� ZKLFK� UHDFKHV� FRQYHUJHQFH� DQG� \LHOGV� DV� UHVXOW� D

UHODWHGQHVV�PHDVXUH�IRU�ZRUG�VHQVHV�DQG�D�VHW�RI�VHQWHQFHV�DXWRPDWLFDOO\�WDJJHG�ZLWK�ZRUG�VHQVHV�

7KH�PDLQ�DGYDQWDJH�RI�WKHLU�DSSURDFK�LV�WKH�DELOLW\�WR�WUDLQ�RQ�IHZHU�GDWD�

'LFWLRQDU\�FRUSXV�JOREDO�V\QWDJPDWLF�FRQFHSWV�IHZ�QRXQV�JRRG�UHVXOWV�QR�VSDUVH�GDWD�SUREOHP

9,�%� &RQFHSWXDO�'HQVLW\

,Q�WKLV�VHFWLRQ�ZH�LQWURGXFH�RXU�SURSRVDO�IRU�WKH�IRUPDOL]DWLRQ�RI�RQWRORJ\�EDVHG�UHODWHGQHVV��:H

ZDQW�WKLV�IRUPDOL]DWLRQ�WR�PHHW�WKH�IROORZLQJ�FRQGLWLRQV�

�� ,W�LV�EDVHG�RQ�RQWRORJLHV�

�� ,W�PHDVXUHV�UHODWHGQHVV�DPRQJ�VHQVHV��PDNLQJ�UHIHUHQFH�WR�RQWRORJ\�FRQFHSWV�

�� ,W�XVHV�LQIRUPDWLRQ�IURP�SDUDGLJPDWLF�DQG�V\QWDJPDWLF�UHODWLRQV�

�� ,W�ZRUNV�IRU�DOO�RSHQ�FODVV�ZRUGV
���

�

                                                          
���

�0DLQO\�QRXQV��YHUEV�DQG�DGMHFWLYHV�
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�� ,W�LV�HIILFLHQW��VR�DV�WR�EH�DEOH�WR�ZRUN�ZLWK�ORQJ�WH[WV�

7KH� ILUVW� WZR�FRQGLWLRQV� DUH� UHODWHG�� VLQFH�RQWRORJLHV� LQYROYH� UHODWLRQV� EHWZHHQ� FRQFHSWV��7KHUH�

RQWRORJ\� VKRXOG� LQFOXGH� SDUDGLJPDWLF� DQG� V\QWDJPDWLF� UHODWLRQV�� VR� WKDW� ZH� KDYH� DV� PXFK

LQIRUPDWLRQ�DV�SRVVLEOH�ZKHQ�GHFLGLQJ�WKH�UHODWHGQHVV�GHJUHH��7KH�RWKHU�DGYDQWDJH�RI�RQWRORJLHV�LV

WKDW�WKHUH�LV�QR�QHHG�WR�FDUH�IRU�OHDUQLQJ��WKDW�LV��WKHUH�LV�QR�QHHG�RI�SUHYLRXV�KDQG�GLVDPELJXDWLRQ�

)LQDOO\��LW�KDV�WR�EH�XVHIXO�WR�ZRUN�ZLWK�DGMHFWLYHV��QRXQV�DQG�YHUEV��DQG�HIILFLHQW�HQRXJK�WR�ZRUN

ZLWK�UHDO�WH[WV��QRW�MXVW�ZLWK�D�IHZ�VSHFLILF�ZRUGV�

9,�%��� 7ZR�FRQFHSWV��GLVWDQFH

:H� KDYH� WDNHQ� DV� D� VWDUWLQJ� SRLQW� 5DGD�V�ZRUN� �5DGD� HW� DO��� ������ DQG� VSHFLDOO\� 6XVVQD�V� ZRUN

��������$V�ODLG�GRZQ�LQ�WKHLU�UHVHDUFK��UHODWHGQHVV�FDQ�EH�IRUPDOL]HG�E\�PHDQV�RI�WKH�&RQFHSWXDO

'LVWDQFH
���

�EHWZHHQ�RQWRORJ\�FRQFHSWV
���

��$FFRUGLQJ�WR�6XVVQD��WKHUH�DUH�WZR�IDFWRUV�WKDW�KDYH�WR�EH

WDNHQ�LQWR�DFFRXQW�ZKHQ�FDOFXODWLQJ�&RQFHSWXDO�'LVWDQFH��WKH�OHQJWK�RI�WKH�UHODWLRQ�SDWK�EHWZHHQ

WZR�FRQFHSWV��WKH�ORQJHU�WKH�SDWK�LV��VR�LV�WKH�GLVWDQFH��DQG�WKH�GHSWK�RI�WKH�FRQFHSWV��WKH�GHHSHU

WKH� FRQFHSWV� DUH�� WKH� VKRUWHU� WKH� GLVWDQFH� LV��� 7KHUHIRUH� ZH� SURSRVHG� WKH� IROORZLQJ� IRUPXOD� LQ

�$JLUUH�HW�DO������F��

n

pc
cbap

cbca

ba
i

i

==

= ∑
∈∈

andwhere

min),Dist(

0

)(depth
1

),(path

����

&RQFHSWXDO�'LVWDQFH�EHWZHHQ�WZR�FRQFHSWV��D�DQG�E�LQ�WKH���
� �
�HTXDWLRQ��LV�JLYHQ�E\�WKH�VKRUWHVW

SDWK��S���DV�ORQJ�DV�ZH�FDOFXODWH�WKH�OHQJWK�LQ�D�VSHFLDO�ZD\��IRU�HDFK�FRQFHSW�LQ�WKH�SDWK�ZH�ZLOO�DGG

WKH�LQYHUVH�RI�LWV�GHSWK�LQ�WKH�KLHUDUFK\��IRU�PRUH�LQIRUPDWLRQ��VHH��$JLUUH�HW�DO������F��

9,�%��� 1�FRQFHSWV��GHQVLW\

&RQFHSWXDO�GLVWDQFH��DV�LW�VWDQGV��PLJKW�EH�XVHIXO�LQ�PDQ\�DSSOLFDWLRQV��EXW�LI�ZH�ZDQW�WR�JHQHUDOL]H

GLVWDQFH�EHWZHHQ�WZR�FRQFHSWV�WR�GLVWDQFH�DPRQJ�1�FRQFHSWV�WKHUH�LV�D�FRPELQDWRULDO�H[SORVLRQ�

8VLQJ� SDLUZLVH� GLVWDQFH� LW� LV� SRVVLEOH� WR�PHDVXUH� WKH� GLVWDQFH� RI�1� FRQFHSWV� E\� DGGLQJ� XS� WKH

GLVWDQFH� IRU� DOO� SRVVLEOH� SDLUV� �VHH�6XVVQD�� ������� ,Q�RUGHU� WR� FRPSXWH� WKH� GLVWDQFH� DPRQJ�HLJKW

                                                          
���

�$W� WKH�EHJLQQLQJ�RI� WKLV�FKDSWHU��ZKHQ�GHILQLQJ�UHODWHGQHVV��ZH�KDYH�PHQWLRQHG�VHPDQWLF�GLVWDQFH��$V� VHPDQWLF�GLVWDQFH� LV� QRW

IRUPDOL]HG�DQG�ZH�KDYH�MRLQHG�LW�WR�DQ�RQWRORJ\��ZH�WKHUHIRUH�FDOO�LW�FRQFHSWXDO�GLVWDQFH�

�	�

�5HODWHGQHVV�DQG�&RQFHSWXDO�'LVWDQFH�DUH�RSSRVHG��WKH�FRQFHSWXDO�GLVWDQFH�RI�WZR�FORVHO\�UHODWHG�FRQFHSWV�LV�FORVH�WR�]HUR��DQG�WKH

FRQFHSWXDO�GLVWDQFH�EHWZHHQ�WZR�QRQ�UHODWHG�FRQFHSWV�WHQGV�WR�∞��
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FRQFHSWV�� IRU� H[DPSOH�� ZH� ZLOO� KDYH� WR� H[DPLQH� HYHU\� SDLUZLVH� FRPELQDWLRQ
� �

� RI� HLJKW�� WKDW� LV�

WZHQW\� HLJKW�SDLUV��:KHQ�FRPSXWLQJ� WKH�GLVWDQFH� DPRQJ� DOO� WKH� QRXQV�RI� D� VHQWHQFH�� WKLQJV� JHW

PRUH�GLIILFXOW��EHFDXVH�RI�ZRUG�VHQVH�DPELJXLW\��/HW·V�DVVXPH�WKDW�D�JLYHQ�VHQWHQFH�KDV���ZRUGV�

DQG�HDFK�ZRUG�KDV���ZRUG�VHQVHV��,I�ZH�ZDQWHG�WR�FDOFXODWH�WKH�GLVWDQFH�RI�DOO�SDLUZLVH�ZRUG�VHQVH

FRPELQDWLRQV�� ZH� ZRXOG� KDYH� WR� WU\� DOO� ZRUG� SDLUV� ���� DV� EHIRUH�� IRU� HDFK� SRVVLEOH� VHQVH

FRPELQDWLRQ���
�

���LQ�WRWDO������*HQHUDOO\��LI�WKHUH�DUH�1�ZRUGV��KDYLQJ�0�VHQVHV�HDFK��ZH�ZLOO�KDYH

WR�PHDVXUH�WKH�GLVWDQFH�EHWZHHQ�WZR�FRQFHSWV� 22 M
2

)1N(N
M2

N ×−×=×


 �WLPHV�

%HVLGHV��WKH�FRPSDULVRQ�EHWZHHQ�FRQFHSW�VHWV�JHWV�GLIILFXOW��&RQVLGHU�WZR�VHWV�RI�FRQFHSWV��$�DQG

%��ZLWK�D�SDLU�RI�FRQFHSWV�LQ�HDFK��)RU�$�DQG�%�LW�LV�SRVVLEOH�WR�VD\�WKDW�WKH�WZR�FRQFHSWV�LQ�$�DUH

FORVHU�WKDQ�WKH�RQHV�LQ�%��ZH�MXVW�KDYH�WR�FRPSDUH�WKH�GLVWDQFH�IRU�HDFK�SDLU��,I�ZH�DGG�DQRWKHU

FRQFHSW�WR�$�� WKH�GLVWDQFH�DPRQJ�WKH�WKUHH�FRQFHSWV�ZLOO�JHW�ELJJHU��DQG�LW�ZLOO�EH� LPSRVVLEOH� WR

FRPSDUH�WKH�GLVWDQFH�IRU�WKLV�QHZ�$�ZLWK�WKH�GLVWDQFH�IRU�%��EHFDXVH�ZH�DUH�PHDVXULQJ�GLVWDQFHV

DPRQJ�GLIIHUHQW�TXDQWLWLHV�RI�FRQFHSWV�

)RU�WKLV�UHDVRQ��ZH�ZLOO�DGG�WKH�IROORZLQJ�FRQGLWLRQV�WR�RXU�PHDVXUH�

�� 7KH�PHDVXUH�ZRUNV�IRU�DQ\�QXPEHU�RI�FRQFHSWV�

�� 7KH�PHDVXUHV�IRU�VHWV�ZLWK�GLIIHUHQW�QXPEHU�RI�FRQFHSWV�DUH�FRPSDUDEOH�

%DFN� WR� RXU� ILUVW� FRQGLWLRQ�� ZH� KDYH� WR� FKRRVH� DQ� RQWRORJ\� LQ� RUGHU� WR� DSSO\� WKH� PHDVXUH�

8QIRUWXQDWHO\��WKHUH�DUH�IHZ�RQWRORJLHV�ZKLFK�DUH�QRZDGD\V�ERWK�ZLGH�DQG�IUHH��EHLQJ�:RUG1HW

WKH� RQO\� RQH� ZLWK� D� JRRG� FRYHUDJH� YRFDEXODU\� DQG� IUHHO\� DFFHVVLEOH� �VHH� FRPPHQWV� DERXW� WKLV

FKRLFH�LQ�VHFWLRQ�9�'���:RUG1HW�KDV�EHHQ�FRQVWUXFWHG�ZLWK�QHDUO\�QR�V\QWDJPDWLF�UHODWLRQV��KDYLQJ

WKLV� DQ� HIIHFW� RQ� RQH� RI� WKH� FRQGLWLRQV�� QDPHO\�� WKDW� RI� XVLQJ� SDUDGLJPDWLF� DQG� V\QWDJPDWLF

UHODWLRQV��7KHUHIRUH�ZH�KDYH�WR�DOWHU�FRQGLWLRQV�RQH�DQG�WKUHH�

�� ,W�LV�EDVHG�RQ�WKH�:RUG1HW�RQWRORJ\�

�� ,W�XVHV�LQIRUPDWLRQ�IURP�SDUDGLJPDWLF�UHODWLRQV�

$FFRUGLQJ�WR�VRPH�DXWKRUV��WKH�IDFW�WKDW�ZH�VWLFN�WR�SDUDGLJPDWLF�UHODWLRQV�RQO\�LV�QRW�VXFK�D�KDUG

FRQVWUDLQW���ZH�K\SRWKHVL]H�WKDW�«�LV�VWURQJ�HQRXJK�IRU�WKH�OHQJWK�RI�LV�D�SDWKV�WR�EH�XVHG�DV�D�PHDVXUH�RI�VHPDQWLF

                                                          

� �
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UHODWHGQHVV���5DGD�HW�DO����������7KH�DSSOLFDWLRQ�RI�MXVW�KLHUDUFK\�UHODWLRQV��LQ�DGGLWLRQ��KDV�DOORZHG�XV

WR�DWWDLQ�D�VXEVWDQWLDO�LPSURYHPHQW�LQ�HIILFLHQF\��DV�ZH�ZLOO�VHH�

$�PHDVXUH�IRU�1�FRQFHSWV�LV�QRW�VXFK�D�QDWXUDO�WKLQJ�WR�GHYHORS��8S�WR�QRZ�LW�ZDV�YHU\�FOHDU�WKDW

WKH�JURXQGV�RI�RXU�IRUPXODWLRQ�ZHUH�ERWK�WKH�OHQJWK�RI�WKH�SDWK�EHWZHHQ�WZR�FRQFHSWV��DQG�WKH

GHSWK�RI�WKH�FRQFHSWV�LQ�WKH�SDWK��+RZHYHU��WKH�PHDVXUH�RI�1�FRQFHSWV�KDV�WR�ORRN�IRU�DQRWKHU

IRXQGDWLRQ��WKH�DEVWUDFWLRQ�WR�KDYH�LQ�PLQG�ZLOO�EH�WKDW�RI�GHQVLW\�LQVWHDG�RI�GLVWDQFH��WKDW�LV��WKH

DPRXQW� RI� FRQFHSWV� LQ� WKH� VXEWUHHV� RI� WKH� KLHUDUFK\� UDWKHU� WKDQ� SDWK�OHQJWK�� %HIRUH� JRLQJ� DQ\

IXUWKHU��ZH�ZLOO�OD\�VRPH�WHUPLQRORJ\��,Q�RUGHU�WR�GLIIHUHQWLDWH�WKHP�IURP�WKH�RWKHU�FRQFHSWV�LQ�WKH

VXEWUHH��WKH�FRQFHSWV�IRU�ZKLFK�ZH�DUH�DFWXDOO\�PHDVXULQJ�WKH�UHODWHGQHVV�ZLOO�EH�FDOOHG�WUDFHV�

7KH�NH\�LGHD�IRU�WKLV�PHDVXUH�FRPHV�IURP�WKH�DQVZHU�WR�WKLV�TXHVWLRQ��KRZ�PDQ\�WUDFHV�DUH�QHHGHG

LQ�D�VXEWUHH�RI�WKH�KLHUDUFK\��VR�DV�WR�VD\�WKDW�WKH�VXEWUHH�LV�IXOO�XS�ZLWK�WUDFHV"�2U��LQ�RWKHU�ZRUGV�

ZKHQ�FRPSDULQJ�WZR�VXEWUHHV��KRZ�FDQ�ZH�PHDVXUH�ZKLFK�RQH�LV�IXOOHU"

� �
�
�ILJXUH��WKH�VDPH�VXEWUHH�ZLWK�WKUHH�GLIIHUHQW�VHWV�RI�WUDFHV�

,Q�ILJXUH���WKH�VDPH�SRUWLRQ�RI�WKH�RQWRORJ\�DSSHDUV�WKUHH�WLPHV��HDFK�WLPH�ZLWK�D�GLIIHUHQW�VHW�RI

WUDFHV��:RXOG� ZH� VD\� WKDW� WKH� WUDFHV� DUH� HTXDOO\� FORVH� LQ� WKH� WKUHH� VHWWLQJV"� 1R�� ,W� VHHPV� WKDW

UHODWHGQHVV�VKRXOG�EH�KLJKHU�IRU�WKH�VXEWUHH�RQ�WKH�OHIW�VLGH��ORZHU�IRU�WKH�RQH�RQ�WKH�PLGGOH�DQG

VRPHZKHUH� LQ� EHWZHHQ� IRU� WKH� RQH�RQ� WKH� ULJKW� VLGH��7DONLQJ� DERXW� GHQVLW\�� WKH� KLJKHVW� GHQVLW\

ZRXOG� EH� IRU� WKH� OHIWPRVW� VXEWUHH� DQG� WKH� ORZHVW� IRU� WKH� PLGGOH� RQH�� ,I� ZH� XVHG� &RQFHSWXDO

'LVWDQFH�RI�FRQFHSW�SDLUV��ZH�ZRXOG�JHW�WKH�VDPH�UHVXOW��WKDW�LV��WKH�SDWKV�EHWZHHQ�WUDFHV�ZRXOG�EH

VKRUW�LQ�WKH�OHIWPRVW�VXEWUHH��DQG�ORQJ�IRU�WKH�WUDFHV�LQ�WKH�PLGGOH�VXEWUHH�

/HDYLQJ�SDWK�OHQJWKV�DVLGH��ZH�FDQ�REVHUYH�WKDW�RQH�RI�WKH�GLVWLQJXLVKLQJ�IHDWXUH�IRU�WKH�WKUHH�VHWV

RI�WUDFHV�LV�WKH�PLQLPXP�VXEWUHH�FRYHULQJ�DOO�ILYH�WUDFHV��DV�VKRZQ�LQ�WKH��
���
�ILJXUH�

� �
�
�ILJXUH��PLQLPXP�VXE�WUHHV�FRYHULQJ�WKH�WUDFH�VHWV

�VKRZQ�ZLWK�EROGHU�OLQH��
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7DNLQJ� LQ�PLQG�WKHVH� VXE�WUHHV� LW� LV�TXLWH�HDV\� WR� VHH� WKDW� WKHUH� LV� D� UHODWLRQ�EHWZHHQ� UHODWHGQHVV

DPRQJ�WUDFHV�DQG�WKH�VL]H�RI�WKH�PLQLPXP�VXEWUHH
���
��WKH�VXEWUHH�ZLWK�WKH�KLJKHVW�GHQVLW\�KDV�WKH

VPDOOHVW�VL]H��OHIW���DQG�WKH�RQH�ZLWK�ORZHVW�GHQVLW\�WKH�ELJJHVW�VL]H��PLGGOH���:H�FDQ�WKXV�FRQFOXGH

WKDW�ZKDW�ZH�FDOO�GHQVLW\�VKRXOG�EH�WKH�UHODWLRQ�EHWZHHQ�WKH�DPRXQW�RI�WUDFHV�DQG�WKH�VL]H�RI�WKH

PLQLPXP�VXEWUHH�FRYHULQJ�DOO�WUDFHV��7KLV�UHODWLRQ�FRXOG�EH�H[SUHVVHG��IRU�H[DPSOH��E\�WKH�DPRXQW

RI�WUDFHV��VHH�D�LQ�HTXDWLRQ�����GLYLGHG�E\�WKH�VL]H�RI�WKH�VXEWUHH��DUHD�=���FRYHULQJ�DOO�WUDFHV��=�LQ

HTXDWLRQ�����

)(area
),density(

Z

a
aZ = ����

(TXDWLRQ�����LQ�D�ILUVW�DSSURDFK�WR�GHQVLW\��\LHOGV�WKH�GHQVLW\�IRU�WKH�VXEWUHH�=�FRYHULQJ�D�WUDFHV�

$QG��ZKLFK�ZLOO�WKH�GHQVLW\�IRU�D�VHW�RI�WUDFHV�EH"�,W�ZLOO�EH�JLYHQ�E\�WKH�GHQVLW\�RI�WKH�PLQLPXP

VXEWUHH�FRYHULQJ�WKH�ZKROH�WUDFH�VHW�$��RU��LQ�RWKHU�ZRUGV��WKH�GHQVLW\�RI�WKH�VXEWUHH�FRYHULQJ�WKH

WUDFH�VHW�$�WKDW�REWDLQV��WKH�PD[LPXP�GHQVLW\��DV�VKRZQ�LQ�HTXDWLRQ��
���
�

),(density)(density
  where,

AZA
AAZZ

max
=∩

= ����

%DFN�WR�GHQVLW\�DV�GHILQHG� LQ�HTXDWLRQ����� LW� WDNHV� LQWR�DFFRXQW� WKH�PDLQ� IHDWXUHV�RI�&RQFHSWXDO

'LVWDQFH��FORVHQHVV�DQG�GHSWK��7KH�FORVHU�WUDFHV�DUH��WKH�VPDOOHU�WKH�DUHD�RI�WKH�VXEFODVV�FRYHULQJ

WKH� WUDFHV� LV� �VHH� ILJXUH�����7KH�VDPH�VWDQGV� IRU�GHSWK�� WKH�GHHSHU� WKH� WUDFHV�DUH�� WKH� VPDOOHU� WKH

VXEWUHH�LV��7KLV�LV�VKRZQ�LQ�ILJXUH����ZKHUH�ZH�KDYH�WZR�VHWV�RI�WUDFHV�WKDW�DUH�HTXDOO\�FRPSDFW��EXW

WKH�VHW�RQ�WKH�OHIW�LV�GHHSHU��7KH�VHW�RQ�WKH�OHIW�ZLOO�JHW�KLJKHU�GHQVLW\��IROORZLQJ�HTXDWLRQV����DQG

����EHFDXVH�WKH�DUHD�RI�WKH�PLQLPXP�VXEWUHH�LV�VPDOOHU�IRU�WKH�OHIWPRVW�VHW�RI�WUDFHV�

� �
�
�ILJXUH��PLQLPXP�VXEWUHHV��VKRZQ�ZLWK�EROGHU�OLQHV��FRYHULQJ

WZR�VHWV�RI�HTXDOO\�FRPSDFW�WUDFHV�

                                                          
� �

�6L]H��DUHD�DQG�QXPEHU�RI�QRGHV�DUH�HTXLYDOHQW�ZD\V�RI�UHIHUULQJ�WR�WKH�VDPH�PHDVXUH�

���
�6R�DV�WR�VD\�WKDW�VXEWUHH�=�FRYHUV�WKH�VHW�RI�WUDFHV�$��ZH�XVH��$∩= $��,Q�RUGHU�WR�H[SUHVV�WKH�DPRXQW�RI�WUDFHV�LQ�$��ZH�XVH�LWV
FDUGLQDO�_$_�
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7KH�PHDVXUH�GHILQHG�LQ�WKH���
� �

�HTXDWLRQ��KRZHYHU��KDV�TXLWH�D�ORW�RI�SUREOHPV��%HIRUH�DQDO\]LQJ

WKHP��ZH�QHHG� WR� GHILQH� VRPH�PHDVXUHV� DERXW� WUHH� WRSRORJ\� DQG� WKH� UHODWLRQ� DPRQJ� WKHP�� WKH

KHLJKW�RI�D�VXEWUHH��K � ��� WKH�DYHUDJH�QXPEHU�RI�FKLOGUHQ�IRU�WKH�FRQFHSWV� LQ�WKH�VXEWUHH� �µ � ��DOVR

FDOOHG�EUDQFKLQJ�IDFWRU���DQG�WKH�DUHD�RI�WKH�VXEWUHH��RU�VL]H�RI�WKH�VXEWUHH��JLYHQ�E\�WKH�DPRXQW�RI

FRQFHSWV�LQ�WKH�VXEWUHH���7KH�UHODWLRQ�DPRQJ�WKHVH�WKUHH�PHDVXUHV�²DUHD�RU�QXPEHU�RI�FRQFHSWV�

KHLJKW�DQG�DYHUDJH�QXPEHU�RI�FKLOGUHQ²�LV�JLYHQ�E\�HTXDWLRQ�����$Q�H[DPSOH�RI�WKHVH�PHDVXUHV�LV

VKRZQ�LQ�ILJXUH����E\�PHDQV�RI�VRPH�UHJXODU�VXEWUHHV�

∑
−

=
==

1

0

)()(conceptsnumber_of_)area(
Z

i
Z

h

i

ZZ µ ����

c1

�
� �
�ILJXUH��WKH�KHLJKW�IRU�WKH�VXEWUHH�URRWHG�LQ�FRQFHSW�F�������WKH

DYHUDJH�QXPEHU�RI�FKLOGUHQ�RI�WKH�FRQFHSWV�LQ�WKH�VXEWUHH������DQG
DUHD�RU�QXPEHU�RI�FRQFHSWV���� �

�
��

�
��

�
��

7KH�SUREOHPV�RI� WKH���
� �

�HTXDWLRQ�DULVH� IURP�WKH��
� �

�FRQGLWLRQ��GXH� WR� WKH�QHHG� WR�FRPSDUH� WKH

GHQVLWLHV�RI� VHWV�ZLWK�GLIIHUHQW�QXPEHU�RI� FRQFHSWV��/HW·V� VXSSRVH� WKDW�ZH�ZDQW� WR�PHDVXUH� WKH

GHQVLW\�RI�WKUHH�GLIIHUHQW�FRQFHSW�VHWV��$��%�DQG�&����RQH�KDV�D�VLQJOH�WUDFH��WKH�RWKHU�RQH�WZR��DQG

WKH�ODVW�RQH�WKUHH��DV�VKRZQ�LQ�ILJXUH����7KH�VXEWUHH�FRYHULQJ�HDFK�WUDFH�LV�GLVSOD\HG�ZLWK�D�WULDQJOH�

 A

 Z �

Z �

B

Z 	

 C

$FFRUGLQJ� WR� RXU� LQWXLWLRQ� RQ� UHODWHGQHVV�� ZRXOG�ZH� VD\� WKDW� WKH� WZR� WUDFHV� LQ� VHW� %� DUH�PRUH

UHODWHG� WKDQ� WKH� WKUHH� WUDFHV� LQ� VHW�&"�2U�VKRXOG�ERWK�JURXSV�KDYH� WKH� VDPH� UHODWHGQHVV"� ,Q� WKH

�
� �
�ILJXUH��WKUHH�WUDFH�VHWV�LQ�WKH�VDPH�VXEWUHH��&RQFHSWV�DUH

GUDZQ�DV�����DQG�WUDFHV�DV�����
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UHODWHGQHVV�PHDVXUH�ZH�ZDQW�WR�IRUPDOL]H��ZH�ZDQW�WR�VWDWH�WKDW�FRQFHSWV�IURP�VHWV�%�DQG�&�KDYH

WKH�VDPH�UHODWHGQHVV��7KH���
� �

�HTXDWLRQ��RQ�WKH�FRQWUDU\��LQGLFDWHV�XV�VRPHWKLQJ�GLIIHUHQW�

 GHQVLW\�$�� �GHQVLW\�= � ���� ����� ��

 GHQVLW\�%�� �GHQVLW\�= � ���� ����� ����

 GHQVLW\�&�� �GHQVLW\�= � ���� ������ �����

,Q�RXU�RSLQLRQ��WKH�GHQVLW\�RI�DOO�WKHVH�WUDFH�VHWV�VKRXOG�EH����DQG�WR�REWDLQ�WKLV�ZH�KDYH�EHWWHU�QRW

WR�FRXQW�WKH�WUDFHV��EXW�WR�XVH�DQRWKHU�UHIHUHQFH��WKH�UHODWLRQ�EHWZHHQ�WKH�DUHD�DQG�WKH�DPRXQW�RI

WUDFHV�LV�QRW�HQRXJK��DQG�ZH�QHHG�WR�FRQVLGHU�DOVR�WKH�KHLJKW���)RU�LQVWDQFH��LQ�ILJXUH����WKH�KHLJKW

RI�VXEWUHH�= � �LV���DQG�LW�FRQWDLQV�RQH�WUDFH��WKH�KHLJKW�RI�= � �LV���DQG�LW�FRQWDLQV���WUDFHV��DQG�WKH

KHLJKW�RI�= � �LV���DQG�LW�FRQWDLQV���WUDFHV��LQ�DOO�WKUHH�WKH�DYHUDJH�QXPEHU�RI�FKLOGUHQ�LV�WKH�VDPH�

)URP�DQRWKHU�SRLQW�RI�YLHZ��ZKDW�NLQG�RI�ZHLJKW�VKRXOG�EH�JLYHQ�WR�HDFK�WUDFH�LQ�RUGHU�WR�PDNH

GHQVLW\� RI� WKH� WUDFH� VHWV� LQ� ILJXUH� �� HTXDO� WR� �"� %HIRUH� DQVZHULQJ� WKLV� TXHVWLRQ�� ZH�ZLOO� UHZULWH

HTXDWLRQ�����UHSODFLQJ�WKH�DUHD�ZLWK�WKH�IRUPXOD�LQ�HTXDWLRQ�����OHDYLQJ�D�\HW�XQNQRZQ�IXQFWLRQ�RI

WKH�QXPEHU�RI�WUDFHV�LQ�WKH�GLYLGHQG��FI��HTXDWLRQ�����
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/HW�XV�DVVXPH�WKDW�ZH�ZDQW�WR�REWDLQ�WKH�VDPH�GHQVLW\�IRU�DOO�WKUHH�WUDFH�VHWV�LQ�ILJXUH����DQG�ZH

ZDQW�WR�PDNH�WKHLU�GHQVLW\�HTXDO�WR����7KH�UHODWLRQ�ZH�DUH�VHHNLQJ�KDV�WR�EH�HVWDEOLVKHG�EHWZHHQ�WKH

KHLJKW�DQG�WKH�DPRXQW�RI�WUDFHV��$V�WKH�KHLJKW�DSSHDUV�LQ�WKH�VXPPDWRU\�RI�WKH�GLYLVRU�LQ�HTXDWLRQ

����ZH�ZLOO� VHW� I�D�� DV� WKH� IRUPXOD� LQ� WKH�GLYLGHQG��EXW� UHSODFLQJ� WKH�KHLJKW� RI� WKH� WUHH�ZLWK� WKH

QXPEHU�RI�WUDFHV�D��FI��HTXDWLRQ�����
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7KH�GLYLVRU�RI�WKH���
� �

�HTXDWLRQ�VKRZV�WKH�DUHD�RI�WKH�VXEWUHH��7KH�GLYLGHQG�VKRZV�WKH�DUHD�WKDW�D

UHJXODU� VXEWUHH�ZLWK� WKH� VDPH�DYHUDJH�QXPEHU� RI� FKLOGUHQ� DQG� FRYHULQJ� D� WUDFHV� VKRXOG�KDYH� LQ

RUGHU�IRU�LWV�GHQVLW\�WR�EH����,Q�RWKHU�ZRUGV��WKH�GLYLGHQG�UHSUHVHQWV�D�UHJXODU�WUHH�ZLWK�DQ�DYHUDJH

QXPEHU� RI� FKLOGUHQ�µ � � WKDW� KDV� D� GHQVLW\� RI� ��� DQG� ZKRVH� KHLJKW� HTXDOV� WKH� QXPEHU� RI� WUDFHV

FRYHUHG��7KLV�IRUPXOD�FDSWXUHV�WKH�UHODWLRQ�EHWZHHQ�QXPEHU�RI�WUDFHV�DQG�DUHD�RI�WKH�VXEWUHH�

7KH���
� �

�HTXDWLRQ�SUHVHQWV�\HW�DQRWKHU�SUREOHP�ZKHQ�FRPSDULQJ�VHWV�RI�WUDFHV��ZKLFK�LV�UHODWHG�WR

WKH�WRSRORJ\�RI�WKH�VXEWUHVV��$V�LW�LV�ZHOO�NQRZQ��GLIIHUHQW�SDUWV�RI�RQWRORJLHV�XVXDOO\�KDYH�GLIIHULQJ

WRSRORJLHV��IRU�H[DPSOH��VRPH�SDUWV�DUH�ULFK�LQ�FRQFHSWV��DQG�RWKHU�RQHV�DUH�SRRU��,Q�WKH�FRQFHSW�

ULFK�SDUWV��WKH�DYHUDJH�QXPEHU�FKLOGUHQ�LV�ELJJHU��EHLQJ�WKH�RSSRVLWH�LQ�WKH�FRQFHSW�SRRU�SDUWV��/HW

XV�DVVXPH� WKDW�ZH�KDYH� WZR�FRQFHSW� VHWV� ORFDWHG� LQ�GLIIHUHQW�DUHDV�RI� WKH�RQWRORJ\��ERWK�ZLWK��

WUDFHV��VHWV�'�DQG�(�LQ�ILJXUH�����7UDFHV�LQ�'�DQG�(�KDYH�WKH�VDPH�GLVWDQFH��EXW��IROORZLQJ�HTXDWLRQ

����WKH�GHQVLWLHV�DUH�GLIIHUHQW�

 GHQVLW\�'�� �GHQVLW\�= � ���� ������ �����

 GHQVLW\�(�� �GHQVLW\�= � ���� ������ �����

Z �

 D

Z �

 E

�
� �
�ILJXUH��WZR�GLIIHUHQW�VXEWUHHV�ZLWK�D�GHQVLW\�RI���

8VLQJ�HTXDWLRQ�����KRZHYHU��WKH�GHQVLWLHV�IRU�DOO�WKH�WUDFH�VHWV�FRQVLGHUHG�LV����DV�ZH�ZDQWHG
� �
�

 GHQVLW\�$� GHQVLW\�= � ���� ����� ��

 GHQVLW\�%� GHQVLW\�= � ���� ��������� ��

 GHQVLW\�&� GHQVLW\�= � ���� ������������ ��

 GHQVLW\�'� GHQVLW\�= � ���� ������������ ��

 GHQVLW\�(� GHQVLW\�= � ���� ������������� ��

                                                          
���
�7DNH�LQWR�DFFRXQW�WKDW�IRU�DOO�VXEWUHHV��µ � �LV����H[FHSW�IRU�= � ��ZKHUH�µ � �LV���
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,Q�WKH�SUHVHQW�GLVVHUWDWLRQ��WKHUHIRUH��&RQFHSWXDO�'HQVLW\�RI�FRQFHSWV�ZLOO�EH�GHILQHG�E\�PHDQV�RI

WKH���
� �

�DQG���
� �

�HTXDWLRQV�

9,�&� ,PSOHPHQWDWLRQ

&RQFHSWXDO� 'HQVLW\� ZDV� LPSOHPHQWHG� XVLQJ� WKH� K\SHUQ\P\� UHODWLRQ� LQ� :RUG1HW�� &RQFHSWXDO

'LVWDQFH� KDV� EHHQ� LPSOHPHQWHG� QRW� RQO\� IRU� :RUG1HW�� EXW� DOVR� IRU� WKH� /33/� 'LFWLRQDU\

.QRZOHGJH�%DVH� �$JLUUH� HW� DO��� ����E�� ����G��� ,Q� WKH� SUHVHQW� GLVVHUWDWLRQ�ZH� RQO\�PDNH� XVH� RI

&RQFHSWXDO�'HQVLW\��DQG�ZH�ZLOO�QRW�WKHUHIRUH�GHILQH�WKH�LPSOHPHQWDWLRQ�RI�&RQFHSWXDO�'LVWDQFH�

%HIRUH�SUHVHQWLQJ�WKH�LPSOHPHQWDWLRQ�ZH�ZLOO�ILUVW�VWXG\�VRPH�YDULDQWV�RI�'HQVLW\�

9,�&��� 9DULDQWV�RI�&RQFHSWXDO�'HQVLW\

'XULQJ�WKH�LPSOHPHQWDWLRQ�ZH�KDYH�FRQVLGHUHG�WKDW�LW�ZRXOG�EH�LQWHUHVWLQJ�WR�VWXG\�VHYHUDO�YDULDQWV

DQG�SDUDPHWHUV�RI�&RQFHSWXDO�'HQVLW\��,W�LV�GLIILFXOW�WR�GHFLGH�D�SULRUL�ZKLFK�RI�WKH�SRVVLEOH�VHWWLQJV

LV� WKH�PRVW�FRQYHQLHQW�� DQG� WKHUHIRUH��ZH�KDYH�DGRSWHG�DQ�HPSLULFDO� DSSURDFK��XVLQJ�D�SUDFWLFDO

DSSOLFDWLRQ�DV� WHVW�EHG��7KH�FKRVHQ�DSSOLFDWLRQ�LV�ZRUG�VHQVH�GLVDPELJXDWLRQ�� ,Q� WKLV�FKDSWHU� WKH

YDULDQWV�DQG�SDUDPHWHUV�DUH� LQWURGXFHG��EXW� WKH�H[SHULPHQWDO� UHVXOWV�ZLOO�EH�VKRZQ�LQ�FKDSWHU�,9

�FI��$JLUUH�	�5LJDX������D��

9,�&���D� 3DUDPHWHU�α

7KH�IRUPXOD�RI�&RQFHSWXDO�'HQVLW\�JHWV�LQ�WURXEOH�ZKHQ�WKH�QXPEHU�RI�WUDFHV�XQGHU�D�VXEWUHH�LV

WRR�ELJ��DV�WKH�GLYLVRU� LQ�WKH���
� �

�HTXDWLRQ�JURZV�H[SRQHQWLDOO\��,Q�RUGHU�WR�UHGXFH�WKLV�HIIHFW�ZH

DGGHG� D� SDUDPHWHU� �α�� WR� WKH� IRUPXOD�� IRU� ZKLFK� ZH� IRXQG� DQ� RSWLPDO� YDOXH� HPSLULFDOO\�� 7KH

SDUDPHWHUL]HG�IRUPXOD�LV�GLVSOD\HG�LQ�WKH���
� �

�HTXDWLRQ�

)(area

)(

),density(

1

0

Z
aZ

a

i

i
Z∑

−

==

α
µ

����

9,�&���E� +RZ�WR�FDOFXODWH�µ��µ � �DQG�µ ���

:KHQ�FDOFXODWLQJ�&RQFHSWXDO�'HQVLW\�LW�LV�LPSRUWDQW�WR�WDNH��LQWR�DFFRXQW�WKH�WRSRORJ\�RI�WKH�WUHH�

ZKLFK�ZH�UHIOHFW�XVLQJ�µ � ��WKH�DYHUDJH�QXPEHU�RI�FKLOGUHQ��$V�LW�FDQ�EH�H[SHQVLYH�WR�FRPSXWH�µ � �DW

H[HFXWLRQ� WLPH�� LW� VHHPV�FRQYHQLHQW� WR�KDYH� LW�SUH�FRPSXWHG� DQG� VWRUHG� IRU� HDFK� VXEWUHH� LQ� WKH

RQWRORJ\�� )XUWKHUPRUH�� ZH� FDQ� DOVR� VWRUH� WKH� DUHD� RI� HDFK� VXEWUHH��:KHQ� FDOFXODWLQJ� GHQVLW\� LW

ZRXOG�VXIILFH�WR�UHWULHYH�WKH�DUHD�DQG�YDOXH�RI�µ � �IRU�WKH�VXEWUHHV�XQGHU�FRQVLGHUDWLRQ�
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:H�KDYH�DOUHDG\�VWXGLHG��VHH�HTXDWLRQ�����WKH�UHODWLRQ�DPRQJ�WKH�DYHUDJH�QXPEHU�RI�FKLOGUHQ�LQ�D

VXEWUHH��µ � ���WKH�KHLJKW�RI�WKH�VXEWUHH��K � ��DQG�WKH�DUHD��DUHD�=���QXPEHU�RI�QRGHV���)LJXUH���VKRZV

WKH� OLQHDU�SURJUDPPLQJ�DOJRULWKP�LQ�SVHXGRFRGH��ZKLFK�JLYHQ�WKH�KHLJKW��+��DQG�DUHD� �$��\LHOGV

WKH�DYHUDJH�QXPEHU�RI�FKLOGUHQ��µ���7KH�GHVLUHG�SUHFLVLRQ�IRU�WKH�UHVXOW�LV�JLYHQ�DV�D�SDUDPHWHU��G��

Input:        H height, A area
Output:       µ average number of children
Parameter:    d precision
Precondition: A>H

   if 1 <= A < H
      then µ := 1 - 1/a
      else µ := a^(1/n)
   endif
   loop
      s := µ^n;
      e := (µ*(s-A) + A - 1)/(H*s - A);
      µ := µ - e;
   until |e/µ| < d endloop

�
� �
�ILJXUH��DOJRULWKP�IRU�FRPSXWLQJ�µ �

2Q� WKH� RWKHU� KDQG�� LQVWHDG� RI� WKH� ORFDO� PHDVXUH� µ � �� ZH� FDQ� XVH� WKH� JOREDO� DYHUDJH� QXPEHU� RI

FKLOGUHQ�RI�WKH�ZKROH�:RUG1HW�RQWRORJ\��µ ��� ���,Q�WKLV�FDVH�ZH�GR�QRW�QHHG�WR�FRPSXWH�µ � �IRU�DOO

WKH�VXEWUHHV��EXW�D�ZRUVH�PHDVXUH�RI�GHQVLW\�LV�H[SHFWHG��,Q�RUGHU�WR�FKHFN�ZKHWKHU�WKLV�LV�WKH�FDVH

ZH�FDUULHG�RXW�VHYHUDO�H[SHULPHQWV��DV�UHSRUWHG�LQ�FKDSWHU�9,,��FI��$JLUUH�	�5LJDX������D��

9,�&���F� 2WKHU�UHODWLRQV�LQ�:RUG1HW��PHURQLP\

&RQFHSWXDO� 'HQVLW\� XVHV� RQO\� K\SHUQ\P\�� +RZHYHU�� WKHUH� LV� DQRWKHU� KLHUDUFKLF� UHODWLRQ� DPRQJ

QRXQV� LQ� :RUG1HW�� PHURQ\P\� �FI�� FKDSWHU� 9�'��� ,Q� SULQFLSOH�� WKH� PRUH� W\SHV� RI� UHODWLRQ� ZH

FRQVLGHU� WKH�EHWWHU� UHVXOWV�ZH� FDQ� H[SHFW��:H�KDYH� HPSLULFDOO\� VWXGLHG�ZKHWKHU� XVLQJ� PHURQLP\

LPSURYHV� WKH� UHVXOWV� RU� QRW� �VHH� FKDSWHU� ,9� DQG� $JLUUH� 	� 5LJDX�� ����D��� &RQFHUQLQJ� WKH

LPSOHPHQWDWLRQ��ZKHQ�FDOFXODWLQJ�WKH�DUHD�RI�D�VXEWUHH�RU�ZKHQ�GHFLGLQJ�ZKHWKHU�D�VHQVH�LV�FRYHUHG

E\�D�VXEWUHH��PHURQ\P�UHODWLRQV�ZHUH� WUHDWHG�DV�K\SHUQ\P�UHODWLRQV��7KH� IRUPXOD�RI�&RQFHSWXDO

'HQVLW\�GLG�QRW�KDYH�WR�EH�FKDQJHG�WR�DFFRPPRGDWH�PHURQLP\�

9,�&��� ,PSOHPHQWDWLRQ�RQ�:RUG1HW

&RQFHSWXDO� 'HQVLW\� RQ� :RUG1HW� XVHV� MXVW� KLHUDUFKLF� UHODWLRQV�� DQG� ZH� WKHUHIRUH� GHVLJQHG� DQ

HIILFLHQW�DOJRULWKP�WKDW�WDNHV�DGYDQWDJH�RI�WKLV�

:KHQ�PHDVXULQJ�GHQVLW\��ZH�DUH�JLYHQ�D�VHW�RI�ZRUG�VHQVHV��$0���ZKLFK�ZH�FDOO�WUDFHV��)LUVW�RI�DOO

ZH�QHHG�WR�EXLOG�D�KLHUDUFK\��ZKLFK�LV�WKH�VXEVHW�RI�:RUG1HW�FRYHULQJ�WKH�JLYHQ�ZRUG�VHQVHV��7KLV
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VXEVHW�KLHUDUFK\�LV�EXLOW�IROORZLQJ�WKH�K\SHUQ\P\�OLQNV�XSZDUG�IURP�WKH�WUDFHV��$OO�WKH�VXEWUHHV�WR

EH�WDNHQ� LQWR�DFFRXQW�ZLOO�DSSHDU� LQ� WKLV�KLHUDUFK\��FRQVLGHULQJ� WKDW� LI�D� VXEWUHH�GRHV�QRW�KDYH�D

WUDFH�XQGHUQHDWK��LWV�GHQVLW\�ZLOO�EH����)LJXUH���VKRZV�WKH�DOJRULWKP�WR�EXLOG�WKH�KLHUDUFK\��*LYHQ�D

VHW�RI�ZRUG�VHQVHV��WUDFHV���LW�UHWXUQV�WKH�KLHUDUFK\�DV�GHILQHG�DERYH��+���7KH�GDWD�VWUXFWXUH�IRU�WKH

KLHUDUFK\� NHHSV� D� OLVW� RI� DOO� WKH� QRGHV� LQ� WKH� KLHUDUFK\� �H.subtrees� HDFK� RQH� UHSUHVHQWLQJ� D

VXEWUHH�� DQG�� IRU� HDFK�QRGH�� WKH� IROORZLQJ� LQIRUPDWLRQ�� WKH� OLVW�RI�GLUHFW�KLSRQ\PV� �H[h].hipo�

DQG� WKH� QXPEHU� RI� WUDFHV� EHORZ� WKH� QRGH� �H[h].number_of_traces��� ZKLFK� ZRXOG� EH� XVHG

DIWHUZDUGV�WR�FRPSXWH�GHQVLW\��7KH�DOJRULWKP�LQ�ILJXUH���LV�D�VLPSOLILFDWLRQ��DV�LW�DVVXPHV�WKDW�WKH

KLHUDUFK\�LQ�:RUG1HW�IROORZV�D�WUHH�VWUXFWXUH��D�VLQJOH�K\SHUQ\P�H[LVWV�IRU�HDFK�ZRUG�VHQVH���7KLV

LV�QRW�FRPSOHWHO\�WUXH�LQ�:RUG1HW��ZKLFK�IROORZV�D�ODWWLFH�OLNH�VWUXFWXUH��,Q�RUGHU�WR�DFFRPPRGDWH

WKLV�� LW�LV�HQRXJK�WR�FKDQJH�WKH�IXQFWLRQ�get_hypernymy_chain��ZKLFK�ZRXOG�UHWXUQ�PRUH�WKDQ

RQH�K\SHUQ\P\�FKDLQ�ZKHQ�WKH�QRGH�KDV�PRUH�WKDQ�RQH�SDUHQW�

FUNCTION: Build_hyerarchy(AM)
   Input:  AM set of traces
   Output: H hierarchy

      for each A in AM do
         hiper_chain := get_hypernymy_chain(A) ;
         hipo := A ;
         for each h in hiper_chain do
            push(hipo,H[h].hipo) ;
            H[h].number_of_traces ++ ;
            push(h,H.subtrees) ;
         endfor
      endfor
      return(H)

�
� �

�ILJXUH��EXLOGLQJ�WKH�KLHUDUFK\�ZLWK�WKH�K\SHUQ\PV�RI�WKH�WUDFHV
IRU�ZKLFK�&RQFHSWXDO�'HQVLW\�KDV�WR�EH�FRPSXWHG�

7KH�LPSOHPHQWDWLRQ�RI�WKH���
� �

�HTXDWLRQ�LV�VKRZQ�LQ�ILJXUH����,W�FRPSXWHV�WKH�GHQVLW\�RI�D�VXEWUHH

WKDW�FRYHUV�D�FHUWDLQ�QXPEHU�RI�WUDFHV��JLYHQ�WKH�SDUDPHWHU�α��7KH�DUJXPHQWV�DUH�WKH�VXEWUHH�LWVHOI

DQG�WKH�QXPEHU�RI�WUDFHV�XQGHUQHDWK��,W�DOVR�XVHV�WKH�DUHD�RI�WKH�VXEWUHH��Z.area��DQG�WKH�DYHUDJH

QXPEHU�RI�FKLOGUHQ��Z.µ����DV�SUHYLRXVO\�VWRUHG��VHH�VHFWLRQ�9,�&���E��
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FUNCTION:   CD(Z,A)
   Input:     Z  subtree
              A  number of traces
   Output:    CD conceptual density
   Parameter: α
   Data:      Z.area
              Z.µ

      d1 := 0
      i := 0
      while i < A do
         d1 := d1 + Z.µ ^ (i^α)
      end
      CD := d1/Z.area
      return(CD)

�
� �

�ILJXUH��DOJRU\WKP�WR�FDOFXODWH�&RQFHSWXDO�'LVWDQFH

)LQDOO\��LQ�RUGHU�WR�JHW�WR�FRPSXWH�WKH�&RQFHSWXDO�'HQVLW\�RI�D�JLYHQ�VHW�RI�WUDFHV�� IROORZLQJ�WKH

��
� �

�HTXDWLRQ��ZH�ZLOO�KDYH�WR�FRPSXWH�ZKLFK�VXEWUHH�IURP�WKH�RQHV�FRYHULQJ�WKHVH�WUDFHV�KDV�WKH

KLJKHVW�FRQFHSWXDO�GHQVLW\��7KH�DOJRULWKP�LQ�ILJXUH����DSSOLHV�WKLV�PHWKRG��,W�UHWXUQV�WKH�GHQVLW\�RI

WKH�VXEWUHH�ZLWK�KLJKHVW�GHQVLW\�IURP�DOO�WKH�VXE�WUHHV�FRYHULQJ�DOO�WUDFHV��H.subtrees��

FONCTION:   CD(AM)
   Input:   AM set of traces
   Output:  CD Conceptual Density

      CD := 0 ;
      H := build_hierarchy(AM) ;
      for each Z in H.subtrees do
         d := CD(Z,H[Z].number_of_traces) ;
         if d > CD then CD := d ;
      endfor
      return(CD)

��
� �

�ILJXUH��DOJRULWKP�IRU�WKH�GHQVLW\�RI�D�VHW�RI�ZRUG�VHQVHV

9,�'� (YDOXDWLRQ�DQG�FRPSDULVRQ�ZLWK�RWKHU�ZRUNV

&RQFHSWXDO� 'HQVLW\� DV� GHILQHG� LQ� WKH� SUHVHQW� GLVVHUWDWLRQ� ���
� �

� DQG� ��
� �

� HTXDWLRQ�� KDV� QRW� EHHQ

GLUHFWO\�HYDOXDWHG��7KDW� LV��ZH�KDYH�QRW� WHVWHG� LW�RQ�D� OLVW�RI� UHODWHG�ZRUGV� WR�FKHFN�ZKHWKHU�RXU

PHDVXUH�RI�UHODWHGQHVV�DQG�KXPDQ�LQWXLWLRQ�DJUHH��IROORZLQJ�WKH�UHDVRQV�VKRZQ�EHIRUH��FI��VHFWLRQ

,,,�$�IRU�HYDOXDWLRQ�SURSRVDOV���(YDOXDWLRQ�ZLOO�EH�FDUULHG�RXW�DFFRUGLQJ�WR�WKH�DSSOLFDWLRQV�ZKHUH

GHQVLW\�LV�XVHG��FRPSDULQJ�RXU� UHVXOWV�ZLWK�WKRVH�REWDLQHG�E\�RWKHU�V\VWHPV��FI�� VSHFLDOO\�FKDSWHU

9,,��$JLUUH�	�5LJDX������D���EXW�DOVR�FKDSWHU�9,,,��$JLUUH�HW�DO�������F��DQG�FKDSWHU�,;��5LJDX�HW

DO����������

,Q� WKLV� VHFWLRQ�� ZH� ZLOO� IRFXV� RQ� WKH� DQDO\WLFDO� FRPSDULVRQ� RI� WKH� GLIIHUHQW� UHODWHGQHVV

IRUPDOL]DWLRQV�UDWKHU�WKDQ�WKH�HYDOXDWLRQ�RI�UHVXOWV��$FWXDOO\��WKH�PDLQ�REMHFW�ZLOO�EH�WR�UHDVRQ�RQ

WKH�IROORZLQJ�DUJXPHQW�
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$OWKRXJK�WKH�EHVW�UHVXOWV�DUH�QRW�REWDLQHG�LQ�VRPH�DSSOLFDWLRQV��IRUPDOL]DWLRQV�RI�UHODWHGQHVV�EDVHG

RQ�RQWRORJLHV�DUH�VXSHULRU��ERWK�IURP�D�WKHRUHWLFDO�SHUVSHFWLYH�DQG�DOVR�EHFDXVH�RI�EHLQJ�UHDG\�XVDEOH

IRU�GLIIHUHQW�WDVNV��,Q�DGGLWLRQ��DPRQJ�WKH�IRUPDOL]DWLRQV�EDVHG�RQ�RQWRORJLHV��FRQFHSWXDO�GHQVLW\�LV

PRUH�JHQHUDO��PRUH�HIILFLHQW�DQG�WKH�RQH�DFKLHYLQJ�WKH�EHVW�UHVXOWV�

:H�ZLOO�QRZ�GLVFXVV�VHSDUDWHO\�WKH�WZR�DVVHUWLRQV��WKDW�LV��WKH�DGYDQWDJH�RI�WKH�WHFKQLTXHV�EDVHG�RQ

RQWRORJLHV�DQG�WKH�EHWWHU�IHDWXUHV�RI�&RQFHSWXDO�'HQVLW\�DPRQJ�RQWRORJ\�EDVHG�IRUPDOL]DWLRQV��,Q

WKH� IROORZLQJ� FKDSWHU� ZH� ZLOO� XVH� WKH� UHVXOWV� REWDLQHG� RQ� D� VSHFLILF� DSSOLFDWLRQ� WR� FRPSDUH

&RQFHSWXDO�'HQVLW\�ZLWK�RWKHU�WHFKQLTXHV�

9,�'��� 2Q�WKH�DGYDQWDJH�RI�RQWRORJ\�EDVHG�WHFKQLTXHV

$V�VHHQ�LQ�WKH�VHFWLRQ�RI�DQWHFHGHQWV�RI�WKLV�FKDSWHU��PHDVXUHV�EDVHG�RQ�RQWRORJ\�KDYH�WKHLU�RULJLQ

LQ�WKH� �SV\FKRORJ\�DQG�DUWLILFLDO� LQWHOOLJHQFH�UHVHDUFK��DQG�WKHVH�UHVHDUFK�ZRUNV�DUH�WKH�RQO\�RQHV

VWXG\LQJ�UHODWHGQHVV�LQ�LWVHOI��DEVWUDFWLQJ�LW�IURP�VSHFLILF�DSSOLFDWLRQV�

'LFWLRQDU\� PHDVXUHV� DUH� TXLWH� DG�KRF� LQ� JHQHUDO�� &RUSXV�EDVHG� WHFKQLTXHV� DUH� RIWHQ� XVHG�� EXW

GLFWLRQDU\� PHDVXUHV� KDYH� DQ� DGYDQWDJH� RYHU� WKHP�� ZRUG� VHQVHV�� FRQFHSWV�� DSSHDU� H[SOLFLWO\� LQ

GLFWLRQDULHV��IRU�KHDGZRUGV�JHQHUDOO\���DQG�WKH�LQIRUPDWLRQ�JLYHQ�IRU�D�ZRUG�VHQVH�FDQ�EH�XVHG�WR

FKDUDFWHUL]H� LW�� 7KDW� LV� WKH� IRXQGDWLRQ� IRU� WKH� ZRUN� RI� PRVW� RI� WKH� JURXSV�� XVH� WKH� LQIRUPDWLRQ

DERXW�ZRUG�VHQVHV�JLYHQ�E\� WKH�GLFWLRQDU\� �GHILQLWLRQ�� FDWHJRU\��GRPDLQ�FRGHV�� HWF��� WR� IRUPDOL]H

UHODWHGQHVV� �/HVN�� ������ &RZLH� HW� DO��� ������ :LONV� HW� DO��� ������ 9HURQLV� 	� ,GH�� ������ .R]LPD� 	

)XUXJRUL��1LZD�	�1LWWD���������.DURY�DQG�(GHOPDQQ���������������GR�TXLWH�WKH�VDPH�DV�ZHOO��EXW

WKH\�VHW�XS�D�PHWKRG�WR�OLQN�WKH�FRUSXV�DQG�WKH�VHQVHV�LQ�WKH�GLFWLRQDU\�

:H�ZLOO�QRW�VD\�WKDW�WKHUH�LV�QR�LQIRUPDWLRQ�DERXW�UHODWHGQHVV�LQ�WKH�GLFWLRQDU\��RQ�WKH�FRQWUDU\��EXW

WKLV� LV� UDZ� LQIRUPDWLRQ�� ZLWKRXW� VWUXFWXUH�� $QG� WKDW� LV�� LQGHHG�� WKH� PDLQ� FRQWULEXWLRQ� RI� WKH

0LFURVRIW�JURXS��5LFKDUGVRQ���������7KH\�IRUPDOL]H�UHODWHGQHVV�EDVHG�RQ�D�'LFWLRQDU\�.QRZOHGJH

%DVH�FRQVWUXFWHG�ZLWK�UHODWLRQV�H[WUDFWHG� IURP�WKH�GLFWLRQDU\�GHILQLWLRQV��QRW�GLUHFWO\�RQ� WKH� UDZ

LQIRUPDWLRQ�RI�WKH�GLFWLRQDU\��:H�DOVR�VHW�WKH�FRQWULEXWLRQ�RI�GLFWLRQDULHV�IURP�WKLV�SHUVSHFWLYH��DV

D� ZDUHKRXVH� ZLWK� WKH� SRWHQWLDO� WR� SURGXFH� OH[LFDO�VHPDQWLF� UHODWLRQV� EHWZHHQ� ZRUG� VHQVHV�� :H

WKLQN� WKDW� RQWRORJLHV� DQG� GLFWLRQDULHV� KDYH� WR� EH� MRLQHG�� :RUG� VHQVHV� DQG� FRQFHSWV� KDYH� WR� EH

MRLQHG��UHODWLRQV�KDYH�WR�EH�VHW�EHWZHHQ�VHQVH�FRQFHSWV��QRW�EHWZHHQ�ZRUGV��&KDSWHU�,;�LV�GHYRWHG

WR�WKLV�VXEMHFW��SHUIRUPLQJ�ZRUG�VHQVH�GLVDPELJXDWLRQ�RQ�D�'LFWLRQDU\�.QRZOHGJH�%DVH�DQG�OLQNLQJ

LW�WR�DQ�H[WHUQDO�RQWRORJ\�
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7KH�EHVW�UHVXOWV�RQ�DSSOLFDWLRQV�XVLQJ�UHODWHGQHVV�KDYH�EHHQ�DFKLHYHG�XVLQJ�FRUSXV�EDVHG�PHDVXUHV

RI�UHODWHGQHVV��&RUSXV�EDVHG�VWDWLVWLFDO�WHFKQLTXHV�DUH�EHFRPLQJ�YHU\�SRSXODU�LQ�WKH�ILHOG�RI�1DWXUDO

/DQJXDJH�3URFHVVLQJ��DQG�DOWKRXJK�WKH\�DUH�PRVWO\�HPSLULF�ZRUNV��D�WKHRUHWLFDO�IUDPH�LV�DOVR�EHLQJ

EXLOW�XS�DURXQG�WKH�XVH�RI�FRUSXV��$Q\ZD\��ZKHQ�PRGHOLQJ�UHODWHGQHVV�RI�FRQFHSWV��WKH\�KDYH�KDG

WR�IDFH�VHYHUDO�LPSRUWDQW�SUREOHPV��7KH�ILUVW�RQH�LV�WKH�IDFW�WKDW�WKHUH�LV�QRW�D�GLUHFW�GHILQLWLRQ�RI

VHQVH�� WKHUH� LV� QR� OLQN� IURP� ZRUGV� WR� FRQFHSWV�� 6RPH� ZRUNV�� WKHUHIRUH�� MXVW� GHILQH� UHODWHGQHVV

EHWZHHQ� ZRUGV� �*UHIHQVWHWWH�� ������ ������ *ULVKPDQ� 	� 6WHUOLQJ�� ������ /HH�� ������ *ROGLQJ� 	

6FKDYHV�� ������� 7KLV� LV� GLVWXUELQJ� IURP� D� WKHRUHWLFDO� SRLQW� RI� YLHZ�� EXW� LW� DOVR� EULQJV� IXUWKHU

SUREOHPV�LQ�WKH�SUDFWLFDO�VLGH��,Q�RUGHU�WR�EH�DEOH�WR�H[WHQG�UHODWHGQHVV�WR�ZRUG�VHQVHV�LW�GHPDQGV

PDQXDO�VHPDQWLF�WDJJLQJ�RI�FRUSRUD��&KXUFK�	�+DQNV��������+HDUVW�������
���

��7KH�PDLQ�WURXEOH

RI�PDQXDO�WDJJLQJ�LV�WKH�DPRXQW�RI�KDQGZRUN�QHHGHG��DV�LW�LV�D�WLPH�FRQVXPLQJ�WDVN��,W�DOVR�ULVHV

WKH�TXHVWLRQ�RI� WKH�DFFXUDF\�RI�KDQG� WDJJLQJ�� DV� VHQVH�ERXQGDULHV� DUH�XVXDOO\�TXLWH�REVFXUH�� DQG

LQWHU�WDJJHU�DJUHHPHQW�LV�XVXDOO\�TXLWH�ORZ������DFFRUGLQJ�WR�-RUJHQVHQ���������

7KH�LPSURYHPHQWV�WR�WKH�LQLWLDO�FRUSXV�EDVHG�SURSRVDOV�KDYH�EHHQ�DORQJ�WKHVH�OLQHV��KRZ�WR�DYRLG

KDQG�GLVDPELJXDWLRQ�DQG�KRZ�WR�GHILQH�ZRUG�VHQVH�RQ�VRPH�PRUH�VROLG�JURXQGV��6FK�W]H������D�

����E��FOXVWHUV�DXWRPDWLFDOO\� WKH�FRQWH[WV�IRU�D�JLYHQ�ZRUG��$�ZRUG�ZLOO�KDYH�DV�PDQ\�VHQVHV�DV

FOXVWHUV�ZHUH�GHULYHG��+HDUVW�DQG�6FK�W]H��������JURXS�:RUG1HW�FODVVHV�DQG�OLQN�WKH�RFFXUUHQFHV

RI�ZRUGV� LQ�FRUSRUD� WR� WKHVH�FODVVHV��$FFRUGLQJO\��D�ZRUG�ZLOO�KDYH�DV�PDQ\� VHQVHV�DV�FODVVHV� WR

ZKLFK�LW�ZDV�OLQNHG��<DURZVN\��������DOVR�GHILQHV�ZRUG�VHQVHV�DFFRUGLQJ�WR�FODVVHV��EXW�LQ�WKLV�FDVH

ZLWK� WKH� VHPDQWLF� ODEHOV� IURP� 5RJHW
V� WKHVDXUXV�� <DURZVN\� KLPVHOI�� LQ� ODWHU� ZRUNV� ������� �����

WDNHV�DQRWKHU�DSSURDFK�DQG�SUHVHQWV�D�ERRWVWUDSSLQJ�DOJRULWKP�WKDW�GLPLQLVKHV�VXEVWDQWLDOO\�KXPDQ

WDJJLQJ��$OO�WKHVH�ZRUNV�IROORZ�DQ�LQWHUHVWLQJ�GLUHFWLRQ��EXW�WKH\�QHYHU�JHW�WR�JLYH�D�VROLG�EDVLV�WR

ZRUG�VHQVHV��DQG�WKH\�IDOO�VKRUW�RI�OLQNLQJ�ZRUG�RFFXUUHQFHV�WR�RQWRORJ\�FRQFHSWV��$Q�DWWHPSW� LV

SUHVHQWHG�LQ��/HDFRFN�HW�DO����������ZKHUH�:RUG1HW�LV�ERWK�XVHG�DV�GLFWLRQDU\��DQG�DOVR�WR�GLPLQLVK

KDQG�WDJJLQJ�� EXW� WKH� UHVXOWV� DUH� QRW� HQFRXUDJLQJ�� $OWKRXJK� FRUSXV�EDVHG� WHFKQLTXHV� KDYH� WULHG

KDUG�IRU�PDQ\�\HDUV��WKHUH�DUH�QRZDGD\V�YHU\�IHZ�KDQG�WDJJHG�FRUSRUD��DQG�LW�GRHV�QRW�VHHP�WKDW

FRUSXV�EDVHG� WHFKQLTXHV�ZLOO�EH�DEOH� WR� JR� IXUWKHU� WKDQ� WDJJLQJ� WKH�RFFXUUHQFHV�RI� D� KDQGIXO�RI

ZRUGV�

&RUSXV�EDVHG�WHFKQLTXHV�DOVR�KDYH�WR�IDFH�WKH�VSDUVH�GDWD�SUREOHP��,W�FRPHV�IURP�WKH�IDFW�WKDW

ZRUGV�DUH�WDNHQ�WR�EH�LVRODWHG�WRNHQV��ZLWKRXW�FRQVLGHULQJ�UHOHYDQW�FODVVHV�RU�VHWV��7KLV��DOWKRXJK

                                                          
���

�*DOH�V�JURXS��*DOH�HW�DO��������������<DURZVN\��������GHILQHV�VHQVHV�LQ�D�GLIIHUHQW�FRQWH[W��XVLQJ�WKH�WUDQVODWLRQV�LQ�SDUDOOHO�WH[WV�DV

ZRUG�VHQVHV��$�ZRUG�ZLOO�KDYH�DV�PDQ\� VHQVHV� DV�GLIIHUHQW� WUDQVODWLRQV� LQ� WKH�SDUDOOHO� WH[W��)RU�D� OLPLWHG�DSSOLFDWLRQ�²UHJDUGLQJ

WUDQVODWLRQ²�WKH\�HOLPLQDWH�WKH�SUREOHP�RI�KDQG�GLVDPELJXDWLRQ��+RZHYHU��WKLV�FDQ�QRW�EH�JHQHUDOL]HG�WR�RWKHU�VHQVH�RU�FRQFHSW

GHILQLWLRQV��DQG�WKH�WKHRUHWLFDO�SUREOHP�RI�GHILQLQJ�ZKDW�ZRUG�VHQVHV�DUH�UHPDLQV�XQVROYHG�
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SDUDGR[LFDO� LQ� DSSHDUDQFH�� EULQJV� DQRWKHU� SUREOHP�� ZKLFK� FDQ� EH� VWDWHG� DV� WKH� WRR�PXFK�GDWD

SUREOHP��2Q�RQH�KDQG�� LQ�RUGHU�WR�DOOHYLDWH� WKH� VSDUVH�GDWD�SUREOHP� LW� LV�FRQYHQLHQW� WR�XVH� WKH

ZLGHVW�FRUSRUD�SRVVLEOH�DQG�FROOHFW�DV�PDQ\�ZRUG�RFFXUUHQFHV�DV�SRVVLEOH��2Q�WKH�RWKHU��DOO�ZRUG

RFFXUUHQFHV�KDYH� WR�EH� VWRUHG� LQ�RUGHU� WR�VWXG\�UHODWHGQHVV�SURSHUO\��7KHUHIRUH�� WKH� LQIRUPDWLRQ

VWRUHG�IRU�HDFK�ZRUG�LQ�WKH�OH[LFRQ�LV�UHDOO\�H[WHQVLYH��DQG�WKH�LQIRUPDWLRQ�REWDLQHG�IRU�DOO�ZRUGV�LV

KXJH��7KDW�LV�IRU�VXUH��RQH�RI�WKH�UHDVRQV�IRU�HYDOXDWLQJ�FRUSXV�EDVHG�V\VWHPV�RQ�VPDOO�ZRUG�VHWV
���

�

5HVQLN� �����D�� ����E�� ������ ������ DGGUHVVHV� WKHVH� SUREOHPV� XVLQJ� :RUG1HW� WR� VWUXFWXUH� ZRUG

VHQVHV�DQG�ZRUGV�LQWR�FODVVHV��5HVQLN�FROOHFWV�IURP�FRUSRUD�IUHTXHQF\�LQIRUPDWLRQ�IRU�WKH�FODVVHV�LQ

:RUG1HW��DQG�LQVWHDG�RI�PRGHOLQJ�ZRUG�WR�ZRUG�UHODWLRQV�GLUHFWO\��KH�XVHV�WKH�FODVVHV��FRQFHSWV�

RI�WKH�RQWRORJ\�

$V�ZH�KDYH�DOVR�VDLG�DERXW�GLFWLRQDULHV��ZH�VHH�WKH�FRUSXV�DV�D�KXJH�LQIRUPDWLRQ�ZDUHKRXVH��EXW

WKH�LQIRUPDWLRQ�FRQWDLQHG�VKRXOG�EH�H[WUDFWHG�LQWR�D�VWUXFWXUHG�UHSUHVHQWDWLRQ��7KH�IDFW�WKDW�KDP

DQG� IRUN� DUH� UHODWHG� FDQ�EH� HDVLO\� GHULYHG� IURP�FRUSRUD�� SHUKDSV�EHWWHU� WKDQ� DQ\ZKHUH� HOVH�� %XW

VD\LQJ�WKDW�WKHLU�UHODWHGQHVV�ZHLJKW�LV������VKRXOG�QRW�EH�HQRXJK��WKH�NLQG�RI�UHODWLRQ�VKRXOG�DOVR�EH

VWDWHG�� ,Q� DGGLWLRQ�� WKLV� LQIRUPDWLRQ� VKRXOG� QRW� EH� NHSW� LVRODWHG�� REVFXUHG� LQ� D� OLVW� RI� FR�

RFFXUUHQFHV�� ,I� WKH� VWUHQJWK� RI� WKH� DVVRFLDWLRQ�� DORQJVLGH� WKH� NLQG� RI� UHODWLRQ� ZDV� FRQYHQLHQWO\

FRPSLOHG��WKH�PRVW�VLJQLILFDQW�LQIRUPDWLRQ�FRXOG�EH�LQFRUSRUDWHG�LQWR�RQWRORJLHV��LQ�D�PRUH�H[SOLFLW

DQG�FRPSDFW�PDQQHU��DQG�DOORZLQJ��WKH�LQWHJUDWLRQ�RI�VHYHUDO�LQIHUHQFH�FDSDELOLWLHV��2QH�H[DPSOH

RI�WKLV�LV�WKH�DERYH�PHQWLRQHG�ZRUN�RI�5HVQLN��ZKLFK�UHSUHVHQWV�WKH�VHOHFWLRQDO�UHVWULFWLRQ�RI�YHUEV

DFFRUGLQJ�WR�WKH�FODVVHV�RI�:RUG1HW��FRPSLOLQJ�ZRUG�WR�ZRUG�LQIRUPDWLRQ�LQWR�FODVVHV�

0HDVXUHV� EDVHG� RQ� RQWRORJ\�� WKHUHIRUH�� KROG� WKH� VWURQJHVW� WKHRUHWLFDO� VWDQGSRLQW�� %HVLGHV�� ZRUG

VHQVH� LV�FOHDUO\�GHILQHG��E\�PHDQV�RI�RQWRORJ\�FRQFHSWV��7KH�SUREOHP�RI�RQWRORJLHV��KRZHYHU�� LV

RQH�RI�FRQWHQW��$OWKRXJK�WKH�GHVLJQ�RI�RQWRORJLHV�LQFOXGH�ULFK�UHODWLRQV�DQG�IHDWXUHV��LW�LV�QRW�HDV\

WR�JLYH�YDOXHV� WR� UHODWLRQV�DQG� IHDWXUHV�RI�DOO�FRQFHSWV� LQ� WKH�RQWRORJ\��7KH�DPRXQW�RI� FRQFHSWV

VKRXOG� DOVR� FRYHU� D� VXIILFLHQW� SDUW� RI� WKH� OH[LFRQ�� :KHQ� JRLQJ� WURXJK� H[LVWLQJ� RQWRORJLHV� �FI�

FKDSWHU�9��ZH�KDYH�PHQWLRQHG�WKDW�DOO�RQWRORJLHV�KDYH�HLWKHU�D�OLPLWHG�FRYHUDJH�RI�ZRUGV��RU�MXVW�D

IHZ� UHODWLRQV� LQFOXGHG�� RU� ERWK�� 2QH� RI� WKH� RQWRORJLHV� ZLWK� EURDGHU� OH[LFRQ� LV� :RUG1HW�� EXW� LW

PDLQO\� LQFOXGHV� MXVW� K\SHUQ\P\� DQG� V\QRQ\P\� UHODWLRQV�� 7KH� SUREOHP� RI� RQWRORJ\�EDVHG

UHODWHGQHVV�PHDVXUHV�LV�RQH�RI�TXDQWLW\�RI�LQIRUPDWLRQ��WKH\�FDQ�XVH�ZKDWHYHU�LV�DYDLODEOH�LQ�WKHLU

UHVSHFWLYH�RQWRORJ\��DQG�QR�PRUH��VHH�SURSRVDOV�IRU�IXUWKHU�ZRUN�LQ�VHFWLRQ�;�&����

                                                          
���

�<DURZVN\��������IRU�H[DPSOH��HYDOXDWHV�RQ�WKH�RFFXUUHQFHV�RI���ZRUGV�
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9,�'��� &RQFHSWXDO�'HQVLW\�DQG�WKH�RWKHU�RQWRORJ\�EDVHG�WHFKQLTXHV

$OWKRXJK� WKH� ZRUNV� RI� 7YHUVN\� DQG� 4XLOOLDQ� DUH� LQWHUHVWLQJ�� WKH\� KDYH� EHHQ� SODFHG� DVLGH� ZKHQ

EXLOGLQJ�DQ�HIILFLHQW�LPSOHPHQWDWLRQ�RI�UHODWHGQHVV��6SUHDGLQJ�DFWLYDWLRQ�QHHGV�WR�YLVLW�DOO�QRGHV�DQG

UHODWLRQV�RI�WKH�VHPDQWLF�QHWZRUN��QRW�RQFH��EXW�VHYHUDO�WLPHV�

5DGDU�V�JURXS��WDNLQJ�LQWR�DFFRXQW�WKH�RUJDQL]DWLRQ�RI�VHPDQWLF�QHWZRUNV��OHDYHV�DVLGH�DOO�WKH�RWKHU

UHODWLRQV�DQG�EHJDQ�WR�XVH�RQO\�SDUDGLJPDWLF�UHODWLRQV��LPSURYLQJ�HIILFLHQF\�QRWDEO\��6XVVQD�ZDV�WKH

ILUVW�RQH�WR�LPSOHPHQW�&RQFHSWXDO�'LVWDQFH�RQ�:RUG1HW��XVLQJ�SDWKV�EHWZHHQ�WZR�FRQFHSWV��1RW

RQO\� GLG� KH� XVH� SDUDGLJPDWLF� UHODWLRQV�� EXW� DOVR� PHURQLPLF� UHODWLRQV�� REWDLQLQJ� D� VOLJKW

LPSURYHPHQW�LQ�KLV�H[SHULPHQWV��$OWKRXJK� WKH� LPSOHPHQWDWLRQ�KDV�QR�HIILFLHQF\�SUREOHPV�ZKHQ

FRPSXWLQJ�WKH�GLVWDQFH�EHWZHHQ�WZR�FRQFHSWV��LW�KDV�WR�H[SORUH�WKH�DYHUDJH�GHSWK�RI�WKH�KLHUDUFK\

WZLFH��ZKLFK�FDQ�EH�DFKLHYHG�XVLQJ�DQ�DOJRULWKP�ZLWK�FRQVWDQW�RUGHU��2�FW����LQ�RUGHU�WR�FRPSXWH

WKH� GLVWDQFH� DPRQJ� 1� ZRUGV� KDYLQJ� 0� DYHUDJH� VHQVHV� SDLUZLVH� GLVWDQFH� KDV� WR� EH� FRPSXWHG

2M
2

)1N(N ×−× � WLPHV� �FI�� VHFWLRQ� 9,�%����� 7KLV� GHPDQGV� DQ� DOJRULWKP� ZLWK� 2�1
�

�� FRPSOH[LW\�

+DYLQJ� LQ� PLQG� WKDW� VRPH� DXWKRUV� XVH� ZLQGRZV� ZLWK� ���� ZRUGV�� IRU� LQVWDQFH� LQ� ZRUG� VHQVH

GLVDPELJXDWLRQ��WKLV�SUREOHP�EHFRPHV�FUXFLDO�

&RQFHSWXDO�'HQVLW\��RQ�WKH�RWKHU�KDQG��FRPSXWHV�WKH�GHQVLW\�IRU�DOO�WKH�ZRUGV�XQGHU�FRQVLGHUDWLRQ

DW� RQFH�� SURFHVVLQJ� WKH� MN × � VHQVHV� RQO\� RQFH�� DQG� WKHUHIRUH�� DOORZLQJ� IRU� DQ� DOJRULWKP� ZLWK

ORZHU�FRPSOH[LW\�

$V�DOUHDG\�PHQWLRQHG�LQ�VHFWLRQ�9,�%����WKH�SUREOHP�RI�XVLQJ�SDLUZLVH�UHODWHGQHVV�LV�QRW�RQO\�RQH

RI�HIILFLHQF\��,Q�WKHRUHWLFDO�JURXQGV��LW�LV�QRW�YHU\�FOHDU�ZKDW�GRHV�LW�PHDQ�WR�DGG�SDLUZLVH�GLVWDQFHV

IRU�1�FRQFHSWV��ZKLFK�PDNHV�DOWRJHWKHU�GLIILFXOW� WR�FRPSDUH�GLVWDQFHV�DPRQJ�VHWV�ZLWK�GLIIHUHQW

QXPEHU�RI�FRQFHSWV��&RQFHSWXDO�'HQVLW\��RQ�WKH�FRQWUDU\��JLYHV�XV�D�PHDVXUH�DOORZLQJ�WR�FRPSDUH

QDWXUDOO\�WKH�UHODWHGQHVV�RI�FRQFHSW�VHWV�ZLWK�GLIIHULQJ�FDUGLQDOLW\�

6R�DV�WR�ILQLVK�ZLWK�WKH�H[DPLQDWLRQ�RI�&RQFHSWXDO�'HQVLW\��WKH�HYDOXDWLRQ�UHODWHG�WR�WKH�SUDFWLFDO

UHVXOWV�ZLOO�EH� JLYHQ� LQ� FKDSWHUV�9,,� �$JLUUH�	�5LJDX�� ����D���9,,,� �$JLUUH� HW� DO��� ����F�� DQG� ,;

�5LJDX� HW� DO��� �������� ZH� ZLOO� UHFRQVLGHU� WKH� FRQGLWLRQV� VHW� EHIRUHKDQG� RQ� WKH� JRDO� UHODWHGQHVV

PHDVXUH�

�� ,W�LV�EDVHG�RQ�RQWRORJLHV�

�� 0HDVXUHV�UHODWHGQHVV�DPRQJ�VHQVHV��PDNLQJ�UHIHUHQFH�WR�RQWRORJ\�FRQFHSWV�

�� 8VHV�LQIRUPDWLRQ�IURP�SDUDGLJPDWLF�DQG�V\QWDJPDWLF�UHODWLRQV�
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�� :RUNV�IRU�DOO�RSHQ�FODVV�ZRUGV�

�� (IILFLHQW��VR�DV�WR�EH�DEOH�WR�ZRUN�ZLWK�ORQJ�WH[WV�

�� 7KH�PHDVXUH�ZRUNV�IRU�DQ\�QXPEHU�RI�FRQFHSWV

�� 7KH�PHDVXUHV�IRU�VHWV�ZLWK�GLIIHUHQW�QXPEHU�RI�FRQFHSWV�DUH�FRPSDUDEOH�ZLWK�HDFK�RWKHU�

)URP� WKHVH� UHTXLUHG� IHDWXUHV� ZH� DOUHDG\� VDZ� WKDW� &RQFHSWXDO� 'HQVLW\� PHHWV� ��� ��� ��� �� DQG� ��

5HJDUGLQJ� WKH��
� �

�FRQGLWLRQ��ZH�KDYH�RQO\� WULHG� WKH�&RQFHSWXDO�'HQVLW\�ZLWK�QRXQV� �FI�� FKDSWHUV

9,,��9,,,�DQG�,;���EXW�D�SULRUL�WKHUH�LV�QR�SUREOHP�WR�H[WHQG�LW�WR�WKH�RWKHU�SDUWV�RI�VSHHFK�

5HJDUGLQJ� WKH��
� �
� UHTXLUHPHQW�� LW�ZDV�DOUHDG\�PHQWLRQHG� LQ�FKDSWHU�9� WKDW� WKHUH� LV� QRZDGD\V�QR

IUHHO\�DFFHVVLEOH�ZLGH�FRYHUDJH�RQWRORJ\�H[FHSW�:RUG1HW��&RQFHSWXDO�'HQVLW\��WKHUHIRUH��KDV�EHHQ

GHVLJQHG�KDYLQJ�:RUG1HW�LQ�PLQG��DQG�LW�GRHV�RQO\�XVH�K\SHUQ\P�DQG�PHURQ\P�UHODWLRQV��,Q�RWKHU

ZRUGV��LW�GRHV�QRW�XVH�DQ\�V\QWDJPDWLF�UHODWLRQ�
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,Q�WKLV�FKDSWHU�ZH�HYDOXDWH�&RQFHSWXDO�'HQVLW\�LQ�D�SUDFWLFDO�DSSOLFDWLRQ��DQG��DORQJ�WKH�ZD\��DGMXVW

WKH�SDUDPHWHUV�RI�&RQFHSWXDO�'HQVLW\�PHQWLRQHG�LQ�WKH�SUHYLRXV�FKDSWHU��FRQVLGHULQJ�WKH�UHVXOWV

RI�WKLV�DSSOLFDWLRQ��(YHQ�LI�WKH�SUHYLRXV�FKDSWHU�UHDVRQV�WKH�WKHRUHWLFDO�DQG�SUDFWLFDO�DGYDQWDJHV�RI

&RQFHSWXDO�'HQVLW\��ZH�ZDQWHG�WR�VKRZ�WKDW�LW�DOVR�DWWDLQV�JRRG�UHVXOWV�LQ�SUDFWLFH��,Q�:RUG�VHQVH

'LVDPELJXDWLRQ�ZH�KDYH�WR�GHFLGH�ZKLFK�RI�WKH�VHQVHV� IRU�D�ZRUG�ZDV� LQWHQGHG�IRU�D�JLYHQ� WHVW

RFFXUUHQFH��$OPRVW�DOO�PHDVXUHV�RI�UHODWHGQHVV�KDYH�EHHQ�DSSOLHG�WR�:RUG�VHQVH�'LVDPELJXDWLRQ

�PRVWO\�LQ�QRXQ�GLVDPELJXDWLRQ���DQG��IXUWKHUPRUH��WKH\�KDYH�EHHQ�VRPHWLPHV�GHVLJQHG�VSHFLILFDOO\

IRU� WKLV� SXUSRVH�� 7KLV� FKDSWHU� ZLOO� VWDUW� ZLWK� D� VWXG\� RI� DQWHFHGHQWV�� XQGHUOLQLQJ� WKH� QHHG� RI

GLIIHUHQW� NQRZOHGJH� VRXUFHV��$IWHUZDUGV��ZH� ZLOO� H[SODLQ� WKH� GHVLJQ� RI� WKH� H[SHULPHQWV� DQG� WKH

DOJRULWKP�XVHG� WR�GLVDPELJXDWH�ZLWK�&RQFHSWXDO�'HQVLW\��7KH�H[SHULPHQW�ZDV� VHW�RQ�DQ�DOUHDG\

GLVDPELJXDWHG� FRUSXV�� VR� DV� WR� DXWRPDWLFDOO\� PHDVXUH� WKH� SUHFLVLRQ� RI� WKH� V\VWHP�� )URP� WKLV

FRUSXV�� ZH� FKRVH� IRXU� WH[W�VHWV�� DQG� ZH� GLVDPELJXDWHG� DOO� QRXQV� LQ� WKH� VDPSOH� �DURXQG� �����

QRXQV���FKRRVLQJ�WKH�ZRUG�VHQVHV�IURP�:RUG1HW��$�VSHFLILF�VHFWLRQ�LV�GHYRWHG�WR�VWXG\�WKH�HIIHFWV

RI� WKH� SDUDPHWHUV� DQG� YDULDQWV� RI� &RQFHSWXDO� 'HQVLW\�� DQG� WR� FKRRVH� WKH� EHVW� YDOXHV� IRU� WKH

SDUDPHWHUV��$IWHU�HYDOXDWLQJ�WKH�UHVXOWV��ZH�ZLOO�FRPSDUH�WKHP�WR�WKRVH�RI�RWKHU�PHWKRGV��:H�KDYH

LPSOHPHQWHG�WZR�RWKHU�RQWRORJ\�EDVHG�PHWKRGV��REWDLQLQJ�ZRUVH�UHVXOWV��)LQDOO\��WKH�FRQWULEXWLRQV

RI�WKLV�FKDSWHU�DUH�RXWOLQHG�

7KLV�FKDSWHU�LV�QRW�DYDLODEOH�LQ�WKH�(QJOLVK�YHUVLRQ��EXW�LW�LV�IXOO\�FRYHUHG�LQ�WKH�SDSHUV��$JLUUH�	

5LJDX�� ������ ����D�� ����E��� WKDW� FDQ�EH� IRXQG� LQ� DSSHQGL[� $�� 7KH� ILUVW� SDSHU� �$JLUUH� 	� 5LJDX�

������ $���� SUHVHQWV� VRPH� SUHOLPLQDU\� H[SHULPHQWV�� ZKLFK� ZHUH� FRPSOHWHG� DIWHUZDUGV� ZLWK� WKH

H[SHULPHQWV�SUHVHQWHG� LQ�WKH�VHFRQG�SDSHU��$JLUUH�	�5LJDX������D��$�����)LQDOO\��D� VOLJKWO\�PRUH

H[WHQGHG�YHUVLRQ�ZDV�SXEOLVKHG�DV�DQ�LQWHUQDO�UHSRUW��$JLUUH�	�5LJDX������E��$����
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,Q� WKLV� FKDSWHU�ZH�KDYH�GHYHORSHG�DQRWKHU�SUDFWLFDO� DSSOLFDWLRQ�� WKDW�RI� DXWRPDWLFDOO\� FRUUHFWLQJ

VSHOOLQJ�HUURUV��,Q�WKLV�FKDSWHU�ZH�LQWURGXFH�WKH�LPSOHPHQWDWLRQ�DQG�WKH�GHVLJQ�RI�WKH�V\VWHP�WKDW

WULHV�WR�FKRRVH�WKH�FRUUHFW�SURSRVDO�DPRQJ�WKH�VHW�RI�FRUUHFWLRQ�SURSRVDOV��)LUVWO\�ZH�SUHVHQW�WKH

OLWHUDWXUH�RQ�WKLV�VXEMHFW��$IWHUZDUGV��ZH�LQWURGXFH�WKH�UHVXOWV�RI�WKH�IHDVLELOLW\�VWXG\�RQ�VHPDQWLF

DQG� V\QWD[�EDVHG� FRUUHFWLRQ��:H� FRQFOXGHG� WKDW� LW� ZDV� DEVROXWHO\� QHFHVVDU\� WR� LQFOXGH� VHPDQWLF

NQRZOHGJH��DQG�SXW�IRUZDUG�D�SURSRVDO�IRU�WKH�XVH�RI�UHODWHGQHVV�PHDVXUHV�RQ�WKH�/.%�EXLOW�IURP

/H�3OXV�3HWLW�/DURXVVH�� ,Q� WKH� IROORZLQJ� VHFWLRQ�� WKH�PHWKRG� IRU�DXWRPDWLF�FRUUHFWLRQ� LV�SURSRVHG�

ZKLFK�LV�EDVHG�RQ�V\QWDFWLF�NQRZOHGJH��VHPDQWLF�NQRZOHGJH��SURYLGHG�E\�&RQFHSWXDO�'HQVLW\�IRU

QRXQV��DQG�FRUSXV�EDVHG� VWDWLVWLFDO� WHFKQLTXHV��1H[W�� WKH�GHVLJQ�RI� WKH�H[SHULPHQWV� LV� SUHVHQWHG

DORQJVLGH�WKH�HYDOXDWLRQ�DQG�FRPSDULVRQ�ZLWK�RWKHUV��7ZR�NLQGV�RI�FRUSRUD�ZHUH�XVHG��RQH�ZKHUH

ZH� LQWURGXFHG� VSHOOLQJ� HUURUV� DUWLILFLDOO\�� DQG� DQRWKHU� ZLWK� UHDO� VSHOOLQJ� HUURUV�� )LQDOO\�� WKH

FRQWULEXWLRQV�RI�WKLV�FKDSWHU�DUH�VXPPDUL]HG�

5HJDUGLQJ�WKH�(QJOLVK�YHUVLRQ��WKLV�FKDSWHU�LV�IXOO\�DYDLODEOH�LQ�WKH�SDSHUV��$JLUUH������$JLUUH�HW�DO��

����E��$JLUUH�HW�DO���������$JLUUH�HW�DO�������E��$JLUUH�HW�DO�������F��WKDW�FDQ�EH�IRXQG�LQ�DSSHQGL[

%��7KH�SUHOLPLQDU\� LGHDV�ZHUH�SUHVHQWHG�LQ�6SDQLVK�LQ��$JLUUH�������
���

�� VSHFLILFDOO\� WKH�IHDVLELOLW\�

VWXG\�DQG�WKH�SUHOLPLQDU\�SURSRVDO�IRU�XVLQJ�WKH�NQRZOHGJH�LQ�WKH�)UHQFK�/.%��$�UHGXFHG�YHUVLRQ

ZDV�SXEOLVKHG� LQ� �$JLUUH�HW�DO���������%�����7KH�SURSRVDO� IRU�XVLQJ� WKH� UHODWLRQV� LQ� WKH�/.%�ZDV

IXUWKHU�HODERUDWHG�LQ��$JLUUH�HW�DO�������E��%�����7KH�GHVLJQ�RI�WKH�FRUUHFWLRQ�V\VWHP�DQG�WKH�DFWXDO

                                                          
���

�7KLV�SDSHU�LV�QRW�DYDLODEOH�



��

H[SHULPHQWV�DUH�GHVFULEHG� LQ��$JLUUH�HW�DO�������E������F��%���DQG�%�����EHLQJ�WKH� ODWWHU� WKH� ILQDO

YHUVLRQ�
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7KLV�FKDSWHU�WDFNOHV�WKH�RWKHU�PDLQ�REMHFWLYH�RI�WKLV�GLVVHUWDWLRQ��QDPHO\��WKH�EXLOGLQJ�RI�/.%�IRU

QRQ�(QJOLVK� ODQJXDJHV��)LUVW� RI� DOO�� OH[LFDO� NQRZOHGJH� DFTXLVLWLRQ� OLWHUDWXUH� LV� UHYLHZHG�� LQFOXGLQJ

PXOWLOLQJXDO� UHVRXUFH� OLQNLQJ�� DQG� WKH� H[WUDFWLRQ� RI� KLHUDUFKLHV� IURP� GLFWLRQDULHV�� +LHUDUFKLHV� DUH

XVXDOO\�H[WUDFWHG�IURP�GLFWLRQDULHV�E\�DQDO\]LQJ�WKH�GHILQLWLRQV�RI�WKH�ZRUG�VHQVHV�DQG�GHWHFWLQJ�WKH

K\SHUQ\P\� UHODWLRQ� EHWZHHQ� WKH� HQWU\� EHLQJ� GHILQHG� DQG� D� GLVWLQJXLVKHG� WHUP� LQ� WKH� GHILQLWLRQ

FDOOHG� WKH� JHQXV�� 6SHFLDO� DWWHQWLRQ� LV� SDLG� WR� WKH� SUREOHPV� SUHVHQWHG� E\� WKH� KLHUDUFKLHV� H[WUDFWHG

IURP�GLFWLRQDULHV��2Q�WKH�RQH�KDQG��KLHUDUFKLHV�DUH�QRW�XVXDOO\�VHQVH�GLVDPELJXDWHG��2Q�WKH�RWKHU

KDQG��KLHUDUFKLHV�WHQG�WR�EH�VKDOORZ�DQG�LVRODWHG�IURP�HDFK�RWKHU��WR�H[KLELW�FRKHUHQF\�SUREOHPV�LQ

WKH� WRS� OD\HU�� 3DUW� RI� WKH� SUREOHPV� RI� VKDOORZQHVV� DQG� LVRODWLRQ� LV� FDXVHG� E\� WKH� F\FOHV� LQ� WKH

H[WUDFWHG�KLHUDUFKLHV�DQG�WKH� IDFW� WKDW�VRPH�ZRUG�VHQVHV�DUH� OHIW�RXW�RI� WKH�KLHUDUFKLHV� �JHQHUDOO\

WKRVH�GHILQHG�XVLQJ�VSHFLILF�UHODWRUV��ZKLFK�GR�QRW�FRQWDLQ�D�JHQXV���2XU�SRVLWLRQ�DQG�SURSRVDO�WR

RYHUFRPH�WKHVH�SUREOHPV�LV�SUHVHQWHG�QH[W�

,Q�RUGHU�WR�FKHFN�ZKHWKHU�LW� LV�SRVVLEOH�WR�VWUHQJWKHQ�WKH�FRQVWUXFWLRQ�RI�/.%V�RU�QRW��ZH�KDYH

VWXGLHG�WKH�'.%�H[WUDFWHG�IRUP�/H�3OXV�3HWLW�/DURXVVH��$V�WR�PDNH�WKLV�'.%�D�/.%�XVDEOH�LQ�1/3�

ZH�KDYH�WR�VROYH� WKH� VKRUWFRPLQJV�H[SODLQHG�DERYH��:H�SURSRVH�DQ� LQWHJUDWHG�VROXWLRQ�PHWKRG�

)LUVWO\�� ZH� VWXGLHG� WKH� GHILQLWLRQV� SURGXFLQJ� F\FOHV� LQ� WKH� KLHUDUFK\� DQG� WKH� UHODWRU� W\SH� RI

GHILQLWLRQV�� DQG� ZH� OLQNHG� DOO� WKHVH� HQWULHV� WR� DQ� H[WHUQDO� /.%�� :RUG1HW� �LQ� IDFW�� ZH� OLQNHG� DOO

HQWULHV�LQ�/33/���7KHVH�OLQNV�ZLOO�HQDEOH�XV�WR�LQWHJUDWH�WKH�PHQWLRQHG�SUREOHPDWLF�GHILQLWLRQV�LQ

WKH�RYHUDOO�KLHUDUFKLHV��6HFRQGO\��ZH�DXWRPDWLFDOO\�GLVDPELJXDWHG�WKH�KLHUDUFKLHV��SURGXFLQJ�D�ZRUG

VHQVH� KLHUDUFK\�� )LQDOO\�� ZH� KDYH� XVHG� WKH� /33/�:RUG1HW� OLQNV� WR� FRQQHFW� DOO� WKH� LVRODWHG



��

KLHUDUFKLHV� �LQFOXGLQJ� WKRVH� SURGXFHG� E\� EUHDNLQJ� WKH� F\FOHV� DQG� E\� VSHFLILF� UHODWRU� GHILQLWLRQV�

WDNLQJ�:RUG1HW� DV� D� UHIHUHQFH�� ,Q�RWKHU�ZRUGV��ZH� FRQQHFWHG� WKH� LVRODWHG� KLHUDUFKLHV� XVLQJ� WKH

:RUG1HW� KLHUDUFK\�� %\� WKH� ZD\�� WKH� WRS� OD\HU� RI� :RUG1HW� LV� LQFRUSRUDWHG� LQ� WKH� H[WUDFWHG

KLHUDUFK\��VROYLQJ�WKH�ODFN�RI�FRKHUHQFH�WKDW�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV�H[KLELW�

,Q�RUGHU�WR�OLQN�WKH�ZRUG�VHQVHV�RI�WKH�'.%�H[WUDFWHG�IURP�/33/�WR�:RUG1HW��ZH�XVHG�D�ELOLQJXDO

GLFWLRQDU\�DQG�&RQFHSWXDO�'HQVLW\��VR�WKDW�ZH�FDQ�DVVLJQ�RQH�:RUG1HW�FRQFHSW��RU�PRUH��WR�HDFK

VHQVH� RI� /33/�� 6R� DV� WR� GLVDPELJXDWH� WKH� KLHUDUFK\�� ZH� ZLOO� XVH� ERWK� WKH� NQRZOHGJH� LQ� WKH

GLFWLRQDU\� LWVHOI�DQG� WKH� OLQN� WR�:RUG1HW��:H�KDYH� LPSOHPHQWHG�VHYHUDO� LQGHSHQGHQW� WHFKQLTXHV

IRU�GLVDPELJXDWLRQ��LQFOXGLQJ�&RQFHSWXDO�'HQVLW\��ZKLFK�ZHUH�FRPELQHG�XVLQJ�D�YRWLQJ�VWUDWHJ\�

7KLV� FKDSWHU� LV� QRW� IXOO\� FRYHUHG� LQ� (QJOLVK�� 7KH� ZRUN� RQ� F\FOHV� DQG� WKH� WUHDWPHQW� RI� VSHFLILF

UHODWRUV�LV�\HW�XQSXEOLVKHG�LQ�(QJOLVK��7KH�WZR�SDSHUV�UHODWHG�WR�WKLV�FKDSWHU�FRYHU�WKH�PHWKRG�WR

OLQN�/33/�WR�:RUG1HW��5LJDX�	�$JLUUH��������&����DQG�WKH�PHWKRG�WR�GLVDPELJXDWH�WKH�KLHUDUFKLHV

H[WUDFWHG�IURP�/33/��5LJDX�HW�DO���������&�����%RWK�SDSHUV�DUH�LQFOXGHG�LQ�DSSHQGL[�&��7KH�ODWWHU

KDV�EHHQ�IXUWKHU� LPSURYHG�DV�H[SODLQHG� LQ� �5LJDX�HW�DO���������EXW� WKHVH� LPSURYHPHQWV�KDYH�QRW

EHHQ�FRYHUHG�LQ�WKH�SUHVHQW�GLVVHUWDWLRQ��7KH�UHVXOWV�IRU�WKH�FRQQHFWLRQ�RI�WKH�LVRODWHG�KLHUDUFKLHV

DUH�XQDYDLODEOH�LQ�(QJOLVK�
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;�$� 6XPPDU\

7KH�PDLQ�FRQWULEXWLRQV�RI�WKLV�ZRUN�DUH�WZR�

D� $�IRUPDOL]DWLRQ�RI�UHODWHGQHVV��&RQFHSWXDO�'HQVLW\

E� $�PHWKRG�WR�HQULFK�DQG�VWUHQJWKHQ�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV

:H� IRUPDOL]HG� D� PHDVXUH� IRU� WKH� UHODWHGQHVV� EHWZHHQ� ZRUG� VHQVHV�� &RQFHSWXDO� 'HQVLW\�� 7KLV

PHDVXUH�LV�EDVHG�RQ�RQWRORJLHV��DQG�WKHUHIRUH��UH�XWLOL]HV�LQIRUPDWLRQ�XVHG�IRU�JHQHUDO�1/3��,W�FDQ

EH�DSSOLHG�WR�DQ\�RQWRORJ\��LW�GRHV�QRW�QHHG�DQ\�SUHYLRXV�SUHSDUDWLRQ��DQG�LW�LV�DEOH�WR�RSHUDWH�LQ�DOO

WKH�ILHOGV�FRYHUHG�E\�WKH�RQWRORJ\��:H�LPSOHPHQWHG�&RQFHSWXDO�'HQVLW\�IRU�QRXQV�RQ�:RUG1HW�

:H� FODLP� WKDW� RXU� IRUPDOL]DWLRQ� LV� PRUH� LQWHUHVWLQJ� WKDQ� ERWK� PHDVXUHV� EDVHG� RQ� RWKHU� OH[LFDO

UHVRXUFHV� �FRUSRUD� RU� GLFWLRQDULHV�� DQG� RWKHU� PHDVXUHV� EDVHG� RQ� RQWRORJLHV�� :H� UHDVRQHG� WKLV

SRVLWLRQ�LQ�FKDSWHU�,,,��EXW�ZH�DOVR�WULHG�WR�VKRZ�LWV�DGYDQWDJHV�LQ�SUDFWLFH�

• ,Q�:RUG�VHQVH�'LVDPELJXDWLRQ��FKDSWHU�,9�

• ,Q�$XWRPDWLF�6SHOOLQJ�&RUUHFWLRQ��FKDSWHU�9�

&RQFHSWXDO� 'HQVLW\� SHUIRUPV� ZHOO� LQ� ZRUG� VHQVH� GLVDPELJXDWLRQ� RI� QRXQV�� DOWKRXJK� WKH

FRPSDULVRQ�ZLWK�RWKHU�V\VWHPV�LV�GLIILFXOW��,Q�RUGHU�WR�FRPSDUH�WKHP�EHWWHU��ZH�LPSOHPHQWHG�WZR

RWKHU�RQWRORJ\�EDVHG�V\VWHPV��ZKLFK�GLG�QRW�SHUIRUP�DV�ZHOO�DV�&RQFHSWXDO�'HQVLW\�RQ�WKH�VDPH

WHVW�VHW�� 7KH� UHVXOWV� LQ� DXWRPDWLF� VSHOOLQJ� FRUUHFWLRQ� ZHUH� QRW� VR� FRQFOXVLYH�� $V� WKH� FXUUHQW

LPSOHPHQWDWLRQ�RI�&RQFHSWXDO�'HQVLW\�RQO\�ZRUNV�IRU�QRXQV��ZH�FRXOG�RQO\�DSSO\�LW�ZKHQ�DOO�WKH

FRUUHFWLRQ� SURSRVDOV� ZHUH� QRXQV�� DQG� WKHUHIRUH�� LW� ZDV� VHOGRP� XVHG� LQ� WKH� WHVW� FRUSRUD�� 7KH



&+$37(5�9,,
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DXWRPDWLF� VSHOOLQJ� FRUUHFWLRQ� V\VWHP� LQWURGXFHG� LQ� WKLV� GLVVHUWDWLRQ� XVHV� DGGLWLRQDO� NQRZOHGJH

VRXUFHV�

&RQFHUQLQJ� WKH� VHFRQG� PDLQ� FRQWULEXWLRQ��ZH�SUHVHQWHG� D�PHWKRG� WR� HQULFK� DQG� VWUHQJWKHQ� WKH

KLHUDUFKLHV�H[WUDFWHG� IURP�GLFWLRQDULHV��7KLV�PHWKRG�XVHV�ERWK�&RQFHSWXDO�'HQVLW\�RQ�:RUG1HW

DQG� WKH� NQRZOHGJH� FRQWDLQHG� LQ� WKH� GLFWLRQDU\� XQGHU� VWXG\�� :H� KDYH� LPSURYHG� WKH� KLHUDUFKLHV

H[WUDFWHG�IURP�WKH�/H�3OXV�3HWLW�/DURXVVH�)UHQFK�GLFWLRQDU\�LQ�WZR�PDLQ�DUHDV�

• /LQNLQJ�WKH�HQWULHV�DQG�JHQXV�IURP�WKH�)UHQFK�GLFWLRQDU\�/H�3OXV�3HWLW�/DURXVVH�WR�:RUG1HW

V\QVHWV�XVLQJ�D�ELOLQJXDO�GLFWLRQDU\�

• 6HQVH�GLVDPELJXDWLQJ�DQG�VWUHQJWKHQLQJ�WKH�KLHUDUFKLHV�RI�WKH�'.%�H[WUDFWHG�IURP�/H�3OXV

3HWLW�/DURXVVH�

7KDQNV�WR� WKH�ILUVW�RQH��ZH�FDQ�RYHUFRPH�VRPH�VKRUWFRPLQJV�RI� WKH�H[WUDFWHG�KLHUDUFKLHV��XVLQJ

WKH�KLHUDUFK\�RI�:RUG1HW�DV�D�WRS�RQWRORJ\�WR�GR�WKH�IROORZLQJ��MRLQ�WKH�GHILQLWLRQV�ZLWK�VSHFLILF�

UHODWRUV�� HUDVH� WKH� F\FOHV� LQ� WKH� KLHUDUFK\�� MRLQ� LVRODWHG�PLQL�KLHUDUFKLHV� DQG�JLYH� DOO� KLHUDUFKLHV� D

FRKHUHQW�WRS�OHYHO��,W�DOVR�VXSSRUWV�WKH�GLVDPELJXDWLRQ�RI�ZRUG�EDVHG�KLHUDUFKLHV�LQWR�ZRUG�VHQVH

EDVHG� KLHUDUFKLHV�� 7KH� PHWKRG� FDQ� EH� DSSOLHG� WR� GLVDPELJXDWH� DQG� VWUHQJWKHQ� KLHUDUFKLHV� WDNHQ

IURP�DQ\�GLFWLRQDU\�

%HVLGHV�� WKH�PHWKRG�FDQ�EH�DOVR�XVHG� WR� MRLQ� OH[LFDO� UHVRXUFHV�� DQG� LW� FRXOG�EH�DOVR�XVHG� WR� OLQN

KHWHURJHQHRXV�UHVRXUFHV��LQ�WKH�VDPH�ODQJXDJH�RU�LQ�GLIIHUHQW�RQHV��RQWRORJLHV�WR�/.%V��/.%V�WR

/.%V�DQG�VR�RQ��7KLV�RSHQV�QHZ�SHUVSHFWLYHV�IRU�WKH�HQULFKLQJ�RI�OH[LFDO�UHVRXUFHV��DV�ODQJXDJHV

SRRU�LQ�OLQJXLVWLF�NQRZOHGJH�FDQ�DEVRUE�WKH�NQRZOHGJH�EXLOW�IRU�(QJOLVK��SURYLGHG�WKLV�NQRZOHGJH

FDQ� EH� UHDGLO\� DSSOLHG� WR� WKH� RWKHU� ODQJXDJH�� RI� FRXUVH�� :RUG� VHQVH� GLVDPELJXDWLRQ�� IURP� WKLV

SHUVSHFWLYH��FDQ�DOVR�EH�FDVW�DV�D�PHWKRG�WR�MRLQ�OH[LFDO�UHVRXUFHV��WKDW�LV��WR�OLQN�WKH�RFFXUUHQFHV�RI

WKH�ZRUGV�LQ�WKH�FRUSXV�WR�ZRUG�VHQVHV�FRQFHSWV�LQ�WKH�RQWRORJ\��7KLV�SRLQW�RI�YLHZ�RIIHUV�QHZ

SDWKV�WR�HQULFK�RQWRORJLHV�

5HJDUGLQJ�IXWXUH�ZRUN��ZH�VHH�D�JUHDW�GHPDQG�RI�ERWK�ZLGH�FRYHUDJH�DQG�UHODWLRQ�ULFK�RQWRORJLHV�

,Q� IDFW�� &RQFHSWXDO� 'HQVLW\� DV� LPSOHPHQWHG� LQ� WKLV� GLVVHUWDWLRQ�� RQO\� WDNHV� DGYDQWDJH� RI� WKH

LQIRUPDWLRQ� LQ� :RUG1HW�� WKDW� LV�� RI� PRVWO\� SDUDGLJPDWLF� UHODWLRQV�� $OWKRXJK� ZH� REWDLQHG� JRRG

UHVXOWV�LQ�WKH�WDVNV�ZKHUH�&RQFHSWXDO�'HQVLW\�ZDV�DSSOLHG��LW�LV�DOVR�FOHDU�WKDW�V\QWDJPDWLF�UHODWLRQV

RIIHU�JRRG�SHUVSHFWLYHV�RI�LPSURYHPHQW��IRU�H[DPSOH�LQ�ZRUG�VHQVH�GLVDPELJXDWLRQ��EXW�VSHFLDOO\

LQ�DXWRPDWLF�VSHOOLQJ�FRUUHFWLRQ��LQ�RUGHU�WR�H[WHQG�WKH�FRQWULEXWLRQ�RI�&RQFHSWXDO�'HQVLW\�
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:H� WKLQN� WKDW� D� FORVH� FRRUGLQDWLRQ� EHWZHHQ� FRUSRUD�� GLFWLRQDULHV� DQG� RQWRORJLHV� LV� QHHGHG� WR

SHUIRUP�ZRUG�VHQVH�GLVDPELJXDWLRQ��EXW�DOVR�WR�RIIHU�D�UREXVW�VROXWLRQ�IRU�RWKHU�OH[LFDO�VHPDQWLF

SUREOHPV�LQ�1/3��&KDSWHU�9,��5LJDX�	�$JLUUH��������VKRZV�D�PHWKRG�WR�MRLQ�D�/.%��:RUG1HW�

DQG�D�'.%� �/H�3OXV�3HWLW�/DURXVVH�� LQ�GLIIHUHQW� ODQJXDJHV��7KLV� LQWHJUDWLRQ� FDQ�EH�XVHG� WR� HQULFK

:RUG1HW�ZLWK�WKH�LQIRUPDWLRQ�LQ�RWKHU�/.%V�RU�'.%V��EXW�LW�ZRXOG�QRW�EH�VXIILFLHQW�WR�JDWKHU�DOO

WKH�QHHGHG�NQRZOHGJH�IRU�:6'��)RU�LQVWDQFH��UHJDUGLQJ�V\QWDJPDWLF�UHODWLRQV��WKHUH�DUH�QR�ZLGH�

FRYHUDJH� OLVWV� RI� VHOHFWLRQDO� UHVWULFWLRQV�� ,Q� RGHU� WR� EH� DEOH� WR� IDYRXU� WKHLU� OHDUQLQJ�� ZH� KDYH� WR

VXSSRUW�WKH�DQDO\VLV�DQG�XVH�RI�WKH�GHILQLWLRQV�LQ�WKH�GLFWLRQDULHV��IRU�H[DPSOH��XVLQJ�WKH�WHFKQLTXHV

PHQWLRQHG� LQ� FKDSWHU� 9,��� ZKLFK� FDQ� EH� LQWHJUDWHG� LQ� WKH� RQWRORJLHV� RQFH� WKH� ZRUGV� LQ� WKH

GHILQLWLRQV�DUH�GLVDPELJXDWHG��&RUSRUD�DUH�DOVR�D�YDOXDEOH�VRXUFH�RI�LQIRUPDWLRQ��,Q�FKDSWHU�,,,�ZH

SUHVHQW�VHYHUDO�VWDWLVWLFDO�PHDVXUHV�EDVHG�RQ�FRUSRUD�WKDW�FDSWXUH�TXLWH�ZHOO�UHODWHGQHVV�IRU�ZRUGV�

DQG�DUJXHV� WKDW� WKH�XQGHUO\LQJ�UHODWLRQV�VKRXOG�EH�FRGHG� LQ�RQWRORJLHV��%\�PHDQV�RI�ZRUG� VHQVH

GLVDPELJXDWLRQ�LW�ZRXOG�EH�SRVVLEOH�WR�FRQYHUW�WKHVH�UHODWLRQV�EHWZHHQ�ZRUGV�LQ�UHODWLRQV�EHWZHHQ

ZRUG�VHQVHV�WDNHQ�IURP�D�JLYHQ�UHIHUHQFH�RQWRORJ\�DQG��WKHUHIRUH��WKH�UHODWLRQV�FRXOG�EH�DGGHG�WR

WKH�RQWRORJ\��([WHQGLQJ�&RQFHSWXDO�'HQVLW\�LQ�DQ�DSSURSULDWH�ZD\��ZH�ZRXOG�WDNH�DGYDQWDJH�RI�WKH

UHODWLRQV�RI�WKHVH�QHZ�RQWRORJLHV��FRGHG�LQ�D�UREXVW�DQG�HIILFLHQW�UHSUHVHQWDWLRQ��VR�DV�WR�FDOFXODWH

UHODWHGQHVV�XVLQJ�NQRZOHGJH�ZKLFK�ZDV�JDWKHUHG�IURP�PDQ\�GLIIHUHQW�VRXUFHV�

)LUVW��OHW·V�VWXG\��LQ�PRUH�GHSWK��WKH�PDLQ�FRQWULEXWLRQV�PDGH�LQ�HDFK�FKDSWHU��7KHQ��ZH�ZLOO�SUHVHQW

WKH�IXWXUH�ZRUN�UHODWHG�WR�HDFK�VXEMHFW�RI�WKLV�GLVVHUWDWLRQ�

;�%� &RQWULEXWLRQV

;�%��� $�PHDVXUH�RI�UHODWHGQHVV��&RQFHSWXDO�'HQVLW\��FKDSWHU�,,,�

:H� KDYH� GHVLJQHG� DQG� LPSOHPHQWHG� &RQFHSWXDO� 'HQVLW\�� ZKLFK� IRUPDOL]HV� UHODWHGQHVV� DPRQJ

ZRUG�VHQVHV�EDVHG�RQ�RQWRORJLHV��&RQFHSWXDO�'HQVLW\�WDNHV�DGYDQWDJH�RI�SDUDGLJPDWLF�UHODWLRQV�²

K\SHUQLP\�DQG�PHURQLP\²���DQG�ZRUNV�ZLWK�QRXQV�DW�SUHVHQW��DOWKRXJK�LW�FDQ�DOVR�EH�DGHTXDWH�IRU

YHUEV�

,W�VKDUHV�PDQ\�IHDWXUHV�ZLWK�RWKHU�IRUPDOL]DWLRQV�EDVHG�RQ�RQWRORJLHV��%HLQJ�RQWRORJLHV�WKH�PDLQ

PRGHO� IRU� NQRZOHGJH� UHSUHVHQWDWLRQ� LQ� SV\FKROLQJXLVWLFV� DQG� DUWLILFLDO� LQWHOOLJHQFH
���

�� WKH\� KDYH� D

VWURQJ� WKHRUHWLFDO�EDVLV��7KH\�RIIHU� D�PHDVXUH�EHWZHHQ�ZRUG� VHQVHV��ZLWK� D� VROLG� IRXQGDWLRQ� IRU

VHQVH�GLIIHUHQWLDWLRQ��JLYHQ�E\�WKH�VHQVHV�EHLQJ�OLQNHG�WR�RQWRORJ\�FRQFHSWV��%HVLGHV��WKH\�GR�QRW

UHTXLUH�DQ\�NLQG�RI�KDQG�GLVDPELJXDWLRQ��DQG�GR�QRW�VKRZ�VSDUVH�GDWD�RU�WRR�PXFK�GDWD�SUREOHPV�

7KHVH�DUH�SRVLWLYH�IHDWXUHV�DV�FRPSDUHG�ZLWK�RWKHU�FRUSRUD�RU�GLFWLRQDU\�EDVHG�WHFKQLTXHV�

                                                          
���

�:H�ZDQW�WR�XQGHUOLQH�WKDW�ZH�DGRSW�JHQHUDO�GHILQLWLRQ�RI�RQWRORJ\��ZKLFK�LQFOXGHV�DOO�V\PEROLF�NQRZOHGJH�EDVHV�
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0HDVXUHV�EDVHG�RQ�RQWRORJLHV��KRZHYHU��GR�KDYH�HIILFLHQF\�SUREOHPV��)XUWKHUPRUH��WKH�PHDVXUH�RI

UHODWHGQHVV� LV� OLPLWHG� WR� WZR� FRQFHSWV�� DQG� QR� PRUH�� &RQFHSWXDO� 'HQVLW\� RYHUFRPHV� WKHVH� WZR

OLPLWV�� ,W� FDQ� PHDVXUH� WKH� UHODWHGQHVV� IRU� DQ\� QXPEHU� RI� FRQFHSWV�� RIIHULQJ� WKH� SRVVLELOLW\� RI

FRPSDULQJ�WKH�UHODWHGQHVV�RI�VHWV�ZLWK�GLIIHUHQW�QXPEHUV�RI�FRQFHSWV��,W�LV�HIILFLHQW�HQRXJK�WR�ZRUN

ZLWK�ODUJH�QRXQ�VHWV�IURP�UHDO�WH[WV�

;�%��� $SSOLFDWLRQ�RI�&'��:RUG�6HQVH�'LVDPELJXDWLRQ��FKDSWHU�,9�

:H� LPSOHPHQWHG� DQG� WHVWHG� D� GLVDPELJXDWRU� EDVHG� RQ� &RQFHSWXDO� 'HQVLW\�� ZKLFK� XVHV� WKH

SDUDGLJPDWLF�NQRZOHGJH�LQ�:RUG1HW��7KDQNV�WR�WKH�IHDWXUHV�RI�&RQFHSWXDO�'HQVLW\��ZH�GHYHORSHG

D� V\VWHP� WKDW� GLVDPELJXDWHV� DFFRUGLQJ� WR� WKH� ZRUG� VHQVHV� LQ� WKH� RQWRORJ\�� DQG� LV� FDSDEOH� RI

GLVDPELJXDWLQJ�WKH�QRXQV�LQ�UHDO�UXQQLQJ�WH[WV��,W�FDQ�EH�DSSOLHG�WR�DQ\�NLQG�RI�WH[W��ZLWKRXW�DQ\

DGDSWDWLRQ�

$V�IRU�WKH�UHVXOWV�RI�WKH�H[SHULPHQW��ZH�KDYH�SURYHG�WKDW�&RQFHSWXDO�'HQVLW\�LV�XVHIXO�IRU�:6'�

DQG�ZH�KDYH�VHHQ�WKDW�LW�DWWDLQV�EHWWHU�UHVXOWV�WKDQ�WZR�RWKHU�IRUPDOL]DWLRQV�RI�UHODWHGQHVV�EDVHG�RQ

SDUDGLJPDWLF�NQRZOHGJH�LQ�:RUG1HW�²6XVVQD���������DQG�<DURZVN\�������²�

:KHQ�FRPSDULQJ� LW�ZLWK�RWKHU�H[SHULPHQWV� LQ�WKH�:6'�OLWHUDWXUH��RXUV�WDFNOHV� WKH�PRVW�GLIILFXOW

DVSHFWV�RI�WKH�SUREOHP��ILQH�JUDLQHG�VHQVH�GLVWLQFWLRQ��UHDO�WH[WV�IURP�GLIIHUHQW�JHQUHV��DOO�QRXQV�LQ

WKH� WH[W�� OHDYLQJ�DVLGH�SDUWLDO� UHVXOWV�DQG�DFFHSWLQJ�RQH� VLQJOH� VHQVH��7KH� WH[WV�FKRVHQ�DW� UDQGRP

��������ZRUGV�RYHUDOO��ZHUH�QRW�DW�DOO�HDV\�WR�GLVDPELJXDWH��+RZHYHU��ZKHQ�GLVDPELJXDWLQJ�VHQVH

GLVWLQFWLRQV�RQ�WKH�ILQH�JUDLQHG�OHYHO�LQ�:RUG1HW��ZH�REWDLQHG�D�SUHFLVLRQ�RI������DQG�RQH�RI����

LI�ZH�GLVDPELJXDWHG�WR�D�FRDUVHU�ILOH�OHYHO��&RYHUDJH�LV�YHU\�ZLGH��DV�ZH�GLVDPELJXDWHG�����RI�WKH

QRXQV�LQ�WKH�WH[W�

;�%��� $SSOLFDWLRQ�RI�&'��$XWRPDWLF�6SHOOLQJ�&RUUHFWLRQ���FKDSWHU�9�

:H�GHVLJQHG�DQG�LPSOHPHQWHG�D�V\VWHP�WKDW�SHUIRUPV�WKH�DXWRPDWLF�FRUUHFWLRQ�RI�UXQQLQJ�WH[WV�

FKRRVLQJ� WKH� FRUUHFW� SURSRVDO� IRU� QRQ�ZRUG� VSHOOLQJ� HUURUV�� 2Q� WKH� RQH� KDQG�� ZH� SURYHG� WKDW

DXWRPDWLF� VSHOOLQJ�FRUUHFWLRQ� LV�FORVH� WR�EH�D� IHDVLEOH� WDVN�ZLWK�FXUUHQW� WHFKQRORJLHV�� DQG��RQ� WKH

RWKHU��ZH�VDZ�WKDW�WKH�FRQWULEXWLRQ�RI�&RQFHSWXDO�'HQVLW\�ZDV�PRGHVW�

7KLV� V\VWHP� FRPELQHV� GLIIHUHQW� NLQGV� RI� NQRZOHGJH�� V\QWDFWLF� �&RQVWUDLQW� *UDPPDU��� OH[LFDO�

VHPDQWLF��&RQFHSWXDO�'HQVLW\���IUHTXHQF\�RI�ZRUGV��FRQWH[W�EDVHG�VWDWLVWLFDO�PHDVXUHV�DQG�VSHFLILF

KHXULVWLFV��7KDQNV� WR�&RQVWUDLQW�*UDPPDU�� IUHTXHQF\�RI�ZRUGV� LQ�GRFXPHQWV� DQG� FRQWH[W�EDVHG

VWDWLVWLFV��WKH�V\VWHP�LV�DEOH�WR�FKRRVH�D�VLQJOH�SURSRVDO�IRU����RXW�RI����HUURUV��WZR�SURSRVDOV�IRU
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WKH� UHVW�� ZLWK� ���� SUHFLVLRQ�� DQG� ����� FRYHUDJH�� 7KHVH� UHVXOWV� SURYH� WKDW� DXWRPDWLF� VSHOOLQJ�

FRUUHFWLRQ�FDQ�EH�SHUIRUPHG�QRZDGD\V�ZLWK�FXUUHQW�WHFKQRORJ\�

&RQFHSWXDO�'HQVLW\�FRXOG�EH�DSSOLHG�WR����RI�DOO�HUURUV��DV�LW�LV�RQO\�DSSOLHG�ZKHQHYHU�DOO�SURSRVDOV

DUH�QRXQV��$OWKRXJK�WKH�VDPSOH�LV�WRR�VPDOO�WR�SURYLGH�UHOLDEOH�GDWD��LW�DWWDLQHG�����SUHFLVLRQ��7KH

UHDVRQ� IRU� WKLV�PRGHVW�SHUIRUPDQFH� LV�QRW�&'� LWVHOI��EXW� WKH� VKRUWFRPLQJV�RI� WKH�NQRZOHGJH� LQ

:RUG1HW��DV�SRLQWHG�GRZQ�LQ�FKDSWHU�,,,�

;�%��� 7HFKQLTXHV�WR�HQULFK�DQG�VWUHQJWKHQ�VWUXFWXUHG�OH[LFDO�UHVRXUFHV��FKDSWHU�9,�

7KH�SUREOHPV�H[KLELWHG�E\�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV�DUH�PHQWLRQHG�DW�WKH�EHJLQQLQJ

RI�FKDSWHU�9,�� DQG� WKH�KLHUDUFKLHV� H[WUDFWHG� IURP�/H�3OXV�3HWLW�/DURXVVH� �$UWROD�������� DUH�QRW� DQ

H[FHSWLRQ��6R�DV� WR�VROYH� WKHVH�SUREOHPV�ZH�VDZ�WKH�QHHG�RI�DQ�H[WHUQDO�RQWRORJ\��ZKLFK�ZRXOG

RUJDQL]H� WKH� WRS�OHYHOV� RI� WKH� KLHUDUFKLHV� DQG� ZRXOG� OLQN� WKH� GLIIHUHQW� KLHUDUFKLHV� LQ� D� VLQJOH

VWUXFWXUH��%HVLGHV��ZH�DOVR�XVHG� WKH� OLQNV� WR� WKH�H[WHUQDO�RQWRORJ\� LQ�RUGHU� WR� VROYH�F\FOHV� LQ� WKH

KLHUDUFK\�� DQG� WR� LQWHJUDWH� WKH� GHILQLWLRQV� ZLWK� VSHFLILF�UHODWRUV� LQ� WKH� KLHUDUFKLHV�� 7KLV� H[WHUQDO

RQWRORJ\�KDV�DOVR�EHHQ�WKH�NH\�WR�GLVDPELJXDWH�WKH�ZRUGV�LQ�KLHUDUFKLHV��:H�RUJDQL]HG�WKH�RYHUDOO

PHWKRG�WR�VWUHQJWKHQ�DQG�HQULFK�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV�LQ�IRXU�SDUWV�

;�%���D� 7UHDWPHQW�RI�F\FOHV�DQG�GHILQLWLRQV�ZLWK�VSHFLILF�UHODWRUV

:H�LQWURGXFHG�D�PHWKRG�WR�EUHDN�WKH�F\FOHV�DQG�WR�LQWHJUDWH�WKHP�LQ�WKH�KLHUDUFKLHV��ZKLFK�XVHV

WKH�/33/�:RUG1HW�OLQN��7KDQNV�WR�WKH�PHWKRG�SUHVHQWHG�ZH�ZHUH�DEOH�WR�EUHDN�DOO�WKH�F\FOHV�LQ

WKH� /33/�GHULYHG� KLHUDUFKLHV�� 7KH� PHWKRG� WR� LQWHJUDWH� WKH� RWKHUZLVH� LVRODWHG� GHILQLWLRQV� ZLWK

VSHFLILF�UHODWRUV�ZDV�DEOH�WR�OLQN�����RI�VXFK�GHILQLWLRQV�WR�D�VHQVH�GLVDPELJXDWHG�K\SHUQ\P�LQ�WKH

KLHUDUFK\��DQG������WR�D�:RUG1HW�V\QVHW��7KH�DWWDLQHG�SUHFLVLRQ�RI�ERWK�W\SHV�RI�OLQNV�LV�DURXQG

�����$V�D� UHVXOW��DOO� WKH�F\FOHV�DUH�QRUPDOO\� LQWHJUDWHG� LQ�KLHUDUFKLHV��DQG�DOPRVW�DOO� WKH� VSHFLILF�

UHODWRU� GHILQLWLRQV� DUH� HLWKHU� LQWHJUDWHG� LQ� WKH� KLHUDUFK\� RU� OLQNHG� WR� :RUG1HW�� $IWHUZDUGV�� WKH

PHWKRG� IRU� OLQNLQJ� LVRODWHG�KLHUDUFKLHV��ZLOO� DOVR� LQWHJUDWH� WKRVH� VSHFLILF�UHODWRU�GHILQLWLRQV�ZKLFK

ZHUH�RQO\�OLQNHG�WR�:RUG1HW�

;�%���E� /LQNLQJ�UHVRXUFHV�LQ�GLIIHUHQW�ODQJXDJHV�DW�D�FRQFHSW�OHYHO

)LUVW�RI�DOO��ZH�DXWRPDWLFDOO\�OLQNHG�WKH�VHQVHV�RI�D�)UHQFK�(QJOLVK�ELOLQJXDO�GLFWLRQDU\�WR�FRQFHSWV

RI�:RUG1HW��ELOLQJXDO�:RUG1HW�OLQN���XVLQJ�MXVW�&RQFHSWXDO�'HQVLW\��%\�PHDQV�RI�WKLV�PHWKRG��ZH

OLQNHG�����RI�WKH�QRXQ�VHQVHV�ZLWK�D�SUHFLVLRQ�RI������7KLV�W\SH�RI�OLQNV�LV�YHU\�LPSRUWDQW�WR�OLQN

ZRUGV�IURP�IRUHLJQ�ODQJXDJHV�WR�D�JLYHQ�RQWRORJ\��,Q�IDFW��VLPSOHU�PHWKRGV�KDYH�EHHQ�XVHG�ZLWK

WKH�VDPH�JRDO��H�J�� WR� MRLQ�6SDQLVK�ZRUGV�WR� WKH�6HQVXV�RQWRORJ\��2NXPXUD�	�+RY\���������DQG

DOVR�� ZLWKLQ� WKH� (XUR:RUG1HW� SURMHFW�� WR� EXLOG� WKH� 6SDQLVK� :RUG1HW� �5LJDX� 	� $JLUUH�� �����
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$WVHULDV� HW� DO�� �������:H� WKLQN� WKDW� WKH�PHWKRG�SUHVHQWHG�KHUH�XVLQJ�&RQFHSWXDO�'HQVLW\�ZRXOG

KHOS�WR�LPSURYH�WKH�SUHFLVLRQ�UHDFKHG�LQ�WKRVH�ZRUNV�

5HJDUGLQJ� WKH� PHWKRG� WR� MRLQ� WKH� HQWULHV� DQG� JHQXV� RI� /33/� WR� :RUG1HW� FRQFHSWV� �/33/�

:RUG1HW�OLQN���WKH�ELOLQJXDO�:RUGQHW�OLQNV�KDYH�EHHQ�YDOXDEOH�WR�LPSURYH�WKH�UHVXOWV��$SDUW�IURP

WKHVH�OLQNV��ZH�PDGH�XVH�RI�&RQFHSWXDO�'HQVLW\��K\SHUQLP\�UHODWLRQV��VRPH�VLPSOH�KHXULVWLFV�DQG

VDOLHQF\�EDVHG� VWDWLVWLFDO� LQIRUPDWLRQ�� LQFOXGLQJ� DOVR� WKH� WUHDWPHQW� RI� WKH� VSHFLILF�UHODWRU� NLQG� RI

GHILQLWLRQV��$OWRJHWKHU��ZH�KDYH�EHHQ�DEOH�WR�OLQN�����RI�WKH�QRXQ�VHQVHV�RI�WKH�HQWULHV�LQ�/33/�WR

:RUG1HW� V\QVHWV�� ZLWK� D� SUHFLVLRQ� RI� ����� %RWK� &RQFHSWXDO� 'HQVLW\� DQG� WKH� KHXULVWLF� XVLQJ

K\SHUQLP\�UHODWLRQV�DUH�EDVHG�RQ�WKH�SDUDGLJPDWLF�OLQNV�RI�:RUG1HW��7KH�WHFKQLTXH�XVLQJ�VDOLHQF\

HPSOR\V�VWDWLVWLFDO�PHDVXUHV�RQ�WKH�ZRUGV�LQ�WKH�GHILQLWLRQV�DQG�WKH�VHPDQWLF�FRGHV�LQ�:RUG1HW�

;�%���F� *HQXV�GLVDPELJXDWLRQ

,Q� WKLV� ZRUN�� ZH� KDYH� VKRZQ� WKDW� JHQXV� GLVDPELJXDWLRQ� LV� QRW� RQO\� OLPLWHG� WR� VSHFLDO� (QJOLVK

GLFWLRQDULHV�VXFK�DV�/'2&(��VLQFH�ZH�GHYHORSSHG�D�PHWKRG�WKDW�DWWDLQV�D�SUHFLVLRQ�RI�����RQ�WKH

KLHUDUFKLHV�RI�/33/��7KLV�PHWKRG�FDQ�EH�DSSOLHG�WR�DQ\�RWKHU�GLFWLRQDU\��DV� WKH� UHVXOWV�REWDLQHG

ZLWK�D�6SDQLVK�GLFWLRQDU\�²�����SUHFLVLRQ²�VKRZ��5LJDX�HW�DO��������

;�%���G� /LQNLQJ�LVRODWHG�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV

+LHUDUFKLHV� GHULYHG� IURP� GLFWLRQDU\� GHILQLWLRQV�� HYHQ� DIWHU� GLVDPELJXDWLRQ�� H[KLELW� VHYHUDO

GHILFLHQFLHV��PRVW�RI�WKHP�DUH�VPDOO�DQG�LVRODWHG�IURP�HDFK�RWKHU��ZLWKRXW�DQ\�OLQN�EHWZHHQ�WKHP�

%HVLGHV�� LW� LV� DOVR� NQRZQ� WKDW� WKH� WRS� OD\HU� RI� VXFK� KLHUDUFKLHV� LV� QRW� YHU\� DGHTXDWH�� :H� KDYH

SURSRVHG�D�PHWKRG� WKDW� WULHV� WR�VROYH�ERWK�SUREOHPV�� WDNLQJ�DGYDQWDJH�RI� WKH� OLQNV� WR�:RUG1HW

WKDW� ZHUH� DOUHDG\� FRPSXWHG�� ,Q� WKLV� SURFHGXUH� ZH� OLQN� WKH� URRW� RI� WKH� LVRODWHG� KLHUDUFKLHV� WR

:RUG1HW��XVLQJ�WKH�XSSHU�OD\HU�RI�:RUG1HW�WR�SURYLGH�D�FRKHUHQW�XSSHU�OHYHO�WR�RXU�KLHUDUFK\�DV

ZHOO�� DQG� E\� WKH� ZD\� OLQNLQJ� DOO� LVRODWHG� KLHUDUFKLHV� WR� HDFK� RWKHU� YLD� :RUG1HW� UHODWLRQV�� 7KH

SURSRVHG� PHWKRG� LV� JHQHUDO�� DQG� LW� ZLOO� EH� DOVR� SRVVLEOH� WR� MRLQ� WKH� KLHUDUFKLHV� H[WUDFWHG� IURP

GLFWLRQDULHV�WR�DQ\�RQWRORJ\��JLYLQJ�XV�WKH�RSSRUWXQLW\�RI�FKRRVLQJ�WKH�PRVW�LQWHUHVWLQJ�WRS�OHYHO�

;�&� )XWXUH�:RUN

;�&��� ,PSURYHPHQW�RI�&RQFHSWXDO�'HQVLW\��FKDSWHU�,,,�

:H�VHH�WKUHH�PDLQ�DYHQXHV�WR�LPSURYH�&RQFHSWXDO�'HQVLW\�

• 5HJDUGLQJ�WKH�LQIRUPDWLRQ�XVHG��7R�HLWKHU�REWDLQ�D�ULFKHU�RQWRORJ\�SURYLGLQJ�V\QWDJPDWLF

UHODWLRQV� DQG� VHOHFWLRQDO� UHVWULFWLRQV�� RU� WR� HQULFK� :RUG1HW� ZLWK� WKRVH� UHODWLRQV� IURP

HOVHZKHUH��8QIRUWXQDWHO\��WKLV� LQIRUPDWLRQ�LV�QRW�UHDGLO\�DYDLODEOH�DW�SUHVHQW��EXW�PHWKRGV
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WR� H[WUDFW� WKHP� DXWRPDWLFDOO\� IURP� GLFWLRQDULHV� DQG� FRUSRUD� DUH� EHLQJ� VWXGLHG�� :H� KDYH

DOUHDG\�PHQWLRQHG� LQ�VHFWLRQ�;�%����IRU� LQVWDQFH�� WKDW� LW� LV�SRVVLEOH� WR�H[WUDFW� V\QWDJPDWLF

UHODWLRQV� IURP� WKH� DQDO\VLV� RI� WKH� GLIIHUHQWLD� LQ� GLFWLRQDU\� GHILQLWLRQV�� ,Q� WKH� FKDSWHU� RQ

DXWRPDWLF� VSHOOLQJ� FRUUHFWLRQ� �FKDSWHU� 9��� ZH� KDYH� DOVR� VHHQ� WKDW� WKH� UDZ� LQIRUPDWLRQ

JDWKHUHG� E\� FRQWH[W� VWDWLVWLFV� IURP� FRUSRUD� KLGHV� LPSOLFLW� V\QWDJPDWLF� UHODWLRQV� DQG

VHOHFWLRQDO�UHVWULFWLRQV�� � 7KDQNV� WR� WKH� LQWHJUDWLRQ� RI� OH[LFDO� UHVRXUFHV� �FKDSWHU� 9,�� DQG

ZRUG�VHQVH�GLVDPELJXDWLRQ��FKDSWHU�,9���LW�ZRXOG�EH�SRVVLEOH�WR�LQWHJUDWH�WKLV�LQIRUPDWLRQ

LQ�WKH�NQRZOHGJH�EDVH�RI�:RUG1HW�

• 5HJDUGLQJ� WKH� IRUPXOD�� 7R� FKDQJH� WKH� &RQFHSWXDO� 'HQVLW\� IRUPXOD�� VR� WKDW� LW� LQFOXGHV

V\QWDJPDWLF� UHODWLRQV�� ,Q� VHFWLRQ� 9�%���� ZH� KDYH� VKRUWO\� GHVFULEHG� KRZ� V\QWDJPDWLF

UHODWLRQV�FDQ�EH�LQWHJUDWHG�LQ�&RQFHSWXDO�'HQVLW\��DORQJ�WKH�OLQHV�SURSRVHG�LQ��$JLUUH�HW�DO�

����E��IRU�DQ�HIILFLHQW�FRQFHSWXDO�GLVWDQFH�FRQFHUQLQJ�ERWK�SDUDGLJPDWLF�DQG�V\QWDJPDWLF

UHODWLRQV�IURP�/33/�

• )DVWHU� LPSOHPHQWDWLRQ�� (YHQ� LI� WKH� FRPSOH[LW\� RI� WKH� &RQFHSWXDO� 'HQVLW\� DOJRULWKP� LV

DFFHSWDEOH��ZH�WKLQN�WKDW�D�IDVWHU�LPSOHPHQWDWLRQ�FDQ�EH�REWDLQHG��2QH�RI�WKH�UHDVRQV�IRU

WKDW�LV�WKDW�/,63�KDV�EHHQ�WKH�LPSOHPHQWDWLRQ�ODQJXDJH��DQG�WKH�RWKHU�RQH��WKDW�WKH�DFFHVV

WR�WKH�LQIRUPDWLRQ�LQ�:RUG1HW�LV�QRW�RSWLPL]HG��7KH�UHVHDUFK�JURXS�RI�WKH�(OHFWULFLW\�DQG

(OHFWURQLF�'HSDUWPHQW�RI�WKH�81('�LV�GHYHORSLQJ�D�YHUVLRQ�RQ�&����ZLWKLQ�WKH�,7(0
���

SURMHFW�� 7KLV� YHUVLRQ� ZLOO� EH� VRRQ� LQWHJUDWHG� LQ� WKH� *$7(
���

� HQYLURQPHQW� IRU� OLQJXLVWLF

HQJLQHHULQJ��&XQQLQJKDP�HW�DO���������LQ�WKH�PRGXOH�IRU�ZRUG�VHQVH�GLVDPELJXDWLRQ�

;�&��� :RUG�6HQVH�'LVDPELJXDWLRQ��&KDSWHU�,9�

7KH�GHVLJQ�RI�WKH�H[SHULPHQWV�FRXOG�EH�LPSURYHG�DV�IROORZV�

• 'LVDPELJXDWLQJ�WH[W�FKXQNV�LQ�RQH�JR��IROORZLQJ�GLVFRXUVH�VWUXFWXUH��7KLV�ZD\�� LQVWHDG�RI

GLVDPELJXDWLQJ� ZRUGV� RQH� E\� RQH� XVLQJ� D� FRQWH[W� ZLQGRZ�� ZKROH� SDUWV� RI� WKH� WH[W�� H�J�

SDUDJUDSKV�� FDQ� EH� GLVDPELJXDWHG� DOWRJHWKHU�� LPSURYLQJ� HIILFLHQF\�� %HVLGHV�� SUHFLVLRQ

ZRXOG�DOVR�LPSURYH��DV�XQUHODWHG�WH[W�SDUWV�ZRXOG�EH�WUHDWHG�VHSDUDWHO\�

• ,W�ZRXOG�EH� LQWHUHVWLQJ� WR�VWXG\�ZKHWKHU� WKHUH� LV�DQ\�FRUUHODWLRQ�EHWZHHQ� WKH�PHDVXUH�RI

GHQVLW\�DQG�WKH�FRUUHFW�FKRLFH�RI�VHQVH��,I�WKDW�ZDV�WKH�FDVH��ZH�ZRXOG�OHDYH�WKH�FDVHV�ZLWK

GHQVLW\�EHORZ�D�FHUWDLQ�PHDVXUH�DPELJXRXV��DQG�SUHFLVLRQ�ZRXOG�LPSURYH��DW�WKH�FRVW�RI�D

ORZHU�FRYHUDJH��

                                                          
���

�KWWS���VHQVHL�LHHF�XQHG�HV�LWHP�
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,I� ZH� ZDQW� WR� EXLOG� D� PRUH� SRZHUIXO� V\VWHP� IRU� :6'�� LQ� DGGLWLRQ� WR� WKH� LPSURYHPHQWV� WR

&RQFHSWXDO� 'HQVLW\� RXWOLQHG� LQ� WKH� SUHYLRXV� VHFWLRQ�� LW� LV� QHFHVVDU\� WR� VXSSOHPHQW� UHODWHGQHVV

PHDVXUHV� ZLWK� RWKHU� XVHIXO� LQIRUPDWLRQ� VRXUFHV�� )RU� LQVWDQFH�� IUHTXHQFLHV� RI� ZRUG� VHQVH�� ERWK

RYHUDOO� DQG� ORFDO� WR� WKH� WH[W� ZH� DUH� GLVDPELJXDWLQJ�� ZKHWKHU� WKH� VHQVH� DSSHDUV� DOZD\V� DV� D

FROORFDWLRQ��LQIRUPDWLRQ�DERXW�WKH�V\QWDFWLF�VWUXFWXUH�DURXQG�WKH�ZRUG�VHQVH��DQG�VR�RQ��:H�ZRXOG

WKXV�EXLOG�D�PRUH� WKRURXJK� V\VWHP�IRU� VHQVH�GLVDPELJXDWLRQ��ZKLFK�ZRXOG�FRGH� OH[LFDO�VHPDQWLF

LQIRUPDWLRQ�E\�PHDQV�RI�&RQFHSWXDO�'HQVLW\��DQG�ZKLFK�ZRXOG�EH�DEOH�WR�FRPELQH�WKLV�ZLWK�RWKHU

NQRZOHGJH�

:KLOH�WKLV�GLVVHUWDWLRQ�LV�EHLQJ�ZULWWHQ��ZH�DUH�DOVR�SUHSDULQJ�WKH�6(16(9$/�FRPSHWLWLRQ
���

��0DQ\

JURXSV�ZRUOG�ZLGH�DUH�JRLQJ�WR�SUHVHQW�WKHLU�V\VWHPV��)RU�WKLV�FRPSHWLWLRQ��ZH�ZLOO�WU\�WR�FRPELQH

&RQFHSWXDO�'HQVLW\�ZLWK� VHYHUDO� GLFWLRQDU\� WHFKQLTXHV� �UHODWHG� WR� WKRVH�XVHG� LQ� FKDSWHU� 9,�� DQG

SUHVHQW� D� GLVDPELJXDWLRQ� V\VWHP� WKDW� GRHV� QRW� QHHG� DQ\� WUDLQLQJ�� :H� DOVR� SODQ� WR� SUHVHQW� DQ

DGGLWLRQDO� V\VWHP�� ZKLFK� ZLOO� FRPELQH� WKH� SUHYLRXV� ZLWK� D� FRQWH[W�EDVHG� WUDLQDEOH� V\VWHP� �FI�

FKDSWHU�9��

;�&��� $XWRPDWLF�6SHOOLQJ�&RUUHFWLRQ��&KDSWHU�9�

:KHQ�GHVLJQLQJ�WKH�H[SHULPHQW�ZH�GLG�QRW�EHDU�LQ�PLQG�WKDW�WKH�OHDUQLQJ�FRUSXV��%URZQ��DQG�WKH

WHVWLQJ� FRUSXV� �%DQN� RI� (QJOLVK�� ZHUH� IURP� GLIIHUHQW� GLDOHFWV�� ,W� LV� IRU� VXUH� WKDW� WKLV� PLVPDWFK

DIIHFWV�QHJDWLYHO\�WR�WKH�UHVXOWV�RI�WKH�RYHUDOO�IUHTXHQF\�DQG�WHFKQLTXHV�EDVHG�RQ�FRQWH[W�VWDWLVWLFV�

7KH� EHVW� VROXWLRQ� ZRXOG� EH� WR� OHDUQ� IURP� WKH� KHOG�RXW� GDWD� RI� WKH� %DQN� RI� (QJOLVK�� EXW�

XQIRUWXQDWHO\��WKHUH�DUH�VHULRXV�OLPLWDWLRQV�WR�JHW�WKH�GDWD��&RQVHTXHQWO\��WKH�FRUSXV�RI�UHDO�HUURUV

KDG�D�YHU\�VPDOO�FRQWH[W�ZLQGRZ�DURXQG�WKH�HUURU��PRUH�RU�OHVV�RQH�VHQWHQFH���7KLV�KDV�VHULRXVO\

GDPDJHG�WKH�KHXULVWLF�WKDW�SURYHG�WR�EH�PRVW�SRZHUIXO��L�H��WKH�GRFXPHQW�IUHTXHQF\��ZKLFK�QHHGV

WR�JDWKHU�IUHTXHQFLHV�IURP�ZKROH�GRFXPHQWV��QRW�MXVW�WKH�VHQWHQFH�DURXQG�WKH�HUURU��:H�DUH�WU\LQJ

WR�RYHUFRPH�WKHVH�OLPLWDWLRQV��ZKLFK�ZRXOG�LPSURYH�VWURQJO\�RXU�UHVXOWV�

,Q� RUGHU� WR� LPSURYH� SUHFLVLRQ� ZH� VKRXOG� UHILQH� WKH� NQRZOHGJH� XVHG�� &RQVWUDLQW� *UDPPDU�� IRU

H[DPSOH��FDQ�EH�EHWWHU�DGDSWHG�WR�GHDO�WH[WV�ZLWK�PLVVSHOOLQJV��VLQFH�WKH�YHUVLRQ�ZH�XVHG�ZDV�QRW

GHVLJQHG� IRU� WKDW�� &RQFHSWXDO� 'HQVLW\�� ZRXOG� DOVR� JHW� EHWWHU� UHVXOWV�� VSHFLDOO\� LQ� FRYHUDJH�� LI

:RUG1HW� ZDV� HQULFKHG� ZLWK� V\QWDJPDWLF� UHODWLRQV�� DOORZLQJ� WR� WDFNOH� SURSRVDOV� IURP� GLIIHUHQW

FDWHJRULHV�

                                                                                                                                                                                    
���

�KWWS���ZZZ�GFV�VKHI�DF�XN�UHVHDUFK�JURXSV�QOS�JDWH�

���

�KWWS���ZZZ�LWUL�EWRQ�DF�XN�HYHQWV�VHQVHYDO�FIS��KWPO



&21&/86,216

��

)LQDOO\��WKH�UHVXOWV�LQ�WKLV�WDVN�GR�QRW�UDWLI\��QRU�GHQ\��RQH�RI�WKH�IHDWXUHV�RI�&RQFHSWXDO�'HQVLW\

WKDW� ZH� PHQWLRQHG� LQ� FKDSWHU� ,,,�� L�H�� WKH� IDFW� WKDW� LW� FDQ� DOVR� EH� XVHG� WR� PHDVXUH� UHODWHGQHVV

EHWZHHQ�ZRUGV�� ,Q� WKH�DOJRULWKP�IRU� DXWRPDWLF� VSHOOLQJ�FRUUHFWLRQ�ZH�KDYH� FKRVHQ� WKH�SURSRVDO

WKDW�KDG�WKH�ZRUG�VHQVH�ZLWK�WKH�KLJKHVW�GHQVLW\��EXW�ZH�VKRXOG�DOVR�WU\�RWKHU�SRVVLELOLWLHV�OLNH��IRU

LQVWDQFH��DGGLQJ�WKH�GHQVLWLHV�IRU�DOO�ZRUG�VHQVHV�RI�HDFK�SURSRVDO��DQG�FKRRVLQJ�WKH�SURSRVDO�ZLWK

WKH�KLJKHVW�RYHUDOO�GHQVLW\�

;�&��� 6WUHQJWKHQ�DQG�HQULFK�OH[LFDO�UHVRXUFHV�IXUWKHU��&KDSWHU�9,��

;�&���D� 0XOWLOLQJXDO�OLQNV�EHWZHHQ�FRQFHSWV

8VLQJ�ZLGHU�ELOLQJXDO�GLFWLRQDULHV�ZRXOG�LPSURYH�WKH�FRYHUDJH�DQG�SUHFLVLRQ�LQ�WKH�/33/�:RUG1HW

OLQN��2Q�WKH�RQH�KDQG��ZH�ZRXOG�KDYH�D�ZLGHU�%LOLQJXDO�:RUG1HW�OLQN��HQDEOLQJ�IRU�PRUH�FRYHUDJH

DQG�SUHFLVLRQ�LQ�WKH�/33/�:RUG1HW�OLQN���2Q�WKH�RWKHU��WKH�ODFN�RI�WUDQVODWLRQ�IRU�D�ZRUG�VHQVH�LQ

/33/� LV� D� VHULRXV� HUURU�VRXUFH�� DQG� D� ZLGHU� ELOLQJXDO� GLFWLRQDU\� ZRXOG� UHGXFH� WKRVH� �EHWWHU

SUHFLVLRQ��

$QRWKHU�RSSRUWXQLW\�WR�UDLVH�WKH�FRYHUDJH�RI�WKH�%LOLQJXDO�:RUG1HW�OLQN�LV�JLYHQ�E\�WKH�KHXULVWLFV

EDVHG�RQ�)UHQFK�ZRUG�(QJOLVK�ZRUG�FRXSOHV�DV�XVHG�LQ��2NXPXUD�	�+RY\��������5LJDX�	�$JLUUH�

������$WVHULDV� HW� DO�� �������7KHVH�KHXULVWLFV� DUH�EHLQJ� VXFFHVVIXOO\�XVHG� WR�EXLOG� WKH�6SDQLVK� DQG

%DVTXH�:RUG1HWV� LQFOXGHG� LQ� WKH�(XUR:RUG1HW�SURMHFW��1HYHUWKHOHVV�� WKHVH�ZRUG�FRXSOHV�KDYH

DOVR�WKHLU�GUDZEDFNV��VLQFH�ELOLQJXDO�VHQVHV�DUH�QRW�WDNHQ�LQWR�DFFRXQW�

7KDQNV� WR� WKH� XVH� RI� ELOLQJXDO� VHQVHV�� :RUG1HW� DQG� /33/� FRXOG� EH� HQULFKHG� ZLWK� WKH

VXSSOHPHQWDU\� LQIRUPDWLRQ� DSSHDULQJ� LQ� ELOLQJXDO� GLFWLRQDULHV�� H�J�� FROORFDWLRQDO� LQIRUPDWLRQ

�)RQWHQHOOH��������

$W�SUHVHQW��ZH�DUH�EXLOGLQJ�WKH�%DVTXH�:RUG1HW��OLQNHG�WR�WKH�(XUR:RUG1HW�DQG�,7(0�SURMHFWV�

PDNLQJ� XVH� RI� WKH� WHFKQLTXHV� SUHVHQWHG� LQ� FKDSWHU� 9,� DQG� WKH� ZRUG� FRXSOHV� WKDW� ZH� KDYH� MXVW

PHQWLRQHG�DSSOLHG�WR�D�%DVTXH�(QJOLVK�ELOLQJXDO�GLFWLRQDU\��$XOHVWLD�	�:KLWH���������7KH�6SDQLVK

:RUG1HW� FXUUHQWO\� XQGHU� FRQVWUXFWLRQ�� FRXOG� EH� DOVR� IHG� LQWR� WKH� %DVTXH� :RUG1HW� XVLQJ� D

%DVTXH�6SDQLVK� GLFWLRQDU\� �(OKX\DU�� ������� 8VLQJ� VHYHUDO� ELOLQJXDO� GLFWLRQDULHV� �%DVTXH�6SDQLVK�

%DVTXH�(QJOLVK�DQG�6SDQLVK�(QJOLVK��FRYHUDJH�DQG�SUHFLVLRQ�FRXOG�EH�LPSURYHG�

7KH�PHWKRGV�GHYHORSHG�IRU�WKLV�FKDSWHU�FDQ�EH�XVHG�WR�MRLQ�VWUXFWXUHG�OH[LFDO�UHVRXUFHV�LQ�JHQHUDO�

DQG� WKLV� FDQ� KDYH� D� KHDY\� LPSDFW� RQ� WKH� FRQVWUXFWLRQ� RI� IXWXUH� RQWRORJLHV� DQG� /.%V�� $� JLYHQ

UHVRXUFH�FDQ�EH�IHG�ZLWK�WKH�NQRZOHGJH�LQ�DQRWKHU��LQ�WKH�VDPH�ODQJXDJH�RU�LQ�D�GLIIHUHQW�RQH���DQG
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WKLV�ORRNV�OLNH�D�SURPLVLQJ�DYHQXH�LQ�WKH�EXLOGLQJ�RI�ULFKHU�RQWRORJLHV��IROORZLQJ�WKH�SURSRVDOV�RI

WKH�$16,�$G�+RF�FRPPLWWHH�RQ�2QWRORJ\�6WDQGDUGV
���

��+RY\������D������E��

;�&���E� *HQXV�GLVDPELJXDWLRQ

$OWKRXJK�WKH�REWDLQHG�UHVXOWV�DUH�YHU\�JRRG��WKHUH�LV�VWLOO�URRP�IRU�LPSURYHPHQW��$V�SURSRVHG�LQ�D

MRLQW�SDSHU��5LJDX�HW�DO���������DIWHU�DSSO\LQJ�WKH�*HQXV�GLVDPELJXDWLRQ�WHFKQLTXHV��FI��FKDSWHU�9,�

RQ�WKH�'*,/(��$OYDU��������6SDQLVK�GLFWLRQDU\��ZH�FOXVWHUHG�WKH�JHQXV�DFFRUGLQJ�WR�WKH�:RUG1HW

VHPDQWLF�FRGH�DVVLJQHG��,I�RQO\�WKH�VHQVHV�DSSHDULQJ�PRUH� IUHTXHQWO\�IRU�HDFK�VHPDQWLF�FRGH�DUH

FRQVLGHUHG�� SUHFLVLRQ� LPSURYHV� FRQVLGHUDEO\�� DW� WKH� FRVW� RI� FRYHUDJH�� :H� WULHG� WKLV� PHWKRG� RQ

/33/�WRR��EXW�GXH�WR�WKH�VPDOO�VL]H�RI�WKH�GLFWLRQDU\��WKH�IUHTXHQFLHV�ZHUH�QRW�KLJK�HQRXJK��DQG

SUHFLVLRQ�GLG�QRW�LPSURYH�

7KH�UHVHDUFK�PDGH� LQ�FRQMXQFWLRQ�ZLWK�WKH�FRPSXWDWLRQDO� OH[LFRJUDSK\�JURXS� LQ� WKH�3RO\WHFKQLF

8QLYHUVLW\�RI�&DWDORQLD�VXJJHVWV�WKDW�WKH�GHYHORSHG�PHWKRG�LV�VXFFHVVIXO�ZLWK�ERWK�VPDOO�DQG�ODUJH

GLFWLRQDULHV��)URP� ODUJHU�GLFWLRQDULHV�ZH�JHW�ZLGHU�DQG�PRUH� LQWHUHVWLQJ�KLHUDUFKLHV��RIIHULQJ�DOVR

EHWWHU�FKRLFHV�IRU�LPSURYHPHQW�

5HJDUGLQJ� WKH� YRWLQJ� UHVXOWV�� ZH� WKLQN� LW� ZRXOG� EH� LQWHUHVWLQJ� WR� DQDO\]H� PRUH� VRSKLVWLFDWHG

PHWKRGV��,Q�D�VPDOO�VWXG\��ZH�REVHUYHG�WKDW�FRQVLGHULQJ�RQO\�GHFLVLRQV�LQYROYLQJ�D�PDMRULW\�RI�DW

OHDVW���KHXULVWLFV��SUHFLVLRQ�ZRXOG�ULVH�XS�WR������EXW�UHGXFLQJ�FRYHUDJH�GRZQ�WR�����

2Q�WKH�RWKHU�KDQG��ZKHQ�GLVDPELJXDWLQJ��ZH�MXVW�XVHG�WKH�LQIRUPDWLRQ�LQ�WKH�GHILQLWLRQ�LWVHOI��:H

DOVR�SODQ�WR�GLVDPELJXDWH�ZKROH�KLHUDUFKLHV��)RU�LQVWDQFH��ZKHQ�GLVDPELJXDWLQJ�D�JLYHQ�JHQXV��ZH

FRXOG� EHDU� LQ� PLQG� WKH� K\SRQ\PV� DQG� K\SHUQ\PV� RI� HDFK� VHQVH� RI� WKH� JHQXV� DQG� WKH

GLVDPELJXDWHG�K\SRQ\PV�RI�WKH�GHILQLHQGXP�

,Q�WKH�VDPH�ZD\��DIWHU�OLQNLQJ�WKH�GLVDPELJXDWHG�KLHUDUFKLHV�WR�WKH�WRS�OD\HU�RI�:RUG1HW��ZH�FDQ

WDNH�DGYDQWDJH�RI�WKH�H[WUD�LQIRUPDWLRQ�DQG�WU\�WR�UH�GLVDPELJXDWH�WKH�KLHUDUFKLHV�

;�&���F� /LQNLQJ�LVRODWHG�KLHUDUFKLHV�H[WUDFWHG�IURP�GLFWLRQDULHV

:KHQ�EXLOGLQJ�WKH�KLHUDUFKLHV��ZH�KDYH�QRW�WDNHQ�LQWR�DFFRXQW�WKH�V\QRQ\P\�UHODWLRQ��0RVW�RI�WKH

OLWHUDWXUH�GRHV�QRW�SD\�DQ\�DWWHQWLRQ�WR�V\QRQ\P\�DV�H[WUDFWHG�IURP�GLFWLRQDULHV��EXW�LQ�WKH�FDVH�RI

/33/�PDQ\�GHILQLWLRQV�RI�QRXQV�JLYH�MXVW�V\QRQ\PV��WKH�����RI�DOO�ZRUG�VHQVHV���$UWROD���������LQ

WKH�/.%�H[WUDFWHG�IURP�/33/��FRSLHG�WKH�H[WUDFWHG�UHODWLRQV�EHWZHHQ�V\QRQ\PV��DQG�LW�ZRXOG�EH

LQWHUHVWLQJ� WR� HYDOXDWH� WKH� LPSDFW� RI� VXFK� D� PHWKRG� LQ� WKH� GLVDPELJXDWHG� KLHUDUFK\�� 2WKHU

                                                          
� �

�KWWS���NVO�ZHE�VWDQIRUG�HGX�RQWR�VWG�
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DSSURDFKHV� IRU� WKH� UHSUHVHQWDWLRQ�RI� V\QRQ\P\�� VXFK� DV� JURXSLQJ� DOO� V\QRQ\P�ZRUG� VHQVHV� LQ� D

VLQJOH�FRQFHSW��:RUG1HW���ZRXOG�KDYH�WR�EH�VWXGLHG�WRR�

$OWKRXJK�WKH�PHWKRG�WR� OLQN�LVRODWHG�KLHUDUFKLHV�XVLQJ�WKH�WRS�OD\HU�RI�:RUG1HW�JDYH�SURPLVLQJ

UHVXOWV��WKH�TXDOLW\�RI�WKH�REWDLQHG�KLHUDUFK\�ZDV�QRW�WKRURXJKO\�HYDOXDWHG��$W�SUHVHQW��WKHUH�LV�QR

DJUHHG� SURFHGXUH� WR� HYDOXDWH� WKH� TXDOLW\� RI� RQWRORJLHV�� DSDUW� IURP� WKH� QXPEHU� RI� FRUUHFW

K\SRQ\P�K\SHUQLP� OLQNV��ZKLFK�ZH�DOUHDG\�SURYLGHG� �������7KLV�PHDVXUH�EHLQJ� YHU\� OLPLWHG�� LW

FRXOG� EH� LQWHUHVWLQJ� WR� HYDOXDWH� WKH� PHWKRG� DFFRUGLQJ� WR� WKH� XVHIXOQHVV� IRU� D� JLYHQ� WDVN�� OLNH

LQIRUPDWLRQ� UHWULHYDO�� IRU� LQVWDQFH��%HVLGHV��ZH�FDQ�QRW� IRUJHW� WKH�$16,�DG�KRF�2QWRORJ\�6WDQGDUGV

*URXS�� DOUHDG\�PHQWLRQHG��ZKLFK� LV� �ZRUNLQJ�DOVR�RQ�RQWRORJ\�HYDOXDWLRQ�JXLGHOLQHV��ZLWKRXW� DQ\

SXEOLVKHG�UHVXOW�IRU�WKH�WLPH�EHLQJ�

;�&���G� 9LFLRXV�FLUFOH

$PRQJ�WKH�WKUHH�PDLQ�WDVNV��WKDW�LV��WKH�/33/�:RUG1HW�OLQN��WKH�GLVDPELJXDWLRQ�RI�JHQXV�LQ�/33/

DQG� WKH�EXLOGLQJ�RI� WKH� WRS� OD\HU� WR�FRQQHFW� WKH� LVRODWHG�KLHUDUFKLHV�RI�/33/��ZH�KDYH�FRPSOH[

LQWHUUHODWLRQV�� ,Q� WKLV� GLVVHUWDWLRQ�� ZH� KDYH� SHUIRUPHG� WKHP� VHTXHQWLDOO\�� LQ� WKH� RUGHU� MXVW

PHQWLRQHG�� EXW� WKH� LQWHUUHODWLRQV� DPRQJ� WKH� WKUHH� SURFHGXUHV� ZRXOG� KDYH� WR� EH� EHWWHU� VWXGLHG�

2QFH�WKH�KLHUDUFKLHV�RI�/33/�KDYH�EHHQ�GLVDPELJXDWHG�DQG� MRLQHG�E\�PHDQV�RI�WKH� WRS� OD\HU�RI

:RUG1HW��YLD�/33/�:RUG1HW�OLQNV���ZH�KDYH�PRUH�LQIRUPDWLRQ�WR�GR�WKH�/33/�:RUG1HW�OLQN��DV

ZH� DUH�QRZ� OLQNLQJ� IXOO� KLHUDUFKLHV�� DQ��G�EHWWHU� UHVXOWV� FDQ�EH� H[SHFWHG�� %HVLGHV�� DV� PHQWLRQHG

DERYH��DIWHU�EXLOGLQJ� WKH� WRS� OD\HU�� JHQXV�GLVDPELJXDWLRQ�ZRXOG�EH�HDVLHU��0RUHRYHU��ZLWK�EHWWHU

ELOLQJXDO� OLQNV��ERWK�JHQXV�GLVDPELJXDWLRQ�DQG� WKH�WRS� OD\HU�ZRXOG� LPSURYH��$Q� LWHUDWLYH�SURFHVV

VXJJHVWV�LWVHOI�

$QRWKHU�LQWHUHVWLQJ�DSSURDFK�FRXOG�EH�WKH�XVH�RI�QHXUDO�QHWV��$OO�WKH�UHVXOWV�GHVFULEHG�LQ�FKDSWHU

9,�²/33/�:RUG1HW�OLQN��WKH�GLVDPELJXDWHG�K\SRQ\P�K\SHUQLP�UHODWLRQV�IURP�/33/��:RUG1HW

KLHUDUFK\²� FDQ� EH� UHSUHVHQWHG� DV� DQ� DUFK� LQ� D� QHXUDO� QHW�� ,I� ZH� GHVLJQ� DQ� DSSURSULDWH� HQHUJ\

IXQFWLRQ��ZH�FDQ�DSSO\�NQRZQ� WHFKQLTXHV�VR�DV� WR� ILQG� WKH�RSWLPDO� FRPELQDWLRQ�RI� DUFV��6XFK�D

QHXUDO�QHW�ZRXOG�GHFLGH�DW�WKH�VDPH�WLPH�WKH�EHVW�:RUG1HW�OLQN�DQG�K\SHUQ\P�IRU�D�JLYHQ�/33/

VHQVH�

;�&���H� 2WKHUV

(YHQ� LI� ZH� KDYH� VWXGLHG� WKH� DXWRPDWLF� FRQVWUXFWLRQ� DQG� HQULFKPHQW� RI� /.%V�� ZH� KDYH� QRW

H[SORUHG�DOO� LWV� LPSOLFDWLRQV��)RU� LQVWDQFH�� WKH�H[WUDFWLRQ�IURP�WKH�GLIIHUHQWLD� LQ� WKH�GHILQLWLRQV

�$UWROD��������ZDV�QRW�WRXFKHG��7KH�XVH�RI�WKH�GLIIHUHQWLD�KDV�DOZD\V�EHHQ�FRQVLGHUHG�LQWHUHVWLQJ

DQG� FXUUHQW� ZRUN� �VHH�� IRU� H[DPSOH�� 5LFKDUGVRQ�� ������ VKRZV� D� UHQHZDO� RI� LQWHUHVW� LQ� WKLV� DUHD�
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%HVLGHV�� ZH� DOVR� WKLQN� WKDW� WKH� DQDO\VLV� RI� WKH� H[DPSOH� VHQWHQFHV� FDQ� JLYH� FRPSOHPHQWDU\

LQIRUPDWLRQ��DV�WKH\�JLYH�LQWHUHVWLQJ�LQIRUPDWLRQ�DERXW�WKH�FRQWH[W�RI�WKH�ZRUG�VHQVH�

7KH�DXWRPDWLF�EXLOGLQJ�RI�PXOWLOLQJXDO�KLHUDUFKLHV� LV�D� ILHOG�FORVH�WR� WKLV�GLVVHUWDWLRQ��:KHQ

OLQNLQJ� VWUXFWXUHG� UHVRXUFHV� RI� GLIIHUHQW� ODQJXDJHV�� ZH� DUH� LPSOLFLWO\� EXLOGLQJ� PXOWLOLQJXDO

KLHUDUFKLHV�� ,Q� IDFW�� WKLV� LQYROYHV� VWXG\LQJ� ZKHWKHU� LW� LV� SRVVLEOH� WR� IHHG� WKH� LQIRUPDWLRQ� RI

RQWRORJLHV� LQ� D� JLYHQ� ODQJXDJH� �VHPL�� DXWRPDWLFDOO\� LQWR� DQRWKHU� ODQJXDJH�� $W� WKH� VDPH� WLPH�

TXHVWLRQV� DULVH� VXFK� DV� ZKHWKHU� ZH� FDQ� EXLOG� XQLYHUVDO� KLHUDUFKLHV�� ZKHWKHU� LQIRUPDWLRQ� IURP

GLIIHUHQW�KLHUDUFKLHV�DUH�FRPSDWLEOH��ZKHWKHU� LW� LV�FRQYHQLHQW� WR� OLQN�DXWRPDWLFDOO\� WKH� WRS� OD\HUV�

HWF�

5HJDUGLQJ�%DVTXH��ZH�KDYH�WR�PHQWLRQ�WKH�ZRUN�FDUULHG�RXW�E\�RXU�UHVHDUFK�JURXS�RQ�WKH�(XVNDO

+L]WHJLD� �6DUDVROD���������7KH�JRDO�RI� WKLV�SURMHFW� LV� WR�H[WUDFW� D�ZLGH�/.%� IRU�%DVTXH�� ULFK� LQ

VHPDQWLF� LQIRUPDWLRQ�� :H� KDYH� SHUIRUPHG� WKH� VWXG\� RI� WKH� VWUXFWXUH� RI� WKH� GLFWLRQDU\� DQG

WUDQVODWHG�IROORZLQJ�WKH�7(,�JXLGHOLQHV��$UULROD�HW�DO������������D������E����:H�KDYH�FRQFOXGHG�WKH

VHDUFK� RI� JHQXV� DQG� VSHFLDO� UHODWRUV� IRU� QRXQ� GHILQLWLRQV� �$JLUUH� HW� DO�� ������� DQG� DUH� FXUUHQWO\

FDUU\LQJ�RXW�WKH�DQDO\VLV�IRU�YHUEV�DQG�DGMHFWLYHV��WKH�DQDO\VLV�RI�H[DPSOH�VHQWHQFHV��DQG�WKH�OLQN�WR

:RUG1HW��1H[W��ZH�SODQ�WR�FRQVWUXFW�WKH�GLVDPELJXDWHG�KLHUDUFKLHV�IRU�QRXQ��YHUE�DQG�DGMHFWLYHV�

IROORZLQJ�WKH�PHWKRG�SUHVHQWHG�LQ�FKDSWHU�9,��0RUHRYHU��WKH�VWXG\�RI�WKH�VXEODQJXDJH�XVHG�LQ�WKH

GHILQLWLRQV� RI� WKH� %DVTXH� 'LFWLRQDU\� LV� JRLQJ� RQ�� DQG� ZH� ZLOO� VRRQ� DSSO\� VXSHUILFLDO� V\QWDFWLF

WHFKQLTXHV�WR�H[WUDFW�IXUWKHU�UHODWLRQV�IURP�WKH�GLIIHUHQWLD�



��

%LEOLRJUDSK\

$GXUL]�� ,��� � $OHJULD�� ,��� � $UWROD�� ;��� � (]HL]D�� 1��� 6DUDVROD�� .�� DQG� 8UNLD�� 0�� ������ $� 6SHOOLQJ
&RUUHFWRU�IRU�%DVTXH�%DVHG�RQ�PRUSKRORJ\��LQ�/LWHUDU\�DQG�/LQJXLVWLF�&RPSXWLQJ��YRO������QR����
2[IRUG�8QLYHUVLW\�3UHVV��2[IRUG��(QJODQG��

$JLUUH�� (�� ������ &RQWULEXFLyQ� GH� OD� ,QIRUPDFLyQ� /p[LFR�6pPDQWLFD� HQ� OD� $XWRPDWL]FLyQ� GH� OD
&RUUHFFLyQ� GH� (UURUHV�� LQ� :RUNVKRS� VREUH� /H[LFRJUDItD� &RPSXWDFLRQDO�� 8QSXEOLVKHG� SDSHU
�'RQRVWLD��%DVTXH�&RXQWU\��

$JLUUH�� (�� DQG� 5LJDX�� *�� ������ $� SURSRVDO� IRU� :RUG� 6HQVH� 'LVDPELJXDWLRQ� XVLQJ� &RQFHSWXDO
'LVWDQFH�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ� 5HFHQW� $GYDQFHV� LQ� 1DWXUDO� /DQJXDJH� 3URFHVVLQJ� �7]LJRY
&KDUN��%XOJDU\��

$JLUUH��(��DQG�5LJDX��*������D��:RUG�6HQVH�'LVDPELJXDWLRQ�XVLQJ�&RQFHSWXDO�'HQVLW\��LQ�3URF��RI
&2/,1*��&RSHQKDJHQ��'HQPDUN��

$JLUUH��(�� DQG�5LJDX��*�� ����E��$Q�([SHULPHQW�RQ� :RUG� 6HQVH� 'LVDPELJXDWLRQ� RI� WKH� %URZQ
&RUSXV� XVLQJ� :RUG1HW�� LQ� 0&&6��������� &RPSXWLQJ� 5HVHDUFK� /DERUDWRU\� �/DV� &UXFHV�
1HZ�0H[LFR��

$JLUUH��(���$UUHJL��;���$UWROD��;���'tD]�GH�,ODUUD]D��$���6DUDVROD��.������D��$�PHWKRGRORJ\�IRU�WKH
H[WUDFWLRQ� RI� VHPDQWLF� NQRZOHGJH� IURP� GLFWLRQDULHV� XVLQJ� SKUDVDO� SDWWHUQV�� LQ� 3URF�� RI
,%(5$0,$�� ,9� &RQJUHVR� ,EHURDPHULFDQR� GH� ,QWHOLJHQFLD� $UWLILFLDO�� SS�� ��������� 0F*UDZ�+LOO
�&DUDFDV��9HQH]XHOD��

$JLUUH��(���$UUHJL��;���$UWROD��;���'tD]�GH�,ODUUD]D��$���6DUDVROD��.������E��&RQFHSWXDO�'LVWDQFH�DQG
$XWRPDWLF�6SHOOLQJ�&RUUHFWLRQ��LQ�3URF��RI�WKH�:RUNVKRS�RQ�&RPSXWDWLRQDO�/LQJXLVWLFV�IRU�6SHHFK�DQG
+DQGZULWLQJ�5HFRJQLWLRQ��/HHGV��(QJODQG��

$JLUUH��(���$UUHJL��;���$UWROD��;��� 'tD]�GH� ,ODUUD]D��$��� 6DUDVROD��.�� ����F�� ,QWHOOLJHQW� 'LFWLRQDU\
+HOS� 6\VWHPV�� LQ� %UHNNH�� 0��� $QGHUVHQ�� ,��� 'DKO�� 7�� DQG� 0\NLQJ�� -�� �HGV��� $SSOLFDWLRQV� DQG
,PSOLFDWLRQV�RI�FXUUHQW�/63�5HVHDUFK��)DNERNIRUODJHW��1RUZD\��

$JLUUH�� (��� $UUHJL�� ;��� $UWROD�� ;��� 'tD]� GH� ,ODUUD]D�� $��� 6DUDVROD�� .�� ����G�� /H[LFDO� .QRZOHGJH
5HSUHVHQWDWLRQ�LQ�DQ�,QWHOOLJHQW�'LFWLRQDU\�+HOS�6\VWHP��LQ�3URF��RI�&2/,1*��.\RWR��-DSDQ��

$JLUUH�� (��� $UUHJL�� ;��� $UWROD�� ;��� 'tD]� 'H� ,ODUUD]D�� $��� 6DUDVROD� .�� ������ /H[LFDO�6HPDQWLF
,QIRUPDWLRQ�DQG�$XWRPDWLF�&RUUHFWLRQ�RI�6SHOOLQJ�(UURUV�� LQ�.��.RUWD�	�-��0��/DUUD]DEDO
�HGV��� 6HPDQWLFV� $QG�3UDJPDWLFV�2I� 1DWXUDO� /DQJXDJH�� /RJLFDO� $QG� &RPSXWDWLRQDO� $VSHFWV�� QR�� ��
,OFOL�6HULHV��'RQRVWLD��%DVTXH�&RQWU\��
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$JLUUH��(���$UUHJL��;���$UWROD��;���'tD]�GH�,ODUUD]D��$���6DUDVROD��.��DQG�6RURD��$��������&RQVWUXFWLQJ
DQ�,QWHOOLJHQW�'LFWLRQDU\�+HOS�6\VWHP��LQ�1DWXUDO�/DQJXDJH�(QJLQHHULQJ��&DPEULGJH�8QLYHUVLW\
3UHVV��&DPEULGJH��(QJODQG��

$JLUUH��(���$QVD��2���$UUHJL��;���$UULROD�� -�0���'tD]�GH� ,ODUUD]D�� $��� /HUVXQGL�� 0��� 6RURD�� $�� DQG
8UL]DU��5������D��([WUDFFLyQ�GH�UHODFLRQHV�VHPiQWLFDV�PHGLDQWH�JUDPiWLFDV�GH�UHVWULFFLRQHV�
LQ�3URF��RI�6RFLHGDG�(VSDxROD�SDUD�HO�3URFHVDPLHQWR�GHO�/HQJXDMH�1DWXUDO��$OLFDQWH��6SDLQ��

$JLUUH�� (��� *RMHQROD�� .��� 6DUDVROD�� .�� DQG� 9RXWLODLQHQ�� $�� ����E�� 7RZDUGV� D� 6LQJOH� 3URSRVDO� LQ
6SHOOLQJ�&RUUHFWLRQ��LQ�3URF��RI�WKH�MRLQW�&2/,1*�DQG�$&/�PHHWLQJ�

$JLUUH�� (��� *RMHQROD�� .��� 6DUDVROD�� .�� DQG� 9RXWLODLQHQ�� $�� ����F�� 7RZDUGV� D� 6LQJOH� 3URSRVDO� LQ
6SHOOLQJ�&RUUHFWLRQ��LQ�839�(+8�/6,�75�������839�(+8��'RQRVWLD��%DVTXH�&RXQWU\��

$KOVZHGH��7�(��������1HZ�WHFKQLTXH�IRU�LGHQWLI\LQJ�UHODWLRQDO�VWUXFWXUHV�LQ�GLFWLRQDU\�GHILQLWLRQV�
LQ�8��=HUQLN��HGV���3URF��RI�WKH��VW�,QWO��/H[LFDO�$FTXLVLWLRQ�:RUNVKRS�

$/3$&� ������ /DQJXDJH� DQG� 0DFKLQH�� &RPSXWHUV� LQ� 7UDQVODWLRQ� DQG� /LQJXLVWLFV�� 1DWLRQDO
5HVHDUFK�&RXQFLO��:DVKLQJWRQ��86$��

$OVKDZL��+��������$QDO\VLQJ�GLFWLRQDU\�GHILQLWLRQV��LQ�%��%RJXUDHY��7��%ULVFRH��HGV���&RPSXWDWLRQDO
/H[LFRJUDSK\�IRU�1DWXUDO�/DQJXDJH�3URFHVVLQJ��SS�����������/RQJPDQ��1HZ�<RUN��86$��

$OYDU��0���HG���������'LFFLRQDULR�*HQHUDO�,OXVWUDGR�GH�OD�/HQJXD�(VSDxROD��%LEORJUDI��%DUFHORQD�
&DWDORQLD��

$PVOHU��5��$��������7D[RQRP\�IRU�(QJOLVK�1RXQ�DQG�9HUEV��LQ�3URF��RI�WKH���WK�$QQXDO�0HHWLQJ�RI�WKH
$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV��SS����������

$UUHJL��;��������$QKLW]��LW]XOSHQHDQ�ODJXQW]HNR�KL]WHJL�VLVWHPD�HOHDQLW]D��LQ�3K�'��WKHVLV��839�(+8
�'RQRVWLD��%DVTXH�&RXQWU\��

$UULROD��-�0�DQG�6RURD��$��������/H[LFDO�,QIRUPDWLRQ�([WUDFWLRQ�IRU�%DVTXH��LQ�6WXGHQW�&RQIHUHQFH�LQ
&RPSXWDWLRQDO�/LQJXLVWLFV��0RQWUHDO��&DQDGD��

$UULROD��-�0���$UWROD�;���6RURD�$�������$QiOLVLV�DXWRPiWLFR�GHO�GLFFLRQDULR�+DXWD�/DQHUDNR�(XVNDO
+L]WHJLD�� LQ� 3URFHVDPLHQWR� GHO� /HQJXDMH� 1DWXUDO�� QR�� ���� SS�� ��������� 6(3/1� �%LOER�� %DVTXH
&RXQWU\��

$UULROD�� -�0��� $UWROD� ;��� 6RURD� $�� ������ $XWRPDWLF� H[WUDFWLRQ� RI� OH[LFDO� LQIRUPDWLRQ� IURP� DQ
RUGLQDU\�GLFWLRQDU\��LQ�3URF��RI�(85$/(;��*|WHERUJ��6ZHGHQ��

$UWROD��;��������+,=768$��+L]WHJL�VLVWHPD�XUJD]OH� DGLPHQGXQDUHQ� VRUNXQW]D� HWD� HUDLNXQW]D�� LQ
3K�'��WKHVLV��839�(+8��'RQRVWLD��%DVTXH�&RXQWU\��

$WVHULDV�� -��� &OLPHQW�� 6��� )DUUHUHV�� ;��� 5LJDX�� *�� DQG� 5RGUtJXH]�� +�� ������ &RPELQLQJ� 0XOWLSOH
0HWKRGV�IRU�WKH�$XWRPDWLF�&RQVWUXFWLRQ�RI�0XOWLOLQJXDO�:RUG1HWV��LQ�3URF��RI� WKH�&RQIHUHQFH
RQ�5HFHQW�$GYDQFHV�LQ�1DWXUDO�/DQJXDJH�3URFHVVLQJ��7]LJRY�7FKDUN��%XOJDU\��

$XOHVWLD��*��DQG�:KLWH��/��������(XVNDUD�LQJHOHVD�KL]WHJLD��(ONDU��'RQRVWLD��%DVTXH�&RXQWU\��

%DU�+LOOHO��<�� ������$XWRPDWLF� 7UDQVODWLRQ�RI�/DQJXDJHV�� LQ�)��$OW��$�� 'RQDOG� %RRWK�� DQG� 5�(�
0HDJKHU��HGV���$GYDQFHV�LQ�&RPSXWHUV��$FDGHPLF�3UHVV��1HZ�<RUN��86$��
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%DVLOL��5���'HOOD�5RFFD��0���3D]LHQ]D��0�7��DQG�9HODUGL��3��������&RQWH[WV�DQG�FDWHJRULHV��WXQLQJ�D
JHQHUDO�SXUSRVH�FODVVLILFDWLRQ�WR�VXEODQJXDJHV��LQ�3URFHHGLQJV�RI�WKH�&RQIHUHQFH�RQ�5HFHQW�$GYDQFHV
RQ�1DWXUDO�/DQJXDJH�3URFHVVLQJ��7]LJRY�&KDUN��%XOJDU\��

%DVLOL�� 5�� 'HOOD� 5RFFD�� 0�� DQG� 3D]LHQ]D�� 0�7�� ������ 7RZDUGV� D� %RRWVWUDSSLQJ� )UDPHZRUN� IRU
&RUSXV�6HPDQWLF�7DJJLQJ��LQ�3URF��RI�WKH�$&/�6,*/(;�:RUNVKRS�RQ�7DJJLQJ�WH[W�ZLWK�/H[LFDO
6HPDQWLFV��:K\��:KDW�DQG�+RZ��:DVKLQJWRQ��86$��

%DWHPDQ�� -�$�� ������ 8SSHU� PRGHOLQJ�� RUJDQL]LQJ� NQRZOHGJH� IRU� QDWXUDO� ODQJXDJH� SURFHVVLQJ�� LQ
3URF��RI��WK�,QWO��:RUNVKRS�RQ�1DWXUDO�/DQJXDJH�*HQHUDWLRQ��3LWWVEXUJK��86$��

%LEORJUDI� ������ 'LFFLRQDULR� 9R[�+DUUDS·V� (VHQFLDO� (VSDxRO�,QJOpV�� %LEORJUDI� �%DUFHORQD�
&DWDORQLD��

%LQRW��-�/��DQG�-HQVHQ��.��������$�VHPDQWLF�H[SHUW�XVLQJ�DQ�RQOLQH�VWDQGDUG�GLFWLRQDU\�� LQ�3URF��RI
,-&$,�

%LVVRQ��*��������:K\�DQG�+RZ�WR�'HILQH�D�6LPLODULW\�0HDVXUH�IRU�2EMHFW�%DVHG�5HSUHVHQWDWLRQ
6\VWHPV��LQ�1�-�,��0DUV��HGV���7RZDUGV�9HU\�/DUJH�.QRZOHGJH�%DVHV��,26�3UHVV�

%RJXUDHY��%��DQG�%ULVFRH��7��������/DUJH�/H[LFRQV�IRU�1DWXUDO�/DQJXDJH�3URFHVVLQJ��8WLOLVLQJ�WKH
*UDPPDU�&RGLQJ�6\VWHP�RI�/'2&(��LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR������

%RJXUDHY�� %�� DQG� %ULVFRH�� 7�� �HGV��� ������ &RPSXWDWLRQDO� /H[LFRJUDSK\� IRU� 1DWXUDO� /DQJXDJH
3URFHVVLQJ��/RQJPDQ��1HZ�<RUN��86$��

%ULVFRH��7���&RSHVWDNH��$��DQG�%RJXUDHY��%��������(QMR\�WKH�SDSHU��OH[LFDO�VHPDQWLFV�YLD�OH[LFRORJ\�
LQ�3URF��RI�&2/,1*�

%ULVFRH�� 7��� GH� 3DLYD�� 9�� DQG� &RSHVWDNH�� $�� ������ ,QKHULWDQFH�� 'HIDXOWV�� DQG� WKH� /H[LFRQ�
&DPEULGJH�8QLYHUVLW\�3UHVV��&DPEULGJH��(QJODQG��

%UXFH��5��DQG�*XWKULH��/��������%XLOGLQJ�D�1RXQ�7D[RQRP\�IURP�D�0DFKLQH�5HDGDEOH�'LFWLRQDU\�
LQ�0&&6���������&RPSXWLQJ�5HVHDUFK�/DERUDWRU\��/DV�&UXFHV��1HZ�0H[LFR��

%UXFH��5���:LONV��<���*XWKULH��/���6ODWRU��%��DQG�'XQQLQJ��7��������1RXQ6HQVH���$�'LVDPELJXDWHG
1RXQ� 7D[RQRP\� ZLWK� D� 6HQVH� RI� +XPRXU�� LQ� 0&&6��������� &RPSXWLQJ� 5HVHDUFK
/DERUDWRU\��/DV�&UXFHV��1HZ�0H[LFR��

%\UG��5�-���&DO]RODUL��1���&KRGRURZ��0�6���.ODYDQV��-�/���1HII��0�6��DQG�5L]N��2�$��������7RROV�DQG
0HWKRGV�IRU�&RPSXWDWLRQDO�/H[LFRORJ\��LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR������

%\UG�� 5�-�� ������ &RPSXWDWLRQDO� /H[LFRORJ\� IRU� %XLOGLQJ� 2Q�/LQH� 'LFWLRQDULHV�� WKH� :RUGVPLWK
([SHULHQFH�� LQ� /�� )LJQRQL� DQG� &�� 3HWHUV� �HGV��� &RPSXWDWLRQDO� /H[LFRORJ\� DQG� /H[LFRJUDSK\�
*LDUGLQL��3LVD��,WDO\��

&DO]RODUL��1��������6HPDQWLF�OLQNV�DQG�WKH�GLFWLRQDU\��LQ�3URF��RI�WKH�,QWO��&RQIHUHQFH�RQ�&RPSXWHUV�DQG�WKH
+XPDQLWLHV�

&DVWHOOyQ��,��������/H[LFRJUDILD�&RPSXWDFLRQDO��$GTXLVLFLyQ�$XWRPiWLFD�GH�&RQRFLPLHQWR�/p[LFR�
LQ�3K�'��WKHVLV��8QLYHUVLWDW�GH�%DUFHORQD��%DUFHORQD��&DWDORQLD��
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&KHQ�� +��� /\QFK�� .�-��� %DVX�� .�� DQG� 1J�� 7�'�� ������ *HQHUDWLQJ�� ,QWHJUDWLQJ�� DQG� $FWLYDWLQJ
7KHVDXUL�IRU�&RQFHSW�%DVHG�'RFXPHQW�5HWULHYDO��LQ�,(((�([SHUW�

&KRGRURZ��0�6���%\UG��5�-��DQG�+HLGRUQ��*�(��������([WUDFWLQJ� VHPDQWLF�KLHUDUFKLHV� IURP� ODUJH
RQ�OLQH� GLFWLRQDU\�� LQ� 3URF�� RI� WKH� ��UG� $QQXDO� 0HHWLQJ� RI� WKH� $VVRFLDWLRQ� IRU� &RPSXWDWLRQDO
/LQJXLVWLFV�

&KRGRURZ��0�6���5DYLQ��<��DQG�6DFKDU��+�(��������$�WRRO�IRU�LQYHVWLJDWLQJ�WKH�V\QRQ\P\�UHODWLRQ
LQ� D� VHQVH� GHVDPELJXDWHG� WKHVDXUXV�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ� $SSOLHG� 1DWXUDO� /DQJXDJH
3URFHVVLQJ��$XVWLQ��86$��

&KXUFK��.��:���+DQNV��3��������:RUG�$VVRFLDWLRQ�1RUPV��0XWXDO�,QIRUPDWLRQ��DQG�/H[LFRJUDSK\�
LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR����

&RKHQ�� 3�� DQG� /RLVHOOH�� &�� ������ %H\RQG� ,6$�� 6WUXFWXUHV� IRU� 3ODXVLEOH� ,QIHUHQFH� LQ� 6HPDQWLF
1HWZRUNV��LQ�3URF��RI�$$$,�

&ROOLQV��$��0�DQG�/RIWXV��(��)��������$�6SUHDGLQJ�$FWLYDWLRQ�7KHRU\�RI�6HPDQWLF�SURFHVVLQJ�� LQ
3V\FKRORJLFDO�5HYLHZ��YRO������QR�����SS����������

&RSHVWDNH���$��������$Q�DSSURDFK�WR�EXLOGLQJ�WKH�KLHUDUFKLFDO�HOHPHQW�RI�D�OH[LFDO�NQRZOHGJH�EDVH
IURP�D�PDFKLQH�UHDGDEOH�GLFWLRQDU\��LQ�3URF��RI��VW�,QWO��:RUNVKRS�RQ�,QKHULWDQFH�LQ�1/3��7LOEXUJ�
1HWKHUODQGV��

&RZLH��-���*XWKULH��-���DQG�*XWKULH��/��������/H[LFDO�'LVDPELJXDWLRQ�8VLQJ�6LPXODWHG�$QQHDOLQJ��LQ
3URF��RI�&2/,1*��1DQWHV��)UDQFH���SS����������

&XFFKLDUHOLL��$��DQG�9HODUGL��3��������$XWRPDWLF�6HOHFWLRQ�RI�&ODVV�/DEHOV�IURP�D�7KHVDXUXV�IRU�DQ
(IIHFWLYH�7DJJLQJ�RI�&RUSRUD��LQ�3URF��RI�WKH��WK�&RQIHUHQFH�RQ�$SSOLHG�1DWXUDO�/DQJXDJH�3URFHVVLQJ�
SS����������

&XQQLQJKDP��+���+XPSKUH\V��.����:LONV��<��DQG�*DL]DXVNDV��5��������6RIWZDUH�,QIUDVWUXFWXUH�IRU
1DWXUDO�/DQJXDJH�3URFHVVLQJ�� LQ�3URFHHGLQJV� RI� WKH�)LIWK�&RQIHUHQFH� RQ�$SSOLHG�1DWXUDO�/DQJXDJH
3URFHVVLQJ�

'DPHUDX�� )�$�� ������ $� WHFKQLTXH� IRU� FRPSXWHU� GHWHFWLRQ� DQG� FRUUHFWLRQ� RI� VSHOOLQJ� HUURUV�� LQ
,QIRUPDWLRQ�3URFHVVLQJ�DQG�0DQDJHPHQW��YRO�����SS����������

'LHWWHULFK��7�*��������0DFKLQH�/HDUQLQJ�5HVHDUFK��)RXU�&XUUHQW�'LUHFWLRQV�� LQ�$,�PDJD]LQH��YRO�
����QR�����SS���������

('5� ������ (OHFWURQLF� 'LFWLRQDU\� 7HFKQLFDO� *XLGH�� LQ� 75������ (OHFWURQLF� 'LFWLRQDU\� 5HVHDUFK
,QVWLWXWH��7RN\R��-DSDQ��

(OKX\DU�������(OKX\DU�HXVNDUD�JD]WHODQLD�KL]WHJLD��(OKX\DU�.�(���8VXUELO��%DVTXH�&RXQWU\��

)LUWK��-��������$�V\QRSVLV�RI� OLQJXLVWLF� WKHRU\������������ LQ�0��3DOPHU��HGV���6HOHFWHG�SDSHUV�RI� -�5�
)LUWK��/RQJPDQV��/RQGRQ��(QJODQG��

)RQWHQHOOH�� 7�� ������ 8VLQJ� D� %LOLQJXDO� 'LFWLRQDU\� WR� &UHDWH� 6HPDQWLF� 1HWZRUNV�� LQ� ,QWHUQDWLRQDO
-RXUQDO�RI�/H[LFRJUDSK\��YRO������QR����
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)UDQFLV�� 6�� DQG�.XFHUD��+�� ������ &RPSXWLQJ� $QDO\VLV� RI� 3UHVHQW�'D\� $PHULFDQ� HQJOLVK�� %URZQ
8QLYHUVLW\�3UHVV�

*DOH��:���&KXUFK��.��������3RRU�(VWLPDWHV�RI�&RQWH[W�DUH�:RUVH�WKDQ�QRQH�� LQ�3URF�� RI�&RPSVWDW
�'XEURYQLN��<XJRVODYLD���6SULQJHU�9HUODJ��1HZ�<RUN��86$��

*DOH�� :��� &KXUFK�� .��� <DURZVN\�� '�� ������ :RUN� RQ� 6WDWLVWLFDO� 0HWKRGV� IRU� :RUG� 6HQVH
'LVDPELJXDWLRQ��LQ�3URF��RI�WKH�$$$,�)DOO�6\PSRVLXP��3UREDELOLVWLF�$SSURDFKHV�WR�1DWXUDO�/DQJXDJH
3URFHVVLQJ�

*DOH��:��$���&KXUFK��.�:��DQG�<DURZVN\��'��������$�0HWKRG�IRU�'LVDPELJXDWLQJ�:RUG�6HQVHV�LQ
D�/DUJH�&RUSXV��LQ�&RPSXWLQJ�DQG�WKH�+XPDQLWLHV��QR������SS����������

*HQWKLDO��'���&RXUWLQ��-���0pQq]R��-��������7RZDUGV�D�0RUH�8VHU�)ULHQGO\�&RUUHFWLRQ��LQ�3URF��RI�WKH
$QQXDO�0HHWLQJ�RI�WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV��.\RWR��-DSDQ��

*ROGLQJ�� $�� DQG� 6FKDYHV�� <�� ������ &RPELQLQJ� WULJUDP�EDVHG� DQG� IHDWXUH�EDVHG� PHWKRGV� IRU
FRQWH[W�VHQVLWLYH� VSHOOLQJ� FRUUHFWLRQ�� LQ� 3URF�� RI� WKH� ��WK� $QQXDO� 0HHWLQJ� RI� WKH� $VVRFLDWLRQ� IRU
&RPSXWDWLRQDO�/LQJXLVWLFV��6DQWD�&UX]��86$��

*ROGLQJ��$��5��������$�%D\HVLDQ�K\EULG�PHWKRG�IRU�FRQWH[W�VHQVLWLYH�VSHOOLQJ�FRUUHFWLRQ��LQ�3URF��RI
WKH��UG�:RUNVKRS�RQ�9HU\�/DUJH�&RUSRUD��&DPEULGJH��86$���SS��������

*RYH�� 3�%�� �HG��� ������ 7KH� :HEVWHU·V� 6HYHQWK� 1HZ� &ROOHJLDWH� 'LFWLRQDU\�� 0HUULDQ�:HEVWHU
�6SULQJILOHG��0DVVDFKXVHWV��

*UHIHQVWHWWH��*��������)LQGLQJ�6HPDQWLF�6LPLODULW\�LQ�5DZ�7H[W��WKH�'HHVH�$QWRQ\PV��LQ�3URF��RI�WKH
$$$,�)DOO�6\PSRVLXP��3UREDELOLVWLF�$SSURDFKHV�WR�1DWXUDO�/DQJXDJH�3URFHVVLQJ�

*UHIHQVWHWWH�� *�� ������ (YDOXDWLRQ� 7HFKQLTXHV� IRU� $XWRPDWLF� 6HPDQWLF� ([WUDFWLRQ�� &RPSDULQJ
6\QWDFWLF�DQG�:LQGRZ�%DVHG�$SSURDFKHV��LQ�%RJXUDHY�	�3XVWHMRYVN\��HGV���&RUSXV�3URFHVVLQJ
IRU�/H[LFDO�$FTXLVLWLRQ��FK������SS�����������0,7�3UHVV��&DPEULGJH��0DVVDFKXVHWWV��

*ULVKPDQ��5��DQG�6WHUOLQJ��-��������*HQHUDOL]LQJ�$XWRPDWLFDOO\�*HQHUDWHG�6HOHFWLRQDO�3DWWHUQV�� LQ
3URF��RI�WKH�$QQXDO�0HHWLQJ�RI�WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV�

*UXEHU��7�5��������7RZDUGV�3ULQFLSOHV� IRU� WKH�'HVLJQ�RI�2QWRORJLHV� IRU�.QRZOHGJH�6KDULQJ�� LQ
3URF��RI�WKH�,QWO��:RUNVKRS�RQ�)RUPDO�2QWRORJ\��3DGRYD��,WDO\���DOVR�DV�7HFKQLFDO�5HSRUW�.6/����
����6WDQIRUG�8QLYHUVLW\��86$��

*XDULQR�� 1�� ������ 6HPDQWLF� 0DWFKLQJ�� )RUPDO� 2QWRORJLFDO� 'LVWLQFWLRQV� IRU� ,QIRUPDWLRQ
2UJDQL]DWLRQ�� ([WUDFWLRQ�� DQG� ,QWHJUDWLRQ�� LQ� 3D]LHQ]D�� 0�7�� �HG��� ,QIRUPDWLRQ� ([WUDFWLRQ�
6SULQJHU��%HUOLQ��*HUPDQ\��

+HDUVW��0���6FK�W]H��+��������&XVWRPL]LQJ�D�/H[LFRQ�WR�%HWWHU�6XLW�D�&RPSXWDWLRQDO�7DVN��LQ�3URF�
RI�WKH�:RUNVKRS�RQ�([WUDFWLQJ�/H[LFDO�.QRZOHGJH�

+HDUVW��0��������7RZDUG�1RXQ�+RPRQ\P�'LVDPELJXDWLRQ�8VLQJ� /RFDO�&RQWH[W� LQ�/DUJH�7H[W
&RUSRUD��LQ�3URF��RI�WKH��WK�$QQXDO�&RQIHUHQFH�RI�WKH�8:�&HQWUH�IRU�WKH�1HZ�2('�DQG�7H[W�5HVHDUFK
�:DWHUORR��&DQDGD��
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+HOPUHLFK�� 6��� *XWKULH�� /�� DQG� :LONV�� <�� ������ 7KH� XVH� RI� PDFKLQH� UHDGDEOH� GLFWLRQDULHV� LQ� WKH
3DQJORVV� SURMHFW�� LQ� 3URF�� RI� WKH� $$$,� 6SULQJ� 6\PSRVLXP� RQ� %XLOGLQJV� /H[LFRQV� IRU� 0DFKLQH
7UDQVODWLRQ��$$$,�3UHVV�

+H\OHQ��'���0D[ZHOO��.�*��DQG�$UPVWURQJ�:DUZLFN��6��������&ROORFDWLRQV��'LFWLRQDULHV�DQG�07�
LQ�3URF��RI�WKH�$$$,�6SULQJ�6\PSRVLXP�RQ�%XLOGLQJV�/H[LFRQV�IRU�0DFKLQH�7UDQVODWLRQ��$$$,�3UHVV�

+LUVW� *�� ������ 6HPDQWLF� ,QWHUSUHWDWLRQ� DQG� WKH� 5HVROXWLRQ� RI� $PELJXLW\�� &DPEULGJH� 8QLYHUVLW\
3UHVV��&DPEULGJH��(QJODQG��

+REEV�� -�� ������ 2QWRORJLFDO� 3URPLVFXLW\�� LQ� 3URF�� RI� WKH� ��UG� $QQXDO� 0HHWLQJ� RI� WKH� $VVRFLDWLRQ� IRU
&RPSXWDWLRQDO�/LQJXLVWLFV�

+RUQE\�� $�6�� �HG��� ������ 2[IRUG� $GYDQFHG� /HDUQHU
V� 'LFWLRQDU\� RI� &XUUHQW� (QJOLVK�� 2[IRUG
8QLYHUVLW\�3UHVV��2[IRUG��(QJODQG��

+RY\��(��DQG�1LUHQEXUJ��6��������$SSUR[LPDWLQJ�DQ�,QWHUOLQJXD�LQ�D�3ULQFLSOHG�:D\��LQ�3URFHHGLQJV
RI�WKH�'$53$�6SHHFK�DQG�1DWXUDO�/DQJXDJH�:RUNVKRS��$UGHQ�+RXVH��1<���

+RY\��(������D��&RQVWUXFWLQJ�DQG�8VLQJ�/DUJH�2QWRORJLHV�� LQ�8QSXEOLVKHG�3UHVHQWDWLRQ�RQ� WKH�$&/

:RUNVKRS�RQ�$XWRPDWLF� ,QIRUPDWLRQ�([WUDFWLRQ�DQG�%XLOGLQJ�RI�/H[LFDO�6HPDQWLF�5HVVRXUFHV� IRU�1/3

$SSOLFDWLRQV��0DGULG��6SDLQ��

+RY\��(������E��$�6WDQGDUG� IRU�/DUJH�2QWRORJLHV�� LQ�16)�:RUNVKRS� RQ�5	'�2SSRUWXQLWLHV� LQ� WKH
*RYHUQPHQW��:D[KLQJWRQ��86$��

,GH��1��DQG�9pURQLV�� -�������� ,QWURGXFWLRQ� WR� WKH�6SHFLDO� ,VVXH�RQ�:RUG�6HQVH�'HVDPELJXDWLRQ�
7KH�6WDWH�RI�WKH�$UW��LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR����

,GH��1��DQG�9pURQLV�� -��������([WUDFWLQJ�.QRZOHGJH�%DVHV�)URP�0DFKLQH�5HDGDEOH�'LFWLRQDULHV�
+DYH�:H�:DVWHG�2XU�7LPH"��LQ�.��)XFKL�DQG�7��<RNRL��HGV���.QRZOHGJH�%XLOGLQJ�DQG�.QRZOHGJH
6KDULQJ��2KPVKD��/WG��DQG�,26�3UHVV�

,QJHOV�� 3�� ������ &RQQHFWHG� 7H[W� 5HFRJQLWLRQ� 8VLQJ� /D\HUHG� +00V� DQG� 7RNHQ� 3DVVLQJ�� LQ� .�
2IOD]HU�DQG�+��6RPHUV��HGV���3URF��RI� WKH��QG�&RQIHUHQFH�RQ�1HZ�0HWKRGV� LQ�/DQJXDJH�3URFHVVLQJ�
SS����������

,QJHOV��3��������$�5REXVW�7H[W�3URFHVVLQJ�7HFKQLTXH�$SSOLHG�WR�/H[LFDO�(UURU�5HFRYHU\��LQ�3K�'�
WKHVLV��'HSDUWPHQW�RI�&RQSXWHU�DQG�,QIRUPDWLRQ�6FLHQFH��/LQN|SLQJ��6ZHGHQ��

,VSHOO�������,QWHUQDWLRQDO�,VSHOO�9HUVLRQ��������

-RQHV�� 0�� 3�� DQG� 0DUWLQ�� -�� +�� ������ &RQWH[WXDO� 6SHOOLQJ� &RUUHFWLRQ� 8VLQJ� /DWHQW� 6HPDQWLF
$QDO\VLV��LQ�3URF��RI�WKH�&RQIHUHQFH�RQ�$SSOLHG�1DWXUDO�/DQJXDJH�3URFHVVLQJ��SS����������

.DUOVVRQ�� )���9RXWLODLQHQ��$��� +HLNNLOD�� -�� DQG� $QWWLOD�� $�� ������ &RQVWUDLW� *UDPPDU�� D� /DQJXDJH
,QGHSHQGHQW�6\VWHP�IRU�3DUVLQJ�8QUVWULFWHG�7H[W��0RXWRQ�GH�*UX\WHU�

.DURY�� <�� DQG� (GHOPDQ�� 6�� ������ /HDUQLQJ� 6LPLODLW\�%DVHG� :RUG� 6HQVH� 'LVDPELJXDWLRQ� )URP
6SDUVH�'DWD��LQ�3URF��RI�WKH��WK�:RUNVKRS�RQ�9HU\�/DUJH�&RUSRUD��&RSHQKDJHQ��'HQPDUN��
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.DURY�� <�� DQG� (GHOPDQ�� 6�� ������ 6LPLODULW\�EDVHG� :RUG� 6HQVH� 'LVDPELJXDWLRQ�� LQ� &RPSXWDWLRQDO
/LQJXLVWLFV��YRO������QR����

.HUQLJKDQ��0���&KXUFK��.���*DOH��:��������$�6SHOOLQJ�3URJUDP�%DVHG�RQ�D�1RLV\�&KDQQHO�0RGHO�
LQ�3URF��RI�&2/,1*�

.LOJDUULII��$������D��,�GRQ
W�EHOLHYH�LQ�ZRUG�VHQVHV��LQ�&RPSXWLQJ�DQG�WKH�+XPDQLWLHV��QR����

.LOJDUULII��$������E��(YDOXDWLQJ�:RUG�6HQVH�'LVDPELJXDWLRQ�3URJUDPV��3URJUHVV�5HSRUW��LQ�,75,�
������7HFKQLFDO�5HSRUW��8QLYHUVLW\�RI�%ULJKWRQ�

.LUNSDWULFN��%��������5RJHW
V�7KHVDXUXV��/RQJPDQ��+DUORZ��(QJODQG��

.ODYDQV�� -�� DQG� 7]RXNHUPDQQ�� (�� ������ &RPELQLQJ� &RUSXV� DQG� 0DFKLQH�5HDGDEOH� 'LFWLRQDU\
'DWD�IRU�%XLOGLQJ�%LOLQJXDO�/H[LFRQV��LQ�0DFKLQH�7UDQVODWLRQ��YRO������QR����

.QLJKW��.��DQG�/XN��6��������%XLOGLQJ�D�/DUJH�6FDOH�.QRZOHGJH�%DVH�IRU�0DFKLQH�7UDQVODWLRQ��LQ
3URF��RI�$$$,�

.R]LPD��+��DQG�)XUXJRUL��7��������6LPLODULW\�EHWZHHQ�:RUGV�&RPSXWHG�E\�6SUHDGLQJ�$FWLYDWLRQ
RQ�DQ�(QJOLVK�'LFWLRQDU\��LQ�3URF��RI�WKH��WK�&RQIHUHQFH�RI�WKH�(XURSHDQ�&KDSWHU�RI�WKH�$VVRFLDWLRQ�IRU
&RPSXWDWLRQDO�/LQJXLVWLFV�

.R]LPD�� +�� DQG� ,WR�� $�� ������ &RQWH[W�6HQVLWLYH� 0HDVXUHPHQW� RI� :RUG� 'LVWDQFH� E\� $GDSWLYH
6FDOLQJ� RI� D� 6HPDQWLF� 6SDFH�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ� 5HFHQW� $GYDQFHV� LQ� 1DWXUDO� /DQJXDJH
3URFHVVLQJ��7]LJRY�&KDUN��%XOJDU\��

.XNLFK�� .�� ������ $� &RPSDULVRQ� RI� 6RPH� 1RYHO� DQG� 7UDGLWLRQDO� /H[LFDO� 'LVWDQFH� 0HWULFV� IRU
6SHOOLQJ�&RUUHFWLRQ��LQ�3URF��RI�,11&��3DULV��)UDQFH��

.XNLFK�� .�� ������ 7HFKQLTXHV� IRU� $XWRPDWLFDOO\� &RUUHFWLQJ� :RUGV� LQ� 7H[W�� LQ� $&0� &RPSXWLQJ
6XUYH\V��YRO������QR�����SS����������

/DURXVVH�������/H�SOXV�SHWLW�/DURXVVH��/DURXVVH��3DULV��)UDQFH��

/HDFRFN��&���&KRGRURZ��0��DQG�0LOOHU��*�$��������8VLQJ�&RUSXV�6WDWLVWLFV�DQG�:RUG1HW�5HODWLRQV
IRU�6HQVH�,GHQWLILFDWLRQ��LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR����

/HH�� -�/�� ������ 6LPLODULW\�%DVHG� $SSURDFKHV� WR� 1DWXUDO� /DQJXDJH� 3URFHVVLQJ�� LQ� 3K�'�� WKHVLV�
+DUYDUG�8QLYHUVLW\�7HFKQLFDO�5HSRUW�75��������&DPEULGJH��0DVVDFKXVHWWV��

/HQDW��'�%��������&<&��$�/DUJH�6FDOH�,QYHVWPHQW�LQ�.QRZOHGJH�,QIUDVWUXFWXUH��LQ�&RPPXQLFDWLRQV
RI�WKH�$&0��YRO������QR�����

/HVN��0��������$XWRPDWLF�6HQVH�'LVDPELJXDWLRQ�8VLQJ�0DFKLQH�5HDGDEOH�'LFWLRQDULHV��+RZ� WR
7HOO�D�3LQH�&RQH�IURP�DQ�,FH�&UHDP�&RQH��LQ�3URF��RI�WKH������6,*'2&�FRQIHUHQFH��$&0��1HZ
<RUN��86$��

/L��+��DQG�$EH��1��������*HQHUDOL]LQJ�&DVH�)UDPHV�8VLQJ�D�7KHVDXUXV�DQG�WKH�0'/�3ULQFLSOH��LQ
3URF��RI�5HFHQW�$GYDQFHV�RQ�1DWXUDO�/DQJXDJH�3URFHVVLQJ�

/L��+�� DQG�$EH��1�� ������ /HDUQLQJ�'HSHQGHQFLHV�EHWZHHQ�&DVH�)UDPH�6ORWV�� LQ�3URF�� RI� WKH� ��WK
&RQIHUHQFH�RQ�0DFKLQH�/HDUQLQJ�
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0DKHVK�� .��� 1LUHQEXUJ�� 6��� &RZLH�� -�� DQG� )DUZHOO�� '�� ������ $Q� $VVHVPHQW� RI� &\F� IRU� 1DWXUDO
/DQJXDJH�3URFHVVLQJ��LQ�0&&6���������&RPSXWLQJ�5HVHDUFK�/DERUDWRU\��/DV�&UXFH��86$��

0DKHVK��.���1LUHQEXUJ��6��DQG�%HDOH��6�������� ,I�<RX�+DYH�,W��)ODXQW� ,W��8VLQJ�)XOO�2QWRORJLFDO
.QRZOHGJH� IRU� :RUG� 6HQVH� 'LVDPELJXDWLRQ�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ� 5HFHQW� $GYDQFHV� LQ
1DWXUDO�/DQJXDJH�3URFHVVLQJ��7]LJRY�&KDUN��%XOJDU\��

0DULW[DODU�� 0�� DQG� 'tD]� GH� ,ODUUD]D�� $�� ������ +L]NXQW]D� EDWHQ� LNDVNXQW]D�SUR]HVXDQ� ]HKDUUHNR
WDUWHKL]NXQW]� RVDNHWD�� LQ� 839�(+8�/6,� 75� ������ (+8NR� /HQJRDLDN� HWD� 6LVWHPD
,QIRUPDWLNRDN�6DLOD��'RQRVWLD��%DVTXH�&RXQWU\��

0DUNRZLW]��-��������6HPDQWLFDOO\�VLJQLILFDQW�SDWWHUQV�LQ�GLFWLRQDU\�GHILQLWLRQV��LQ�3URF��RI�WKH�$QQXDO
0HHWLQJ�RI�WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV�

0D\V��(���'DPHUDX��)���0HUFHU��5��������&RQWH[W�%DVHG�6SHOOLQJ�&RUUHFWLRQ��LQ�,QIRUPDWLRQ�3URFHVVLQJ
DQG�0DQDJHPHQW��YRO������QR����

0F(QHU\��7��DQG�:LOVRQ��$��������&RUSXV�/LQJXLVWLFV��(GLQEXUJK�8QLYHUVLW\�3UHVV�

0F5R\�� 6�� ������ 8VLQJ� 0XOWLSOH� .QRZOHGJH� 6RXUFHV� IRU� :RUG� 6HQVH� 'LVFULPLQDWLRQ�� LQ
&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR����

0HQH]R�� -��� *HQWKLDO� '��� DQG� &RXUWLQ� -�� ������ 5HFRQQDLVDQFHV� SOXUL�OH[LFDOHV� GDQV� &(/,1(�� XQ
V\VWqPH� PXOWL�DJHQWV� GH� GpWHFWLRQ� HW� FRUUHFWLRQ� GHV� HUUHXUV�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ
1/3�,$��0RQFWRQ��&DQDGD��

0LFKLHOV��$��DQG�1|HO��-��������$SSURDFKHV�WR�WKHVDXUXV�SURGXFWLRQ��LQ�3URF��RI�&2/,1*�

0LFKLHOV�� $�� ������ $Q� H[SHULPHQW� LQ� WUDQVODWLRQ� VHOHFWLRQ� DQG� ZRUG� VHQVH� GLVFULPLQDWLRQ�� LQ
KWWS���HQJGHS��SKLOR�XOJ�EH�PLFKLHOV�ZGWV�KWP�

0LOOHU�� *��� /HDFRFN�� &��� 7HQJL�� 5�� DQG� %XQNHU�� 7�� ����D�� $� 6HPDQWLF� &RQFRUGDQFH�� LQ� 3URF�� RI
$53$�:RUNVKRS�RQ�+XPDQ�/DQJXDJH�7HFKQRORJ\�

0LOOHU��*�$���%HFNZLWK��5���)HOOEDXP��&���*URVV��'��0LOOHU��.��DQG�7HQJL��5������E��)LYH�3DSHUV�RQ
:RUG1HW��LQ�&6/�5HSRUW�����&RJQLWLYH�6FLHQFH�/DERUDWRU\��3ULQFHWRQ�8QLYHUVLW\�

0RUULV��0��������,QJHOHVD�HXVNDUD�KL]WHJLD��(XVHQRU��'RQRVWLD��%DVTXH�&RXQWU\��

1DNDPXUD�� -��� 1DJDR�� 0�� ������ ([WUDFWLRQ� RI� 6HPDQWLF� ,QIRUPDWLRQ� IURP� DQ� 2UGLQDU\� (QJOLVK
'LFWLRQDU\�DQG�LWV�(YDOXDWLRQ��LQ�3URF��RI�&2/,1*��%XGDSHVW��+XQJDU\��

1LZD�� <��� 1LWWD�� <�� ������ &R�RFFXUUHQFH� 9HFWRUV� IURP� &RUSRUD� YV�� 'LVWDQFH� 9HFWRUV� IURP
'LFWLRQDULHV��LQ�3URF��RI�&2/,1*��.\RWR��-DSDQ��

2NXPXUD�� $�� DQG� +RY\�� (�� ������ /H[LFRQ�WR�2QWRORJ\� &RQFHSW� $VVRFLDWLRQ� 8VLQJ� D� %LOLQJXDO
'LFWLRQDU\��LQ�3URF��RI�WKH��VW�$07$�&RQIHUHQFH�

2Q\VKNHY\FK��%��DQG�1LUHQEXUJ��6��������7KH�/H[LFRQ�LQ�WKH�6FKHPH�RI�.%07�7KLQJV��LQ�0&&6�
��������&RPSXWLQJ�5HVHDUFK�/DERUDWRU\��/DV�&UXFHV��1HZ�0H[LFR��

283�������2[IRUG�)UHQFK�(QJOLVK�'LFWLRQDU\��2[IRUG�8QLYHUVLW\�3UHVV��2[IRUG��(QJODQG��
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3URFWHU��3���HG���������/RQJPDQ�'LFWLRQDU\�RI�&RQWHPSRUDU\�(QJOLVK��/RQJPDQ��/RQGRQ��

4XLOOLDQ��0��5��������6HPDQWLF�0HPRU\��LQ�3K�'��WKHVLV��&DUQHJLH�,QVWLWXWH�RI�7HFKQRORJ\�

5DGD��5���0LOL��+���%LFNQHOO��(���%OHWWQHU��0��������'HYHORSPHQW�DQG�$SSOLFDWLRQ�RI�D�0HWULF�RQ
6HPDQWLF�1HWV��LQ�,(((�7UDQVDFWLRQV�RQ�V\VWHPV��PDQ��DQG�F\EHUQHWLFV��YRO������QR����

5HVQLN�� 3�� ������ :RUG1HW� DQG� 'LVWULEXWLRQDO� $QDO\VLV�� $� &ODVV�EDVHG� $SSURDFK� WR� /H[LFDO
'LVFRYHU\��LQ�3URF��RI�$$$,�

5HVQLN�� 3�� ����D�� 6HPDQWLF� &ODVVHV� DQG� 6\QWDFWLF� $PELJXLW\�� LQ� 3URF�� RI� WKH� $53$� :RUNVKRS� RQ
+XPDQ�/DQJXDJH�7HFKQRORJ\��3ULQFHWRQ��86$��

5HVQLN��3������E��6HOHFWLRQ�DQG�,QIRUPDWLRQ��$�&ODVV�%DVHG�$SSURDFK�WR�/H[LFDO�5HODWLRQVKLSV��LQ
3K�'��WKHVLV��8QLYHUVLW\�RI�3HQQV\OYDQLD�

5HVQLN��3�� ������8VLQJ� ,QIRUPDWLRQ�&RQWHQW� WR�(YDOXDWH� 6HPDQWLF� 6LPLODULW\� LQ� D� 7D[RQRP\�� LQ
3URF��RI�,-&$,�

5HVQLN��3�� ������ 6HOHFWLRQDO� 3UHIHUHQFH� DQG� 6HQVH� 'LVDPELJXDWLRQ�� LQ� 3URF�� RI� WKH� $&/�6,*/(;
:RUNVKRS�RQ�7DJJLQJ�WH[W�ZLWK�/H[LFDO�6HPDQWLFV��:K\��:KDW�DQG�+RZ��:DVKLQJWRQ��86$��

5LEDV��)��������2Q�/HDUQLQJ�0RUH�$SSURSULDWH�6HOHFWLRQDO�5HVWULFWLRQV��LQ�3URF��RI�WKH�&RQIHUHQFH�RI�WKH
(XURSHDQ�&KDSWHU�RI�WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV�

5LFKDUGVRQ�� 6�'�� ������ 'HWHUPLQLQJ� 6LPLODULW\� DQG� ,QIHUULQJ� 5HODWLRQV� LQ� D� /H[LFDO� .QRZOHGJH
%DVH��LQ�3K�'��WKHVLV��7KH�&LW\�8QLYHUVLW\�RI�1HZ�<RUN�

5LJDX�� *�� DQG� � $JLUUH�� (�� ������ 'LVDPELJXDWLQJ� ELOLQJXDO� QRPLQDO� HQWULHV� DJDLQVW� :RUG1HW�� LQ
:RUNVKRS�2Q�7KH�&RPSXWDWLRQDO�/H[LFRQ���(66//,��%DUFHORQD��&DWDORQLD��

5LJDX��*���5RGUtJXH]��+��DQG�7XUPR��-��������$XWRPDWLFDOO\�([WUDFWLQJ�7UDQVODWLRQ�/LQNV�8VLQJ�D
:LGH�&RYHUDJH�6HPDQWLF�7D[RQRP\�� LQ�3URF�� RI� WKH���WK� ,QWO��&RQIHUHQFH� RQ�$UWLILFLDO� ,QWHOOLJHQFH
�0RQWSHOOLHU��)UDQFH��

5LJDX��*���$WVHULDV��-��DQG�$JLUUH��(��������&RPELQLQJ�8QVXSHUYLVHG�/H[LFDO�.QRZOHGJH�0HWKRGV
IRU�:RUG�6HQVH�'LVDPELJXDWLRQ��LQ�3URF��RI�$&/�($&/��0DGULG��6SDLQ��

5LJDX�� *��� 5RGULJXH]�� +�� DQG� $JLUUH�� (�� ������ %XLOGLQJ� $FFXUDWH� 6HPDQWLF� 7D[RQRPLHV� IURP
0RQROLQJXDO�05'V��LQ�3URF��RI�WKH�MRLQW�&2/,1*�DQG�$&/�PHHWLQJ��0RQWUHDO��4XHEHF��

5LJDX��*��������$XWRPDWLF�$FTXLVLWLRQ�RI�/H[LFDO�.QRZOHGJH�IURP�0DFKLQH�5HDGDEOH�'LFWLRQDULHV�
LQ�3K�'��WKHVLV��3RO\WHFKQLF�8QLYHUVLW\�RI�&DWDORQLD��%DUFHORQD��&DWDORQLD��

5L]N�� 2�� ������ 6HQVH� 'LVDPELJXWLRQ� RI� :RUG� 7UDQVODWLRQV� LQ� %LOLQJXDO� 'LFWLRQDULHV�� 7U\LQJ� WR
6ROYH� WKH� 0DSSLQJ� 3UREOHP� $XWRPDWLFDOO\�� LQ� 5&� ������� ,%0� 5HVHDUFK� 'LYLVLRQ�� 7�-�
:DWVRQ�5HVHDUFK�&HQWHU��1HZ�<RUN��86$��

6DUDVROD��,��������(XVNDO�+L]WHJLD��*LSX]NRDNR�.XW[D��'RQRVWLD��%DVTXH�&RXQWU\��

6FK�W]H��+��������$XWRPDWLF�:RUG�6HQVH�'LVFULPLQDWLRQ��LQ�&RPSXWDWLRQDO�/LQJXLVWLFV��YRO������QR����
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6FK�W]H�� +�� ����D�� :RUG� 6HQVH� 'LVDPELJXDWLRQ� :LWK� 6XEOH[LFDO� 5HSUHVHQWDWLRQV�� LQ� 3URF�� RI� WKH
$$$,�:RUNVKRS�RQ�6WDWLVWLFDOO\�%DVHG�1DWXUDO�/DQJXDJH�3URFHVVLQJ�7HFKQLTXHV�

6FK�W]H�� +�� ����E�� &RQWH[W� 6SDFH�� LQ� 3URF�� RI� WKH� $$$,� )DOO� 6\PSRVLXP�� 3UREDELOLVWLF� $SSURDFKHV� WR
1DWXUDO�/DQJXDJH�3URFHVVLQJ�

6LQFODLU�� -�� �HG��� ������ &ROOOLQV� &2%8,/'� (QJOLVK� /DQJXDJH� 'LFWLRQDU\�� &ROOLQV� �/RQGRQ�
(QJODQG��

6XVVQD��0��������:RUG�6HQVH�'LVDPELJXDWLRQ�IRU�)UHH�7H[W� ,QGH[LQJ�8VLQJ�D�0DVVLYH�6HPDQWLF
1HWZRUN��LQ�3URF��RI�WKH��QG�,QW��&RQI��RQ�,QIRUPDWLRQ�DQG�.QRZOHGJH�0DQDJHPHQW��$LUOLQJWRQ��86$��

6YDUWYLN��-���HG���������7KH�/RQGRQ�/XQG�&RUSXV�RI�6SRNHQ�(QJOLVK��/XQG�8QLYHUVLW\�3UHVV�

7RZHOO��*��DQG�9RRUKHHV��(�0��������'LVDPELJXDWLQJ�+LJKO\�$PELJXRXV�:RUGV��LQ�&RPSXWDWLRQDO
/LQJXLVWLFV��YRO������QR����

7VXUXPDUX��+���+LWDND��7���DQG�<RVKLGD��6��������$Q�DWWHPSW�WR�DXWRPDWLF�WKHVDXUXV�FRQVWUXFWLRQ
IURP�DQ�RUGLQDU\�MDSDQHVH�GLFWLRQDU\��LQ�3URF��RI�&2/,1*�

7YHUVN\��$��������)HDWXUHV�RI�6LPLODULW\��LQ�3V\FKRORJLFDO�5HYLHZ��YRO������QR�����SS����������

8UNLD��0��DQG�6DJDUQD��$��������7HUPLQRORJLD�\�OH[LFRJUDILD�DVLVWLGDV�SRU�RUGHQDGRU��OD�H[SHULHQFLD
GH�8=(,��LQ�3URF��RI�6(3/1��'RQRVWLD��%DVTXH�&RXQWU\��

8WL\DPD�� 0�� DQG� +DVLGD�� .�� ������ %RWWRP�XS� DOLQJQPHQW� RI� 2QWRORJLHV�� LQ� 3URF�� RI� WKH� ,-&$,
:RUNVKRS�RQ�2QWRORJLHV�DQG�0XOWLOLQJXDO�1DWXUDO�/DQJXDJH�3URFHVVLQJ�

8=(,�ODQWDOGHD�������+L]NXQW]DODULW]D���KL]WHJLD��8=(,��'RQRVWLD��%DVTXH�&RXQWU\��

9pURQLV�� -�� DQG� ,GH� 1�� ������ :RUG� 6HQVH� 'LVDPELJXDWLRQ� ZLWK� 9HU\� /DUJH� 1HXUDO� 1HWZRUNV
([WUDFWHG�IURP�0DFKLQH�5HDGDEOH�'LFWLRQDULHV��LQ�3URF��RI�&2/,1*��+HOVLQNL��)LQODQG���YRO�
��

9RVVH��7��������'HWHFWLQJ�DQG�&RUUHFWLQJ�0RUSKR�V\QWDFWLF�(UURUV�LQ�5HDO�7H[WV��LQ�3URF��RI�WKH��UG
&RQIHUHQFH�RQ�$SSOLHG�1DWXUDO�/DQJXDJH�3URFHVVLQJ��7UHQWR��,WDO\���SS����������

9RVVH��7��������7KH�:RUG�&RQQHFWLRQ��*UDPPDU�EDVHG�6SHOOLQJ�(UURU�&RUUHFWLRQ� LQ�'XWFK�� LQ
3K�'��WKHVLV��8QLW�IRU�([SHULPHQWDO�DQG�7KHRUHWLFDO�3V\FKRORJ\��8QLY��RI�/HLGHQ��+ROODQG��

9RVVHQ��3��DQG�6HUDLO�� ,��������'HYLO��D�WD[RQRP\�EURZVHU�IRU�GHFRPSRVLWLRQD�YLD� WKH� OH[LFRQ�� LQ
7HFKQLFDO�5HSRUW��)DFXOW\�RI�$UWV��8QLYHUVLW\�RI�$PVWHUGDP�

9RVVHQ�� 3��� 'tH]�2U]DV�� 3�� DQG� 3HWHUV�� :�� ������ 7KH� 0XOWLOLQJXDO� GHVLJQ� RI� WKH� (XUR:RUG1HW
'DWDEDVH��LQ�3URF��RI�WKH�,-&$,�:RUNVKRS�RQ�0XOWLOLQJXDO�2QWRORJLHV�IRU�1/3�$SSOLFDWLRQV�

9RVVHQ�� 3�� ������ 7KH� VWUXFWXUH� RI� OH[LFDO� NQRZOHGJH� DV� HQYLVDJHG� LQ� WKH� /,1.6�SURMHFW�� LQ� -��
&RQROO\�DQG�6��'LN��HGV���)XQFWLRQDO�*UDPPDU�DQG�WKH�&RPSXWHU��'RUGUHFKW��)RULV�

9RVVHQ��3��������7KH�HQG�RI�WKH�FKDLQ��:KHUH�GRHV�GHFRPSRVLWLRQ�RI� OH[LFDO�NQRZOHGJH� OHDG�XV
HYHQWXDOO\"��LQ�3URF��RI�WKH�&RQIHUHQFH�RQ�)XQFWLRQDO�*UDPPDU�
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9RVVHQ��3��������5LJKW�RU�:URQJ��FRPELQLQJ�/H[LFDO�5HVRXUFHV� LQ�WKH�(XUR:RUG1HW�3URMHFW�� LQ
3URF��RI�(85$/(;�

:LONV��<���)DVV��'���*XR��&���0F'RQDOG��-�(���3ODWH��7���DQG�6ODWRU��%�0��������3URYLGLQJ�0DFKLQH
7UDFWDEOH�'LFWLRQDU\�7RROV��LQ�0DFKLQH�7UDQVODWLRQ��QR�����SS���������

:LONV�� <��� 6ODWRU�� %�0��� DQG� *XWKULH�� /�� ������ (OHFWULF� :RUGV�� 'LFWLRQDULHV�� &RPSXWHUV�� DQG
0HDQLQJV��7KH�0,7�3UHVV��&DPEULGJH��86$��

0LFURVRIW�&RUSRUDWLRQ�������:RUG����

<DURZVN\�� '�� ������ :RUG� VHQVH� 'LVDPELJXDWLRQ� 8VLQJ� 6WDWLVWLFDO� 0RGHOV� RI� 5RJHW
V� &DWHJRULHV
7UDLQHG�RQ�/DUJH�&RUSRUD��LQ�3URF��RI�&2/,1*��1DQWHV��)UDQFH���SS����������

<DURZVN\�� '�� ������ 2QH� 6HQVH� SHU� &ROORFDWLRQ�� LQ� 3URF�� RI� WKH� �WK� '$53$� 6SHHFK� DQG� 1DWXUDO
/DQJXDJH�:RUNVKRS�

<DURZVN\��'��������'HFLVLRQ�/LVWV�IRU�/H[LFDO�$PELJXLW\�5HVROXWLRQ��LQ�3URF��RI�WKH�$QQXDO�0HHWLQJ�RI
WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV�

<DURZVN\��'��������8QVXSHUYLVHG�:RUG�6HQVH�'LVDPELJXDWLRQ�5LYDOLQJ�6XSHUYLVHG�0HWKRGV�� LQ
3URF��RI�WKH�$QQXDO�0HHWLQJ�RI�WKH�$VVRFLDWLRQ�IRU�&RPSXWDWLRQDO�/LQJXLVWLFV�

<RNRL��7��������7KH�('5�(OHFWURQLF�'LFWLRQDU\��LQ�&RPPXQLFDWLRQV�RI�WKH�$&0��YRO������QR�����





��

$SSHQGL[�$� 

Code Erref Title Chapters
A.1 Agirre & Rigau, 1995 A proposal for Word Sense Disambiguation using Conceptual

Distance
III and IV

A.2 Agirre & Rigau, 1996a Word Sense Disambiguation using Conceptual Density III and IV
A.3 Agirre & Rigau, 1996b An Experiment on Word Sense Disambiguation of the Brown

corpus using WordNet
III and IV

$JLUUH�� (�� DQG� 5LJDX�� *�� ������ $� SURSRVDO� IRU� :RUG� 6HQVH� 'LVDPELJXDWLRQ� XVLQJ� &RQFHSWXDO
'LVWDQFH�� LQ� 3URF�� RI� WKH� &RQIHUHQFH� RQ� 5HFHQW� $GYDQFHV� LQ� 1DWXUDO� /DQJXDJH� 3URFHVVLQJ� �7]LJRY
&KDUN��%XOJDU\��

$JLUUH��(��DQG�5LJDX��*������D��:RUG�6HQVH�'LVDPELJXDWLRQ�XVLQJ�&RQFHSWXDO�'HQVLW\��LQ�3URF��RI
&2/,1*��&RSHQKDJHQ��'HQPDUN��

$JLUUH��(�� DQG�5LJDX��*�� ����E��$Q�([SHULPHQW�RQ� :RUG� 6HQVH� 'LVDPELJXDWLRQ� RI� WKH� %URZQ
&RUSXV� XVLQJ� :RUG1HW�� LQ� 0&&6��������� &RPSXWLQJ� 5HVHDUFK� /DERUDWRU\� �/DV� &UXFHV�
1HZ�0H[LFR��

1�%�� ,Q�WKH�SRVWVFULSW�YHUVLRQ�RI� WKH� WKHVLV��DOO� WKH�SDSHUV�FDQ�EH�REWDLQHG�VHSDUDWHO\�DV�D� VLQJOH
FRPSUHVVHG�ILOH�IURP�WKH�KRPH�SDJH�RI�WKH�DXWKRU��KWWS���ZZZ�ML�VL�HKX�XVHUV�HQHNR��RU�GLUHFWO\
IURP�WKH�IROORZLQJ�DGGUHVV�KWWS���L[D�VL�HKX�HV�GRNXPHQW�WHVLDN�(QHNR7KHVLV3DSHUV�WDU�J]





��

$SSHQGL[�%� 

Code Erref Title Chapters
B.1 Agirre et al., 1994b Conceptual Distance and Automatic Spelling Correction III and V
B.2 Agirre et al., 1995 Lexical-Semantic Information and Automatic Correction of

Spelling Errors
V

B.3 Agirre et al., 1998b Towards a Single Proposal in Spelling Correction V
B.4 Agirre et al., 1998c Towards a Single Proposal in Spelling Correction V

$JLUUH��(���$UUHJL��;���$UWROD��;���'tD]�GH�,ODUUD]D��$���6DUDVROD��.������E��&RQFHSWXDO�'LVWDQFH�DQG
$XWRPDWLF�6SHOOLQJ�&RUUHFWLRQ��LQ�3URF��RI�WKH�:RUNVKRS�RQ�&RPSXWDWLRQDO�/LQJXLVWLFV�IRU�6SHHFK�DQG
+DQGZULWLQJ�5HFRJQLWLRQ��/HHGV��(QJODQG��

$JLUUH�� (��� $UUHJL�� ;��� $UWROD�� ;��� 'tD]� 'H� ,ODUUD]D�� $��� 6DUDVROD� .�� ������ /H[LFDO�6HPDQWLF
,QIRUPDWLRQ�DQG�$XWRPDWLF�&RUUHFWLRQ�RI�6SHOOLQJ�(UURUV�� LQ�.��.RUWD�	�-��0��/DUUD]DEDO
�HGV��� 6HPDQWLFV� $QG�3UDJPDWLFV�2I� 1DWXUDO� /DQJXDJH�� /RJLFDO� $QG� &RPSXWDWLRQDO� $VSHFWV�� QR�� ��
,OFOL�6HULHV��'RQRVWLD��%DVTXH�&RQWU\��

$JLUUH�� (��� *RMHQROD�� .��� 6DUDVROD�� .�� DQG� 9RXWLODLQHQ�� $�� ����E�� 7RZDUGV� D� 6LQJOH� 3URSRVDO� LQ
6SHOOLQJ�&RUUHFWLRQ��LQ�3URF��RI�WKH�MRLQW�&2/,1*�DQG�$&/�PHHWLQJ�

$JLUUH�� (��� *RMHQROD�� .��� 6DUDVROD�� .�� DQG� 9RXWLODLQHQ�� $�� ����F�� 7RZDUGV� D� 6LQJOH� 3URSRVDO� LQ
6SHOOLQJ�&RUUHFWLRQ��LQ�839�(+8�/6,�75�������839�(+8��'RQRVWLD��%DVTXH�&RXQWU\��

1�%�� ,Q�WKH�SRVWVFULSW�YHUVLRQ�RI� WKH� WKHVLV��DOO� WKH�SDSHUV�FDQ�EH�REWDLQHG�VHSDUDWHO\�DV�D� VLQJOH
FRPSUHVVHG�ILOH�IURP�WKH�KRPH�SDJH�RI�WKH�DXWKRU��KWWS���ZZZ�ML�VL�HKX�XVHUV�HQHNR��RU�GLUHFWO\
IURP�WKH�IROORZLQJ�DGGUHVV�KWWS���L[D�VL�HKX�HV�GRNXPHQW�WHVLDN�(QHNR7KHVLV3DSHUV�WDU�J]





��

$SSHQGL[�&� 

Code Erref Title Chapters
C.1 Rigau & Agirre, 1995 Disambiguating bilingual nominal entries against WordNet VI
C.2 Rigau et al., 1997 Combining Unsupervised Lexical Knowledge Methods for

Word Sense Disambiguation
VI

5LJDX�� *�� DQG� $JLUUH�� (�� ������ 'LVDPELJXDWLQJ� ELOLQJXDO� QRPLQDO� HQWULHV� DJDLQVW� :RUG1HW�� LQ
:RUNVKRS�2Q�7KH�&RPSXWDWLRQDO�/H[LFRQ���(66//,��%DUFHORQD��&DWDORQLD��

5LJDX��*���$WVHULDV��-��DQG�$JLUUH��(��������&RPELQLQJ�8QVXSHUYLVHG�/H[LFDO�.QRZOHGJH�0HWKRGV
IRU�:RUG�6HQVH�'LVDPELJXDWLRQ��LQ�3URF��RI�$&/�($&/��0DGULG��6SDLQ��

1�%�� ,Q�WKH�SRVWVFULSW�YHUVLRQ�RI� WKH� WKHVLV��DOO� WKH�SDSHUV�FDQ�EH�REWDLQHG�VHSDUDWHO\�DV�D� VLQJOH
FRPSUHVVHG�ILOH�IURP�WKH�KRPH�SDJH�RI�WKH�DXWKRU��KWWS���ZZZ�ML�VL�HKX�XVHUV�HQHNR��RU�GLUHFWO\
IURP�WKH�IROORZLQJ�DGGUHVV�KWWS���L[D�VL�HKX�HV�GRNXPHQW�WHVLDN�(QHNR7KHVLV3DSHUV�WDU�J]





��
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Abstract.

This paper presents a method for the resolution of lexical ambiguity and its automatic
evaluation over the Brown Corpus. The method relies on the use of the wide-coverage
noun taxonomy of WordNet and the notion of conceptual distance among concepts,
captured by a Conceptual Density formula developed for this purpose. This fully
automatic method requires no hand coding of lexical entries, hand tagging of text nor
any kind of training process. The results of the experiment have been automatically
evaluated against SemCor, the sense-tagged version of the Brown Corpus.

Keywords:  Word Sense Disambiguation, Conceptual Distance, WordNet, SemCor.

1 Introduction

Word sense disambiguation is a long-
standing problem in Computational
Linguistics. Much of recent work in lexical
ambiguity resolution offers the prospect that a
disambiguation system might be able to
receive as input unrestricted text and tag each
word with the most likely sense with fairly
reasonable accuracy and efficiency. The most
extended approach is to attempt to use the
context of the word to be disambiguated
together with information about each of its
word senses to solve this problem.

Several interesting experiments have been
performed in recent years using preexisting
lexical knowledge resources. (Cowie et al. 92)
describe a method for lexical disambiguation
of text using the definitions in the machine-
readable version of the LDOCE dictionary as
in the method described in (Lesk 86), but
using simulated annealing for efficiency
reasons. (Yarowsky 92) combines the use of
the Grolier encyclopaedia as a training corpus
with the categories of the Roget's International
Thesaurus to create a statistical model for the

word sense disambiguation problem with
excellent results. (Wilks et al. 93) perform
several interesting statistical disambiguation
experiments using coocurrence data collected
from LDOCE. (Sussna 93), (Voorhees 93),
(Richarson et al. 94) define a disambiguation
programs based in WordNet with the goal of
improving precision and coverage during
document indexing.

Although each of these techniques looks
somewhat promising for disambiguation,
either they have been only applied to a small
number of words, a few sentences or not in a
public domain corpus. For this reason we have
tried to disambiguate all the nouns from real
texts in the public domain sense tagged
version of the Brown corpus (Francis &
Kucera 67), (Miller et al. 93), also called
Semantic Concordance or Semcor for short.
We also use a public domain lexical
knowledge source, WordNet (Miller 90). The
advantage of this approach is clear, as Semcor
provides an appropriate environment for
testing our procedures in a fully automatic
way.
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This paper presents a general automatic
decision procedure for lexical ambiguity
resolution based on a formula of the
conceptual distance among concepts:
Conceptual Density. The system needs to
know how words are clustered in semantic
classes, and how semantic classes are
hierarchically organised. For this purpose, we
have used a broad semantic taxonomy for
English, WordNet. Given a piece of text from
the Brown Corpus, our system tries to resolve
the lexical ambiguity of nouns by finding the
combination of senses from a set of
contiguous nouns that maximises the total
Conceptual Density among senses.

Even if this technique is presented as stand-
alone, it is our belief, following the ideas of
(McRoy 92) that full-fledged lexical
ambiguity resolution should combine several
information sources. Conceptual Density
might be only one evidence of the plausibility
of a certain word sense.

Following this introduction, section 2
presents the semantic knowledge sources used
by the system. Section 3 is devoted to the
definition of Conceptual Density. Section 4
shows the disambiguation algorithm used in
the experiment. In section 5, we explain and
evaluate the performed experiment. In section
6, we present further work and finally in the
last section some conclusions are drawn.

2 WordNet and the Semantic
Concordance

Sense is not a well defined concept and
often has subtle distinctions in topic, register,
dialect, collocation, part of speech, etc. For the
purpose of this study, we take as the senses of
a word those ones present in WordNet 1.4.
WordNet is an on-line lexicon based on
psycholinguistic theories (Miller 90). It
comprises nouns, verbs, adjectives and adverbs,
organised in terms of their meanings around
semantic relations, which include among
others, synonymy and antonymy, hypernymy
and hyponymy, meronymy and holonymy.
Lexicalised concepts, represented as sets of
synonyms called synsets,  are the basic
elements of WordNet. The senses of a word are
represented by synsets, one for each word
sense. The version used in this work, WordNet
1.4, contains 83,800 words, 63,300 synsets
(word senses) and 87,600 links between
concepts.

The nominal part of WordNet can be
viewed as a tangled hierarchy of hypo/
hypernymy relations. Nominal relations

include also three kinds of meronymic
relations, which can be paraphrased as
member-of,  made-of and component-part-of.

SemCor (Miller et al. 93) is a corpus where
a single part of speech tag and a single word
sense tag (which corresponds to a WordNet
synset) have been included  for all open-class
words. SemCor is a subset taken from the
Brown Corpus (Francis & Kucera, 67) which
comprises approximately 250,000 words out
of a total of 1 million words. The coverage in
WordNet of the senses for open-class words in
SemCor reaches 96% according to the authors.
The tagging was done manually, and the error
rate measured by the authors is around 10%
for polysemous words.

3 Conceptual Density and Word
Sense Disambiguation

A measure of the relatedness among
concepts can be a valuable prediction
knowledge source to several decisions in
Natural Language Processing. For example,
the relatedness of a certain word-sense to the
context allows us to select that sense over the
others, and actually disambiguate the word.
Relatedness can be measured by a fine-
grained conceptual distance (Miller & Teibel,
91) among concepts in a hierarchical semantic
net such as WordNet. This measure would
allow to discover reliably the lexical cohesion
of a given set of words in English.

Conceptual distance tries to provide a basis
for determining closeness in meaning among
words, taking as reference a structured
hierarchical net. Conceptual distance between
two concepts is defined in (Rada et al. 89) as
the length of the shortest path that connects
the concepts in a hierarchical semantic net. In
a similar approach, (Sussna 93) employs the
notion of conceptual distance between network
nodes in order to improve precision during
document indexing. Following these ideas,
(Agirre et al. 94) describes a new conceptual
distance formula for the automatic spelling
correction problem and (Rigau 94), using this
conceptual distance formula, presents a
methodology to enrich dictionary senses with
semantic tags extracted from WordNet.

The measure of conceptual distance among
concepts we are looking for should be
sensitive to:

• the length of the shortest path that
connects the concepts involved.



• the depth in the hierarchy: concepts in a
deeper part of the hierarchy should be ranked
closer.

• the density of concepts in the hierarchy:
concepts in a dense part of the hierarchy are
relatively closer than those in a more sparse
region.

• the measure should be independent of the
number of concepts we are measuring.

We have experimented with several
formulas that follow the four criteria presented
above. Currently, we are working with the
Conceptual Density formula, which compares
areas of subhierarchies.

Word to be disambiguated:  W
Context words:            	w1 w2 w3 w4 ...

W

sense1
sense2

sense3

sense4

Figure 1: senses of a word in WordNet

As an example of how Conceptual Density
can help to disambiguate a word, in figure 1
the word W has four senses and several context
words. Each sense of the words belongs to a
subhierachy of WordNet. The dots in the
subhierarchies represent the senses of either
the word to be disambiguated (W) or the words
in the context. Conceptual Density will yield
the highest density for the subhierarchy
containing more senses of those, relative to the
total amount of senses in the subhierarchy.
The sense of W contained in the subhierarchy
with highest Conceptual Density will be chosen
as the sense disambiguating W in the given
context. In figure 1, sense2 would be chosen.

Given a concept c , at the top of a
subhierarchy, and given nhyp and h (mean
number of hyponyms per node and height of
the subhierarchy, respectively), the Conceptual
Density for c when its subhierarchy contains a
number m (marks) of senses of the words to
disambiguate is given by the formula below:

CD(c,m) =
nhypi

i=0

m−1
∑

nhypi

i=0

h−1
∑

( 1 )

The numerator expresses the expected area
for a subhierarchy containing m marks (senses
of the words to be disambiguated), while the
divisor is the actual area, that is, the formula
gives the ratio between weighted marks below
c and the number of descendant senses of
concept c. In this way, formula 1 captures the
relation between the weighted marks in the
subhierarchy and the total area of the
subhierarchy below c. The weight given to the
marks tries to express that the height and the
number of marks should be proportional.

nhyp is computed for each concept in
WordNet in such a way as to satisfy equation 2,
which expresses the relation among height,
averaged number of hyponyms of each sense
and total number of senses in a subhierarchy if
it were homogeneous and regular:

descendantsc = nhypi

i=0

h−1
∑  ( 2 )

Thus, if we had a concept c  with a
subhierarchy of height 5 and 31 descendants,
equation 2 will hold that nhyp is 2 for c.

Conceptual Density weights the number of
senses of the words to be disambiguated in
order to make density equal to 1 when the
number m of senses below c is equal to the
height of the hierarchy h, to make density
smaller than 1 if m is smaller than h and to
make density bigger than 1 whenever m is
bigger than h . The density can be kept
constant for different m-s provided a certain
proportion between the number of marks m
and the height h  of the subhierarchy is
maintained. Both hierarchies A  and B  in
figure 2, for instance, have Conceptual Density
1.

A B

c C

h = 5 
m = 5

descendants = 31

h = 3  
m = 3

descendants = 7

Figure 2: two hierarchies with CD = 11.
--------------------------------------------------------------------

1From formulas 1 and 2 we have:

descendants(c) = 7 = nhyp i

i = 0

3−1

∑ ⇒ nhyp = 2 ⇒ CD(c, 3) = 2 i

i = 0

3−1

∑ 7 = 7 7 = 1

descendants(c) = 31 = nhyp i

i = 0

5 −1

∑ ⇒ nhyp = 2 ⇒ CD(c, 5) = 2 i

i = 0

5 −1

∑ 31 = 31 31 = 1



In order to tune the Conceptual Density
formula, we have made several experiments
adding two parameters, α  and β . The a
parameter modifies the strength of the
exponential i  in the numerator because h
ranges between 1 and 16 (the maximum
number of levels in WordNet) while m
between 1 and the total number of senses in
WordNet. Adding a constant b to nhyp, we
tried to discover the role of the averaged
number of hyponyms per concept. Formula 3
shows the resulting formula.

CD(c,m) =
(nhyp + β)iα

i=0

m−1
∑

descendantsc
 ( 3 )

After an extended number of runs which
were automatically checked, the results showed
that β  does not affect the behaviour of the
formula, a strong indication that this formula
is not sensitive to constant variations in the
number of hyponyms. On the contrary,
different values of α affect the performance
consistently, yielding the best results in those
experiments with α  near 0.20. The actual
formula which was used in the experiments
was thus the following:

CD(c,m) =
nhypi0.20

i=0

m−1
∑

descendantsc
 ( 4 )

4 The Disambiguation Algorithm
Using Conceptual Density

Given a window size, the program moves
the window one word at a time from the
beginning of the document towards its end,
disambiguating in each step the word in the
middle of the window and considering the
other words in the window as context.

The algorithm to disambiguate a given
word w in the middle of a window of words W
roughly proceeds as follows. First, the
algorithm represents in a lattice the nouns
present in the window, their senses and
hypernyms (step 1). Then, the program
computes the Conceptual Density of each
concept in WordNet according to the senses it
contains in its subhierarchy (step 2). It selects
the concept c with highest density (step 3) and
selects the senses below it as the correct senses
for the respective words (step 4). If a word
from W:

• has a single sense under c, it has already
been disambiguated.

• has not such a sense, it is still ambiguous.
• has more than one such senses, we can

eliminate all the other senses of w, but have not
yet completely disambiguated w.

The algorithm proceeds then to compute
the density for the remaining senses in the
lattice, and continues to disambiguate words in
W (back to steps 2, 3 and 4). When no further
disambiguation is possible, the senses left for
w are processed and the result is presented
(step 5). To illustrate the process, consider the
following text extracted from SemCor:

The jury(2) praised the administration(3)
and operation(8) of the Atlanta
Police_Department(1), the
Fulton_Tax_Commissioner_'s_Office, the
Bellwood and Alpharetta prison_farms(1),
Grady_Hospital and the
Fulton_Health_Department.

Figure 3: sample sentence from SemCor

The underlined words are nouns
represented in WordNet with the number of
senses between brackets. The noun to be
disambiguated in our example is operation.,
and a window size of five will be used.

(step 1) The following figure shows
partially the lattice for the example sentence.
As far as Prison_farm appears in a different
hierarchy we do not show it in figure 4:
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Figure 4: partial lattice for the sample sentence

The concepts in WordNet are represented as
lists of synonyms. Word senses to be



disambiguated are shown in bold. Underlined
concepts are those selected with highest
Conceptual Density. Monosemic nouns have
sense number 0.
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instance, has underneath  3 senses to be
disambiguated and a subhierarchy size of 96
and therefore gets a Conceptual Density of
0.256. Meanwhile, <
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, with 2 senses and
subhierarchy size of 86, gets 0.062.
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, being the
concept with highest Conceptual Density is
selected.
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 are the senses
chosen for operation, Police_Department and
j u r y . All the other concepts below
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 are marked so that they
are no longer selected. Other senses of those
words are deleted from the lattice e.g. j
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.
In the next loop of the algorithm <
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 will
have only one disambiguation-word below it,
and therefore its density will be much lower.
At this point the algorithm detects that further
disambiguation is not possible, and quits the
loop.

(Step 5) The algorithm has disambiguated
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 (because  this
word is monosemous in WordNet), but the
word administration is still ambiguous. The
output of the algorithm , thus, will be that the
sense for operation in this context, i.e. for this
window, is o

 

p

 

e

 

r

 

a

 

t

 

i

 

o

 

n

 

_

 

3

 

. The disambiguation
window will move rightwards, and the
algorithm wil l try to disambiguate
P o l i c e _ D e p a r t m e n t taking as context
administration, operation, prison_farms and
whichever noun is first in the next sentence.

The disambiguation algorithm has and
intermediate outcome between completely
disambiguating a word or failing to do so. In
some cases the algorithm returns several
possible senses for a word. In this experiment
we treat this cases as failure to disambiguate.

5 The Experiment

We selected one text from SemCor at
random: br-a01 from the gender "Press:
Reportage". This text is 2079 words long, and
contains 564 nouns. Out of these, 100 were
not found in WordNet. From the 464 nouns in
WordNet, 149 are monosemous (32%).

The text plays both the role of input file
(without semantic tags) and (tagged) test file.
When it is treated as input file, we throw away
all non-noun words, only leaving the lemmas
of the nouns present in WordNet. The
program does not face syntactic ambiguity, as
the disambiguated part of speech information
is in the input file. Multiple word entries are
also available in the input file, as long as they
are present in WordNet. Proper nouns have a
similar treatment: we only consider those that
can be found in WordNet. Figure 5 shows the
way the algorithm would input the example
sentence in figure 3 after stripping non-noun
words.

After erasing the irrelevant information we
get the words shown in figure 62.

The algorithm then produces a file with
sense tags that can be compared automatically
with the original file (c.f. figure 5).
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Figure 5: Semcor format
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Figure 6: input words

--------------------------------------------------------------------------

2Note that we already have the knowledge that police department and prison farm are compound nouns, and
that the lemma of prison farms is prison farm.



Deciding the optimum context size for
disambiguating using Conceptual Density is
an important issue. One could assume that the
more context there is, the better the
disambiguation results would be. Our
experiment shows that precision3 increases for
bigger windows, until it reaches window size
15, where it gets stabilised to start decreasing
for sizes bigger than 25 (c.f. figure 7).
Coverage over polysemous nouns behaves
similarly, but with a more significant
improvement. It tends to get its maximum
over 80%, decreasing for window sizes bigger
than 20.

Precision is given in terms of polysemous
nouns only. The graphs are drawn against the
size of the context4 that was taken into
account when disambiguating.
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Figure 7: precision and coverage

Figure 7 also shows the guessing baseline,
given when selecting senses at random. First, it
was calculated analytically using the polysemy
counts for the file, which gave 30% of
precision. This result was checked
experimentally running an algorithm ten times
over the file, which confirmed the previous
result.

We also compare the performance of our
algorithm with that of the "most frequent"
heuristic. The frequency counts for each sense
were collected using the rest of SemCor, and
then applied to the text. While the precision is
similar to that of our algorithm, the coverage
is nearly 10% worse.

All the data for the best window size can be
seen in table 1. The precision and coverage
shown in the preceding graph was for

polysemous nouns only. If we also include
monosemic nouns precision raises from
47.3% to 66.4%, and the coverage increases
from 83.2% to 88.6%.

% w=25 Cover. Prec. Recall
polysemic 83.2 47.3 39.4
overall 88.6 66.4 58.8

Table  1: overall data for the best
window size

6 Further Work

Senses in WordNet are organised in
lexicographic files which can be roughly taken
also as a semantic classification. If the senses
of a given word that are from the same
lexicographic file were collapsed, we would
disambiguate at a level closer to the
homograph level of disambiguation.

Another possibility we are currently
considering is the inclusion of meronymic
relations in the Semantic Density algorithm.
The more semantic information the algorithm
gathers the better performance it can be
expected.

At the moment of writing this paper more
extensive experiments which include other
three texts from SemCor are under way. With
these experiments we would like to evaluate
the two improvements outlined above.
Moreover, we would like to check the
performance of other algorithms for
conceptual distance on the same set of texts.

This methodology has been also used for
disambiguating nominal entries of bilingual
MRDs against WordNet (Rigau & Agirre 95).

7 Conclusion

The automatic method for the
disambiguation of nouns presented in this
paper is ready-usable in any general domain
and on free-running text, given part of speech
tags. It does not need any training and uses
word sense tags from WordNet, an extensively
used lexical data base.

-------------------------------------------------------------------

3Precision is defined as the ratio between correctly disambiguated senses and total number of answered
senses. Coverage is given by the ratio between total number of answered senses and total number of senses.
Recall is defined as the ratio between correctly disambiguated senses and total number of senses.
4Context size is given in terms of nouns.



The algorithm is theoretically motivated
and founded, and offers a general measure
of the semantic relatedness for any number
of nouns in a text.

In the experiment, the algorithm
disambiguated one text (2079 words long)
of SemCor, a subset of the Brown corpus.
The results were obtained automatically
comparing the tags in SemCor with those
computed by the algorithm, which would
allow the comparison with other
disambiguation methods.

The results are promising, considering
the difficulty of the task (free running text,
large number of senses per word in
WordNet), and the lack of any discourse
structure of the texts.
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Abstract.

This paper presents a method for the resolution
of lexical ambiguity of nouns and its automatic
evaluation over the Brown Corpus. The method
relies on the use of the wide-coverage noun
taxonomy of WordNet and the notion of
conceptual distance among concepts, captured by
a Conceptual Density formula developed for this
purpose. This fully automatic method requires
no hand coding of lexical entries, hand tagging
of text nor any kind of training process. The
results of the experiments have been
automatically evaluated against SemCor, the
sense-tagged version of the Brown Corpus.

1 Introduction

Much of recent work in lexical ambiguity
resolution offers the prospect that a disambiguation
system might be able to receive as input unrestricted
text and tag each word with the most likely sense
with fairly reasonable accuracy and efficiency. The
most extended approach use the context of the word to
be disambiguated together with information about
each of its word senses to solve this problem.

Interesting experiments have been performed in
recent years using preexisting lexical knowledge
resources: [Cowie et al. 92], [Wilks et al. 93] with
LDOCE, [Yarowsky 92] with Roget's International
Thesaurus, and [Sussna 93], [Voorhees 93],
[Richardson et al. 94], [Resnik 95] with WordNet.

Although each of these techniques looks promising
for disambiguation, either they have been only
applied to a small number of words, a few sentences
or not in a public domain corpus. For this reason we
have tried to disambiguate all the nouns from real

* Eneko Agirre was supported by a grant from the
Basque Goverment. Part of this work is included in
projects 141226-TA248/95 of the Basque Country
University and PI95-054 of the Basque Government.
** German Rigau was supported by a grant from the
Ministerio de Educación y Ciencia.

texts in the public domain sense tagged version of the
Brown corpus [Francis & Kucera 67], [Miller et al.
93], also called Semantic Concordance or SemCor for
short1. The words in SemCor are tagged with word
senses from WordNet, a broad semantic taxonomy for
English [Miller 90]2. Thus, SemCor provides an
appropriate environment for testing our procedures
and comparing among alternatives in a fully
automatic way.

The automatic decision procedure for lexical
ambiguity resolution presented in this paper is based
on an elaboration of the conceptual distance among
concepts: Conceptual Density [Agirre & Rigau 95].
The system needs to know how words are clustered in
semantic classes, and how semantic classes are
hierarchically organised. For this purpose, we have
used WordNet. Our system tries to resolve the lexical
ambiguity of nouns by finding the combination of
senses from a set of contiguous nouns that
maximises the Conceptual Density among senses.

The performance of the procedure was tested on four
SemCor texts chosen at random. For comparison
purposes two other approaches, [Sussna 93] and
[Yarowsky 92], were also tried. The results show that
our algorithm performs better on the test set.

Following this short introduction the Conceptual
Density formula is presented. The main procedure to
resolve lexical ambiguity of nouns using Conceptual
Density is sketched on section 3. Section 4  describes
extensively the experiments and its results. Finally,
sections 5 and 6 deal with further work and
conclusions.

1Semcor comprises approximately 250,000 words. The
tagging was done manually, and the error rate measured
by the authors is around 10% for polysemous words.
2The senses of a word are represented by synonym sets
(or synsets), one for each word sense. The nominal
part of WordNet can be viewed as a tangled hierarchy
of hypo/hypernymy relations among synsets. Nominal
relations include also three kinds of meronymic
relations, which can be paraphrased as member-of,
made-of and component-part-of. The version used in
this work is WordNet 1.4, The coverage in WordNet of
senses for open-class words in SemCor reaches 96%
according to the authors.



2 Conceptual Density and Word
Sense Disambiguation

Conceptual distance tries to provide a basis for
measuring closeness in meaning among words, taking
as reference a structured hierarchical net. Conceptual
distance between two concepts is defined in [Rada et
al. 89] as the length of the shortest path that connects
the concepts in a hierarchical semantic net. In a
similar approach, [Sussna 93] employs the notion of
conceptual distance between network nodes in order to
improve precision during document indexing. [Resnik
95] captures semantic similarity (closely related to
conceptual distance) by means of the information
content of the concepts in a hierarchical net. I n
general these approaches focus on nouns.

The measure of conceptual distance among concepts
we are looking for should be sensitive to:

• the length of the shortest path that connects the
concepts involved.

• the depth in the hierarchy: concepts in a deeper
part of the hierarchy should be ranked closer.

• the density of concepts in the hierarchy: concepts
in a dense part of the hierarchy are relatively closer
than those in a more sparse region.

• the measure should be independent of the number
of concepts we are measuring.

We have experimented with several formulas that
follow the four criteria presented above. The
experiments reported here were performed using the
Conceptual Density formula [Agirre & Rigau 95],
which compares areas of subhierarchies.

To illustrate  how Conceptual Density can help to
disambiguate a word, in figure 1 the word W has four
senses and several context words. Each sense of the
words belongs to a subhierarchy of WordNet. The dots
in the subhierarchies represent the senses of either the
word to be disambiguated (W) or the words in the
context. Conceptual Density will yield the highest
density for the subhierarchy containing more senses of
those, relative to the total amount of senses in the
subhierarchy. The sense of W contained in the
subhierarchy with highest Conceptual Density will be
chosen as the sense disambiguating W in the given
context. In figure 1, sense2 would be chosen.

Word to be disambiguated:  W
Context words:            	w1 w2 w3 w4 ...

W

sense1
sense2

sense3

sense4

Figure 1: senses of a word in WordNet

Given a concept c, at the top of a subhierarchy, and
given nhyp (mean number of hyponyms per node),
the Conceptual Density for c when its subhierarchy
contains a number m (marks) of senses of the words
to disambiguate is given by the formula below:

CD(c, m) =
nhypi0.20

i=0

m−1

∑
descendantsc

 (1 )

Formula 1 shows a parameter that was computed
experimentally. The 0.20 tries to smooth the
exponential i, as m  ranges between 1 and the total
number of senses in WordNet. Several values were
tried for the parameter, and it was found that the best
performance was attained consistently when the
parameter was near 0.20.

3 The Disambiguation Algorithm
Using Conceptual Density

Given a window size, the program moves the
window one noun at a time from the beginning of the
document towards its end, disambiguating in each
step the noun in the middle of the window and
considering the other nouns in the window as context.
Non-noun words are not taken into account.

The algorithm to disambiguate a given noun w in
the middle of a window of nouns W (c.f. figure 2)
roughly proceeds as follows:

(Step 1)	tree := compute_tree(words_in_window)
		       loop
(Step 2)		 tree := compute_conceptual_distance(tree)
(Step 3)		 concept := selecct_concept_with_highest_weigth(tree)
			        if  concept = null then exitloop
(Step 4)		 tree := mark_disambiguated_senses(tree,concept)
		       endloop
(Step 5)	output_disambiguation_result(tree)

Figure 2: algorithm for each window



First, the algorithm represents in a lattice the nouns
present in the window, their senses and hypernyms
(step 1). Then, the program computes the Conceptual
Density of each concept in WordNet according to the
senses it contains in its subhierarchy (step 2). It
selects the concept c with highest Conceptual Density
(step 3) and selects the senses below it as the correct
senses for the respective words (step 4).

The algorithm proceeds then to compute the density
for the remaining senses in the lattice, and continues
to disambiguate the nouns left in W (back to steps 2,
3 and 4). When no further disambiguation is possible,
the senses left for w are processed and the result is
presented (step 5).

Besides completely disambiguating a word or
failing to do so, in some cases the disambiguation
algorithm returns several possible senses for a word.
In the experiments we considered these partial
outcomes as failure to disambiguate.

4 The Experiments

4.1 The texts

We selected four texts from SemCor at random: br-
a01 (where a stands for gender "Press: Reportage"),
br-b20 (b for "Press: Editorial"), br-j09 (j means
"Learned: Science") and br-r05 (r for  "Humour").
Table 1 shows some statistics for each text.

text words nouns nouns
in WN

monosemous

br-a01 2079 564 464 149 (32%)
br-ab20 2153 453 377 128 (34%)
br-j09 2495 620 586 205 (34%)
br-r05 2407 457 431 120 (27%)
total 9134 2094 1858 602 (32%)

Table 1: data for each text

An average of 11% of all nouns in these four texts
were not found in WordNet. According to this data,
the amount of monosemous nouns in these texts is
bigger (32% average) than the one calculated for the
open-class words from the whole SemCor (27.2%
according to [Miller et al. 94]).

For our experiments, these texts play both the role
of input files (without semantic tags) and (tagged) test
files. When they are treated as input files, we throw
away all non-noun words, only leaving the lemmas of
the nouns present in WordNet.

4.2 Results and evaluation

One of the goals of the experiments was to decide
among different variants of the Conceptual Density
formula. Results are given averaging the results of the
four files. Partial disambiguation is treated as failure

to disambiguate. Precision (that is, the percentage of
actual answers which were correct) and recall (that is,
the percentage of possible answers which were correct)
are given in terms of polysemous nouns only. Graphs
are drawn against the size of the context3 .

•  meronymy does  no t  improve
performance as expected. A priori, the more
relations are taken in account (e.i. meronymic
relations, in addition to the hypo/hypernymy relation)
the better density would capture semantic relatedness,
and therefore better results can be expected.

38

39

40

41

42

43

44

Window Size

hyper
meron

Figure 3: meronymy and hyperonymy

The experiments (see figure 3) showed that there is
not much difference; adding meronymic information
does not improve precision, and raises coverage only
3% (approximately). Nevertheless, in the rest of the
results reported below, meronymy and hypernymy
were used.

• global nhyp is as good as local nhyp.
The average number of hyponyms or nhyp (c.f.
formula 1) can be approximated in two ways. If an
independent nhyp is computed for every concept in
WordNet we call it local nhyp. If instead, a unique
nhyp is computed using the whole hierarchy, we have
global nhyp.

38

39

40

41

42

43

44

Window Size

local
global

Figure 4: local nhyp vs. global nhyp

3context size is given in terms of nouns.



While local nhyp is the actual average for a given
concept, global nhyp gives only an estimation. The
results (c.f. figure 4) show that local nhyp  performs
only slightly better. Therefore global nhyp i s
favoured and was used in subsequent experiments.

• context size: different behaviour for
each text. One could assume that the more context
there is, the better the disambiguation results would
be. Our experiments show that each file from
SemCor has a different behaviour (c.f. figure 5) while
br-b20 shows clear improvement for bigger window
sizes, br-r05 gets a local maximum at a 10 size
window, etc.

30

35

40

45

50

Window Size

average

br-r05 br-j09
br-a01 br-b20

Figure 5: context size and different files

As each text is structured a list of sentences,
lacking any indication of headings, sections,
paragraph endings, text changes, etc. the program
gathers the context without knowing whether the
nouns actually occur in coherent pieces of text. This
could account for the fact that in br-r05, composed
mainly by short pieces of dialogues, the best results
are for window size 10, the average size of this
dialogue pieces. Likewise, the results for br-a01,
which contains short journalistic texts, are best for
window sizes from 15 to 25, decreasing significatly
for size 30.

In addition, the actual nature of each text is for sure
an important factor, difficult to measure, which could
account for the different behavoiur on its own. In
order to give an overall view of the performance, we
consider the average behaviour.

• file vs. sense. WordNet groups noun senses
in 24 lexicographer's files. The algorithm assigns a
noun both an specific sense and a file label. Both file

matches and sense matches are interesting to count.
While the sense level gives a fine graded measure of
the algorithm, the file level gives an indication of the
performance if we were interested in a less sharp level
of disambiguation. The granularity of the sense
distinctions made in [Hearst, 91], [Yarowsky 92] and
[Gale et al. 93] also called homographs in [Guthrie et
al. 93], can be compared to that of the file level in
WordNet.

For instance, in [Yarowsky 92] two homographs of
the noun b

 

a

 

s

 

s

 

 are considered, one characterised as
MUSIC and the other as ANIMAL, INSECT. In
WordNet, the 6 senses of b

 

a

 

s

 

s

 

 related to music appear
in the following files: ARTIFACT, ATTRIBUTE,
COMMUNICATION and PERSON. The 3 senses
related to animals appear in the files ANIMAL and
FOOD. This means that while the homograph level
in [Yarowsky 92] distinguishes two sets of senses,
the file level in WordNet distinguishes six sets of
senses, still finer in granularity.

Figure 6 shows that, as expected, file-level matches
attain better performance (71.2% overall and 53.9%
for polysemic nouns) than sense-level matches.
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Figure 6: sense level vs. file level

• evaluation of the results Figure 7 shows
that, overall, coverage over polysemous nouns
increases significantly with the window size, without
losing precision. Coverage tends to get stabilised near
80%, getting little improvement for window sizes
bigger than 20.

The figure also shows the guessing baseline,
given by selecting senses at random. This baseline
was first calculated analytically and later checked
experimentally. We also compare the performance of
our algorithm with that of the "most frequent"
heuristic. The frequency counts for each sense were
collected using the rest of SemCor, and then applied
to the four texts. While the precision is similar to
that of our algorithm, the coverage is 8% worse.



30

40

50

60

70

80

Window Size

most frequent
semantic densityCoverage:

Precision: semantic density
most frequent
guessing

Figure 7: precision and coverage

All the data for the best window size can be seen in
table 2. The precision and coverage shown in all the
preceding graphs were relative to the polysemous
nouns only. Including monosemic nouns precision
raises, as shown in table 2, from 43% to 64.5%, and
the coverage increases from 79.6% to 86.2%.

% w=30 Cover. Prec. Recall

overall File 86.2 71.2 61.4
Sense 64.5 55.5

polysemic File 79.6 53.9 42.8
Sense 43 34.2

Table 2: overall data for the best window size

4.3 Comparison with other works

The raw results presented here seem to be poor
when compared to those shown in [Hearst 91], [Gale
et al. 93] and [Yarowsky 92]. We think that several
factors make the comparison difficult. Most of those
works focus in a selected set of a few words, generally
with a couple of senses of very different meaning
(coarse-grained distinctions), and for which their
algorithm could gather enough evidence. On the
contrary, we tested our method with all the nouns in
a subset of an unrestricted public domain corpus
(more than 9.000 words), making fine-grained
distinctions among all the senses in WordNet.

An approach that uses hierarchical knowledge is
that of [Resnik 95], which additionally uses the
information content of each concept gathered from

corpora. Unfortunately he applies his method on a
different task, that of disambiguating sets of related
nouns. The evaluation is done on a set of related
nouns from Roget's Thesaurus tagged by hand. The
fact that some senses were discarded because the
human judged them not reliable makes comparison
even more difficult.

In order to compare our approach we decided to
implement [Yarowsky 92] and [Sussna 93], and test
them on our texts. For [Yarowsky 92] we had to
adapt it to work with WordNet. His method relies on
cooccurrence data gathered on Roget's Thesaurus
semantic categories. Instead, on our experiment we
use saliency values4 based on the lexicographic file
tags in SemCor. The results for a window size of 50
nouns are those shown in table 35. The precision
attained by our algorithm is higher. To compare
figures better consider the results in table 4, were the
coverage of our algorithm was easily extended using
the version presented below, increasing recall to
70.1%.

% Cover. Prec. Recall

C.Density 86.2 71.2 61.4
Yarowsky 100.0 64.0 64.0
Table 3: comparison with [Yarowsky 92]

From the methods based on Conceptual Distance,
[Sussna 93] is the most similar to ours. Sussna
disambiguates several documents from a public
corpus using WordNet. The test set was tagged by
hand, allowing  more than one correct senses for a
single word. The method he uses has to overcome a
combinatorial explosion6  controlling the size of the
window and “freezing” the senses for all the nouns
preceding the noun to be disambiguated. In order to
freeze the winning sense Sussna's algorithm is forced
to make a unique choice. When Conceptual Distance
is not able to choose a single sense, the algorithm
chooses one at random.

Conceptual Density overcomes the combinatorial
explosion extending the notion of conceptual distance
from a pair of words to n words, and therefore can
yield more than one correct sense for a word. For
comparison, we altered our algorithm to also make
random choices when unable to choose a single sense.
We applied the algorithm Sussna considers best,

4We tried both mutual information and association ratio,
and the later performed better.
5The results of our algorithm are those for window size
30, file matches and overall.
6In our replication of his experiment the mutual
constraint for the first 10 nouns (the optimal window
size according to his experiments) of file br-r05 had to
deal with more than 200,000 synset pairs.



discarding the factors that do not affect performance
significantly7, and obtain the results in table 4.

% Cover. Prec.

C.Density File 100.0 70.1
Sense 60.1

Sussna File 100.0 64.5
Sense 52.3

Table 4: comparison with [Sussna 93]

A more thorough comparison with these methods
could be desirable, but not possible in this paper for
the sake of conciseness.

5 Further Work

We would like to have included in this paper a
study on whether there is or not a correlation among
correct and erroneous sense assignations and the
degree of Conceptual Density, that is, the actual
figure held by formula 1. If this was the case, the
error rate could be further decreased setting a certain
threshold for Conceptual Density values of winning
senses. We would also like to evaluate the usefulness
of partial disambiguation: decrease of ambiguity,
number of times correct sense is among the chosen
ones, etc.

There are some factors that could raise the
performance of our algorithm:

•Work on coherent chunks of text.
Unfortunately any information about discourse
structure is absent in SemCor, apart from sentence
endings The performance would gain from the fact
that sentences from unrelated topics would not be
considered in the disambiguation window.

• Extend and improve the semantic data.
WordNet provides sinonymy, hypernymy and
meronyny relations for nouns, but other relations are
missing. For instance, WordNet lacks cross-categorial
semantic relations, which could be very useful to
extend the notion of Conceptual Density of nouns to
Conceptual Density of words. Apart from extending
the disambiguation to verbs, adjectives and adverbs,
cross-categorial relations would allow to capture better
the relations among senses and provide firmer grounds
for disambiguating.

These other relations could be extracted from other
knowledge sources, both corpus-based or MRD-based.
If those relations could be given on WordNet senses,
Conceptual Density could profit from them. It is our
belief, following the ideas of [McRoy 92] that full-
fledged lexical ambiguity resolution should combine
several information sources. Conceptual Density

7Initial mutual constraint size is 10 and window size is
41. Meronymic links are also considered. All the links
have the same weigth.

might be only one of a number of complementary
evidences of the plausibility of a certain word sense.

Furthermore, WordNet 1.4 is not a complete lexical
database (current version is 1.5).

• Tune the sense distinctions to the level
best suited for the application. On the one
hand the sense distinctions made by WordNet 1.4 are
not always satisfactory. On the other hand, our
algorithm is not designed to work on the file level,
e.g. if the sense level is unable to distinguish among
two senses, the file level also fails, even if both
senses were from the same file. If the senses were
collapsed at the file level, the coverage and precision
of the algorithm at the file level might be even better.

6 Conclusion

The automatic method for the disambiguation of
nouns presented in this paper is ready-usable in any
general domain and on free-running text, given part of
speech tags. It does not need any training and uses
word sense tags from WordNet, an extensively used
lexical data base.

Conceptual Density has been used for other tasks
apart from the disambiguation of free-running test. Its
application for automatic spelling correction is
outlined in [Agirre et al. 94]. It was also used on
Computational Lexicography, enriching dictionary
senses with semantic tags extracted from WordNet
[Rigau 94], or linking bilingual dictionaries to
WordNet [Rigau and Agirre 96].

In the experiments, the algorithm disambiguated
four texts (about 10,000 words long) of SemCor, a
subset of the Brown corpus. The results were obtained
automatically comparing the tags in SemCor with
those computed by the algorithm, which would allow
the comparison with other disambiguation methods.
Two other methods, [Sussna 93] and [Yarowsky 92],
were also tried on the same texts, showing that our
algorithm performs better.

Results are promising, considering the difficulty of
the task (free running text, large number of senses per
word in WordNet), and the lack of any discourse
structure of the texts. Two types of results can be
obtained: the specific sense or a coarser, file level,
tag.
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• Compute the upper bound of this method using WordNet.

How correct this methodology can be? That is, words belonging to the same narrow context
in SemCor can represent distant correct concepts in WordNet (having other incorrect ones closer).

7 Conclusion

The automatic method for the disambiguation of nouns presented in this paper is ready to use
in any general domain, free-running text, given part of speech tags. It does not need any training
and uses word sense tags from WordNet, a widely used lexical data base. The algorithm is theo-
retically motivated, and offers a general measure of the semantic relatedness for any number of
nouns.

Conceptual Density has been used for other tasks apart from the disambiguation of free-run-
ning test. Its application for automatic spelling correction is outlined in [Agirre et al. 94]. It was
also used on Computational Lexicography, enriching dictionary senses with semantic tags ex-
tracted from WordNet [Rigau 94], or linking bilingual dictionaries to WordNet [Rigau and Agirre
95].

In the experiments, the algorithm disambiguated four texts (more than 9,000 words long) of
SemCor, a subset of the Brown corpus. The results were obtained automatically by comparing
the tags in SemCor with those computed by the algorithm. This allows the comparison with other
disambiguation methods. Two other methods, [Sussna 93] and [Yarowsky 92], were also tried on
the same texts, showing that our algorithm performs better.

The results are promising, considering the difficulty of the task (free running text, large num-
ber of senses per word in WordNet), and the lack of any discourse structure of the texts. Two
kinds of results can be obtained: the specific sense or a coarser, file level, tag.
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Table 4: comparison with [Sussna 93]

6 Future Work

Initially, we would like to carry out a study on whether there is or is not a correlation between
correct and erroneous sense assignations and the degree of Conceptual Density computed by for-
mula 3. If this was the case, the error rate could be further decreased by setting a certain threshold
for Conceptual Density values for winning senses.

There are other factors that could increase the performance of our algorithm:

• Work on coherent chunks of text.

Unfortunately any information about discourse structure is absent in SemCor, apart from sen-
tence endings. If coherent pieces of discourse were taken as input, both performance and efficien-
cy of the algorithm might improve. The performance would gain from the fact that sentences
from unrelated topics would not be considered in the disambiguation window. We think that ef-
ficiency could also be improved if the algorithm worked on entire coherent chunks instead of one
word at a time.

• Extend and improve the semantic data.

WordNet lacks cross-categorial semantic relations, which could be very useful for extending
the notion of Conceptual Density of nouns to Conceptual Density of words. Apart from extend-
ing disambiguation to verbs, adjectives and adverbs, cross-categorial relations would allow the
algorithm better capture the relations among senses and provide firmer grounds for disambigu-
ating.

If Conceptual Density takes into account global relations among words, it may be advanta-
geous to combine it with other sources of knowledge (both corpus-based or MRD-based) such as
syntactic cues, word frequencies, collocations, selectional restrictions [Yarowsky 93], [Ribas 95],
and so on. (c.f. [McRoy 92]). For instance, [Richardson et al. 94] defines conceptual similarity be-
tween two senses based on WordNet and informational measures taken from corpora, but does
not give any evaluation of their method.

• Tune the sense distinctions to the level best suited for the application.

On the one hand, the sense distinctions made by WordNet 1.4 are not always satisfactory and,
obviously, WordNet 1.4  is not a complete lexical Database. For instance, the three senses of abobe
and the lack of connections among them, which are fixed up in WordNet 1.5. On the other hand,
our algorithm is not designed to work on the file level, e.g. if the sense level is unable to distin-
guish among two senses, the file level also fails, even if both senses were from the same file. If the
senses were collapsed at the file level, the coverage and precision of the algorithm at the file level
might be better.

12.Initial mutual constraint size is 10 and window size is 41. Meronymic links are also considered. All the
links have the same weigth.

% Cover. Prec.
C.Densi-
ty

File 100.0 70.1

Sense 60.1
Sussna File 100.0 64.5

Sense 52.3



The raw results presented here seem to be poor when compared to those shown in [Hearst
91], [Gale et al. 93] and [Yarowsky 92]. We think that several factors make the comparison diffi-
cult. Most of those works focus on a selected set of a few words, generally with a couple of senses
of very different meaning (coarse-grained distinctions), and for which their algorithm could
gather enough evidence. On the contrary, we tested our method with all the nouns in a subset of
an unrestricted public domain corpus (more than 9.000 words), making fine-grained distinctions
among all the senses in WordNet.

[Guthrie et al. 93] tested their method in similar conditions to ours, but without performing
an extensive and automatic testing. The results reported there seem to be lower than those shown
here. In an experiment with 50 sample sentences from LDOCE, 47% of the words were correctly
disambiguated to the sense level, and 72% to the homograph level (our file level would stand be-
tween their homograph and sense levels).

An approach that uses hierarchical knowledge is that of [Resnik 95], which additionally uses
the information content of each concept gathered from corpora. Unfortunately he applies his
method on a different task, that of disambiguating sets of related nouns. The evaluation is done
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discarded because the human judged them not reliable makes comparison even more difficult.

In order to compare our approach we decided to implement [Yarowsky 92] and [Sussna 93],
and test them on our texts. For [Yarowsky 92] we had to adapt it to work with WordNet. His
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on our experiment we use saliency values9 based on the lexicographic file tags in SemCor (see
Figure 4). The results for a window size of 50 are those shown in table 310. The precision attained
by our algorithm is higher. To compare figures better consider the results in table 4, were the cov-
erage of our algorithm was easily extended using the version presented below, increasing recall
to 70.1%.

Table 3: comparison with [Yarowsky 92]

From the methods based on Conceptual Distance, [Sussna 93] is the most similar to ours. Suss-
na disambiguates several documents from a public corpus using WordNet. The test set was
tagged by hand, allowing  more than one correct senses for a single word. The method he uses
has to overcome a combinatorial explosion11  controlling the size of the window and “freezing”
the senses for all the nouns preceding the noun to be disambiguated. In order to freeze the win-
��7��� 6���
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not able to choose a single sense, he has to choose one at random.

Conceptual Density overcomes the combinatorial explosion extending the notion of concep-
tual distance from a pair of words to n words, and therefore can yield more than one correct sense
for a word.  For comparison, we altered our algorithm to also make random choices when unable
to choose a single sense. We applied the algorithm Sussna considers best, discarding the factors
that do not affect performance significantly12, and obtain the results in table 4.

9.We tried both mutual information and association ratio, and the later performed better.
10.The results of our algorithm are those for window size 30, file matches and overall.
11.In our replication of his experiment the mutual constraint for the first 10 nouns (the optimal window
size according to his experiments) of file br-r05 had to deal with more than 200.000 synset pairs.

% Cover. Prec. Recall
C.Densi-
ty

86.2 71.2 61.4

Yarowsk
y

100.0 64.0 64.0



Figure 11:  complete disambiguation and partial disambiguation

5.2.6 file vs. sense

WordNet synsets can be grouped by the lexicographic files they are coming from (e.g. ACT,
ANIMAL, FOOD, etc.) Both file matches and synset matches are interesting to count. While the
sense level gives a fine grained measure of the algorithm, the file level gives an indication of the
performance if we were interested in a less precise level of disambiguation. The granularity of
the sense distinctions made in [Hearst, 91], [Gale et al. 93] and [Yarowsky 92], also called homo-
graphs in [Guthrie et al. 93], can be compared to that of the file level in WordNet.

For instance, in [Yarowsky 92] two homographs of the noun bass are considered, one char-
acterised as MUSIC and the other as ANIMAL, INSECT. In WordNet, the 6 senses of bass related
to music appear in the following files: ARTIFACT, ATTRIBUTE, COMMUNICATION and PERSON.
The 3 senses related to animals appear in the files ANIMAL and FOOD. This means that while the
homograph level in [Yarowsky 92] distinguishes two sets of senses, the file level in WordNet dis-
tinguishes six sets of senses, still finer in granularity.

The following figure shows that, as expected, file-level matches attain better performance
(71.2% overall and 53.9% for polysemic nouns) than sense-level matches.

Figure 12: sense level v. file level

5.3 Comparison with other works



Figure 10: context size and different files

Each text is structured as a list of sentences, lacking any indication of headings, sections, para-
graph endings,  text changes, etc. This means that the program gathers the context without know-
ing whether the nouns actually occur in coherent pieces of text.  This could account for the fact
that in br-r05, composed mainly by  short pieces of dialogues, the best results are for window size
10, the average size of pieces of this dialogue. Longer windows will include other pieces of unre-
lated dialogues that could cause the disambiguation process to go astray.

In addition, SemCor files can be composed of different pieces of unrelated texts without ex-
plicit indication. For instance, two of our test files (br-a01 and br-b20) are collections of short jour-
nalistic texts. This could explain why the performance of br-a01 decreases for windows of 30
nouns. For most nouns the context window would include nouns from other articles.

The polysemy level could also affect the performance, but in our texts less polysemy does not
correlate with better performance. Nevertheless the actual nature of each text is certainly an im-
portant factor, difficult to measure, which could account for the different behaviour on its own.
For instance, the poor performance on text br-j09 could be explained by its technical nature. Fur-
ther analysis of the errors, contexts and relations found among the words would be needed to be
more conclusive.

In order to give an overall view of the performance, we consider the average behaviour for
formulating our conclusions leaving aside these considerations.

5.2.5 partial disambiguation

The disambiguation algorithm has an intermediate outcome between completely disambigu-
ating a word or failing to do so. In some cases the algorithm just manages to discard some senses
of the word, but can not choose a single sense. The automatic evaluation program does not take
these cases into account, treating them as failures to disambiguate. While the number of words
that are not disambiguated decreases for the benefit of completely disambiguated as the window
size is bigger, the number of partially disambiguated words stays the same (see Figure 11).
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Figure 8: meronymy and hyperonymy

5.2.3 global nhyp is as good as local nhyp.

There was an aspect of the density formula which we could not decide analytically and which
we wanted to check experimentally. It refers to the way nhyp  is calculated (c.f. formula 2). If nhyp
is computed using formula 2, we call it local nhyp, because it has to be computed for every concept
of WordNet. Rather than using this local nhyp, it would be more desirable, specially for efficiency,
if only one global nhyp were used for all the concepts. This global nhyp can be computed using the
whole noun hierarchy. Depending on which nhyp is chosen  will either be the real number of de-
scendant senses for c (for local nhyp) or and estimation based on the global nhyp.

To decide whether using local nhyp or global nhyp  affects the performance, we ran parallel
experiments using both. The results (see Figure 9) show that there is only a slight difference be-
tween them. Therefore, global nhyp  was used in the experiments.

Figure 9: local nhyp vs. global nhyp

5.2.4 context size: different behaviour for each text

Deciding what context size was better for disambiguating using Conceptual Density is an im-
portant issue. One could assume that the more context there is, the better would be the disambig-
uation results. Our experiments show that each file from SemCor has a different behaviour (see
Figure 10). While br-b20 shows clear improvement for bigger window sizes, br-r05 gets a local
maximum at a size window of 10 nouns, etc.
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Figure 7: precision and coverage

The figure also shows the guessing baseline, given by selecting senses at random. First, it was
calculated analytically using the polysemy counts for the files, which gave 30% of precision. This
result was checked experimentally running an algorithm ten times over the files, which con-
firmed the previous result.

We also compare the performance of our algorithm with that of the most frequent heuristic.
The frequency counts for each sense were collected using the rest of SemCor, and then apply the
results to the four texts. While the precision is similar to that of our algorithm, the coverage is 8%
worse.

All the data for the best window size can be seen in table 2.

Table 2: overall data for the best window size

The precision and coverage shown in all preceding plots were relative to the polysemous
nouns only. If we also include monosemic nouns precision raises from 43% to 64.5%, and the cov-
erage increases from 79.6% to 86.2%.

5.2.2 meronymy does not improve performance as expected.

One parameter controls whether meronymic relations, in addition to the hypo/hypernymy
relation, are taken into account or not. In principle the more relations are taken in account, the
better density would capture semantic relatedness and, therefore, the better the expected results.
The experiments (see Figure 8) showed that there is not much difference; adding meronymic in-
formation does not improve precision, and raises coverage only 3% (approximately). Neverthe-
less, in the results reported, meronymy and hypernymy were used.

% w=30 Cover. Prec. Recall
overall File 86.2 71.2 61.4

Sense 64.5 55.5
polyse-
mic

File 79.6 53.9 42.8

Sense 43 34.2
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<wd>operation</wd><sn>[noun.state.0]</sn><tag>NN</tag>

<wd>Police_Department</wd><sn>[noun.group.0]</sn><tag>NN</tag>

<wd>prison_farms</wd><mwd>prison_farm</mwd><msn>[noun.arti-
fact.0]</msn>
    <tag>NN</tag>

</s>

Figure 5: Semcor format

After erasing the irrelevant information we get the following words6:

jury administration operation Police_Department
prison_farm

Figure 6: input words

The algorithm then produces a file with sense tags that can be compared automatically with
the original file (see figure 5). An automatic program counts sense level matches and file level
matches (see Section 5.2.6) for the three classes of results: complete disambiguation, partial dis-
ambiguation and failure to disambiguate. For the results shown in Section 5.2, partial disambig-
uation was considered as failure to disambiguate.

5.2 Results and evaluation

One of the goals of the experiments was to decide among different variants of the Conceptual
Density formula. Results are given averaging the results of the four files. Partial disambiguation
is treated as failure to disambiguate. Precision7 is given in terms of polysemous nouns only. Plots
are drawn against the size of the context8 that was taken into account when disambiguating.

5.2.1 evaluation of the results

Figure 7 shows that, overall, coverage of polysemous nouns increases significantly with the
window size, without losing precision. Coverage tends to stabilised near 80%, getting little im-
provement for window sizes bigger than 20.

6.Note that in the input texts we already have the knowledge that police department and prison farm are
compound nouns, and that the lemma of prison farms is prison farm.
7.Precision is defined as the ratio between correctly disambiguated senses and total number of answered
senses. Coverage is given by the ratio between total number of answered senses and total number of senses.
Recall is defined as the ratio between correctly disambiguated senses and the total number of senses.
8.context size is given in terms of nouns.



procedure is repeated. At this point we start afresh with all senses of the words in the window.

Back in the example, the algorithm has disambiguated operation_3, police_
department_0, jury_1 and prison_farm_0 (because  this word is monosemous in Word-
Net), but the word administration is still ambiguous. The output of the algorithm , thus, will be
that the sense for operation in this context, i.e. for this window, is operation_3. The disambig-
uation window will move rightwards, and the algorithm will try to disambiguate
Police_Department taking as context administration, operation, prison_farms and whichever noun is
first in the next sentence.

5 The Experiments

5.1 The texts

We selected four texts from SemCor at random: a press report (br-a01), an editorial (br-b20), a sci-
entific text (br-j09) and a humorous article (br-r05). Table 1 shows some statistics for each text

Table 1

An average of 11% of all the nouns in these four texts were not found in WordNet. According
to this data, the percentage of monosemous nouns in these texts is bigger (32% average) than the
one calculated for the open-class words from the whole SemCor (27.2% according to [Miller et al.
94]). [Sussna 93] presents a similar degree of polysemy for nouns (34% of monosemous nouns),
but in a different text collection.

These texts play both the role of input files (without semantic tags) and (tagged) test files.
When they are treated as input files, we throw away all non-noun words, only leaving the lem-
mas of the nouns present in WordNet. The program does not deal with syntactic ambiguity, as
the part of speech information is in the input files. Multiple word entries are also available in the
input files, as long as they are present in WordNet. Proper nouns have a similar treatment: we
only consider those that can be found in WordNet. Figure 5 shows the way the algorithm would
input the example sentence in figure 3 after stripping non-noun words:

<s>

<wd>jury</wd><sn>[noun.group.0]</sn><tag>NN</tag>

<wd>administration</wd><sn>[noun.act.0]</sn><tag>NN</tag>

text words nouns nouns in WN monosemous
br-a01 2079 564 464 149 (32%)
br-b20 2153 453 377 128 (34%)
br-j09 2495 620 586 205 (34%)
br-r05 2407 457 431 120 (27%)
total 9134 2094 1858 602 (32%)



administration_1, governance, government, establishment, brass...

jury_2

=> body

=> people

=> group, grouping

Figure 4: partial lattice for the sample sentence

In this example only hypo/hypernym links are shown. The concepts in WordNet are repre-
sented as lists of synonyms. Word senses to be disambiguated are shown in bold. Underlined
concepts are those selected with highest Conceptual Density. Monosemic nouns have sense num-
ber 0.

2) Once the lattice is completed, the program starts the disambiguation loop until there are no
words which remains to be disambiguated. For each loop the program computes the Conceptual
Density of every concept in the lattice. For instance <administrative_unit> has underneath
3 senses to be disambiguated and a subhierarchy size of 96 producing  a Conceptual Density of
0.256. Meanwhile, <body>, with 2 senses and subhierarchy size of 86, has a Conceptual Density
of 0.062.

3) The concept with the highest Conceptual Density (<administrative_unit> in our ex-
ample ) is selected.

4) In this step two actions are performed. Firstly the program follows hyponym chains down
from the concepts selected in step 3 (<administrative_unit>) and the senses of the words
found in the bottom are selected as the correct senses (operation_3, police_department_0
and jury_1 are the senses chosen for operation, Police_Department and jury). All these nouns are
considered to be disambiguated, even if more than one sense of a given word are below the con-
cept selected in step 3. Lastly we build the lattice again as in step 1, but only considering the
nouns not yet disambiguated. After that, the loop continues in step 2. In the example, the lattice
is built for the senses of administration and prison_farms, but their senses yield non-overlapping
lattices (for instance the lattice for administration_1 would be the same as in figure 4 without
jury_2), and therefore the loop terminates and we continue in step 5.

5) The program has three possible outcomes for the noun in the middle of the window; one
sense has been selected (disambiguated), more than one sense has been selected (partially disam-
biguated, several senses of the noun are under the same selected concept) or the selection of a
sense has been impossible due to the lack of information in the context.

After disambiguating the word in the current window the window moves forward, and the



police_department_0

=> local department, department of local government

=> government department

=> department

jury_1, panel

=> committee, commission

operation_3, function

=> division

=> administrative unit

=> unit

=> organization

=> social group

=> people

=> group, grouping



considering the other words in the window as context.

For each window, the program performs the next disambiguation algorithm:

(Step 1)tree := compute_tree(words_in_window)
loop

(Step 2)tree := compute_conceptual_distance(tree)
(Step 3)concept := select_concept_with_highest_weigth(tree)

if  concept = null then exitloop
(Step 4)tree := mark_disambiguated_senses(tree,concept)

endloop
(Step 5)output_disambiguation_result(tree)

To illustrate the process, consider the following text extracted from SemCor:

The jury(2) praised the administration(3) and operation(8) of the Atlanta Police_Department(1),
the Fulton_Tax_Commissioner_'s_Office, the Bellwood and Alpharetta prison_farms(1),
Grady_Hospital and the Fulton_Health_Department.

Figure 3: sample sentence from SemCor

The underlined words are nouns represented in WordNet with the number of senses between
brackets (those with a 1 are unambiguous nouns). SemCor links multiword terms using under-
scores. The noun to be disambiguated in our example is operation., and a window size of five will
be used.

1) Given the set of nouns constrained by the context window size, our algorithm collects for
every noun all its possible senses and hypernyms. All these concepts and connections are placed
in a lattice. For each concept in the lattice, the program also stores the set of words that are gen-
eralised by the concept.

The following figure shows partially the lattice for the example sentence. Since Prison_farm
appears in a different hierarchy we do not show it in figure 4:

5.In fact the algorithm can disambiguate all the nouns in the window in one go, but we consider that the
context is most informative for the noun in the center of the window. This and related issues are discussed
in Section 6.



.

Figure 2: two hierarchies with CD = 14.

In order to tune the Conceptual Density formula, we have carried out several experiments
adding two parameters, α and β. The α parameter modifies the strength of the exponential i be-
cause h ranges between 1 and 16 (the maximum number of levels in WordNet) while m  ranges
between 1 and the total number of senses in WordNet. Adding a constant β to nhyp, we tried to
discover the role of the averaged number of hyponyms per concept. Formula 3 shows the result-
ing formula.

(3)

After a number of runs which were automatically evaluated, the results showed that β does
not affect the behaviour of the formula, a strong indication that this formula is not sensitive to
constant variations in the number of hyponyms. On the other hand, different values of α affected
the performance consistently, yielding the best results in all the experiments where α was 0.20.
The formula which was actually used in the experiments, thus, was the following:

(4)

where   is the number of descendant senses of the concept c.

We have tested the formula in two different ways (see Section 5). The first one involves the
manner in which nhyp and  are calculated. The second arises from the manner in which the hier-
archy is constructed: considering only hypo/hypernymy links, or including meronymic links as
well.

4 The Disambiguation Algorithm Using Conceptual Density

The algorithm to disambiguate a given noun w in the middle of a window of nouns W roughly
proceeds as follows. First, the algorithm represents in a lattice the nouns in the window, its senses
and hypernyms (step 1). Then, the program computes the Conceptual Density of each concept in
WordNet according to the senses it contains in its subhierarchy (step 2). It selects the concept c
with the highest density (step 3) and select the senses below it as the correct senses for the respec-
tive words.  If a word from W (step 4):

�  has a single sense under c, it has already been disambiguated.
� has no a sense, it is still ambiguous
� has more than one sense with highest density, we can eliminate all the other senses of w, but

have not yet completely disambiguated w.

It proceeds then to choose the next concept with highest density, and continues to disambig-
uate words in W. In the end the senses left for w are analysed and the result is output (step 5).
This process will be further explained below.

Given a window size, the program moves the window one word at a time from the beginning
of the document towards its end, disambiguating the word in the middle of the window5 and

4.From formulas 1 and 2 we have:

A B

c C

h = 5

m = 5

descendants = 31

h = 3
m = 3

descendants = 7



Figure 1: senses of a word in WordNet

The sense of W contained in the subhierarchy with highest Conceptual Density will be chosen
as the sense disambiguating W in the given context. In figure 1, sense2 would be chosen.

Given a concept c, at the top of a subhierarchy, and given nhyp and h (mean number of hyp-
onyms per node and height of the subhierarchy, respectively), the Conceptual Density for c when
its subhierarchy contains a number m (marks) of senses of the words to disambiguate is given by
the formula below:

(1)

The numerator expresses the expected area for a subhierarchy containing m marks (senses of
the words to be disambiguated), while the divisor is the actual area, that is, the formula gives the
ratio between weighted marks below c and the total area of the subhierarchy below c. The weight
given to the marks tries to express that the height and the number of marks should be proportion-
al.

nhyp is computed for each concept in WordNet in such a way as to satisfy equation 2, which
expresses the relation among height, averaged number of hyponyms of each sense and total num-
ber of senses in a subhierarchy if it were homogeneous and regular:

(2)

Thus, if we had a concept c with a subhierarchy of height 5 and 31 descendants, equation 2
will hold that nhyp is 2 for c.

Conceptual Density weights the number of senses of the words to be disambiguated so as to
make density equal to 1 when the number m of senses below c is equal to the height of the hierar-
chy h, to make density smaller than 1 if m is smaller than h and to make density larger than 1
whenever m is larger than h. The density can be kept constant for different m-s provided a certain
proportion between the number of marks m and the height h of the subhierarchy is maintained.
Both hierarchies A and B in figure 2, for instance, have Conceptual Density 1. For the sake of clar-
ity we have assumed uniform hierarchies.

Word to be disambiguated:  W
Context words:             w1 w2 w3 w4 ...

W

sense1
sense2

sense3

sense4



3 Conceptual Density and Word Sense Disambiguation

A measure of the relatedness among concepts can be a valuable predictive knowledge source
for several decisions in Natural Language Processing. For example, the relatedness of a certain
word-sense to the context allows us to select that sense over the others, and actually disambigu-
ate the word. Relatedness can be measured by a fine-grained conceptual distance [Miller & Teibel
91] among concepts in a hierarchical semantic net such as WordNet. This measure would allow
the discovery of the most lexically cohesive set of senses of a given set of words in English.

Several measures of relatedness among words based on cooccurrence in a text have been de-
scribed; mutual information, t-test, etc. [Church et al. 91], the cosine function in Context Space
[Schütze 92], conditional probability [Wilks et al. 93]. [Resnik 93] combines a knowledge based
approach involving semantic classes taken from WordNet with cooccurrence data extracted from
corpora. Less attention has been paid lately to measures of relatedness based on semantic struc-
tured hierarchical nets.

Conceptual distance tries to provide a basis for determining closeness in meaning among
words, taking as reference a structured hierarchical net. The conceptual distance between two
concepts is defined in [Rada et al. 89] as the length of the shortest path that connects the concepts
in a hierarchical semantic net. Besides applying conceptual distance in a medical bibliographic
retrieval system and merging several semantic nets, they demonstrate that their measure of con-
ceptual distance is a metric. In a similar approach, [Sussna 93] employs the notion of conceptual
distance between network nodes in order to improve precision during document indexing. Fol-
lowing these ideas, [Agirre et al. 94] describes a new conceptual distance formula for automatic
spelling correction and [Rigau 94], using this conceptual distance formula, presents a methodol-
ogy to enrich dictionary senses with semantic tags extracted from WordNet.

The measure of conceptual distance among concepts we are looking for should be sensitive to:

� the length of the shortest path that connects the concepts involved.
� the depth in the hierarchy: concepts in a deeper part of the hierarchy relatively closer than those

in a more shallow part.
� the density of concepts in the hierarchy: concepts in a dense part of the hierarchy are relatively

closer than those in a more sparse region.

But also:

� the measure should be independent of the number of concepts we are measuring.

We have experimented with several formulas that follow the four criteria presented above.
Currently, we are working with a variant of conceptual distance which we call Conceptual Den-
sity that compares areas of subhierarchies.

As an example of how Conceptual Density can help to disambiguate a word, in figure 1 the
word W has four senses and several context words. Each sense of the words belongs to a subhi-
erachy of WordNet. The dots in the subhierarchies represent the senses of either the word to be
disambiguated (W) or the words in the context. Conceptual Density will yield the highest density
for the subhierarchy containing more senses of those, relative to the total amount of senses in the
subhierarchy.



mantic Concordance or Semcor for short. We also use a public domain lexical knowledge re-
source, WordNet [Miller 90]. The advantage of this approach is clear; Semcor provides an
appropriate environment for testing our procedures in a fully automatic way.

This paper presents a general automatic decision procedure for lexical ambiguity resolution
based on a formula of  conceptual distance among concepts: Conceptual Density. The procedure
needs to know how words are clustered in semantic classes and how semantic classes are hierar-
chically organised. For this purpose, we have used a broad semantic taxonomy for English,
WordNet. We have performed several experiments employing the notion of Conceptual Density
among concepts in a structured hierarchical net. Given a piece of text from the Brown Corpus,
our system tries to resolve the lexical ambiguity of nouns finding the combination of senses from
a set of  nouns in context that maximises the total Conceptual Density among senses.

In order to test our algorithms, we have selected at random four texts of SemCor. Our proce-
dure only considers the words in SemCor with a noun part of speech tag. We discarded the nouns
not present in WordNet (averaging around 10% of the nouns in all four texts)

Improvement in disambiguation compared with chance is clear and consistent, strongly sug-
gesting that knowledge-based algorithms are competitive with statistically-based approaches,
with the advantage of not needing training.

Even if this technique is presented as stand-alone, it is our belief, following the ideas of
[McRoy 92] that full-fledged lexical ambiguity resolution should combine several information
sources. Conceptual Density might be only one of a number of complementary sources of evi-
dence for evaluating the plausibility of a certain word sense.

In section 2 we present the semantic knowledge sources used by the system. In section 3, we
define Conceptual Density. In section 4, we discuss the disambiguation algorithm used in the ex-
periment and in section 5, we explain and evaluate the experiments performed. In section 6, we
discuss future directions  and, finally, in the last section, we draw some conclusions.

2 WordNet and the Semantic Concordance

Sense is not a well defined concept and often has subtle distinctions in topic, register, dialect,
collocation, part of speech, etc. For the purpose of this study, we take as the senses of a word
those senses provided by WordNet 1.4 [Miller 90].

WordNet is an on-line lexicon based on psycholinguistic theories. It comprises nouns, verbs,
adjectives and adverbs, organised around semantic relations, such as: synonymy and antonymy,
hypernymy and hyponymy, meronymy and holonymy. Lexicalised concepts, represented as sets
of synonyms called synsets,  are the basic elements of WordNet. The senses of a word are repre-
sented by synsets, one for each word sense. The version used in this work, WordNet 1.4, contains
83,800 words, 63,300 synsets (word senses) and 87,600 links between concepts.

The nouns of WordNet can be viewed as a tangled hierarchy of hypo/hypernymy relations.
Nominal relations include also three kinds of meronymic relations, which can be paraphrased as
"member-of",  "made-of" and "component-part-of".

SemCor [Miller et al. 93] is a corpus where  part of speech and word sense tags (which corre-
spond to WordNet synsets) have been included  for all open-class words. SemCor is a subset tak-
en from the Brown Corpus [Francis and Kucera, 67] which comprises approximately 250,000
words from a total of 1 million words. The coverage in WordNet of the senses for open-class
words in SemCor reaches 96% according to Miller et al. The tagging was done manually, and the
error rate reported is around 10% for polysemous words.
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Abstract.

This paper presents a method for the resolution of lexical ambiguity and its automatic evalu-
ation over the Brown Corpus. The method relies on the use of the wide-coverage noun taxonomy
of WordNet and the notion of conceptual distance among concepts, captured by a Conceptual
Density formula developed for this purpose. This fully automatic method requires no hand cod-
ing of lexical entries, hand tagging of text or any kind of training process. The results of the ex-
periments have been automatically evaluated against SemCor, the sense-tagged version of the
Brown Corpus.

Keywords:  Word Sense Disambiguation, Conceptual Distance, WordNet, SemCor.

1 Introduction

Word sense disambiguation is a long-standing problem in computational linguistics. Much of
recent work in lexical ambiguity resolution offers the prospect that a disambiguation system
might be able to input unrestricted text and tag each word with the most likely sense with fairly
reasonable accuracy and efficiency. The main idea is to attempt to use the context of the word to
be disambiguated together with information about each of its word senses to solve this problem.

Several interesting experiments have been performed in recent years using pre-existing lexical
knowledge resources. [Cowie et al. 92] and [Guthrie et al. 93] describe a method for lexical dis-
ambiguation of text using the definitions in the machine-readable version of the LDOCE dictio-
nary as in the method described in [Lesk 86], but using simulated annealing for efficiency
reasons. [Yarowsky 92] combines the use of the Grolier encyclopaedia as a training corpus with
	1#�� /:��	1�
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sense disambiguation problem with excellent results. [Gale et al. 93] explains a statistical ap-
proach using  bilingual parallel corpora. [Wilks et al. 93] perform several interesting statistical
disambiguation experiments using cooccurrence data collected from LDOCE. [Sussna 93],
[Voorhees 93] and [Richarson et al. 94] define disambiguation programs based in WordNet with
the goal of improving precision and coverage during document indexing.

Although each of these techniques looks somewhat promising for disambiguation, either they
have been only applied to a small number of words, a few sentences or they are not in a public
domain corpus. For this reason we have tried to disambiguate all the nouns from texts in the
sense tagged version of the Brown corpora [Francis & Kucera 67], [Miller et al. 93], also called Se-

1.* The research described in this paper was done during a stay in the Computer Research Laboratory, New
Mexico State University, Las Cruces, New Mexico.
2.** Eneko Agirre was supported by a grant from the Basque Government.
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A BSTRACT . Text from different sources usually arrives under imperfect
conditions. When an anomalous word is detected automatic word recognisers
produce a list of candidates from which only one is correct. A variety of techniques
have been devised to discriminate among the possible correction candidates. The
project we are involved in tries to exploit linguistic knowledge in Spelling
Correction. A preliminary investigation shows syntactic discrimination not to be
enough. The gap could be covered by semantic techniques like conceptual distance.
Basically, we define conceptual distance between two concepts as the shortest path
length in the hierarchies of the lexical knowledge base of IDHS (Intelligent
Dictionary Help System). We consider that a correction proposal that is closer to the
surrounding words in the sentence is more plausible enabling us to produce a
ranking of the proposals. It is our belief that conceptual distance can be also applied
to other word recognition areas, such as handwriting recognition or optical
character recognition, where a single proposal would also be desirable.

1 I NTRODUCTION

Text from different sources usually arrives
under imperfect conditions. The medium of
transmission conditions the type of automatic
word recognition to be used: Optical
Character Recognition, Speech Processing or
Spelling Correction. When an anomalous
input is encountered these recognisers
produce a list of candidates from which only
one is correct. There are a number of
applications e.g. Text-to-Speech Synthesis,
that in order to rule out human intervention
need automatic correction, that is, the first
choice of the correct proposal among the
correction candidates.

The task of choosing the appropriate
correction proposal is not an easy one. We
have to draw knowledge from several
sources, as one technique alone would not
suffice. In this direction [Kukich, 92] points
out, for spelling correction and considering
isolated words only, that automatic correction
performed by humans scored from %65 to
%82. These figures could represent an upper
bound for automatic techniques that do not
take context into account. To leave %35-%18

of the detected errors uncorrected would be
unsatisfactory for the applications mentioned
earlier. In order to increase the performance
and get an acceptable correction rate, some
sort of context modelling, linguistic or other,
would be needed.

The project we are involved in tries to
exploit linguistic knowledge for automatic
spelling correction. This paper focuses on the
contribution of lexical-semantic techniques in
general, and conceptual distance in particular.
Some other work is being carried on the
syntactic side.

The idea of conceptual distance captures
the intuition that some words are more related
or closer than others. We consider that a
correction proposal that is closer to the
surrounding words in the sentence is more
plausible. Thus we can produce a ranking of
the proposals.

Basically, we define conceptual distance
between two word senses as the shortest path
length in the hierarchies of the Dictionary
Knowledge Base of IDHS (Intelligent
Dictionary Help System [Artola, 93; Agirre et
al., 94]), following the ideas of [Rada et al.,



87]. The knowledge base of IDHS is a
semantic network of frames where each
frame represents a word sense from a
dictionary. Arcs between frames represent
lexical-semantic relations derived from the
definitions in a machine readable dictionary.

Next section shows some experimental
results that indicate the need of more
linguistic knowledge beyond syntax in
spelling error correction, followed by an
overview of IDHS. After that, two
prospective semantic techniques are
introduced, from which conceptual distance
is explored in depth in the next section.
Finally some conclusions are presented.

Originally, the target language was
Basque, but later developments in IDHS
made us switch to French. For this reason
the preliminary collection of data was done
for Basque, while the implementation is
being run on French texts. The examples in
sections 2 and 4 are in Basque, while those
in section 5 are in French.

2 O N THE NEED OF SEMANTIC
DISCRIMINATION

In order to have some hard data on the
convenience and prospective performance of
the semantic contribution to automatic error
correction, the analysis of a small corpus was
performed. The error detection and the list of
proposals have been taken from the spelling
checker/corrector XUXEN [Aduriz et al,
1993; Agirre et al., 1992]. The texts come
from 48 Basque language learners, giving a
total of 8290 words. XUXEN generated
proposals for 305 spelling errors, producing
multiple proposals 182 times (60%).

The syntactic analysis of the texts, as well
as the syntactic discrimination of the
proposals, was performed by a person
simulating an automatic full-fledged and
robust parser. The proposals which would
lead to grammatical errors where thus
removed from the proposal lists. The
semantic discrimination was applied only
after the syntactic phase was completed.

The results hold that syntax alone could
select one single proposal 70% of the cases.
This result might be too optimistic,
considering that the syntactic analyser was
supposed to be complete and robust.

The semantic information faced the cases
where syntax could not do the job. Applying

by hand the semantic techniques explained
below, it managed to solve 63% of the
misspellings. It might be that this experiment
favoured syntax, leaving semantics the tough
cases. Anyway, the performance of both is
similar, and the experiment indicates that
their combination is desirable in order to get
better results, up to 90% in this particular
experiment. These results are tentative,
awaiting confirmation of implemented
systems with realistic syntactic and semantic
coverage.

XUXEN:
305 errors with proposals
1 prop. 123 40.3%
n prop. 182 59.7%

syntactic discrimination
on 182 errors
success 128 70.3%

fail 54 29.7%

semantic discrimination
on 54 errors
success 34 62.9%

2/3 11 20.3%
fail 9 16.8%

3 IDHS

IDHS (Intelligent Dictionary Help System)
provides the base for semantic correction. It
provides both a representation language
suited to explore the techniques presented in
the following section, and also the semantic
knowledge itself.

IDHS was conceived as a monolingual
(explanatory) dictionary system for human
use [Artola & Evrard, 92; Artola, 93]. The
system provides various access possibilities
to the data, allowing to deduce implicit
knowledge from the explicit dictionary
information. The system has been
implemented on a symbolic architecture
machine using KEE knowledge engineering
environment.

The starting point of IDHS is a Dictionary
Database (DDB) built from an ordinary
French dictionary. Meaning definitions have
been analysed using linguistic information
from the DDB itself and interpreted to be
structured as a Dictionary Knowledge Base
(DKB). As a result of the parsing different
lexical-semantic relations between word
senses are established by means of semantic
rules (attached to the patterns); rules are used
for the initial construction of the DKB.



The interconceptual lexical-semantic
relations detected from the analysis of the
source dictionary are classified into
paradigmatic and syntagmatic. Among the
paradigmatic relations, the following have
been found: synonymy and antonymy,
taxonomic relations as hypernymy/
hyponymy —obtained from definitions of
type "genus et differentia"— and taxonymy
itself (expressed by means of specific relators
such as sort-of and kind-of), meronymy, and
others. Whereas among the syntagmatic
relations we can find case relations (e.g.
agent, object, goal, etc.), relations derived
from the specific lexicographic metalanguage
(e.g. quality-of, act-of, property), and
others.

The knowledge representation scheme
chosen for the DKB of IDHS is composed of
three elements, each of them structured as a
different knowledge base. One of this
c o m p o n e n t s ,  K B - T H E S A U R U S ,
implements the dictionary as a semantic
network of frames, where each frame
represents a one-word concept (word sense)
or a phrasal concept. Phrasal concepts
represent phrase structures associated to the
occurrence of concepts in meaning
definitions. Frames are interrelated by slots
representing lexical-semantic relations. Other
slots contain phrasal, meta-linguistic, and
general information.

In the following section we tackle spelling
correction from the point of view of
semantics and IDHS.

4 SEMANTIC DISCRIMINATION

As we already mentioned, this work focuses
primarily on the contribution of semantics,
and more precisely in the use of lexical-
semantic information. We have considered
the use of the following:

Selectional Restrictions
Selectional restrictions indicate semantic
constraints that the arguments of verbs,
adjectives or nouns have to fulfil. For
example:

jan => verb[agent: animate,
        object: edible]

ilegorri => adj.[argument: person]
anaia => noun[argument: person]

These can be read as 'the verb jan  (eat)
takes as agent an animate entity and as object

and edible entity', 'the argument of
ilegorri  (blonde) has to be a person', etc.

The contribution of selectional restrictions
will be illustrated by the following example
from the Basque corpus. Had someone typed
l e h i o  in Basque we would get the
proposals below1:

lehio: lehia, lesio, leiho

If the misspelling occurs in the following
sentence, and assuming a sample selectional
restriction for apurtu  (to break),

"lehio bat apurtu dut" 2

apurtu => [agent: animal,
 object: physical-object]

we would be able to discard competition and
injury, and select the only proposal that
fulfils the restriction of being a physical
object, leiho  (window).

Conceptual Distance
The idea of conceptual distance tries to
capture the intuition that some words are
closer or more related than others. Therefore
we can consider devising a metric that would
give results similar to the following3:

dist(itsasontzi,kapitain) = "short"
dist(itsasontzi,teklatu) = "long"

The idea is that we prefer proposals that
are related or conceptually close to the other
words in the sentence, rather than unrelated
or distant proposals. This approach has
multiple variants, depending on whether we
take all the words in the sentence, or we only
take the measurements with some relevant
words in the sentence.

Let us consider the following example4:

uzaina: zaina, usaina, uhaina
"
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We can compare the distance of the
proposals with the other words in the

1 The proposals mean respectively competition, injury,
window.

2 Meaning I broke a <lehio>.  All the basque examples and
proposals in the paper are taken from a small corpus and
the correction proposals are all from Xuxen

3 The words mean respectively ship, captain, keyboard.
4 The proposals mean, respectively, vein, smell, wave. The

sentence means the <uzaina> of the ointment kept away
the bee.



sentence. The result would be that usaina
(smell) holds the minimum total distance, and
therefore would be preferred as the correct
proposal. This technique will be further
explained below.

5 CONCEPTUAL DISTANCE AND
SPELLING CORRECTION

Mainstream approaches to conceptual
distance rely on structured inheritance nets or
similar kinds of knowledge bases. For
instance, [Rada et al., 89] defines conceptual
distance in terms of the length of the shortest
path of IS-A links between the word senses
of the Mesh semantic net. Besides applying
distance in a medical bibliographic retrieval
system, they also try to use it as a tool for
merging semantic nets.

In a similar approach, [Sussna, 93]
assigns a weight to each link in the Wordnet
semantic network and calculates the distance
between two word senses as the total weight
of the path with minimum weight. The
weights try to capture additional data, e.g.
tfor the same path length, word senses lower
in the hierarchy seem to be conceptually
closer.

These two approaches take into
consideration that words have multiple
senses. In fact [Sussna, 93] devises his
measure with the purpose of sense-
disambiguating a text for indexing and text
retrieval.

The knowledge representation of IDHS
provides support for the experimentation of
several distance measures, allowing us to
select the most suitable for proposal
discrimination. Previous works on
conceptual distance rely mainly on
hierarchical relations (hypernymy,
taxonymy, meronymy), but distance
measures could also profit from the other
semantic relations in IDHS. [Rada et al., 89]
point out that the proliferation of semantic
relations makes distance unreliable. Such
systems (e.g. [Collins et Loftus, 75]) have to
provide a complex weighting mechanism to
balance the heterogeneous nature of the
relations. In order to avoid that, it would be
desirable to use certain semantic relation only
when appropriate, that is, when it makes
sense in the given context. This idea will be
developed below, while considering the
issues related to the application of conceptual
distance to correction.

Path-Finding Algorithms
In the heart of the distance algorithm there is
a path-finding algorithm. Given two word
senses in IDHS, the algorithm would find the
shortest path(s) of lexical-semantic links
between both. In order to be able to test
different correction strategies the following
algorithms have been implemented:

h-path(n1,n2) : finds the path following
hierarchical links only: hypernym, part-
of, component-of, element-of, sort-of and
their respective inverse relations.

s -pa th (n1 ,n2 , r1 , . . . , r n ) : finds a
path that has to contain at least one non-
hierarchical (semantic) link from the set
{r1,...,rn}, alongside the previously
mentioned hierarchical links.

s*-path(n1,n2) : finds a path that may
contain any non-hierarchical (semantic)
relation, alongside the hierarchical links.

The first algorithm, h-path , constraints
the search to hierarchical relations only. It is
considered the most reliable for conceptual
distance, but it imposes several limitations.
The two word senses need to be in the same
hierarchy, which implies that h-path  will
never find a path across different parts of
speech. For the same reason, it needs very
comprehensive hierarchies, which are
difficult to create or acquire. Other semantic
relations could alleviate this, relating
concepts across hierarchies.

The use of unconstrained semantic
relations as in s*-path , though, can
produce nonsense paths that have to be
neutralised when calculating the actual
distance figures. It also has heavy efficiency
burdens, which can be reduced constraining
the set of acceptable relations. If the set of
relations is constrained according to semantic
criteria, the paths will be semantically
coherent. The set of acceptable relations for a
certain pair of word senses could be deduced
from context, or in some cases, from the part
of speech of the word senses. For instance,
IDHS admits two relations for a noun that
have an adjective as value: property and
quality-of. In that case s-path  will return a
path that relates both noun and adjective via
property, quality-of and the hierarchical
relations.

Some examples of the algorithms follow:
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The path found by h-path  between the first
word sense of boss and the first sense of
man means: bossI1 is an ancestor5 of manI?
(a non-disambiguated sense that includes all
other senses of man), which has as
descendant manI1.

agent

chef I 1

personne I 1

commander I 1

theme
ensemble de

groupe I 1

ensemble de

police I 1
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The path found by s*-path  between the
first word sense of boss and the first sense of
police means: bossI1 is an agent of to-
commandI1 which has as object groupI1,
which is a set-of personI1 which  is an
element-of policeI1.

police I 1

possesseur

chef I 1

tête I 2

ancetre
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The path found by s*-path  between the
first word sense of boss and the first sense of
police means: bossI1 is a descendant of
headI2 (as in head of department), which is
"owned" by policeI1.

The general search of a path between two
nodes has exponential complexity, in the

5 Ancestor includes the concepts in the transitive closure
of hypernymy. Descendant  includes the concepts in the
transitive closure of hyponymy.

order of O(c n) , where c  is the average of
the number of links per word sense, and n is
the length of the path. In order to keep it
under control, the length of the path has to be
limited beforehand. This limit can be
interpreted as the point after which we
consider the two nodes to be unrelated or
"very" far. Accordingly, this limit should be
"tuned" having in consideration both
efficiency and conceptual suitability.

The complexity of the three algorithms
grows from the first to the last. While h-
path  deals with five hierarchical relations
(c ≤5) and s-path  is devised to also take
into account a small set of relations of the
same kind (one to four extra relations, c≤9),
s*-path  has to provide for the whole set of
relations (ranging from 10 to 40 depending
on the part of speech of the word sense).

Conceptual Distance
The path(s) between two word senses is(are)
the base for conceptual distance. But other
facts have to be also considered. The
empirical results of [Sussna, 93] show that,
as already mentioned at the beginning of this
section, the length of the path and the
specificity of the word senses in the path
(measured by the depth in the hierarchy) are
the important parameters that affect the
distance measure he proposes. The second
parameter tries to capture the fact that specific
word senses are considered closer than more
general ones.

Our conceptual distance reflects those
parameters in the following formula:

distance(ws1 ,wsn ) = 1 depth(wsi )
i =1

n

∑

where   < ws1K wsiK wsn > is the path
from ws1 to wsn , and depth(wsi ) is the
depth of wsi  in the taxonomy.

Other parameters that could help tuning
the measure have not been considered yet.
One parameter, for example, could involve
giving different weights to each relation, in a
way similar to the "criteriality tags" used by
[Quillian, 68]. The inclusion of these
parameters in the above formula depends
greatly on empirical results, which have not
yet been gathered.

Correction
As mentioned in section 4, we perform
correction choosing the proposal that is more



related or conceptually closer to the other
words in the sentence, and leaving aside
unrelated or distant proposals. The
relatedness of a given proposal with the
surrounding sentence can be measured using
a variety of strategies.

g-correction  (generalised). Distance
as defined above is measured between word
senses. Consequently all the senses in the
dictionary for the words in the sentence and
the proposals have to be considered. This
means that inappropriate senses could bias
the corrector to choose an incorrect proposal.
In order to rule out, or at least try to
neutralise, these spurious readings, and at the
same time choose the correct proposal, the
following technique can be used: the
preferred senses and proposals will be the
ones that give minimal pairwise conceptual
distance.

Thus, if we have a sentence of length N
<w1, w 2, ...w n> with M spelling errors
{e 1=wi .

 

.

 

.

 

em=wj } , and a list of proposals
for each error P(e i ) = <p i1 ,...p iL >,
we need to consider the senses of all non-
error words and the proposals. For each

possible combination of senses (mixing both
non-error words and proposals), the winning
combination will be the one with the minimal
total of pairwise distances. This winning
combination will give both the preferred
proposals and word senses.

In figure 1, it can easily be seen that for
long sentences with highly ambiguous words
and many correction proposals, the number
of combinations and pairwise distance
computations grows enormously.

c - c o r r e c t i o n  (constrained). If we
want to limit both the number of
combinations and the pairwise distance
computations, we can focus on doing
proposal discrimination only. We are not
trying to sense-disambiguate now, and will
thus consider of equal value incorrect word
senses and appropriate ones.

For each proposal we will only compute
the distances of its corresponding word
senses with each word sense of the non-error
words in the sentence (cf. fig. 2). The
proposal that gets the minimum total distance
wins.

Sentence: le cheé de la police reunit vingt hommes sur la place du village.
Error:   cheé Proposals: chef cher chez chié chieé chéri chic

Word Senses in IDHS:
Sentence: police I 1, police I 2,

reunir I 1, reunir I 2, reunir I 3, reunir I 4, reunir I 5
homme I 1, homme I 2, homme I 3, homme I 4, homme I ?
place I 1, place I 2, place I 3, place I 4, place I 5, place I ?
village I 1

Proposals:chef I 1, cher I 1, cher I 2, chéri I 1, chic I 1

Combinations:
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...

  Number of combinations: 2x5x5x6x1x5 = 1.500

Distance on C1:
dist(police I 1, reunir I 1) ... dist(police I 1, chef I 1) n=5
dist(reunir I 1, place I 1)  ... dist(reunir I 1, chef I 1) n=4
...

dist(village I 1, chef I 1) n=1

  Number of distance calls:
 [total]   1500 x (5+4+3+2+1) = 1500 x 15 = 22.500
 [distinct pairs]                              239

fig. 1. Combinations in g
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6 The sentence means "the cheé  of the police gathered twenty men in the square of the village". The proposals for cheé are: boss,
expensive, ´home of´, dear and stylishness..



Combinations:
chef I 1 police I 1, police I 2,

reunir I 1, reunir I 2, reunir I 3, reunir I 4, reunir I 5
homme I 1, homme I 2, homme I 3, homme I 4, homme I ?
place I 1, place I 2, place I 3, place I 4, place I 5, place I ?
village I 1

...
chic I 1 police I 1, police I 2,

reunir I 1, reunir I 2, reunir I 3, reunir I 4, reunir I 5
homme I 1, homme I 2, homme I 3, homme I 4, homme I ?
place I 1, place I 2, place I 3, place I 4, place I 5, place I ?
village I 1

  Number of combinations: 5

Distance:
C1) dist(chef I 1, police I 1) ... dist(chef I 1, village I 1)

...
dist(chic I 1, police I 1) ... dist(chic I 1, village I 1)

  Number of distance calls:
 [total]    5x(2+5+5+6+1)= 95

fig. 2. Combinations in c
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Although the wrong word sense may
contribute to credit incorrect proposals, the
greater number of related true senses will add
up and eventually the correct proposals will
be chosen.

s-correction  ("semantic"). We have
already introduced two path-finding
algorithms (s-path  and s*-path ) that
traverse non-hierarchical semantic relations.
The semantic clues in the sentence can be
used to inform s-path  about the relations
that can be expected in the path between the
two word senses. Figure 3 illustrates a
simplified example of the semantic relations
in the sentence from figure 1. The
preposition de can be interpreted as meaning
owner, location etc. For the example below,
calling s-path  with the corresponding
word senses will find a path. We already saw
an example when examining path-finding.

This kind of semantic interpretation does not
require as heavy a linguistic machinery as it
might seem. Triples like those of the example
are readily obtained by semantic information
extraction systems from corpora [Velardi et
al., 91].

6 CONCLUSIONS AND FURTHER
WORK

We have outlined the application of a specific
semantic technique, conceptual distance, in
automatic spelling correction.

Semantic relations:

from the verb:
(reunit agent cheé)
...

from the preposition de:
(cheé possesseur+inv police)
(cheé location police)
...

Combinations & Distance:
reunir I 1  chef I 1...chic I 1
...

reunir I 5  chef I 1...chic I 1

chef I 1...chic I 1 police I 1
chef I 1...chic I 1 police I 2

...

Number of combinations:  5+2+2= 9
Number of dist. calls:       9x5= 45

fig. 3. Combinations in s
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In previous implementations of conceptual
distance, only h-path  style algorithms have
been used. These algorithms need
comprehensive hierarchies, which are
difficult to construct. Other semantic
relations. i.e. non-hierarchical relations, can
serve to relate word senses even if they do
not share the same hierarchy, and specially in
the case of two word senses from different
grammatical categories. These extra semantic
relations could be exploited by conceptual
distance using s*-path  and s-path .
Selectional restrictions are also an alternative
in this kind of situations.



s*-path  has coherence and efficiency
problems which are alleviated in s-path .
But in order to use s-path  properly,
semantic information from the context of the
error has to be obtained. This semantic
analysis and the tuning of the specific
relations needed in a certain context are the
work we are focusing on now.

In a further step, we are also planning to
develop a more efficient application-oriented
representation of the semantic knowledge.
For that purpose, we will try to identify and
map the relevant subset of the representation
of IDHS.

Other important issue is the application of
the different correction strategies to real data,
where their performance should be
effectively contrasted. In this sense, IDHS,

because of the rich variety of semantic
relations extracted from the dictionary, is
very well suited as a platform for extensive
testing of the issues above.

It is our believe that the correction
techniques explored in this paper, although
originally designed for spelling correction,
are not dependent of the error source. As
long as they are applied on linguistic input
they could be used in other word recognition
areas where automatic correction, i.e. single
correction proposals, would be desirable.
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1. INTRODUCTION.

This study focuses on the use of lexical-semantic information for the automatic
discrimination of the proposals generated by a spelling corrector. Current
spelling checkers only detect non-word errors, e.g. sgip, shap instead of ship,
but would not notice sip as a misspelling of ship. Moreover, they hand out a
list of correction proposals, leaving to the user the decision of which one was
the intended word, for instance1:

araso*: eraso, arazo, arasa, arbaso

In general, it is not possible to guess which one is the correct proposal in
isolation, we need to examine the context2:

" araso  hau konpontzeko eskatu dut."

Confronted with this sentence, a Basque speaker would choose 'arazo '
(problem) as the correct word. A system able to take this decision should
include at least syntactic and also semantic information. In the example above,
for instance, syntax can not eliminate any proposal, being all from the same
syntactic category. Semantic information, on the contrary, strongly indicates
that what you solve has to be an 'arazo ' (problem), rejecting the other
proposals.

This paper presents firstly an overview of some prospective techniques. In the
third section the results of a study in a small corpus are also commented. Next,
the way in which IDHS, Intelligent Dictionary Help System [Arregi et al.,
1993], can be applied is explored. Finally some conclusions and proposals for
future work are suggested

1 For the misspelled araso , the spelling corrector for Basque Xuxen gives a list of proposals which mean
respectively attack, problem, shelf and ancestor. All the examples and proposals in the paper are taken from
a small corpus and the correction proposals from Xuxen [Aduriz et al., 1993] [Agirre et al., 1992].

2 The sentence means: I asked to solve this <araso>.
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2. LEXICAL SEMANTIC TECHNIQUES.

As we already mentioned, this work focuses primarily on the contribution of
semantics, and more precisely in the use of lexical-semantic information. We
are considering the use of the following:

1) selectional restrictions

Selectional restrictions indicate semantic constraints that the arguments of
verbs, adjectives or nouns have to fulfil. For example:

eat => [agent: animate, object: edible]
blonde => [argument: person]
brother => [argument: person]

These can be read as 'the verb eat takes as agent an animate entity and as object
and edible entity', 'the argument of blonde has to be a person', etc.

The contribution of selectional restrictions will be illustrated by the following
example. Had someone typed lehio  in Basque we would get the proposals
below3:

lehio: lehia, lesio, leiho

If the misspelling occurs in the following sentence, and assuming a sample
selectional restriction for apurtu  (to break),

"lehio bat apurtu dut" 4

apurtu => [agent:animal,
 object: physical-object]

we would be able to discard competition and injury, and select the only
proposal that fulfils the restriction of being a physical object, l e iho
(window).

2) lexical-conceptual distance

The idea of lexical-conceptual distance tries to capture the intuition that some
words are closer or more related than others. Therefore we can consider
devising a metric that would give results similar to the following:

3 The proposals mean respectively competition, injury, window.

4 Meaning I broke a <lehio>.
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distance(ship, captain) = "short"
distance(ship, keyboard) = "long"

The idea is that we prefer proposals that are related or conceptually close to
the other words in the sentence, rather than unrelated or distant proposals. In
order to only take the measurements with the relevant words in the sentence, it
would be desirable that a syntactic analysis had been performed.

Let us consider the following example:5

uzaina: zaina, usaina, uhaina

"ukenduaren uzainak  erlea aldendu zuen"

We choose to compare the distance of the proposals (which are the subjects of
the sentence) with their complement ukendu  (ointment) and the direct object
erle  (bee). The result would be that usaina  (smell) holds the minimum total
distance, and therefore would be preferred as the correct proposal.

total = dist(ukendu,X) + dist(erle,X)

3 ANALYSIS OF THE ERRORS IN A SMALL CORPUS OF
BASQUE

In order to have some hard data on the convenience and prospective
performance of the semantic contribution to automatic error correction, the
analysis of a small corpus was performed. The error detection and the list of
proposals have been taken from the spelling checker/corrector XUXEN. The
texts come from Basque language learners, giving a total of 8000 words. From
the nearly 500 spelling errors XUXEN detected, 182 errors involved multiple
proposals.

The syntactic analysis, as well as the syntactic discrimination of the proposals
was performed by a person simulating an automatic parser. The semantic
discrimination was applied only to the proposals deemed correct by the
syntactic phase.

The results hold that syntax alone could select one single proposal 70% of the
cases. This result might be too optimistic, considering that the syntactic
analyzer was supposed to be complete and robust. The semantic information
was faced with the cases where syntax could not do the job, and managed to
solve 63% of the misspellings. The performance of both is similar, and the

5 The proposals mean, respectively, vein, smell, wave. The sentence means the <uzaina> of the ointment
kept away the bee.
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experiment indicate that their combination is desirable in order to get better
results, up to 90% in this particular experiment.

4 IDHS AND THE ACQUISITION OF THE REQUIRED LEXICAL-
SEMANTIC INFORMATION

One of the motivations of this work is to take profit from the relations and
deductive power available in IDHS, which is constructed from conventional
dictionaries. Each kind of semantic information is studied in turn:

1) Selectional Restrictions

IDHS does not provide information on selectional restrictions explicitly. It
would be desirable to acquire selectional restrictions automatically, and there
is some work done in this direction: acquisition from corpora [Velardi et al.,
89] [Velardi et al., 91] [Grishman and Sterling, 92] and from codes already
provided in machine readable dictionaries for English [Boguraev and Briscoe,
87]. There are not many publications though on the acquisition of selectional
restrictions from dictionary definitions.

IDHS was constructed automatically parsing dictionary definitions, and a
careful analysis of the information contained in the definitions could give clues
to the processing of their representation in IDHS and the automatic acquisition
of selectional restrictions. A similar approach proved successful for the
acquisition of the aktionsart of English verbs [Alonge, 91]. This process could
also profit from the relations already inferred in IDHS, such as synonymy,
taxonomy, meronymy, etc. For instance, there is evidence that the selectional
restriction information of verbs is specialized down the taxonomy [Calzolari,
90]. Finally the selectional restriction information can be integrated in the
representation of IDHS.

2) Lexical-Conceptual distance

Some approaches to distance rely on semantic nets or similar kinds of
Knowledge Bases. [Rada et al., 89] define conceptual distance on terms of the
length of the shortest path of IS-A links between the concepts. [Sussna, 93]
assigns a weight to each link and calculates the distance between two concepts
as the weight of the path with minimum weight. The weights try to capture
additional data. For instance, for the same path length, concepts lower in the
hierarchy seem to be conceptually closer. One further approach [Resnik, 93]
combines both corpus-based information-theoretic measures and the taxonomy
(implemented as IS-A links) of a semantic net, defining conceptual distance, or
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conceptual similarity, as a function of the probability of concepts in the
training corpus.

All these three approaches take into consideration that words have multiple
senses. For instance, [Sussna, 93] devises his measure with the purpose of
sense-disambiguating a text for indexing and text retrieval.

The knowledge representation of IDHS provides support for the
experimentation of several distance measures, in order to select the most
suitable for proposal discrimination. Distance measures could also profit from
the other semantic relations in IDHS, as previous works rely mainly on IS-A
links. [Rada et al., 89] point out that other relations could be useful, and that
further work should be done in this direction. IDHS relates the concepts with a
rich variety of semantic relations, such as taxonomy, meronimy or non-
hierarchical relations like theme-of, agent-of, purpose-of, antonymy, etc.
which should be explored.

The thesaurus of IDHS already provides a function that finds relationships
between pairs of concepts, called DRAP. The result of this function is a path of
concepts in the thesaurus labelled with semantic relations.

The kind of relations found by DRAP are illustrated by the following examples
for french:

;;; Which is the relation between "couteau I 1" (knife) and
;;; "trancher I ?" (to cut a slice) ?

(drap '|couteau I 1| '|trancher I ?|)

Ô ((AND (|couteau I 1| OBJECTIF |couper I 1|)
           (|couper I 1| SYNONYMES |trancher I ?|))) 6

;;; Which is the relation between "gazeux I 1" (gaseous) and
;;; "liquide I ?" (liquid) ?

(drap '|gazeux I 1| '|liquide I ?|)

Ô ((AND (|gazeux I 1| CARACTERISTIQUE+INV |vapeur I 2|)
      (|vapeur I 2| CARACTERISTIQUE |liquide I ?|))) 7

6 Roughly paraphrased as "the purpose of couteau is couper  (to cut) which is a synonym of
trancher ".

7 Roughly paraphrased as "gazeux  is a feature of vapeur  (vapour) which has as feature liquide ".
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;;; Which is the relation between "quart I 3" (a beaker of 1/4
;;; l. of capacity) and "vin I 1" (wine)?

(drap '|quart I 3| '|vin I 1|)

Ô ((AND (|quart I 3| OBJECTIF |boire I ?|)
      (|boire I ?| THEME |boisson I 1|)
      (|boisson I 1| HYPONYME |vin I 1|))) 8

5 CONCLUSIONS

The analysis of the corpus confirms that semantic discrimination of proposals
is necessary if automatic error correction based in linguistic knowledge is to
be obtained, as syntactic discrimination could only succeed maximun 70% of
the times, given that all the sentences in the text were completely analyzed.

Both semantic techniques, selectional restriction and semantic distance, can
profit from IDHS, which offers a good platform for the acquisition of the
former, and the possibility to explore different algorithms for the later.

It has to be noted that a system with the ability to correct automatically
spelling errors based on linguistic knowledge, can be also applied to perform
automatic error correction in other fields where language is the support of the
data, e.g. optical character recognition, text-to-speech systems and speech
recognition.
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Abstract
The study presented here relies on the
integrated use of different kinds of
knowledge in order to improve first-guess
accuracy in non-word context-sensitive
correction for general unrestricted texts. State
of the art spelling correction systems, e.g.
ispell, apart from detecting spelling errors,
also assist the user by offering a set of
candidate corrections that are close to the
misspelled word. Based on the correction
proposals of ispell, we built several guessers,
which were combined in different ways.
Firstly, we evaluated all possibilities and
selected the best ones in a corpus with
artificially generated typing errors. Secondly,
the best combinations were tested on texts
with genuine spelling errors. The results for
the latter suggest that we can expect
automatic non-word correction for all the
errors in a free running text with 80%
precision and a single proposal 98% of the
times (1.02 proposals on average).

Introduction
The problem of devising algorithms and
techniques for automatically correcting words in
text remains a research challenge. Existing
spelling correction techniques are limited in their
scope and accuracy. Apart from detecting
spelling errors, many programs assist users by
offering a set of candidate corrections that are
close to the misspelled word. This is true for most
commercial word-processors as well as the Unix-
based spelling-corrector ispell1 (1993). These
programs tolerate lower first guess accuracy by
returning multiple guesses, allowing the user to
make the final choice of the intended word. In
contrast, some applications will require fully
                                                     
1 Ispell was used for the spell-checking and correction
candidate generation. Its assets include broad-coverage
and excellent reliability.

automatic correction for general-purpose texts
(Kukich 1992).
It is clear that context-sensitive spelling correction
offers better results than isolated-word error
correction. The underlying task is to determine the
relative degree of well formedness among
alternative sentences (Mays et al. 1991). The
question is what kind of knowledge (lexical,
syntactic, semantic, ...) should be represented,
utilised and combined to aid in this determination.
This study relies on the integrated use of three
kinds of knowledge (syntagmatic, paradigmatic
and statistical) in order to improve first guess
accuracy in non-word context-sensitive correction
for general unrestricted texts. Our techniques were
applied to the corrections posed by ispell.
Constraint Grammar (Karlsson et al. 1995) was
chosen to represent syntagmatic knowledge. Its
use as a part of speech tagger for English has been
highly successful. Conceptual Density (Agirre and
Rigau 1996) is the paradigmatic component
chosen to discriminate semantically among
potential noun corrections. This technique
measures "affinity distance" between nouns using
Wordnet (Miller 1990). Finally, general and
document word-occurrence frequency-rates
complete the set of knowledge sources combined.
We knowingly did not use any model of common
misspellings, the main reason being that we did
not want to use knowledge about the error source.
This work focuses on language models, not error
models (typing errors, common misspellings, OCR
mistakes, speech recognition mistakes, etc.).
The system was evaluated against two sets of
texts: artificially generated errors from the Brown
corpus (Francis and Kucera 1967) and genuine
spelling errors from the Bank of English2.
The remainder of this paper is organised as
follows. Firstly, we present the techniques that

                                                     
2 http://titania.cobuild.collins.co.uk/boe_info.html



will be evaluated and the way to combine them.
Section 2 describes the experiments and shows
the results, which are evaluated in section 3.
Section 4 compares other relevant work in
context sensitive correction.

1 The basic techniques

1.1 Constraint Grammar (CG)
Constraint Grammar was designed with the aim
of being a language-independent and robust tool
to disambiguate and analyse unrestricted texts.
CG grammar statements are close to real text
sentences and directly address parsing problems
such as ambiguity. Its application to English
(ENGCG3) resulted a very successful part of
speech tagger for English. CG works on a text
where all possible morphological interpretations
have been assigned to each word-form by the
ENGTWOL morphological analyser (Voutilainen
and Heikkilä 1995). The role of CG is to apply a
set of linguistic constraints that discard as many
alternatives as possible, leaving at the end almost
fully disambiguated sentences, with one
morphological or syntactic interpretation for each
word-form. The fact that CG tries to leave a
unique interpretation for each word-form makes
the formalism adequate to achieve our objective.

Application of Constraint Grammar
The text data was input to the morphological
analyser. For each unrecognised word, ispell was
applied, placing the morphological analyses of
the correction proposals as alternative
interpretations of the erroneous word (see
example 1). EngCG-2 morphological
disambiguation was applied to the resulting texts,
ruling out the correction proposals with an
incompatible POS (cf. example 2). We must note
that the broad coverage lexicons of ispell and
ENGTWOL are independent. This caused the
correspondence between unknown words and
ispell’ s proposals not to be one to one with those
of the EngCG-2 morphological analyser,
especially in compound words. Such problems
were solved considering that a word was correct
if it was covered by any of the lexicons.

1.2 Conceptual Density (CD)
The discrimination of the correct category is

                                                     
3 A recent version of ENGCG, known as EngCG-2,
can be tested at http://www.conexor.fi/analysers.html

unable to distinguish among readings belonging to
the same category, so we also applied a word-
sense disambiguator based on Wordnet, that had
already been tried for nouns on free-running text.
In our case it would choose the correction proposal
semantically closer to the surrounding context. It
has to be noticed that Conceptual Density can only
be applied when all the proposals are categorised
as nouns, due to the structure of Wordnet.
<our>
    "our" PRON PL ...
 <bos> ; INCORRECT OR SPELLING ERROR
    "boss" N S
    "boys" N P
    "bop" V S
    "Bose" <Proper>

Example 1. Proposals and morphological analysis
for the misspelling bos

<our>
    "our" PRON PL ...
 <bos> ; INCORRECT OR SPELLING ERROR
    "boss" N S
    "boys" N P
    "bop"  V S
    "Bose" <Proper>
 <are>               ...

Example 2. CG leaves only nominal proposals

1.3 Frequency statistics (DF & BF)
Frequency data was calculated as word-form
frequencies obtained from the document where the
error was obtained (Document frequency, DF) or
from the rest of the documents in the whole Brown
Corpus (Brown frequency, BF). The experiments
proved that word-forms were better suited for the
task, compared to frequencies on lemmas.

1.4 Other interesting heuristics (H1, H2)
We eliminated proposals beginning with an
uppercase character when the erroneous word did
not begin with uppercase and there were
alternative proposals beginning with lowercase. In
example 1, the fourth reading for the misspelling
"bos" was eliminated, as "Bose" would be at an
editing distance of two from the misspelling
(heuristic H1). This heuristic proved very reliable,
and it was used in all experiments. After obtaining
the first results, we also noticed that words with
less than 4 characters like "si", "teh", ...
(misspellings for "is" and "the") produced too
many proposals, difficult to disambiguate. As they
were one of the main error sources for our method,
we also evaluated the results excluding them
(heuristic H2).



1.5 Combination of the basic techniques
using votes
We considered all the possible combinations
among the different techniques, e.g. CG+BF,
BF+DF, and CG+DF. The weight of the vote can
be varied for each technique, e.g. CG could have
a weight of 2 and BF a weight of 1 (we will
represent this combination as CG2+BF1). This
would mean that the BF candidate(s) will only be
chosen if CG does not select another option or if
CG selects more than one proposal. Several
combinations of weights were tried. This simple
method to combine the techniques can be
improved using optimization algorithms to
choose the best weights among fractional values.
Nevertheless, we did some trials weighting each
technique with its expected precision, and no
improvement was observed. As the best
combination of techniques and weights for a
given set of texts can vary, we separated the error
corpora in two, trying all the possibilities on the
first half, and testing the best ones on the second
half (c.f. section 2.1).

2 The experiments
Based on each kind of knowledge, we built
simple guessers and combined them in different
ways. In the first phase, we evaluated all the
possibilities and selected the best ones on part of
the corpus with artificially generated errors.
Finally, the best combinations were tested against
the texts with genuine spelling errors.

2.1 The error corpora
We chose two different corpora for the
experiment. The first one was obtained by
systematically generating misspellings from a
sample of the Brown Corpus, and the second one
was a raw text with genuine errors. While the
first one was ideal for experimenting, allowing
for automatic verification, the second one offered
a realistic setting. As we said before, we are
testing language models, so that both kinds of
data are appropriate. The corpora with artificial
errors, artificial corpora for short, have the
following features: a sample was extracted from
SemCor (a subset of the Brown Corpus) selecting
150 paragraphs at random. This yielded a seed
corpus of 505 sentences and 12659 tokens. To
simulate spelling errors, a program named
antispell, which applies Damerau's rules at
random, was run, giving an average of one
spelling error for each 20 words (non-words were

left untouched). Antispell was run 8 times on the
seed corpus, creating 8 different corpora with the
same text but different errors. Nothing was done to
prevent two errors in the same sentence, and some
paragraphs did not have any error.
The corpus of genuine spelling errors, which we
also call the "real" corpus for short, was magazine
text from the Bank of English Corpus, which
probably was not previously spell-checked (it
contained many misspellings), so it was a good
source of errors. Added to the difficulty of
obtaining texts with real misspellings, there is the
problem of marking the text and selecting the
correct proposal for automatic evaluation.
As mentioned above, the artificial-error corpora
were divided in two subsets. The first one was
used for training purposes4. Both the second half
and the "real" texts were used for testing.

2.2 Data for each corpora
The two corpora were passed trough ispell, and for
each unknown word, all i ts correction proposals
were inserted. Table 1 shows how, if the
misspellings are generated at random, 23.5% of
them are real words, and fall out of the scope of
this work. Although we did not make a similar
counting in the real texts, we observed that a
similar percentage can be expected.

1st half 2nd half "real"
words 47584 4758439733
errors 1772 1811 -
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non real-word errors 1354 1403 369
ispell proposals 7242 8083 1257
words with multiple proposals 810 852 158
long word errors (H2) 968 980 331
proposals for long words (H2) 2245 2313 807
long word errors (H2) with
multiple proposals

430 425 124

Table 1. Number of errors and proposals

For the texts with genuine errors, the method used
in the selection of the misspellings was the
following: after applying ispell, no correction was
found for 150 words (mainly proper nouns and
foreign words), and there were about 300 which
were formed by joining two consecutive words or
by special affixation rules (ispell recognised them

                                                     
4  In fact, there is no training in the statistical sense. It
just involves choosing the best alternatives for voting.
5 As we focused on non-word words, there is not a
count of real-word errors.



correctly). This left 369 erroneous word-forms.
After examining them we found that the correct
word-form was among ispell’s proposals, with
very few exceptions. Regarding the selection
among the different alternatives for an erroneous
word-form, we can see that around half of them
has a single proposal. This gives a measure of the
work to be done. For example, in the real error
corpora, there were 158 word-forms with 1046
different proposals. This means an average of
6.62 proposals per word. If words of length less
than 4 are not taken into account, there are 807
proposals, that is, 4.84 alternatives per word.

2.3 Results
We mainly considered three measures:

• coverage: the number of errors for which the
technique yields an answer.

• precision: the number of errors with the
correct proposal among the selected ones

• remaining proposals: the average number of
selected proposals.

2.3.1 Search for the best combinations
Table 2 shows the results on the training corpora.
We omit many combinations that we tried, for the
sake of brevity. As a baseline, we show the results
when the selection is done at random. Heuristic
H1 is applied in all the cases, while tests are
performed with and without heuristic H2. If we
focus on the errors for which ispell generates more
than one correction proposal (cf. table 3), we get a
better estimate of the contribution of each guesser.
There were 8.26 proposals per word in the general

Cover.% Prec.%
%

#prop.
Basic techniques
random baseline 100.00 54.36 1.00
random+H2 71.49 71.59 1.00
CG 99.85 86.91 2.33
CG+H2 71.42 95.86 1.70
BF 96.23 86.57 1.00
BF+H2 68.69 92.15 1.00
DF 90.55 89.97 1.02
DF+H2 62.92 96.13 1.01
CD 6.06 79.27 1.01
Combinations
CG1+DF2 99.93 90.39 1.17
CG1+DF2+H2 71.49 96.38 1.12
CG1+DF1+BF1 99.93 89.14 1.03
CG1+DF1+BF1+H2 71.49 94.73 1.03
CG1+DF1+BF1+CD1 99.93 89.14 1.02
CG1+DF1+BF1+CD1+H2 71.49 94.63 1.02
Table 2. Results for several combinations (1st half)

Cover. Prec. #prop
Basic techniques
random baseline 100.00 23.70 1.00
random+H2 52.70 36.05 1.00
CG 99.75 78.09 3.23
CG+H2 52.57 90.68 2.58
BF 93.70 76.94 1.00
BF+H2 48.04 81.38 1.00
DF 84.20 81.96 1.03
DF+H2 38.48 89.49 1.03
CD 8.27 75.28 1.01
Combinations
CG1+DF2 99.88 83.93 1.28
CG1+DF2+H2 52.70 91.86 1.43
CG1+DF1+BF1 99.88 81.83 1.04
CG1+DF1+BF1+H2 52.70 88.14 1.06
CG1+DF1+BF1+CD1 99.88 81.83 1.04
CG1+DF1+BF1+CD+H2 52.70 87.91 1.05

Table 3. Results on errors with multiple
proposals (1st half)

Cover.% Prec.% #prop
.Basic techniques

random baseline 100.00 53.67 1.00
random+H2 69.85 71.53 1.00
DF 90.31 89.50 1.02
DF+H2 61.51 95.60 1.01
Combinations
CG1+DF2 99.64 90.06 1.19
CG1+DF2+H2 69.85 95.71 1.22
CG1+DF1+BF1 99.64 87.77 1.03
CG1+DF1+BF1+H2 69.85 93.16 1.03
CG1+DF1+BF1+CD1 99.64 87.91 1.03
CG1+DF1+BF1+CD+H2 69.85 93.27 1.02

Table 4. Validation of the best combinations
(2nd half)

Cover.
%

Prec.
%

#pro
pBasic techniques

random baseline 100.00 23.71 1.00
random+H2 50.12 34.35 1.00
DF 84.04 81.42 1.03
DF+H2 36.32 87.66 1.04
Combinations
CG1+DF2 99.41 83.59 1.31
CG1+DF2+H2 50.12 90.12 1.50
CG1+DF1+BF1 99.41 79.81 1.05
CG1+DF1+BF1+H2 50.12 84.24 1.06
CG1+DF1+BF1+CD1 99.41 80.05 1.05
CG1+DF1+BF1+CD1+H2
H2

50.12 84.47 1.06
Table 5. Results on errors with multiple

proposals (2nd half)



case, and 3.96 when H2 is applied. The results for
all the techniques are well above the random
baseline. The single best techniques are DF and
CG. CG shows good results on precision, but
fails to choose a single proposal. H2 raises the
precision of all techniques at the cost of losing
coverage. CD is the weakest of all techniques,
and we did not test it with the other corpora.
Regarding the combinations, CG1+DF2+H2 gets
the best precision overall, but it only gets 52%
coverage, with 1.43 remaining proposals. Nearly
100% coverage is attained by the H2
combinations, with highest precision for
CG1+DF2 (83% precision, 1.28 proposals).

2.3.2 Validation of the best combinations
In the second phase, we evaluated the best
combinations on another corpus with artificial
errors. Tables 4 and 5 show the results, which

agree with those obtained in 2.3.1. They show
slightly lower percentages but always in parallel.

2.3.3 Corpus of genuine errors
As a final step we evaluated the best combinations
on the corpus with genuine typing errors. Table 6
shows the overall results obtained, and table 7 the
results for errors with multiple proposals. For the
latter there were 6.62 proposals per word in the
general case (2 less than in the artificial corpus),
and 4.84 when heuristic H2 is applied (one more
that in the artificial corpus). These tables are
further commented in the following section.

3 Evaluation of results
This section reviews the results obtained. The
results for the "real" corpus are evaluated first, and
the comparison with the other corpora comes later.
Concerning the application of each of the simple
techniques separately6:

• Any of the guessers performs much better than
random.

• DF has a high precision (75%) at the cost of a
low coverage (12%). The difference in
coverage compared to the artificial error
corpora (84%) is mainly due to the smaller size
of the documents in the real error corpus
(around 50 words per document). For medium-
sized documents we expect a coverage similar
to that of the artificial error corpora.

• BF offers lower precision (54%) with the gains
of a broad coverage (96%).

• CG presents 62% precision with nearly 100%
coverage, but at the cost of leaving many
proposals (2.45)

• The use of CD works only with a small fraction
of the errors giving modest results. The fact
that it was only applied a few times prevents us
from making further conclusions.

Combining the techniques, the results improve:

• The CG1+DF2 combination offers the best
results in coverage (100%) and precision (70%)
for all tests. As can be seen, CG raises the
coverage of the DF method, at the cost of also
increasing the number of proposals (1.9) per
erroneous word. Had the coverage of DF
increased, so would also the number of

                                                     
6 If not explicitly noted, the figures and comments refer
to the "real" corpus, table 7.

Cover. % Prec. % #prop.
Basic techniques
random baseline 100.00 69.92 1.00
random+H2 89.70 75.47 1.00
CG 99.19 84.15 1.61
CG+H2 89.43 90.30 1.57
DF 70.19 93.05 1.02
DF+H2 61.52 97.80 1.00
BF 98.37 80.99 1.00
BF+H2 88.08 85.54 1.00
Combinations
CG1+DF2 100.00 87.26 1.42
CG1+DF2+H2 89.70 90.94 1.43
CG1+DF1+BF1 100.00 80.76 1.02
CG1+DF1+BF1+H2 89.70 84.89 1.02

Table 6. Best combinations ("real" corpus)

Cover. % Prec. % #prop
Basic techniques
random baseline 100.00 29.75 1.00
random+H2 76.54 34.52 1.00
CG 98.10 62.58 2.45
CG+H2 75.93 73.98 2.52
DF 30.38 62.50 1.13
DF+H2 12.35 75.00 1.05
BF 96.20 54.61 1.00
BF+H2 72.84 60.17 1.00
Combinations
CG1+DF2 100.00 70.25 1.99
CG1+DF2+H2 76.24 75.81 2.15
CG1+DF1+BF1 100.00 55.06 1.04
CG1+DF1+BF1+H2 76.54 59.68 1.05

Table 7. Results on errors with multiple
proposals ("real" corpus)



proposals decrease for this combination, for
instance, close to that of the artificial error
corpora (1.28).

• The CG1+DF1+BF1 combination provides the
same coverage with nearly one interpretation
per word, but decreasing precision to a 55%.

• If full coverage is not necessary, the use of the
H2 heuristic raises the precision at least 4%
for all combinations.

When comparing these results with those of the
artificial errors, the precisions in tables 2, 4 and 6
can be misleading. The reason is that the
coverage of some techniques varies and the
precision varies accordingly. For instance,
coverage of DF is around 70% for real errors and
90% for artificial errors, while precisions are
93% and 89% respectively (cf. tables 6 and 2).
This increase in precision is not due to the better
performance of DF7, but can be explained
because the lower the coverage, the higher the
proportion of errors with a single proposal, and
therefore the higher the precision.
The comparison between tables 3 and 7 is more
clarifying. The performance of all techniques
drops in table 7. Precision of CG and BF drops 15
and 20 points. DF goes down 20 points in
precision and 50 points in coverage. This latter
degradation is not surprising, as the length of the
documents in this corpus is only of 50 words on
average. Had we had access to medium sized
documents, we would expect a coverage similar
to that of the artificial error corpora.
The best combinations hold for the "real" texts, as
before. The highest precision is for CG1+DF2
(with and without H2). The number of proposals
left is higher in the "real" texts than in the
artificial ones (1.99 to 1.28). It can be explained
because DF does not manage to cover all errors,
and that leaves many CG proposals untouched.
We think that the drop in performance for the
"real" texts was caused by different factors. First
of all, we already mentioned that the size of the
documents strongly affected DF. Secondly, the
nature of the errors changes: the algorithm to
produce spelling errors was biased in favour of
frequent words, mostly short ones. We will have
to analyse this question further, specially
regarding the origin of the natural errors. Lastly,

                                                     
7 In fact the contrary is deduced from tables 3 and 7.

BF was trained on the Brown corpus on American
English, while the "real" texts come from the Bank
of English. Presumably, this could have also
affected negatively the performance of these
algorithms.
Back to table 6, the figures reveal which would be
the output of the correction system. Either we get a
single proposal 98% of the times (1.02 proposals
left on average) with 80% precision for all non-
word errors in the text (CG1+DF1+BF1) or we
can get a higher precision of 90% with 89%
coverage and an average of 1.43 proposals
(CG1+DF2+H2).

4 Comparison with other context-
sensitive correction systems
There is not much literature about automatic
spelling correction with a single proposal. Menezo
et al. (1996) present a spelling/grammar checker
that adjusts its strategy dynamically taking into
account different lexical agents (dictionaries, ...),
the user and the kind of text. Although no
quantitative results are given, this is in accord with
using document and general frequencies.
Mays et al. (1991) present the initial success of
applying word trigram conditional probabilities to
the problem of context based detection and
correction of real-word errors.
Yarowsky (1994) experiments with the use of
decision lists for lexical ambiguity resolution,
using context features like local syntactic patterns
and collocational information, so that multiple
types of evidence are considered in the context of
an ambiguous word. In addition to word-forms,
the patterns involve POS tags and lemmas. The
algorithm is evaluated in missing accent
restoration task for Spanish and French text,
against a predefined set of a few words giving an
accuracy over 99%.
Golding and Schabes (1996) propose a hybrid
method that combines part-of-speech trigrams and
context features in order to detect and correct real-
word errors. They present an experiment where
their system has substantially higher performance
than the grammar checker in MS Word, but its
coverage is limited to eighteen particular
confusion sets composed by two or three similar
words (e.g.: weather, whether).
The last three systems rely on a previously
collected set of confusion sets (sets of similar
words or accentuation ambiguities). On the
contrary, our system has to choose a single



proposal for any possible spelling error, and it is
therefore impossible to collect the confusion sets
(i.e. sets of proposals for each spelling error)
beforehand. We also need to correct as many
errors as possible, even if the amount of data for a
particular case is scarce.

Conclusion
This work presents a study of different methods
that build on the correction proposals of ispell,
aiming at giving a single correction proposal for
misspellings. One of the difficult aspects of the
problem is that of testing the results. For that
reason, we used both a corpus with artificiall y
generated errors for training and testing, and a
corpus with genuine errors for testing.
Examining the results, we observe that the results
improve as more context is taken into account.
The word-form frequencies serve as a crude but
helpful criterion for choosing the correct
proposal. The precision increases as closer
contexts, like document frequencies and
Constraint Grammar are incorporated. From the
results on the corpus of genuine errors we can
conclude the following. Firstly, the correct word
is among ispell’s proposals 100% of the times,
which means that all errors can be recovered.
Secondly, the expected output from our present
system is that it will correct automatically the
spelling errors with either 80% precision with full
coverage or 90% precision with 89% coverage
and leaving an average of 1.43 proposals.
Two of the techniques proposed, Brown
Frequencies and Conceptual Density, did not
yield useful results. CD only works for a very
small fraction of the errors, which prevents us
from making further conclusions.
There are reasons to expect better results in the
future. First of all , the corpus with genuine errors
contained very short documents, which caused
the performance of DF to degrade substantially.
Further tests with longer documents should yield
better results. Secondly, we collected frequencies
from an American English corpus to correct
British English texts. Once this language
mismatch is solved, better performance should be
obtained. Lastly, there is room for improvement
in the techniques themselves. We knowingly did
not use any model of common misspellings.
Although we expect limited improvement,
stronger methods to combine the techniques can
also be tried.

Continuing with our goal of attaining a single
proposal as reliably as possible, we will focus on
short words and we plan to also include more
syntactic and semantic context in the process by
means of collocational information. This step
opens different questions about the size of the
corpora needed for accessing the data and the
space needed to store the information.
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Towards a single proposal in spelling correction

Abstract

The study here presented relies on the
integrated use of three kinds of knowledge
(syntagmatic, paradigmatic and statistical) in
order to improve first-guess accuracy in
non-word context-sensitive correction for
general unrestricted texts. State of the art
spelling correction systems, e.g. ispell, in
addition to detecting spelling errors also
assist the user by offering a set of candidate
corrections that are close to the misspelled
word. Based on the correction proposals of
ispell, we built several guessers which were
combined in different ways. Firstly, we
evaluated all the possibilities and selected
the best ones on a corpus with artificially
generated typing errors. Secondly, the best
combinations were tested on texts
containing genuine spelling errors. The
results for the latter suggest that we can
expect automatic non-word correction for all
the errors in a free-running text with 90%
precision and a single proposal 24 times out
of 25 (1.04 proposals on average).

Introduction

The problem of devising algorithms and
techniques for automatically correcting words in
text remains being a research challenge. Existing
spelling correction techniques are limited in
their scope and accuracy. In addition to
detecting spelling errors many programs assist
users by offering a set of candidate corrections
that are close to the misspelled word. This is true
for most of the commercial word-processors as
well as the Unix-based spelling-corrector ispell1

(1993). These programs tolerate lower first
guess accuracy by returning multiple guesses
and allowing the user to make the final choice of

                                                     
1 Ispell was used for the spell-checking and
correction candidate generation. Its assets include
broad-coverage, excellent reliability (cf. the
conclusion) and the fact that it is able to produce
several kinds of output, e.g. errors and proposals
only.

the intended word. In contrast, some
applications will require fully automatic
correction for general purpose texts (Kukich
1992).

It is clear that context-sensitive correction will
offer better results than isolated-word error
correction. The task underlying context-sensitive
spelling correction is to determine the relative
degree of well-formedness among alternative
sentences (Mays et al. 1991). The question is
what kind of knowledge (lexical, syntactic,
semantic, statistical, ...) should be represented,
utilised and combined to aid in this
determination.

The study here presented relies on the integrated
use of three kinds of knowledge (syntagmatic,
paradigmatic and statistical) in order to improve
first guess accuracy in nonword context-
sensitive correction for general unrestricted
texts. Our techniques were applied on the
corrections posed by ispell. Constraint Grammar
(Karlsson 1995) was chosen to represent
syntagmatic knowledge. Its use as a part of
speech tagger for English was completely
successful. Conceptual Density (Agirre and
Rigau 1997) is the paradigmatic component
chosen to discriminate semantically among
potential noun corrections. This technique
measures "affinity distance" between nouns
using Wordnet (Miller 1990). Information on
affinity to context was also collected from
corpora, in the form of collocational and
cooccurrence statistical features (Yarowsky
1994). Finally, general and document word-
occurrence frequency-rates complete the set of
different knowledge sources combined in the
system. We knowingly did not use any model of
common misspellings, the main reason being
that we did not want to use knowledge about the
error source. This work focuses on language
models, not error models (typing errors,
common misspellings, OCR mistakes, speech
recognition mistakes, etc.).

The system was evaluated on two sets of texts:
artificially generated typing errors from the



Brown corpus (Francis & Kucera 1967) and
genuine spelling errors from the Bank of
English2.

The remainder of this paper is organised as
follows. Firstly, we present the techniques that
will be evaluated and the way to combine them.
Section 2 describes the experiments performed
and shows the results, which are evaluated in
section 3. Section 4 compares other relevant
work in context sensitive correction. Finally, the
paper ends with some concluding remarks.

1 The basic techniques

1.1 Constraint Grammar (CG)

Constraint Grammar was designed with the aim
of being a language-independent and robust tool
to disambiguate and analyse unrestricted texts.
The CG grammar statements are close to real
text sentences and directly address some
notorious parsing problems, especially
ambiguity. Its application to English (ENGCG)
is a very successful part of speech tagger for
English.

These are four major steps in the CG
morphosyntactic treatment of texts:
morphological analysis, morphological
disambiguation, determination of clause
boundaries and the assignment of syntactic
functions. CG works on a text where all the
possible morphological interpretations have
been assigned to each word-form by the
ENGTWOL morphological analyser
(Koskenniemi 1983). The basic parsing strategy
is to profit from the existing morphological
information. Every relevant structure is assigned
directly via lexicon, morphology and mappings
from morphology to syntax. The role of CG is to
apply a set of linguistic constraints that discard
as many alternatives as possible, leaving at the
end almost fully disambiguated sentences, with
one morphological/syntactic interpretation for
each word-form. The fact that CG tries to leave
a unique morphological/syntactic interpretation
for each word-form makes this formalism
adequate to achieve our objective.

                                                     
2 http://titania.cobuild.collins.co.uk/boe_info.html

Application of Constraint Grammar

The text data was input to the morphological
analyser (ENGTWOL). For each unrecognised
word ispell was applied, placing the
morphological analyses of the correction
proposals as alternative interpretations of the
erroneous word (see Example 1).

 <our>
    "our" PRON PL ...
 <bos> ; INCORRECT OR SPELLING ERROR

    "boss" N S
    "boys" N P
    "bop"  V S
    "Bose" <Proper>
 <are>               ...

Example 1.
Proposals and morphological analysis for the

misspelling bos.

The CG morphological disambiguation was
applied on the resulting texts, ruling out the
correction proposals with an incompatible POS
(cf. example 2).

 <our>
    "our" PRON PL ...
 <bos> ; INCORRECT OR SPELLING ERROR

    "boss" N S
    "boys" N P
    "bop"  V S
    "Bose" <Proper>
 <are>               ...

Example 2.
CG leaves only nominal proposals.

We have to note that the broad coverage
lexicons of ispell and ENGTWOL are
independent. This caused the correspondence
between unknown words and the proposals
given by ispell not to be one to one with those of
the ENGTWOL lexicon, especially in
compound words. Such problems were solved
considering that a word was correct if it was
covered by any of the lexicons.

1.2 Conceptual Density (CD)

The discrimination of the correct category is
unable to distinguish among readings belonging
to the same category, so that we also applied a



word-sense disambiguator (Agirre & Rigau
1996) based on Wordnet to this task. The word-
sense disambiguator had already been tried for
nouns on free-running text. In our case the
disambiguator would choose the correction
proposal semantically closer to the surrounding
context. It has to be noted that Conceptual
Density can only be applied whenever all the
proposals are categorised as nouns.

1.3 Frequency statistics (DF & BF)

Frequency data was calculated as word-form
frequencies obtained from the document where
the error was obtained (Document frequency,
DF) or from the rest of the documents in the
whole Brown Corpus (Brown frequency, BF).
The experiments proved that word-forms were
better suited for the task, compared to
frequencies on lemmas.

1.4 Context statistics (CX)

In accordance to the proposals of (Yarowsky
1994), we modelled the lexical preference of the
proposals. Context features were collected for all
the words in the Brown Corpus (minus the test
documents). The collected features were:

• word bigrams

• word trigrams

• context words in a ±20 word-window

When processing an error, the features for each
proposal were retrieved and their weight
measured using log-likelihood (Yarowsky
1994). The proposal with the strongest feature
would be chosen, under the supposition that it
would be the best fitted for the context of the
error.

1.5 Other interesting heuristics (H1, H2)

We eliminated proposals beginning with an
uppercase character when the erroneous word
did not begin with an uppercase letter and there
were alternative proposals beginning with
lowercase. In example 1 of the previous section,
the fourth reading for the misspelling "bos" was
eliminated, as "Bose" would be at an editing
distance of two from the misspelling (heuristic
H1). This heuristic proved very reliable, and it
was used in all experiments.

After obtaining the first results, we also noted
that words with less than 4 characters like "si",
"teh", ... (misspellings for "is" and "the")
produced too many proposals, difficult to
disambiguate. As they were one of the main
error sources for our method, we also evaluated
the results excluding them (heuristic H2).

1.6 Combination of the basic techniques
using votes

We considered all the possible combinations
among the different techniques e.g. CG+BF,
BF+DF, CG+DF+CX, etc.

The weight of the vote can be varied for each
technique, e.g. CG could have a weight of 2 and
BF a weight of 1 (we will represent this
combination as CG2+BF1). This would mean
that the BF candidate(s) will only be chosen if
CG does not select another option. Several
combinations of weights were tried.

As the best combination of techniques and
weights for a given set of texts can vary we
separated the error corpora in two, trying all the
possibilities on the first half, and testing the
performance of the best ones on the second half
(c.f. section 2.1).

This simple method to combine the techniques
can be improved using optimization algorithms
to choose the best weigths among fractional
values. Nevertheless, we did some trials
weighting each technique with its expected
precision and no imprevement was observed.

2 The experiments

Based on each kind of knowledge we built a
simple guesser, and combined them in different
ways. In a first phase, we evaluated all the
possibilities and selected the best ones on a part
of the corpus with artificially generated typing
errors. Finally, the best combinations were
tested on the texts with genuine spelling errors.

2.1 The error corpora

As we have explained before, we chose two
different corpora for the experiment. The first
one was obtained by systematically generating



misspellings from a sample of the Brown
Corpus, and the second one was a raw text with
genuine errors. While the first one was ideal for
experimenting with different parameters,
allowing for automatic verification, the second
offered a realistic setting.

The corpora with artificial errors, artificial
corpora for short, have the following features: a
sample was extracted from SemCor (a subset of
the Brown Corpus) selecting 150 paragraphs at
random. This yielded a seed corpus of 505
sentences and 12659 tokens. To simulate
spelling errors a program named antispell which
applies Damerau’s rules at random was run,
creating an average of one spelling error for
each 20 words (nonwords were left untouched).
Antispell was run 8 times on the seed corpus,
creating 8 different corpus with the same text
but different errors. Nothing was done to prevent
two errors in the same sentence, and some
paragraphs did not have any error.

The corpus of genuine spelling errors, which we
also call the "real" corpus for short, was
magazine text from the Bank of English Corpus,
which was not previously spell-checked. Added
to the difficulty of obtaining texts with real
misspellings there is the problem of marking the
text and selecting the correct proposal for
automatic evaluation.

As mentioned above, the artificial-error corpora
were divided in two subsets. The first one is
composed of the first half, i.e. sets 1, 2, 3 and 4.
It was used for training purposes3. The second
half comprises texts 5, 6, 7 and 8. Both the
second half and the "real" texts were used for
testing.

2.2 Data for each corpora

The two corpora were passed trough ispell, and
for each unknown word all its correction
proposals were inserted.

Table 1 shows how, if the misspellings are
generated at random, 23.5% of them are real

                                                     
3 In fact, there is no training in the statistical sense,
but it is rather choosing the best alternatives for
voting (cf. 1.6).

words, and fall out of the scope of this work.
Although we did not made a similar counting in
the real texts, we observed that a similar
percentage can be expected.

1st half 2nd half "real"
words 47584 47584 39733
errors 1772 1811 -

4

non real-word errors 1354 1403 369
ispell proposals 7242 8083 1257
words with multiple proposals 810 852 158
long word errors (H2) 968 980 331
proposals for long words (H2) 2245 2313 807
long word errors (H2) with
multiple proposals

430 425 124

Table 1. Number of errors and proposals

For the texts with genuine errors, the method
used in the selection of the misspellings was the
following: after applying ispell, no correction
was found for 150 words (mainly proper nouns
and foreign words), and there were about 300
which were formed by joining two consecutive
words or by special affixation rules (ispell
recognised them correctly most of the times).
This left 369 erroneous word-forms. After
examining them we found that the correct word-
form was, with very few exceptions, among
ispell’s proposals.

Regarding the selection among the different
alternatives for an erroneous word-form, we see
that around half of them have a single proposal.
This gives a measure of the work to be done. For
example, in the real error corpora, there were
158 word-forms with 1046 different proposals.
This means an average of 6.62 proposals per
word. If words of length less than 4 are not
taken into account, there are 807 proposals, that
is, 4.84 alternatives per word.

                                                     
4 As we focused on unknown words, there is not a
count of real-word errors.



cover. % prec. % #prop.
Basic techniques
random baseline 100.00 54.36 1.00
random+H2 71.49 71.59 1.00
CG 99.85 86.91 2.33
CG+H2 71.42 95.86 1.70
BF 96.23 86.57 1.00
BF+H2 68.69 92.15 1.00
DF 90.55 89.97 1.02
DF+H2 62.92 96.13 1.01
CX 96.70 91.20 1.01
CX+H2 68.54 95.70 1.01
CD 6.06 79.27 1.01
Combinations
CG1+DF2 99.93 90.39 1.17
CG1+DF2+H2 71.49 96.38 1.12
CG1+DF1+BF1 99.93 89.14 1.03
CG1+DF1+BF1+H2 71.49 94.73 1.03
CG1+DF1+BF1+CD1 99.93 89.14 1.02
CG1+DF1+BF1+CD1+H2 71.49 94.63 1.02
CG1+DF1+CX1 99.93 91.90 1.07
CG1+DF1+CX1+H2 71.49 96.50 1.05
CG1+DF1+CX2 99.93 91.30 1.04
CG1+DF1+CX2+H2 71.49 95.70 1.04
Table 2. Results for several combinations (1st half)

Cover. % Prec. % #prop
Basic techniques
random baseline 100.00 23.70 1.00
random+H2 52.70 36.05 1.00
CG 99.75 78.09 3.23
CG+H2 52.57 90.68 2.58
BF 93.70 76.94 1.00
BF+H2 48.04 81.38 1.00
DF 84.20 81.96 1.03
DF H2 38.48 89.49 1.03
CX 94.48 84.94 1.02
CX+H2 47.79 89.77 1.02
CD 8.27 75.28 1.01
Combinations
CG1+DF2 99.88 83.93 1.28
CG1+DF2+H2 52.70 91.86 1.43
CG1+DF1+BF1 99.88 81.83 1.04
CG1+DF1+BF1+H2 52.70 88.14 1.06
CG1+DF1+BF1+CD1 99.88 81.83 1.04
CG1+DF1+BF1+CD+H2 52.70 87.91 1.05
CG1+DF1+CX1 99.88 86.45 1.12
CG1+DF1+CX1+H2 52.70 92.12 1.11
CG1+DF1+CX2 99.88 85.45 1.07
CG1+DF1+CX2+H2 52.70 90.32 1.09
Table 3. Results on errors with multiple proposals

(1st half)

cover. % Prec.% #prop.
Basic techniques
Random baseline 100.00 53.67 1.00
Random+H2 69.85 71.53 1.00
DF 90.31 89.50 1.02
DF H2 61.51 95.60 1.01
CX 97.20 91.00 1.01
CX+H2 67.93 94.30 1.01
Combinations
CG1+DF2 99.64 90.06 1.19
CG1+DF2+H2 69.85 95.71 1.22
CG1+DF1+BF1 99.64 87.77 1.03
CG1+DF1+BF1+H2 69.85 93.16 1.03
CG1+DF1+BF1+CD1 99.64 87.91 1.03
CG1+DF1+BF1+CD+H2 69.85 93.27 1.02
CG1+DF1+CX1 99.71 91.60 1.09
CG1+DF1+CX1+H2 69.85 95.10 1.07
CG1+DF1+CX2 99.71 91.07 1.04
CG1+DF1+CX2+H2 69.85 94.18 1.03

Table 4. Validation of the best combinations
(2nd half)

Cover. % Prec. % #prop
Basic techniques
random baseline 100.00 23.71 1.00
random+H2 50.12 34.35 1.00
DF 84.04 81.42 1.03
DF H2 36.32 87.66 1.04
CX 95.39 84.90 1.02
CX H2 46.93 86.35 1.02
Combinations
CG1+DF2 99.41 83.59 1.31
CG1+DF2+H2 50.12 90.12 1.50
CG1+DF1+BF1 99.41 79.81 1.05
CG1+DF1+BF1+H2 50.12 84.24 1.06
CG1+DF1+BF1+CD1 99.41 80.05 1.05
CG1+DF1+BF1+CD+H2 50.12 84.47 1.06
CG1+DF1+CX1 99.53 86.14 1.15
CG1+DF1+CX1+H2 50.12 88.70 1.16
CG1+DF1+CX2 99.53 85.26 1.07
CG1+DF1+CX2+H2 50.12 86.59 1.07
Table 5. Results on errors with multiple proposals

(2nd half)

2.3 Results

There are three measures which we deemed
important:

• coverage: the number of errors for which
the technique yields an answer.

• precision: the number of errors for which
the correct proposal remains among the
selected ones



• remaining proposals: the average number of
selected proposals.

2.3.1 Search for the best combinations
Table 2 shows some of the results obtained for
the training corpora (1st half of the corpora with
artificial errors), with the most interesting results
shadowed. We omit most of the combinations
we tried for the sake of brevity. As a baseline,
we show the results when the selection is done at
random. Heuristic H1 is applied in all of the
cases, while tests are performed with and
without heuristic H2.

If we focus on the errors for which ispell
generates more than one correction proposal (cf.
table 3), we can get a better estimate of the
contribution of each guesser. There were 8.26
proposals per word in the general case, and 3.96
when heuristic H2 is applied. The results for all
the techniques are well above the random
baseline. The single best techniques are DF and
CX. CG has also good results on precision, but
fails to choose a single proposal. The H2
heuristic raises the precision of all techniques at
least 5 points, at the cost of losing coverage. CD
is the weakest of all techniques, and we did not
test it with the other corpora.

Regarding the combinations, CG+DF+CX+H2
gets the best precision overall, but only gets 52%
coverage. CG1+DF2+H2 follows close, with
more proposals. Nearly 100% coverage is
attained by the combinations without H2, with
highest precision for CG+DF+CX (86%
precision, 1.12 proposals). If CX gets double
votes (CG1+DF1+CX2) fewer proposals are
selected (1.07) but one point is lost in precision.

2.3.2 Validation of the best combinations

In the second phase, we evaluated the best
combinations on another corpus with artificially
generated typing errors. Tables 4 and 5 show
that the results for the 2nd half agree with those
obtained in 2.3.1. The results show slightly
lower percentages for all techniques, but always
in parallel. This confirms that the best
combinations hold for other texts.

Cover. % prec. % #prop.
Basic techniques
random baseline 100.00 69.92 1.00
random+H2 89.70 75.47 1.00
CG 99.19 84.15 1.61
CG+H2 89.43 90.30 1.57
DF 70.19 93.05 1.02
DF+H2 61.52 97.80 1.00
BF 98.37 80.99 1.00
BF+H2 88.08 85.54 1.00
CX 97.02 89.10 1.02
CX+H2 85.64 91.50 1.01
Combinations
CG1+DF2 100.00 87.26 1.42
CG1+DF2+H2 89.70 90.94 1.43
CG1+DF1+BF1 100.00 80.76 1.02
CG1+DF1+BF1+H2 89.70 84.89 1.02
CG1+DF1+CX1 100.00 90.80 1.24
CG1+DF1+CX1+H2 89.70 93.10 1.20
CG1+DF1+CX2 100.00 89.70 1.04
CG1+DF1+CX2+H2 89.70 91.80 1.03

Table 6. Best combinations ("real" corpus)

cover. % prec. % #prop
Basic techniques
random baseline 100.00 29.75 1.00
random+H2 76.54 34.52 1.00
CG 98.10 62.58 2.45
CG+H2 75.93 73.98 2.52
DF 30.38 62.50 1.13
DF+H2 12.35 75.00 1.05
BF 96.20 54.61 1.00
BF+H2 72.84 60.17 1.00
CX 93.21 74.16 1.05
CX+H2 67.28 75.36 1.03
Combinations
CG1+DF2 100.00 70.25 1.99
CG1+DF2+H2 76.24 75.81 2.15
CG1+DF1+BF1 100.00 55.06 1.04
CG1+DF1+BF1+H2 76.54 59.68 1.05
CG1+DF1+CX1 100.00 78.51 1.56
CG1+DF1+CX1+H2 76.54 81.58 1.53
CG1+DF1+CX2 100.00 75.94 1.09
CG1+DF1+CX2+H2 76.54 78.11 1.08
Table 7. Results on errors with multiple proposals

("real" corpus)

2.3.3 Corpus of genuine errors

As a final step we evaluated the best
combinations on the corpus with genuine typing
errors. Table 6 shows the overall results
obtained, and table 7 the results for errors with
multiple proposals. For the latter there were 6.62



proposals per word in the general case (2 less
than in the artificial corpus), and 4.84 when
heuristic H2 is applied (one more that in the
artificial corpus).

These tables are further commented in the
following section.

3 Evaluation of results

This sections reviews the results obtained. The
results for the "real" texts are evaluated first, and
the comparison with the other texts comes later.

Concerning the application of each of the simple
techniques separately5:

• Any of the guessers performs much better
than random.

• CX has the highest precision (74%) with 93%
coverage.

• DF has lower precision (62%) and lower
coverage (30%).

• BF offers lower precision (54%) with the
gains of a broad coverage (96%).

• CG presents 62% precision with nearly 100%
coverage, but at the cost of leaving many
proposals (2.45)

When the techniques are combined, the results
improve:

• The CG+DF+CX combination offers the best
results in coverage (close to 100%) and
precision for all tests (78% in table 7).

• If CX gets double weight, CG1+DF1+CX2,
some precision is lost (76%), but the number
of proposals left is more satisfactory (1.09
against 1.56).

• CG1+DF2 attains 70% precision. As it can be
seen, CG raises the coverage of the DF
method, at the cost of also increasing the
number of proposals (1.9) per erroneous
word. Had the coverage of DF increased, so
would also decrease the number of proposals
for this combination, for instance, close to
that of the artificial error corpora (1.28).

                                                     
5 If not explicitly noted, the figures and comments
refer to the "real" text, table 7.

• The CG1+DF1+BF1 combination provides
the same coverage with nearly one
interpretation per word, but decreasing
precision to a 55%.

• If full coverage is not necessary, the use of
the H2 heuristic raises the precision at least
3% for all combinations.

When comparing these results with those of the
artificial errors, the precisions in tables 2, 4 and
6 can be misleading. The reason is that the
coverage of some techniques varies and the
precision varies accordingly. For instance,
coverage of DF is around 70% for real errors
and 90% for artificial errors, while precisions
are 93% and 89% respectively (cf. tables 6 and
2). This raise in precision is not due to the better
performance of DF6, but can be explained
because the lower the coverage the higher the
proportion of errors with a single proposal, and
therefore the higher the precision.

The comparison between tables 3 and 7 is more
clarifying. The performance of all techniques
drops in table 7. Precision of CG, CX and BF
drops 15, 10 and 20 points respectively. DF goes
down 20 points in precision and 50 points in
coverage. This latter degradation in performance
is not surprising, as the length of the documents
in this corpus is only of 50 words on average.
Had we used medium sized documents, we
would expect a coverage similar to that of the
artificial error corpora.

The best combinations hold for the "real" texts,
as before. The highest precision is for
CG+DF+CX (with and without H2). The
number of proposals left is higher in the "real"
texts than in the artificial texts (1.56 to 1.12).
This can be explained because DF and CX do
not manage to cover all errors, and that leaves
many proposals of CG untouched.

We think that the drop in performance for the
"real" texts was caused by different factors. First
of all, we already mentioned that the size of the
documents strongly affected DF. Secondly, the
nature of the errors change: the algorithm to

                                                     
6 In fact the contrary is deduced from the data in
tables 3 and 7.



produce spelling errors was biased in favour of
frequent words, mostly short ones. We will have
to analyze this question further, specially
regarding the origin of the natural errors. Lastly,
two techniques, namely BF and CX, were
trained on the Brown corpus on American
English, while the "real" texts come from the
Bank of English. Presumably, this could have
also affected negatively the performance of
these algorithms.

Back to table 6, the figures reveal which would
be the output of the correction system. Either we
get a single proposal 24 times out of 25 (1.04
proposals left on average) with 90% precision
for all non-word errors in the text
(CG1+DF1+CX2) or we can get a higher
precision of 93% with 90% coverage and an
average of 1.20 proposals (CG+DF+CX+H2).

4 Comparing with other context-
sensitive correction systems

There is not much literature about automatic
spelling correction with a single proposal.
Menezo et al. (1996) present the design of an
interactive automatic spelling and grammar
checker/corrector based on an architecture of
distributed artificial intelligence and a multi-
agent system. It allows to adjust its strategy
dynamically taking into account the different
lexical agents (dictionaries, ...), the user, the
kind of text, and even the window. Although no
quantitative results are given, this is in accord
with using the document and general
frequencies.

Mays et al. (1991) present the initial success of
applying word trigram conditional probabilities
to the problem of context based detection and
correction of real-word errors.

Yarowsky (1994) experiments the use of
decision lists for lexical ambiguity resolution,
using context features (cf. section 1.4) like local
syntactic patterns and collocational information,
so that multiple types of evidence are considered
in the context of an ambiguous word. In addition
to word forms, the patterns involve part of
speech tags and lemmas. The algorithm is

evaluated in missing accent restoration task, in
the case of restoring missing accents in Spanish
and French text. It is evaluated against a
predefined set of a few words giving an
accuracy over 99%.

Golding and Schabes (1996) propose an hybrid
method that combines part-of-speech trigrams
and context features in order to detect and
correct real-word errors. They present an
experiment where their system has substantially
higher performance than the grammar checker in
Microsoft Word, but its coverage is limited to
eighteen particular confusion sets composed by
two or three similar words (e.g.: weather,
whether).

The last three systems rely on a previously
collected set of confusion sets (sets of similar
words or accentuation ambiguities). On the
contrary, our system has to choose a single
proposal for any possible spelling error, and it is
therefore impossible to collect the confusion sets
(i.e. sets of proposals for each spelling error)
beforehand. We also need to correct as many
errors as possible, even if the amount of data for
a particular case is scarce.

Conclusion

This work presents a study of different methods,
which build on the correction proposals of
ispell, aiming at giving a single correction
proposal for misspellings. One of the difficult
aspects of the problem is that of testing the
results. For that reason, we used both a corpus
with artificially generated errors for training and
testing, and a corpus with genuine errors for
testing.

Examining the results, we observe that the
results improve as more context is taken into
account. The word-form frequencies from the
Brown Corpus serve as a crude but helpful
criterion for choosing the correct proposal. The
precision increases as closer contexts, like
document frequencies, Constraint Grammar and
context features are incorporated.

From the results on the corpus of genuine errors
we can conclude the following. Firstly, the



correct word is among ispell’s proposals 100%
of the times, which means that all errors can be
recovered. Secondly, the output that can be
expected from our present system is that it will
correct automatically the spelling errors with
either 90% precision with full coverage and
choosing a single proposal 24 times out of 25
(1.04 proposals left), or 93% precision with 90%
coverage and leaving an average of 1.20
proposals.

Two of the techniques proposed, Brown
Frequencies and Conceptual Density, did not
yield useful results. CD only works for a very
small fraction of the errors, which prevents us
from making further conclusions.

There are reasons to expect better results in the
future. First of all, the corpus with genuine
errors contained very short documents, which
caused the performance of DF to degrade
substantially. Further tests with longer
documents should yield better results. Secondly,
we collected context features from an American
English corpus which we used to correct British
English texts. Once this language mismatch is
solved better performance should be obtained.
Lastly, there is room for improvement in the
techniques themselves. We knowingly did not
use any model of common misspellings.
Regarding context features, only word-form
features were collected, and part-of-speech and
lemma features would presumably be a good
complement. Although we would expect limited
improvement, stronger methods to combine the
techniques can also be tried.
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1. INTRODUCTION

One reason why the lexical capabilities of NLP systems have remained weak is because
of the labour intensive nature of encoding lexical entries for the lexicon. It has been
estimated that the average time needed to construct manually a lexical entry for a
Machine Translation system is about 30 minutes [Neff et al. 93]. The automatic
acquisition of lexical knowledge is the main field of the research work presented here.
In particular, this paper explores the acquisition of conceptual knowledge from
bilingual dictionaries (French/English, Spanish/English and English/Spanish) using a
pre-existing broad coverage Lexical Knowledge Base (LKB) WordNet [Miller 90].

The automatic acquisition of lexical knowledge from monolingual machine-readable
dictionaries (MRDs) has been broadly explored (e.g. [Boguraev & Briscoe 90], [Artola
93], [Castellón 93], [Wilks et al. 93], [Dolan et al. 93]), while less attention has been
paid to bilingual dictionaries (e.g. [Ageno et al. 94], [Knight & Luk 94]).

Bilingual dictionaries contain information about the connection of vocabularies in two
different languages. However, MRDs are made for human readers and the information
contained in it is not immediately usable as a computational lexicon. For instance word
translations are not marked with a sense or group of senses (sense mismatch problem),
but they are sometimes annotated with subject field codes or cue words in the source
language.

Two different, complementary approaches are explored in this paper. Both of them use
WordNet to obtain a multilingual LKB (MLKB). The resulting MLKB has the same
structure as WordNet, but some nodes are attached additionally to disambiguated
vocabulary of other languages.

In one of the approaches each entry of the dictionary is taken in turn, exploiting the
information in the entry itself. The inferential capability for disambiguating the
translation is given by Semantic Density over WordNet [Agirre & Rigau, 95]. In the
other approach, the bilingual dictionary was merged with WordNet, exploiting mainly
synonymy relations. Each of the approaches was used in a different dictionary. The first
approach was used on a French-English dictionary (using one direction only), and the
second approach on a Spanish-English/English-Spanish dictionary (both directions).
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** Eneko Agirre was supported by a grant from the Basque Government.



After this short introduction, section 2 shows some experiments and results using
Semantic Density on the bilingual French/English dictionary. In section 3 several
complementary techniques and results using the Spanish bilingual dictionaries are
explained.

2. WORD SENSE DISAMBIGUATION USING CONCEPTUAL DENSITY

2.1 The French/English bilingual dictionary

The French/English bilingual dictionary contains 21,322 entries. Each entry can
comprise several or a single sense of the source word, which in the scope of this paper
we will call subentries. For instance, the entry for ‘maintien’ is split in two subentries:

maintien n.m. (attitude) bearing; (conservation) maintenance.

maintien 1: n.m. (attitude) bearing
maintien 2: n.m. (conservation) maintenance

The dictionary has 31,502 such subentries, from which 16,917 are nominal subentries.

Each subentry can have the following fields: part of speech (always), semantic field
(one out of a set of 20, e.g. comm. in tr�sor 2 in the example below), cue in French
(e.g. ressources in tr�sor 2) and one or several translations in English (always).
The semantic field and the cue in French are used to determine the context or the usage
of the French word when translated by the subentry.

folie 1: n.f. madness
provision 1: n.f. supply, store
tr�sor 2: n.m. (ressources) (comm.) finances

In order to figure out which WordNet sense(s) fit(s) best the French headword, the
algorithm needs contextual information (as we humans do). If we do not have any
contextual information, and the translation has more than one sense, it is not possible to
find the correct sense(s)1 . The cases where we can try to disambiguate the translation
are the following:

1) one of the translation words is monosemous in WordNet
2) the translation is given by a list of words
3) a cue in French is provided alongside the translation
4) a semantic field is provided

From the examples above, folie’s translation has more than one sense and therefore is
not a member of any of the cases. provision has two translation polysemous
translations and therefore belongs to case 2. tr�sor has a monosemous translation and
also comes with a French cue (ressources) and a semantic field (comm meaning
commercial), and therefore belongs to cases 2, 3 and 4.

The figures for combinations of the above cases found in the bilingual dictionaries are
the following:

                                                
1 In this work we try to assign a single sense to the translations.



translation not in WordNet 4,081 24%
unique translation, n senses 4,761 28%
any combination of cases 1,2,3,4 8,075 48%
total 16,917 100%

Table 1

The figures mean that, from all the senses of French nouns, we can disambiguate at
most 48% of them. The coverage of WordNet is not very impressive, only 76% of the
English nouns in the bilingual dictionary. This is caused by several problems that will
be dealt with below.

The bilingual subentries that provide disambiguation information have the distribution
shown below. Some subentries belong at the same time to more than one case.

case 1; 1 sense 5,039 30%
case 2; more than one translation 630 4%
case 3; cue in French 2,954 17%
case 4; semantic field 1,067 6%

Table 2

Those that have a monosemous unique translation can be directly linked. Besides we
still have not experimented with the use of semantic fields. Therefore, the algorithm
will focus on bilingual subentries with multiple translations and/or cues in French.

2.2 Treatment of complex translations and cues

In the previous paragraph, it was said that 24% of the translations were not found in
WordNet. A quick look at some of the translations revealed that the failure was
sometimes caused by the translation being in a plural form, being composed by a whole
noun phrase, brackets, etc. The same situation was observed in the cues, which were
often composed by a phrase or a list of phrases. We call these translations and cues
complex. Some examples of complex translations and cues follow:

batterie 2: n.f. (mus.) drums
e’poux 2: n.m. the married couple
escale 2: n.f. (port) port of call
microplaquette 1: n.f. (micro) chip
remonte’e 2: n.f. (d’eau, de prix) rise

The treatment for the translations and cues that could not be found directly in WordNet
or the bilingual dictionary respectively was done in two steps. First, a morphological
analysis was performed, and if it was not successful, combinations of the component
words were tried.

A) morphological analysis: For English we use the morphological analyser provided by
WordNet. In the case of French, a naive morphological analysis is tried (valid for nouns
only), checking the resulting potential lemmas against the bilingual dictionary itself.
For instance, morphological lookup for the translation for batterie 2 would yield
drum.



B) complex phrases: when the translation or cue is composed by more than one word,
several combinations of the component words are tried. The longest combination of
words that is successfully looked-up is returned. If no combination is succesful, then all
the component words that are correct nouns (according to WordNet for English, and the
bilingual dictionary for French) are returned. For the translation of e’poux 2 this
procedure would return married couple, which is correctly found in WordNet. In
another example, port of call would yield both port and call. The same applies
for cues: the processing of the cue d’eau, de prix would output both eau and prix.
Brackets are also taken into account, but in this case the words inside brackets would
never be returned on their own, only as components of a compound noun.

A sample of 50 complex translations was evaluated, to see the reliability of the method
proposed. In 21% of the results, the single correct translation was proposed. The most
significant part of the translation was captured in 67% of the cases, and only 12% of the
proposed translations were wrong.

After processing the English translations, it was found that the coverage of WordNet
increased from 76% to 95%, leaving only 891 subentries that could not be processed.
This means that the figures for all cases in tables 1 and 2 change, as shown in tables 1’
and 2’.

translation not in WordNet 891 5%
unique translation, n senses 6,440 38%
any combination of cases 1,2,3,4 9,586 57%
total 16,917 100%

Table 1’

case 1; 1 sense 5,119 30%
case 2; more than one translation 958 6%
case 3; cue in French 3,702 22%
case 4; semantic field 1,365 8%

Table 2’

2.3 The disambiguation procedure

In the core of the disambiguation procedure we use conceptual density as described in
[Agirre & Rigau, 95], [Rigau 94] and [Agirre et al. 94]. Conceptual Density provides a
basis for determining relatedness among words, taking as reference a structured
hierarchical net which in this case is WordNet. For instance, in figure 1 we have a word
W with four senses. Each sense belongs to a subtree in the hierarchical net. The dots in
the subtrees represent the senses of either the word to be disambiguated (W) or the
words in the context. Semantic Density will yield the highest density for the subtree
containing more senses of those, relative to the total amount of senses in the subtree.



Word to be disambiguated:  W 
Context words:             w1 w2 w3  w4 w5 w6

W

sense1

sense2

sense3

sense4

Figure 1: senses of a word in WordNet

The relatedness of a certain word-sense to the words in the context allows us to select
that sense over the others. Following with the example in figure 1, sense2 would be
chosen for W, because it belongs to the subtree with highest Semantic Density. In some
cases more than one sense of the word to be disambiguated will belong to the selected
subtree. In that case multiple senses are returned.

The context words are provided by the cue words in French and multiple translations.
Cue words are in French, and therefore need to be translated into English, which is done
using the bilingual dictionary.

In order to evaluate the contribution of each kind of contextual information separately,
two experiments where performed on two sets of subentries: a set comprising French
cues with a single translation word, and a set containing more than one translation but
without any French cue.

2.4 Estimate the contribution of French cues

French cues are looked up in the bilingual dictionary, and all the English translations of
the cue are input to the algorithm alongside the English translation. These English
words will provide the necessary contextual information for the disambiguation of the
translation.

A set of experiments was performed to evaluate the expected precision when
disambiguating subentries that had a single English translation and a French cue. For
this purpose, 59 French subentries fulfilling the given condition were selected at
random

The precision and coverage are shown in the second line of the table below. The
precision is considerably higher than random guessing2. The error rate was deemed too
high, specially for some of the potential applications. In order to reduce the error rate
several heuristics were tried. Declining to disambiguate translations with more than 5
senses was the most successful. As the third line of the following table shows, precision

                                                
2 The figure for random guessig takes into account all noun entries. It was obtained analytically using the
polysemy figures for all translations.



raised at the cost of the coverage.

precision coverage
random guessing 44.8% -
original results 67.4% 72.9%
heuristic 83.3% 50.8%

Table 3

2.5 Estimate contribution of several translations

In this experiment 30 subentries that had more than one English translation were
selected at random. The disambiguation algorithm was fed with the set of translation
words and produced a set of WordNet synsets. The results, with and without applying
the heuristic, are the following:

precision coverage
random guessing 44.8% -
original results 89.3% 93.3%
heuristic 90.9% 73.3%

Table 4

Performance for this subset of the definitions is considerably better than for French
cues. The heuristic does not yield significant improvement in precision, and the original
results are preferred.

2.6 Overall results

Table 5 summarises the overall results. The algorithm was run over all the subentries,
except those containing semantic fields. This means that in the best case, 8,2213

subentries (53% of the total 15,552) could be linked. For a given subentry, whether it
was monosemous or not was checked first. If not, disambiguation using multiple
translations was tried, and last, cues in French were used. Monosemous translations
account for most of the links made. The low coverage when disambiguating with
French cues accounts for most of the failures to make links.

no result 8,311 53%
result obtained 7,241 47%

case 1; 1 sense 5,119 33%
case 2; >1 trans 723 5%

case 3; cue 1,399 9%
total 15,552 100%

Table 5

The links made, as calculated in the previous experiments, are highly reliable. The
confidence for monosemous links (case 1) would be 100% if it not were because of
complex translations, for which 88% of precision can be expected. For case 2, 93% of
correct answers can be expected which descends to 83% for case 3 subentries.

                                                
3 Calculated from tables 1’ and 2’, substracting the number of semantic fields from the overall
combination of cases 1,2,3 and 4.



Overall coverage of this method will hopefully improve when semantic fields are taken
into account.

3. MERGING LEXICAL KNOWLEDGE RESOURCES

Four experiments have been performed exploiting simple properties to attach Spanish
nouns from the Spanish/English-English/Spanish bilingual dictionary to noun synsets in
WordNet 1.5.

The nominal part of WordNet 1.5 has 60557 synsets and 87642 English nouns (76127
monosemous). The Spanish/English bilingual dictionary contains 12370 Spanish nouns
and 11467 English nouns in 19443 connections among them. On the other hand, the
English/Spanish bilingual dictionary is less informative than the other one containing
only 10739 English nouns, 10549 Spanish nouns in 16324 connections.

Merging both dictionaries a list of equivalence pairs of nouns have been obtained. The
combined dictionary contains 15848 English nouns, 14880 Spanish nouns and 28131
connections.

For instance, for the word "masa" in Spanish the following list of equivalence pairs can
be obtained:

------------------------ English/Spanish
bulk masa
dough masa
mass masa
------------------------ Spanish/English
cake masa
crowd_of_people masa
dough masa
ground masa
mass masa
mortar masa
volume masa

From the combined dictionary, there are only 12665 English nouns placed in WordNet
1.5 which represents 19383 synsets. That is, the maximum coverage we can expect of
WordNet1.5 using both bilingual Spanish/English dictionaries is 32%. In the next table
the summarised amount of data is shown.



English
nouns

Spanish
nouns

synsets connections

WordNet1.5 87,642 - 60,557 107,424
Spanish/English 11,467 12,370 - 19,443
English/Spanish 10,739 10,549 - 16,324
Merged Bilingual 15,848 14,880 - 28,131
Maximum Coverage
of WordNet
of bilingual

12,665
14%
80%

13,208
-

90%

19,383
32%

-

24,613
-

87%
Table 6

The connection of Spanish nouns to Synsets in WordNet 1.5 has been performed in the
following cases:

1) Those Spanish nouns translations of monosemous English nouns (one sense in
WordNet). Considering for instance that the noun abduction has only one sense in
WordNet1.54 :

Synonyms/Hypernyms (Ordered by Frequency) of noun abduction
1 sense of abduction

Sense 1
<abduction>
       => <capture, seizure>
           => <felony>
               => <crime, law-breaking>
                   => <evildoing, transgression>
                       => <wrongdoing, misconduct>
                           => <activity>
                               => <act, human action, human activity>

and there are two possible translations for abduction for Spanish

secuestro <--> abduction
rapto <--> abduction

the following attachment has been produced:

<abduction> <--> <secuestro, rapto>

Only 6616 English nouns from the equivalence pairs list are monosemous (42% of the
total English nouns). Thus, this simple approach has produced 9057 connections among
7636 Spanish nouns and 5963 synsets of WordNet1.5 with a very high degree of
confidence. The polysemous degree in this case is 1.19 synsets per Spanish noun with
1.52 Spanish nouns per synset. Next table shows the results following this process.

                                                
4 In the following examples, brackets are used indicating synsets (concepts) and => means hyponym-of.



English
nouns

Spanish
nouns

synsets connec. Poly. Syn.

WordNet 87,642 - 60,557 107,424 1.2 1.8
Bilingual 15,848 14,880 - 28,131
Maximum Coverage 12,665 13,208 19,383 24,613 1.9 1.3
Case 1
of WordNet
of Bilingual
of Maximum
of total

6,616
8%

42%
52%
58%

7,636
-

51%
58%
63%

5,963
10%

-
30%
37%

9,057
-
-

37%
37%

1.2 1.5

Total 11,470 12,039 15,897 24,535
Table 7

2) Those Spanish nouns with only one translation (although, the translation could be
polysemous). Consider for instance the only translation found into the merged
dictionary for the Spanish noun anfibio :

amphibian <--> anfibio

This process has produced three possible connections for the English WordNet1.5
amphibian:

<amphibian, amphibious vehicle> <--> <anfibio>
<amphibian, amphibious aircraft> <--> <anfibio>
<amphibian> <--> <anfibio>
       => <vertebrate, craniate>

There are 8524 Spanish nouns with only one translation. These Spanish nouns are
equivalence candidates of 7507 English nouns but only 6066 of these are present in
WordNet1.5. Thus, this approach has generated 14164 connections among 7000
Spanish nouns and 10674 synsets. The polysemous ratio is 2.02 synsets per Spanish
noun and there are 1.33 Spanish word per synset. In the following table the results for
this approach are shown.

English
nouns

Spanish
nouns

synsets connec. Poly. Syn.

WordNet 87,642 - 60,557 107,424 1.2 1.8
Bilingual 15,848 14,880 - 28,131
Maximum Coverage 12,665 13,208 19,383 24,613 1.9 1.3
Case 2
of WordNet
of Bilingual
of Maximum
of total

6,066
7%

38%
48%
53%

7,000
-

47%
53%
58%

10,674
18%

-
55%
67%

14,164
-
-

58%
58%

2.0 1.3

Total 11,470 12,039 15,897 24,535
Table 8

3) Those English nouns (although, the translation could be polysemous) with only one
translation. Consider the unique translation of banishment for the nominal part of the
bilingual dictionaries:



banishment <--> destierro

Thus, the Spanish noun destierro has been attached to both synsets of banishment in
WordNet:

<banishment, ostracism> <--> <destierro>
       => <exclusion>
           => <situation, state of affairs>
               => <state>

<banishment, proscription> <--> <destierro>
       => <rejection>
           => <act, human action, human activity>

There are 10285 English nouns with only one translation (out of 7383 are present in
WordNet). These English nouns are equivalence translations of 8556 Spanish nouns. In
this case, 11089 connections have been produced among 6470 Spanish nouns and
10223 synsets. Thus, the polysemous ratio is 1.71 synsets per Spanish noun with 1.08
Spanish noun per synset. In next table this data is summarized.

English
nouns

Spanish
nouns

synsets connec. Poly. Syn.

WordNet 87,642 - 60,557 107,424 1.2 1.8
Bilingual 15,848 14,880 - 28,131
Maximum Coverage 12,665 13,208 19,383 24,613 1.9 1.3
Case 3
of WordNet
of Bilingual
of Maximum
of total

7,383
8%

47%
58%
64%

6,470
-

44%
49%
54%

10,223
17%

-
53%
64%

11,089
-
-

45%
45%

1.7 1.1

Total 11,470 12,039 15,897 24,535
Table 9

4) Those synsets with several English nouns with the same translation. Consider the
following translations for the word error  in the merged bilingual dictionary:

error <--> error
mistake <--> error

then this process can generate the following attachment:

<mistake, error, fault> <--> <error>
       => <failure>
           => <nonaccomplishment, nonachievement>
               => <act, human action, human activity>

<error, mistake> <--> <error>
       => <misstatement>
           => <statement>
               => <message, content, subject matter, substance>
                   => <communication>
                       => <social relation>
                           => <relation>
                               => <abstraction>



In this case, 3164 connections among 2261 Spanish nouns and 2195 synsets have been
found. That means a polysemous ratio of 1.40 synsets per Spanish noun and 1.44
Spanish nouns per synset. The next table summarises the last approach.

English
nouns

Spanish
nouns

synsets connec. Poly. Syn.

WordNet 87,642 - 60,557 107,424 1.2 1.8
Bilingual 15,848 14,880 - 28,131
Maximum Coverage 12,665 13,208 19,383 24,613 1.9 1.3
Case 4
of WordNet
of Bilingual
of Maximum
of total

2,092
2%

13%
17%
18%

2,261
-

15%
17%
19%

2,195
4%

-
11%
14%

3,164
-
-

13%
13%

1.4 1.4

Total 11,470 12,039 15,897 24,535
Table 10

Merging all the connections we have obtained a micro-Spanish WordNet (with errors).
The resulting data has 24535 connections among 12039 Spanish nouns and 15897
synsets of WordNet1.5. That is to say, a polysemous ratio of 2.03 synsets per Spanish
noun with 1.54 synonymy degree. The next table shows the overall data:

English
nouns

Spanish
nouns

synsets connec. Poly. Syn.

WordNet 87,642 60,557 107,424 1.2 1.8
Bilingual 15,848 14,880 28,131
Maximum Coverage 12,665 13,208 19,383 24,613 1.9 1.3
Case 1 6,616 7,636 5,963 9,057 1.2 1.5
Case 2 6,066 7,000 10,674 14,164 2.0 1.3
Case 3 7,383 6,470 10,223 11,089 1.7 1.1
Case 4 2,092 2,261 2,195 3,164 1.4 1.4
Total
of WordNet
of Bilingual
of Maximum

11,470
13%
72%
90%

12,039
-

80%
91%

15,897
26%

-
82%

24,535
-
-

100%

2.0 1.5

Table 11

We have tested manually one hundred connections. 78 out of 100 were correct.
Obviously, the most productive cases are the cases that introduce more errors.

4. CONSIDERATIONS

This paper shows that disambiguating bilingual nominal entries, and therefore linking
bilingual dictionaries to WordNet is a feasible task. The complementary approaches
presented here, Semantic Density on entry information and merging taking profit of
dictionary structure, both attain high levels of precision on their own. The combination
of both techniques, alongside using the semantic fields left aside by the first approach,
should yield better precision and a raise in coverage. For instance, the first approach



focuses on the information in the French/English direction of the dictionary, without
using the reverse direction or exploiting the structure of the dictionary as in the second
approach. The second approach, on the other hand, could take profit from both the
information in each entry and the inferential capability of Semantic Density.
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