
Î»ª·»© ±º NÜ±» Ê·±´»²½» ×²¬»®®«°¬·±² É±®µM

Ö«´§ ïèô îðïé

Ì¸»®» · ¿ ´±¬ ¬± ´·µ» ·² ¬¸· °¿°»®ò Ì¸» °®±¾´»³ ±º ¹¿²¹ ª·±´»²½» · ®»¿´

¿²¼ ·² ¿ ½·¬§ ´·µ» Ôßô ¿ ·¹²·B½¿²¬ °«¾´·½ ¿º»¬§ ·«»ò Í±³» ±¬¸»® ´¿®¹» ½·¬·»

´·µ» Ý¸·½¿¹± ¸¿®» ¬¸· °®±¾´»³ò Í°·²±ÿ º®±³ ¬¸» ±®·¹·²¿´ ÝÛßÍÛÚ×ÎÛ

·²¬»®ª»²¬·±² ¸¿ª» ¾»»² ¬®·»¼ ·² ¿ ²«³¾»® ±º ´±½¿´» ©·¬¸ ¿¬ ¾»¬ ³·¨»¼

®»«´¬ò ß³±²¹ ¬¸» ³¿²§ °®±¾´»³ · ¬¸¿¬ ¬¸» ·²¬»®ª»²¬·±² · ¿ º«´´ ½±«®¬
°®» ·²ª±´ª·²¹ ³¿²§ ¼·ÿ»®»²¬ ¿¹»²¬ ¿²¼ ±®¹¿²·¦¿¬·±² ± ¬¸¿¬ ·¬ · ª·®¬«¿´´§

·³°±·¾´» ¬± µ²±© ©¸¿¬ º»¿¬«®» ±º ¬¸» ·²¬»®ª»²¬·±² ³¿¬¬»® ¿²¼ ¬± ®»°´·½¿¬»

¬¸» ·²¬»®ª»²¬·±² ·² ¼·ÿ»®»²¬ »¬¬·²¹ò ×² »ÿ»½¬ô ¬¸»®» ¿®» ³¿²§ ª¿®·¿²¬ ±²

¬¸» ÝÛßÍÛÚ×ÎÛ ·¼»¿ ¬¸¿¬ ·² °®¿½¬·½» ¿®» ²±¬ ´·µ»´§ ¬± ¾» ½±³°¿®¿¾´»ò Í±ô

¸¿ª·²¹ ¿²±¬¸»® ¬»¬ ·² ¿ ´¿®¹» ½·¬§ ´·µ» Ôß · ·² °®·²½·°´» ¹±±¼ò

Ì¸» ¿«¬¸±® ¿®» ¿´± ¯«·¬» ½¿®»º«´ ·² ¸±© ¬¸»§ ¼»½®·¾» ¬¸» ¬«¼§ ¿²¼
½´»¿®´§ ¸¿ª» °«¬ ·² ¿ ´±¬ ±º ©±®µò Ì¸» ³±¼»´ · ·²¬»®»¬·²¹ ¿ ¿ ¬¿¬·¬·½¿´

º±®³«´¿¬·±²ò Ú·²¿´´§ô ·º ¬¸» B²¼·²¹ ½¿² ¾» ¾»´·»ª»¼ô ¬¸»§ ¿®» ´¿®¹» »²±«¹¸

¬± ³¿µ» ¿ °®¿½¬·½¿´ ¼·ÿ»®»²½»ò Ì±± ±º¬»² ¬¸»» µ·²¼ ±º ¬«¼§ ©·´´ ¸±©

»ÿ»½¬ ¬¸¿¬ ¿®» º¿® ¬±± ³¿´´ ¬± ³¿¬¬»®ô »ª»² ·º ¬¸»§ ¶«³° ¬¸» òðë ¸«®¼´»ò

Þ«¬ ¿¬ ¬¸» ª»®§ ´»¿¬ô ¬¸» ¿«¬¸±® ²»»¼ ¬± ¾» º¿® ³±®» ½·®½«³°»½¬ ¿¾±«¬
¬¸» ¬¸»±®§ô ¬¸» ¼¿¬¿ô ¬¸» ·²¬»®ª»²¬·±² ¿²¼ ¬¸» ®»»¿®½¸ ¼»·¹²ò ß²¼ × º»¿®

¬¸¿¬ ·º ¬¸»§ ¼± ¬¸¿¬ô ±³» ª»®§ »®·±« °®±¾´»³ ©·´´ ¾»½±³» ¿°°¿®»²¬ò ×

½±³» ª»®§ ¿©¿§ ½±²º«»¼ ¿¾±«¬ ©¸¿¬ ¸¿ ¾»»² ¼»³±²¬®¿¬»¼ò Þ«¬ °»®¸¿°

¬¸» °¿°»® ½¿² ¾» ¿ª»¼ ©·¬¸ ¿ ³¿¶±® ®»º®¿³·²¹

ïò Ì¸» ¾·²¿®§ »ª»²¬ ¾»·²¹ ³±¼»´»¼ ¿®» ²»ª»® ®»¿´´§ ¼»B²»¼ò ß®» ©»

¬¿´µ·²¹ ¿¾±«¬ ½®·³» »ª»²¬ô ª·½¬·³ ±® °»®°»¬®¿¬±®á Ñ²» ¸±±¬·²¹

½¿² »ª»² ·²ª±´ª» »ª»®¿´ ª·½¬·³ ¿²¼ »ª»®¿´ °»®°»¬®¿¬±®ò Ñ²» ½®·³»

½¿² ±º¬»² ´»¿¼ ¬± »ª»®¿´ ½¸¿®¹»ô ¿´´ ±º ©¸·½¸ ½¿² ·²ª±´ª» ª·±´»²½»ò

Ì¸· · ©±®®·±³» ¾»½¿«» ¬¸»» ¼·ÿ»®»²¬ ¼»B²·¬·±² ·³°´§ ¬¸» ²»»¼
º±® ¼·ÿ»®»²¬ ³±¼»´ ¿²¼ ¿ ½±²·¼»®¿¬·±² ±º ¼·ÿ»®»²¬ µ·²¼ ¿²¼ ¿³±«²¬

±º ³»¿«®»³»²¬ »®®±®ò ×¬ ¿´± ¹±» ¬± ©¸¿¬ ¬¸» ¿½¬«¿´ »¨°»®·³»²¬¿´

«²·¬ ®»¿´´§ ¿®» ø³±®» ±² ¬¸¿¬ ¸±®¬´§÷ò

ï



îò É» ¿´± ²»»¼ ¿ ¼»B²·¬·±² ±º ¿ ¹¿²¹ ±® ¿¬ ´»¿¬ ¸±© ¬¸» ÔßÐÜ ¼»B²»

¿ ¹¿²¹ ¿²¼ ¼»¬»®³·²» ©¸»² ½®·³» ¿®» ¹¿²¹ó®»´¿¬»¼ ¿²¼ô °®»«³¿¾´§
®»¬¿´·¿¬±®§ò Ú±® »¨¿³°´»ô ·º »ª»®¿´ ¾§¬¿²¼»® ¿®» ¿½½·¼»²¬¿´´§ ¸±¬ ·²

¿ ª·±´»²¬ ·²½·¼»²¬ô · ¬¸¿¬ ¹¿²¹ ®»´¿¬»¼ ¿²¼ ®»¬¿´·¿¬±®§á × ¿°°®»½·¿¬»

¬¸¿¬ ¿ µ»§ · ©¸¿¬ ¹»¬ ®»°±®¬»¼ ¬± ¬¸» °±´·½» ¿ ¹¿²¹ó®»´¿¬»¼ô ¾«¬

°®»«³¿¾´§ ¬¸» °±´·½» ·²ª»¬·¹¿¬» ¿²¼ ¿°°´§ ¬¸»·® ±©² ¼»B²·¬·±² ´¿¬»®ò

íò ß ¿´®»¿¼§ ²±¬»¼ô ·¬ · ²±¬ ¿¬ ¿´´ ½´»¿® ©¸¿¬ ¬¸» ·²¬»®ª»²¬·±² ·ò Ì¸· ·

ª·¬¿´ ¾»½¿«» ø¿÷ ±²» ³«¬ µ²±© ¬¸» ½±²¬»²¬ ±º ¿²§ ·²¬»®ª»²¬·±² ·º ·¬ ·

¬± ¾» ®»°´·½¿¬»¼å ø¾÷ ±²» ³«¬ µ²±© ¬¸» ½±²¬»²¬ ±º ¿²§ ·²¬»®ª»²¬·±² ¬±

µ²±© ¸±© ¬± ¬¸»±®·¦» ¿¾±«¬ ·¬å ¿²¼ ø½÷ ±²» ³«¬ µ²±© ¬¸» ½±²¬»²¬ ±º

¿²§ ·²¬»®ª»²¬·±² ¬± ¼·¬·²¹«·¸ ¾»¬©»»² ½±³°±²»²¬ ±º ¬¸» ·²¬»®ª»²¬·±²
¿²¼ ½±²º±«²¼»® ¬¸¿¬ ¿®» ²±¬ ½±³°±²»²¬ ±º ¬¸» ·²¬»®ª»²¬·±²ò ß´´ ±º

¬¸»» ½±²½»®² ¿®» ¬®±«¾´·²¹ ·² ¬¸· ¿²¿´§·ò Ú±® »¨¿³°´»ô ¿®» «³³»®

¶±¾ô ±® ®»½®»¿¬·±²¿´ °®±¹®¿³ô ±® ÝÞÌô ±® ¼®«¹ ¬»¬·²¹ô ±® ®»¬±®¿¬·ª»

¶«¬·½» ·²½´«¼»¼á É¸¿¬ ¿¾±«¬ ¬¸» ®±´» ±º °®±¾¿¬·±² ±® °¿®±´» ±þ½»®

º±® ¬¸±» ½«®®»²¬´§ «²¼»® «°»®ª··±²á É¸¿¬ ¿¾±«¬ ¬¸» ½±²B½¿¬·±²
±º B®»¿®³á × ½±«´¼ ¹± ±² º±® ±³» ¬·³» ¾»½¿«» ¬¸»®» ¿®» ¼»½¿¼» ±º

¹¿²¹ ·²¬»®ª»²¬·±²ò É¸¿¬ · ·²½´«¼»¼ ¸»®»á

ìò Ì¸»®» · ¿ ³·³¿¬½¸ ¾»¬©»»² ¬¸» ¬¸»±®§ °®±°±»¼ ¿²¼ ¸±© ¬¸» ¬«¼§
· ½±²¼«½¬»¼ò × ®»¿¼ ¬¸· °¿°»® ø¿²¼ ±¬¸»® ´·µ» ·¬÷ ½´¿·³·²¹ ¬¸¿¬ ¬¸»

·²¬»®ª»²¬·±² · ¼»´·ª»®»¼ ¬± ·²¼·ª·¼«¿´ ©¸± ¸¿ª» ®»¿±² ¬± ®»¬¿´·¿¬»ò

Þ«¬ ©» ¸¿ª» ²± ³»¿«®» ±² ©¸¿¬ · ¼»´·ª»®»¼ ¬± ¹·ª»² ·²¼·ª·¼«¿´ ²±®

©¸»¬¸»® ±® ²±¬ ¬¸»» ·²¼·ª·¼«¿´ ©»®» »²¹¿¹»¼ ·² «¾»¯«»²¬ ½®·³»ò

Í±ô ¬¸· ¿²¿´§· »»³ ¹«·´¬§ ±º ¬¸» ½´¿·½ »½±´±¹·½¿´ º¿´´¿½§ò Ì¸»

·²¬»®ª»²¬·±² · ¼·®»½¬»¼ ¿¬ ·²¼·ª·¼«¿´ô ¿²¼ ¬¸» ±«¬½±³» · ®»¬¿´·¿¬±®§
½®·³» ±º ª·±´»²½» ½±³³·¬¬»¼ ø±® ²±¬÷ ¾§ ¬¸±» ·²¼·ª·¼«¿´ò Þ«¬ ¬¸»

·²¬»®ª»²¬·±² ¿²¼ ±«¬½±³» ¿®» ³»¿«®»¼ ·² ¬·³» ¿²¼ °¿½» ´±½¿¬·±²ò

Í¬¿¬·¬·½·¿² ¿²¼ ±½·¿´ ½·»²¬·¬ ¸¿ª» ¾»»² ½±¹²·¦¿²¬ ±º ¬¸» »½±´±¹·½¿´

º¿´´¿½§ º±® ¼»½¿¼»ò Ì¸» »®®±® · ½´»¿®ô ¿²¼ ¬¸» ¿«¬¸±® ²»»¼ ¬± ¿®¹«»

¬¸¿¬ ·² ¬¸· ·²¬¿²½»ô ¬¸»®» ¿®» ²± ·³°±®¬¿²¬ ½±²½»°¬«¿´ ±® ¬¿¬·¬·½¿´
½±²»¯«»²½»ò × ¬¸·²µ ¬¸¿¬ ©·´´ ¾» ¿ ¸¿®¼ »´´ò

ëò Ì¸»» ·«» ½¿®®§ ±ª»® ¬± ¬¸» ³±¼»´ ¿²¼ ¿²¿´§·ò Ì¸» ®»¬¿´·¿¬±®§

N½¿«¿´M ´·²µ · ¬¸»±®·¦»¼ ¿²¼ ³±¼»´»¼ ¿ ¬®±²¹»® ©¸»² ¬©± ½®·³»
ø±® · ·¬ ·²¼·ª·¼«¿´ ±® °»®°»¬®¿¬±®á÷ ¿®» ½´±»® ¿²¼ ¬·³» ¿²¼ °¿½»ò

Ì¸» ´·²µ ¹»¬ »¨°±²»²¬·¿´´§ ©»¿µ»® ©·¬¸ ¹®»¿¬»® ¼·¬¿²½» ·² »·¬¸»®ò

Þ«¬ô ¬¸»®» ¿®» ²± ³»¿«®» ±º ¬¸» ¿½¬«¿´ ´·²µ ¾»¬©»»² ½®·³»ò É»

¼±²K¬ µ²±© ·² º¿½¬ ·º ¿ ´¿¬»® ½®·³» · ®»¬¿´·¿¬·±² º±® ¿ ¹·ª»² »¿®´·»®

½®·³»ò É» ¼±²K¬ »ª»² µ²±© ·º ¬¸» °»®°»¬®¿¬±® ±º ¬¸» ´¿¬»® ½®·³» µ²»©

î



¿¾±«¬ ¬¸» »¿®´·»® ½®·³» ±® ©¿ ³±¬·ª¿¬»¼ ¾§ ®»ª»²¹»ò ×¬K ¿´´ »½±´±¹·ó

½¿´ò ß®¹«¿¾´§ô ¿´´ ¬¸» ³±¼»´ °·½µ·²¹ «° · ¬¸¿¬ ¿ ª·±´»²¬ ¹¿²¹ó®»´¿¬»¼
½®·³» · ³±®» ´·µ»´§ ¬± ±½½«® ©¸»² ·¬ · ½´±»® ·² ¬·³» ¿²¼ °¿½» ¬±

¿² »¿®´·»® ª·±´»²¬ ¹¿²¹ó®»´¿¬» ½®·³»ò Ì¸· ½±«´¼ ®»«´¬ º®±³ º¿½¬±®

¸¿ª·²¹ ´·¬¬´» ±® ²±¬¸·²¹ ¬± ¼± ©·¬¸ ®»ª»²¹»ò Ú±® »¨¿³°´»ô ¬¸» ª·±´»²½»

³·¹¸¬ ¾» ¿² »½±²±³·½ ¼»½··±² º±® ½±²¬®±´ ±º ¬¸» ´±½¿´ ¼®«¹ ³¿®µ»¬ò

Ñ® »¿®´·»® ª·±´»²½» ³·¹¸¬ ¸»´° ¬± ´»¹·¬·³¿¬» ´¿¬»® ª·±´»²½» ·² ¬¸» ¿³»
²»·¹¸¾±®¸±±¼å ·¬ · ÑÕ ¬± °«´´ ¿ ¹«² ·² ¿ ¼·°«¬» ¿²¼ «» ·¬ò Ñ® ·¬ ³¿§

¾» ¬¸¿¬ °®±°»½¬·ª» ±ÿ»²¼»® ´»¿®² ¬¸¿¬ ¬¸¿¬ ½¸¿²½» ±º ¿°°®»¸»²·±²

¿®» ª»®§ ³¿´´ò øÉ¸¿¬ ¿®» ¬¸» ½´»¿®¿²½» ®¿¬» º±® ¸±³·½·¼» º±® ¬¸»

ÔßÐÜá÷ Ç±« ½¿² ¹»¬ ¿©¿§ ©·¬¸ ³«®¼»®ò Ò±©¸»®» · ½®·³» ³±¬·ª»

¿½¬«¿´´§ ³»¿«®»¼ò

êò Ì¸» »¨°»®·³»²¬¿´ ¼»·¹² ª·±´¿¬» ¬¸» ¿«³°¬·±² ±º ²± ·²¬»®º»®»²½»

ø¿µ¿ Ü±² Î«¾·²K ¬¿¾´» «²·¬ ¬®»¿¬³»²¬ ª¿´«» ¿«³°¬·±²÷ò Ì¸» ¹¿²¹

³»³¾»® ·²¬»®¿½¬ô ¿²¼ ¬¸±» ©¸± ©±®µ ©·¬¸ ¬¸»³ ¼± ¿ ©»´´ò Í±

¬¸»®» ½¿²²±¬ ¾» ¿ ·²¹´» ¬®»¿¬³»²¬ »ÿ»½¬ô ¾«¬ ³¿²§ øº±®³¿´´§ ¿´³±¬
´·³·¬´»÷ò Û¿½¸ °±·¾´» ®¿²¼±³ ¿·¹²³»²¬ ·³°´·» ¿²±¬¸»® °±·¾´»

¬®»¿¬³»²¬ »ÿ»½¬ò Ì± ¬¿µ» ¿² »¨¬®»³» »¨¿³°´»ô ¬©± ³»³¾»® ±º ¬¸»

¿³» ¹¿²¹ ½¿² ¾» ¿·¹²»¼ ¬± ¬¸» ¬®»¿¬³»²¬ ±® ¬¸» ½±²¬®±´ ½±²¼·¬·±²

±® ¬± ¼·ÿ»®»²¬ ±²»ò ß²¼ ¬¸¿¬ ½¿² ³¿¬¬»® ·²±º¿® ¿ ¬¸»§ ¬¿´µ ¬± ±²»

¿²±¬¸»®ò

éò Ì¸» ¬¿¬·¬·½¿´ ¬»¬ ¼±²» ¬± »ª¿´«¿¬» ¬¸» ¬«¼§ ¼»·¹² ¼± ²±¬ ±´ª»

¬¸»» µ·²¼ ±º °®±¾´»³ò Ú±® »¨¿³°´»ô ¬¸» ÕóÍ ¬»¬ ½±³°¿®·²¹ ¬¸»

»¨°»®·³»²¬¿´ ¿²¼ ½±²¬®±´ ¼·¬®·¾«¬·±² ¼±» ²±¬ ¿¼¼®» ¬¸» ®±´» ½±²ó

º±«²¼»® ø·² °¿®¬ ¾»½¿«» ¿°°¿®»²¬´§ ²±²» ¿®» ¼»B²»¼ ±® ³»¿«®»¼÷ò

èò ß²¼ B²¿´´§ ¿ ³·²±® °±·²¬ò × ¸¿¼ ¿ ½´±» ´±±µ ¿¬ ¬¸» ´·µ»´·¸±±¼ º«²½¬·±²

·² ¬¸» ¿°°»²¼·¨ ©¸·½¸ ©¿ ³¿¼» ¼·þ½«´¬ ¾»½¿«» ±³» ±º ¬¸» ²±¬·±²

· ²±¬ ¼»B²»¼ ±® »¨°´¿·²»¼ò

×² «³³¿®§ô ©» ¸¿ª» ¿² »½±´±¹·½¿´ ¬«¼§ ¼»·¹² ¬± »¬·³¿¬» ¬¸» ·³°¿½¬

±º ¿ °±±®´§ ¼»B²»¼ ·²¬»®ª»²¬·±² ©·¬¸ ·²¼·ª·¼«¿´ò ß ¿² »³°·®·½¿´ ³¿¬¬»®ô

¿´´ ©» ¸¿ª» · ¿±½·¿¬·±² ½±²¼·¬·±²¿´ ±² ´±½¿¬·±² · ¬·³» ¿²¼ °¿½»ò Ì¸»

¬¸»±®§ ¿²¼ ¬¸» ³±¼»´ ¿®» ®»¿´´§ ¶«¬ ±ª»®´¿§ ¬¸¿¬ °®±ª·¼» ²± ®»¿´ ·²·¹¸¬
»ª»² ¬¸±«¹¸ ¬¸» ³±¼»´ ¿°°¿®»²¬´§ B¬ ¬¸» ¼¿¬¿ °®»¬¬§ ©»´´ ±ª»®¿´´ò Ð«¬

¿²±¬¸»® ©¿§ô ±²» ½±«´¼ ³±¬·ª¿¬» ¬¸» ³±¼»´ «·²¹ ¿²±¬¸»® ¬±®§ ¿²¼ ¬¸»®»

½±«´¼ ¾» ±¬¸»® ³±¼»´ ¬¸¿¬ B¬ ¿ ©»´´ ±® ¾»¬¬»®ò Ð«¬ ¬·´´ ¿²±¬¸»® ©¿§ô

©» ¸¿ª» ¿ ¹»²«·²»´§ ·²¬»®»¬·²¹ ³±¼»´ B¬¬·²¹ »¨»®½·» øº±® ¬¸±» ©¸± ½¿®»

¿¾±«¬ «½¸ ¬¸·²¹÷ ¾«¬ ²± ®»¿´ ½·»²¬·B½ ±® °±´·½§ °¿§±ÿò ß²¼ × º»¿® ¬¸¿¬ ¬±±

í



³¿²§ ®»¿¼»® ©·´´ ¬¸·²µ ¬¸¿¬ ¬¸» ¹±±¼ B¬ ¶«¬·B» ¬¸» «¾¬¿²¬·ª» ½±²½´«·±²

±ÿ»®»¼ò ×¬ ¼±» ²±¬ò Ú·²¿´´§ô ©» ¼±²K¬ µ²±© ©¸¿¬ ¬¸» ·²¬»®ª»²¬·±² ©¿ ²±®
·¬ ¼±»ô »·¬¸»® ·² ¬¸» ¿¹¹®»¹¿¬» ±® ·²¼·ª·¼«¿´ ¾§ ·²¼·ª·¼«¿´ò

Ý¿² ¬¸» °¿°»® ¾» ¿ª»¼á Ð»®¸¿°ò Ø»®»K ¿ °±·¾´» ¬±®§ ´·²»ò Ì¸»®»

· ¿ »®·±« °±´·½§ °®±¾´»³ ¬¸¿¬ ¸¿ ¾»»² ª»®§ ¼·þ½«´¬ ¬± ±´ª»ò Ôß ¸¿

¹·ª»² ·¬ ¿ ¬®§ «·²¹ ¬¸» ÝÛßÍÛÚ×ÎÛ ¿°°®±¿½¸ò ß ¿² »³°·®·½¿´ ³¿¬¬»®ô

¬¸» ¬®»²¹¬¸ ±º ¬¸» ¿±½·¿¬·±² ¾»¬©»»² °®±¨·³·¬§ ·² ¬·³» ¿²¼ °¿½» ±º
¹¿²¹ó®»´¿¬»¼ ¼·ÿ»®»²¬ ª·±´»²½» ½®·³» · ©»¿µ»²»¼ ¿º¬»® ¬¸» ·²¬»®ª»²¬·±² ·

·²¬®±¼«½»¼ò Þ«¬ ©» ®»¿´´§ ¼±²K¬ µ²±© ³«½¸ ¿¾±«¬ ©¸§ º±® ¿´´ ¬¸» ®»¿±²

°®±ª·¼»¼ ¿¾±ª»ò Ì¸» ±ó½¿´´»¼ ³±¼»´ · ®»¿´´§ ¶«¬ ¿² »¬·³¿¬±®ò ×¬ · ²±¬

±³» ¬¸»±®§ ±º ¸±© ª·±´»²¬ô ¹¿²¹ó®»´¿¬»¼ ½®·³» ½±³» ¿¾±«¬ò Ì¸» B¬ ·

°®»¬¬§ ¹±±¼ô ©¸·½¸ ½¿² «¹¹»¬ ¬¸¿¬ ¬¸» »¬·³¿¬» ³¿§ ¸¿ª» ¹±±¼ ¬¿¬·¬·½¿´
°®±°»®¬·»ò Ì¸»®» ¿®» ³¿²§ °´¿«·¾´» »¨°´¿²¿¬·±² º±® ¬¸»» »¬·³¿¬» ¾«¬

¬¸· ¬«¼§ ½¿²²±¬ ±®¬ ¬¸»³ ±«¬ò

Ì¸» ¿«¬¸±® ®»¿´´§ ²»»¼ ¬± ¾¿½µ ±ÿ º®±³ ¬¸» ½´¿·³ ¬¸¿¬ ¬¸»·® »¬·³¿¬±®

· ¿ ³±¼»´ ±º ¸±© ¬¸» ©±®´¼ ©±®µò ×¬ · ¿² »½±´±¹·½¿´ ³±¼»´ ¿¬ ¾»¬ ¸¿¬ ·

º¿® ®»³±ª»¼ º®±³ ¬¸» ¬¸»±®§ ¿°°´·»¼ ¿²¼ ¬¸» ¼»½®·°¬·±² ±º ¬¸» ·²¬»®ª»²¬·±²ò

ì































Date LastName FirstName DOB Desc Address RD

1 1/4/2017 boyer micah M/W 1415

2 1/4/2017 MORRIS DARRYL M/B 1309

3 1/5/2017 WASHINGTON JEFFREY M/W Ellis Ave &amp; S Robertson Blvd, Los Angeles 90034 1409

4 1/5/2017 SMART DESTIN M/B Ellis Ave &amp; S Robertson Blvd, Los Angeles 90034 1409

5 1/5/2017 ZORN SANDRA F/H 3RD AV&amp;ROSE AV 1413

6 1/5/2017 DAMBERT DAVID M/W 3RD AV&amp;ROSE AV 1413

7 1/6/2017 hickman stacy F/B 1431

8 1/6/2017 monroe beverly F/B Breeze Ave &amp; Ocean Front Wk, Venice 90291 1412

9 1/6/2017 Raphael Patrick M/B Navy St &amp; Ocean Front Wk, Venice 90291 1412

10 1/6/2017 hohnstein dennis M/W Sawtelle Blvd &amp; National Blvd, Los Angeles 90064 1402

11 1/7/2017 Riley Robert M/B Ocean Front Wk &amp; Ozone Ave, Venice 90291 1411

12 1/7/2017 Raphael Patrick M/B Ocean Front Wk &amp; Ozone Ave, Venice 90291 1411

13 1/7/2017 Mcgee Micca M/W Ocean Front Wk &amp; Ozone Ave, Venice 90291 1411

14 1/8/2017 Davis Christelyn F/B Paloma Ave &amp; Ocean Front Wk, Venice 90291 1412

15 1/8/2017 flores nelson M/H Speedway &amp; Park Ave, Venice 90291 1412

16 1/9/2017 jones rebecca F/B 1487

17 1/9/2017 Townsend Jason M/W Frederick St &amp; Rose Ave, Venice 90291 1415

18 1/10/2017 WASHINGTON JEFFREY M/W Ellis Ave &amp; S Robertson Blvd, Los Angeles 90034 1409

19 1/10/2017 Silen Marcia F/W 1413

20 1/10/2017 Tevez Melanie F/W 1413

21 1/11/2017 Johnson William M/W 1441

22 1/11/2017 WHITTAKER ALEXIS F/B Hampton Dr &amp; Sunset Ave, Venice 90291 1413

23 1/11/2017 Smith Carlos Larue M/B 1425

24 1/12/2017 Talley Shawn M/B Market St &amp; Ocean Front Wk 1431

25 1/12/2017 Phegley Christhoper M/W Washington / Pacific 1452

26 1/13/2017 Miller Andrew M/B Ocean Front Wk &amp; Windward Ave, Venice 90291 1431

27 1/14/2017 Fleming John Jr M/B Ocean Front Wk &amp; Horizon Ave, Venice 90291 1431

28 1/14/2017 Garcia Frank M/H Ocean Front Wk &amp; Washington Blvd, Venice 90291 1452

29 1/14/2017 Thilking John M/W Pacific &amp; Windward 1431

30 1/15/2017 maldonado miguel M/H Allin St &amp; Inglewood Blvd, Culver City 90230 1468

31 1/16/2017 JONES STANLEY M/W 3RD AV/ROSE AV 1413

32 1/17/2017 Walsh Naomi F/W PARK/OFW 1431

33 1/18/2017 Reutz Zoe F/W Ocean Front Wk &amp; Brooks Ave, Venice 90291 1411

34 1/18/2017 Garcia Nixon M/H Ocean Front Wk &amp; Brooks Ave, Venice 90291 1411

35 1/19/2017 Baxter Hasan M/B Venice Blvd &amp; Globe Ave, Los Angeles 90066 1436

36 1/19/2017 Johnson Candace F/W Venice Blvd &amp; Globe Ave, Los Angeles 90066 1436

37 1/19/2017 Gregory Gary M/W Venice Blvd &amp; Globe Ave, Los Angeles 90066 1436

38 1/19/2017 Liggins Levell M/B Rose Ave &amp; Lincoln Blvd, Venice 90291 1415

39 1/19/2017 Winnen Michael M/W Rose Ave &amp; Frederick St, Venice 90291 1415

40 1/19/2017 Puig Erica F/W Rose Ave &amp; Frederick St, Venice 90291 1415

41 1/19/2017 Secrest James M/B Rose Ave &amp; Frederick St, Venice 90291 1415

42 1/19/2017 White Raymond M/B Washington Blvd &amp; Lincoln Blvd, Venice 90291 1444

43 1/19/2017 bloom ariana F/B W 96th St &amp; Hindry Ave, Los Angeles 90045 1489

44 1/20/2017 Margarito Freddy M/H 1407

45 1/21/2017 Sloman Bonnie F/W 3rd Ave &amp; Rose Ave, Venice 90291 1413

46 1/21/2017 Thornton Wendell M/B 3rd Ave &amp; Rose Ave, Venice 90291 1413

47 1/21/2017 Townsend jason M/W Lincoln Blvd &amp; Flower Ave, Venice 90291 1415

48 1/22/2017 molovinsky nahmi F/X 1412

49 1/22/2017 Foss Jennafer F/W 3rd Ave &amp; Rose Ave, Venice 90291 1413

50 1/22/2017 Smith Brian M/W Ocean Front Wk &amp; Westminster Ave, Venice 90291 1431

51 1/22/2017 Hester Daniel M/B 1469

52 1/22/2017 YATES DAVID M/W Oxford Ave &amp; Dickson St, Marina Del Rey 90292 1444

53 1/24/2017 kimbrogh brian M/B Flower Ave &amp; Lincoln Blvd, Venice 90291 1415

54 1/24/2017 Levizon Michael M/W W 94th St &amp; Hindry Pl, Los Angeles 90045 1489

55 1/24/2017 USSERY ANTHONY M/W Culver, Los Angeles 90066 1454

56 1/24/2017 Canales Julio M/H S Centinela Ave &amp; Sanford St, Culver City 90230\ 1465

57 1/24/2017 FUNDERBURK HEATHER F/W Culver, Los Angeles 90066 1454

58 1/24/2017 Berganholi Tatiana F/W 3rd Ave &amp; Rose Ave, Venice 90291 1413

59 1/24/2017 burnette brandon M/W 1444

60 1/24/2017 schlagel ronald M/W Hindry Ave &amp; W 96th St, Los Angeles 90045 1489

61 1/25/2017 letki marie F/W 1463

62 1/25/2017 delangis hailey F/W 5 1489

63 1/26/2017 Dyer Carry M/W Ocean Front Wk &amp; Ozone Ave, Venice 90291 1411

64 1/26/2017 morris amber F/W Flower Ave &amp; Lincoln Blvd, Venice 90291 1414

65 1/27/2017 allen elzie M/B 1406

66 1/27/2017 dwarte irma M/H Military Ave &amp; Sardis Ave, Los Angeles 90064 1403

67 1/27/2017 louk william M/B 5th Ave &amp; Sunset Ave, Venice 90291 1413

68 1/27/2017 Brown David M/B 9999

69 1/29/2017 PENNA ALEXANDER M/W 1412

70 1/31/2017 COWDIN WYLIE M/W 3RD/ROSE 1413

71 1/31/2017 Reyes Argelio M/H 5
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Crime Topic Modeling 

 

Abstract 

 Objectives  The classification of crime into discrete categories entails a massive loss of 

information.  Crimes emerge out of a complex mix of behaviors and situations, yet most of these 

details cannot be captured by singular crime type labels. This information loss impacts our 

ability to not only understand the causes of crime, but also how to develop optimal crime 

prevention strategies. 

 Methods  We apply machine learning methods to short narrative text descriptions 

accompanying crime records with the goal of discovering ecologically more meaningful latent 

crime classes. We term these latent classes ‘crime topics’ in reference to text-based topic 

modeling methods that produce them.  We use topic distributions to measure clustering among 

formally recognized crime types. 

 Results  Crime topics replicate broad distinctions between violent and property crime, but 

also reveal nuances linked to target characteristics, situational conditions and the tools and 

methods of attack.  Formal crime types are not discrete in topic space.  Rather, crime types are 

distributed across a range of crime topics. Similarly, individual crime topics are distributed 

across a range of formal crime types. Key ecological groups include identity theft, shoplifting, 

burglary and theft, car crimes and vandalism, criminal threats and confidence crimes, and violent 

crimes. 

 Conclusions  Crime topic modeling positions behavioral situations as the focal unit of 

analysis for crime events.  Though unlikely to replace formal legal crime classifications, crime 

topics provide a unique window into the heterogeneous causal processes underlying crime.  We 

Manuscript (Blinded - No Author Contact Information) Click here to view linked References



 2 

discuss whether automated procedures could be used to cross-check the quality of official crime 

classifications. 

 

Keywords: Machine learning; Non-negative matrix factorization; Text mining; Crime. 

 

1. Introduction 

 Upon close inspection, most criminal events arise from subtle interactions between 

situational conditions, behavioral routines, and the boundedly-rational decisions of offenders and 

victims (Brantingham and Brantingham 1993).  Consider two crimes.  In one event, an adult 

male enters a convenience store alone in the middle of the night. Brandishing a firearm, he 

compels the store attendant to hand over liquor and all the cash in the register (Wright and 

Decker 1997:89).  This event may be contrasted with a second involving female sex worker who 

lures a john into a secluded location and takes his money at knife point, literally catching him 

with his pants down (Wright and Decker 1997:68).  In spite of the fine-grained differences 

between these events, both end up classified as armed robberies.  As a matter of law, the 

classification makes perfect sense.  The law favors a bright line to facilitate classification of 

behavior into that which is criminal and that which is not (Casey and Niblett 2015; Glaeser and 

Shleifer 2002). The loss of information that comes with condensing complex events into singular 

categories, however, may severely hamper our ability to understand the immediate causes of 

crime and what might be done to prevent them, though the quantitative tractability gained may 

certainly offset some of the costs. 

 The present paper explores novel methods for crime classification based directly on 

textual descriptions of crime events.  Specifically, we borrow methods from text mining and 
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machine learning to examine whether crime events can be classified using text-based latent topic 

modeling (e.g., Blei 2012). Our approach hinges on the idea that criminal events are composed 

of mixtures of behavioral and situational conditions that are captured at least partially in textual 

descriptions of those events. Over a corpus of events, the relative frequency of situational and 

behavioral conditions is captured by the relative frequency of different words in the text-based 

descriptions of those events. Topic modeling of the text then allows one to infer the latent 

behavioral and situational conditions driving those events. 

 Latent topic modeling offers two unique advantages over standard classification systems. 

First, latent topic models potentially allow higher-level class structures to emerge autonomously 

from lower-level data, rather than being imposed a priori. Simpler or more complex class 

structures, relative to the formal system in place, may be one result of autonomous classification. 

Such emergent classifications may also be ecologically more meaningful. Second, latent topic 

models allow for soft clustering of events. Common crime classification systems require so-

called hard clustering into discrete categories. A crime either is, or is not a robbery. Soft-

clustering, by contrast, allows for events to be conceived of as mixtures of different latent 

components, revealing nuanced connections between behaviors, settings and crime.  An event 

that might traditionally be considered a robbery, for example, may actually be found to be better 

described as a mixture of robbery and assault characteristics. 

 The remainder of this paper is structured as follows. Section 1 reviews several long-

standing issues surrounding crime classification and causal inference.  Section 2 introduces text-

based latent topic modeling at a conceptual level. This forms a basis for describing how the 

models may be applied to the problem of crime classification. Section 3 presents methodological 

details underlying non-negative matrix factorization as a method for topic modeling (Lee and 
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Seung 1999). Here we also introduce methods for evaluating topic model classifications using 

the official classifications as a benchmark. In this context we can measure the distance between 

different classifications in terms of their underlying topic structure. Section 4 introduces the 

empirical case and data analysis plan. We analyze all crimes occurring in the City of Los 

Angeles between Jan 1, 2009 and July 19, 2014 using data provided by the Los Angeles Police 

Department (LAPD). Section 5 presents results. The paper closes with a discussion of the 

implications of this work and future research directions.  

 

2. Causal Heterogeneity and Crime Classification 

 Our starting premise is that situational conditions drive crime events.  This is a well-

established position linked to both situational crime prevention (Clarke 1983; Clarke 1980) and 

crime pattern theory (Brantingham and Brantingham 1978, 1984).  Situational crime prevention 

sees offenders as making boundedly-rational choices in response to situational cues about the 

quality of crime opportunities (Clarke and Cornish 1985).  Crime pattern theory goes further to 

argue that offender decision making, if it produces successful crimes, quickly evolves into 

behavioral templates or scripts that are triggered with little rational thought at the time of 

offending (Brantingham and Brantingham 1978; Brantingham and Brantingham 1993).  Crime 

cues are typically localized to relatively small geographic places (Groff, Weisburd, and Yang 

2010; Weisburd, Groff, and Yang 2012), but may be variably fleeting or stationary in time (see 

Belk 1975). Overall, situational crime prevention and crime pattern theory posit a close match 

between situational conditions and the behavioral repertoires underlying different types of 

crimes. 
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 While the above perspectives offer a comprehensive theory of situational crime 

causation, the formal process of crime classification makes it difficult to operationalize in 

practice.  Most if not all situational information is discarded in applying crime type labels to 

events, leaving behind a bare minimum of behavioral information sufficient to satisfy to narrow 

legal criteria (but seeBrantingham 2016; Brennan 1987).  For example, the California Penal 

Code defines robbery as “the felonious taking of personal property in the possession of another, 

from his person or immediate presence, and against his will, accomplished by means of force or 

fear” (CA PEN § 211).  This definition provides few constraints on what property is involved, 

why that property was seen as a suitable target, what constitutes possession by the victim, or how 

force or fear was deployed.  And these gaps in information concern only the most immediate 

situational conditions surrounding the criminal act itself. 

 One recourse for filling the gap in situational information about crime is to emphasize 

detailed observational or ethnographic studies of offending (e.g., Wright and Decker 1994; 

Wright and Decker 1997).  Rich ethnographic observations provide convincing detail linking 

situational conditions to crime.  However, sampling constraints necessarily limit how statistically 

representative such studies can ever be.  Alternatively, experimental studies can seek to test how 

offenders make decisions in response to controlled manipulation of environmental cues (Keizer, 

Lindenberg, and Steg 2008; Wright, Logie, and Decker 1995).  The ecological validity of such 

studies may be questioned depending upon how artificial experimental tasks are.   

 A majority of studies adopt a third approach emphasizing spatio-temporal patterns of 

specific crime types in relation to independent measures of crime situations (see Clarke 1980: 

139). The regular covariation between specific crime types and measured situational conditions 

is taken as evidence of a causal process. An advantage of this distributional approach is that 
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sample sizes may be large enough to be representative of the behavioral situations surrounding 

crime events for a full spectrum of crime types, though there will always be conditions that go 

unmeasured given the complexity of real-world environments (Brantingham 2016). 

 Less often appreciated is the fundamental impact that formal classification has on causal 

inference, though recognition of these challenges is not new (Brennan 1987; Gibbs 1960; Sellin 

1938).  In an ideal world, crime types would be defined such that all events in a crime type 

category share a common cause.  In other words, ideal crime types are causally homogeneous 

(Brennan 1987).  Both forward prediction and backward inference are straightforward under 

such circumstances. With causal homogeneity, observation of a situational condition, even if it is 

done independently of the event itself, makes it easy to predict the corresponding type of crime.  

Conversely, observing a particular type of crime makes it easy to infer the situational conditions 

that must have been present at the time the offense was committed. 

 Most formally recognized crime types are not causally homogeneous, but causally 

heterogeneous (Brennan 1987).  This heterogeneity is not simply a result of classification error 

where events of one type are incorrectly assigned another type and thereby erroneously mix 

causes (Gove, Hughes, and Geerken 1985; Maltz and Targonski 2002; Nolan, Haas, and Napier 

2011).  Rather crime itself arises under an array of overlapping situational conditions.  Formal 

classification only makes crime seem more causally homogenous than it actually is. 

 The consequences of this apparent homogeneity are profound.  Forward and backward 

causal models are difficult to apply without error.  If the relationship between situational 

conditions and formal crime types is one-to-many, then forward prediction is compromised.  

Having observed a singular situational condition, many different crime types might be predicted 

to occur.  If the relationship between situational conditions and crime types is many-to-one, then 
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backwards inference is compromised.  Having observed a specific crime type, many different 

situational conditions might be causally responsible for the event.  Alas, in real-world settings, 

the relationship between formal crime types and situational conditions is likely many-to-many 

meaning that both forwards and backwards causal models are compromised.  Mapping formal 

crime types in relation to larger and larger lists of independently measured situational conditions 

is unlikely to rectify the problem since causal heterogeneity is an unavoidable byproduct of 

typological system itself. Indeed, one wonders whether the inability of criminology to make 

much progress in explaining crime has as much to do with the imperfections in crime typology as 

the failures of theory (Gibbs 1960:322-323; Weisburd and Piquero 2008). What is needed is an 

approach to crime classification that allows simultaneous scoring of multiple behavioral and 

situational conditions (Brennan 1987: 215). 

 While the broader theoretical challenges here are significant, a more immediate problem 

concerns how to garner such behavioral and situational information to facilitate the construction 

of situational crime types.  As discussed above, ethnographic methods cannot scale sufficiently 

to provide a statistically representative picture for crime in general. Mapping official crime types 

with respect to independent situational measures may simply perpetuate the effects of causally 

heterogeneous formal crime type categories.  Here we turn to novel methods from computational 

linguistics and apply them to textual narratives associated with crime events. These methods 

allow crime classifications to emerge naturally from situational information associated with 

individual crime events.  The approach positions the situation as the unit of analysis.  It allows 

crime events to be viewed as overlapping mixtures of situations.  The heterogeneous causal 

connections between different crime types therefore can be more directly measured. 
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3. Latent Topic Modeling for Text Analysis 

 Latent topic modeling is a core feature of contemporary computational linguistics and 

natural language processing. It is a dominant analytical technique deployed in the study of social 

media (Blei 2012; Hong and Davison 2010). The conceptual motivation for topic modeling is 

quite straightforward. Consider a collection of Tweets1. Each Tweet is a bounded collection of 

words (and potentially other symbols) published by a user. In computational linguistics, a Tweet 

is called a document and a collection of Tweets a corpus. When viewed at the scale of the corpus 

we might imagine that there are numerous conversations about a range of topics both concrete 

(e.g., political events) and abstract (e.g., the meaning of life). That these topics motivate the 

social media posts might not be immediately obvious when examining any one individual Tweet. 

But viewed as a whole corpus the dimensions and boundaries of the topics may be resolvable. 

Section 3 will introduce the mathematical architecture for how topics are discovered from a 

corpus of documents. The key point to highlight here is that each topic is defined by a mixture of 

different words. Each document is therefore potentially a mixture of different topics by virtue of 

the words present in that document. 

We make a conceptual connection between text-based activity and crime at two levels. 

The more abstract connection envisions individual crimes as the analog of documents.  A 

collection of crimes such as all reported crimes in a jurisdiction during one week is therefore the 

analog of the documents in a corpus. We might imagine that the environment consists of a range 

of complex behavioral and situational factors, some very local and others global, which co-occur 

in ways that generate different types of crimes. These co-occurring factors are the analogs of 

different topics. How ‘crime topics’ actually generate crime might not be immediately obvious 

                     
1
 A Tweet is a discrete text-based post on the social media website Twitter. 
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when examining any one crime. But when crimes are aggregated into a lager collection, the 

dimensions and boundaries of ‘crime topics’ might be discernable. Likewise, the specific 

combination of behavioral and situational factors involved in a single crime are the analog of 

words in a document. The key point to emphasize here is that ‘crime topics’ are mixtures of 

behaviors and situations. Each crime is therefore a mixture of ‘crime topics’ by virtue of the 

situations and behaviors present at the time of the crime. 

 The more concrete connection appeals directly to text-based descriptions of crimes as a 

source of information about the complex environmental backcloth of crime (Brantingham and 

Brantingham 1993). Specifically, we treat text-based descriptions of crime compiled by reporting 

police officers as a record of some fraction of the behavioral and situational factors deemed most 

relevant to that crime. As a result, we seek to apply topic modeling directly to the text-based 

descriptions of crime accompanying many crime records. 

 

4. Methods 

 The goal of the current section is to describe methods for building latent topic models 

using text-based descriptions of crimes.  We take a linear algebraic approach due to its 

computational efficiency and scalability to massive data sets, for example the text descriptions of 

nearly one million crimes discussed in Section 4. The linear algebraic approach contrasts with 

probabilistic methods such as the popular latent Dirichlet allocation (LDA) (Blei, Ng, and Jordan 

2003), which is computationally expensive. Our approach does not yield a probabilistic 

interpretation and rigorously should be called a “document clustering” method. Recent research, 

however, has built connections between linear algebraic and probabilistic methods for topic 
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modeling (Arora et al. 2013), supporting the usefulness of linear algebraic methods as an 

efficient way to compute topic models. 

 

4.1.1. Text Preprocessing 

 Text-based narratives are typically very noisy, including typos and many forms of 

abbreviation of a same word. To obtain reliable results that are less sensitive to noise, we run a 

few preprocessing steps on the raw text accompanying crime events including removal of so-

called stop-words (see e.g., Rajman and Besançon 1998). Stop-words refer to the most common 

words in a language, which can be expected to be present in a great many documents regardless 

of their content or subject matter.  We augment a standard list of stop-words (e.g. a, the, this, 

her, …) with all the variations of the words “suspect” and “victim”, since these two words are 

almost universally present in all descriptions of crime and do not provide useful contextual 

information (though they would be useful for other studies). The linguistic variations include all 

the prefixes such as “S”, “SUSP”, “VIC” and anything followed by a number (e.g. “V1”, “V2”). 

All the stop-words are then discarded. We also discard any term appearing less than 5 times in 

the entire corpus. Finally, any document containing less than 3 words in total is discarded. This 

procedure runs in an iterative manner until no more terms or documents can be discarded. 

 

4.1.2. Term Frequency-Inverse Document Frequency (TF-IDF) 

 The term-document matrix, denoted as 𝐴, plays a central role in our analysis (see 

Manning, Raghavan, and Schütze 2008). Each row of 𝐴 corresponds to a unique word in the 

vocabulary, and each column of 𝐴 corresponds to a document (Figure 1). The (𝑖, 𝑗)-th entry of 𝐴 

is the term frequency (TF) of the 𝑖-th word appearing in the 𝑗-th document. Note that the term-
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document matrix ignores the ordering of words in the documents. Following convention, we 

include inverse document frequency (IDF) weighting for each term in the vocabulary (Manning, 

Raghavan, and Schütze 2008). This weighting scheme puts less weight on the terms that appear 

in more documents, and thus less emphasis is given to terms with less discriminative power. 

 

4.1.3. Non-negative Matrix Factorization (NMF) 

 We focus on a particular linear algebraic method in unsupervised machine learning, 

namely nonnegative matrix factorization (NMF) (Lee and Seung 1999). NMF is designed for 

discovering interpretable latent components in high-dimensional unlabeled data such as the set of 

documents described by the counts of unique words. NMF uncovers major hidden themes by 

recasting the term-document matrix 𝐴 into the product of two other matrices, one matrix 

representing the topics and another representing the documents in the latent topic space (Figure 

1) (Xu, Liu, and Gong 2003). In particular, we would like to find matrices 𝑊 ∈ ℝ+
𝑚×𝑘 and 

𝐻 ∈ ℝ+
𝑘×𝑛 to solve the approximation problem 𝐴 ≈ 𝑊𝐻, where ℝ+ is the set of all nonnegative 

numbers and m, n and k are the numbers of unique words, documents, and topics, respectively. 𝐴 

is the term-document matrix given as the input, while 𝑊 and 𝐻 enclose the latent term-topic and 

topic-document information. 

 Numerous algorithms exist for solving 𝐴 ≈ 𝑊𝐻 (Cichocki et al. 2009; Kim, He, and Park 

2014), but most would take several hours to run on large-scale data sets consisting of millions of 

documents. We employ a highly efficient “hierarchical rank-2 NMF” algorithm that is orders of 

magnitude faster than directly solving 𝐴 ≈ 𝑊𝐻 (Kuang and Park 2013). The algorithm first 

constructs a hierarchy of topics in the form of a binary tree, and then flattens the hierarchy to 

generate a traditional topic model. While the topic hierarchy is useful for explorative analysis, 
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the flat level of topics enables easier quantitative evaluation. We show both forms in our analysis 

of crime data. In contrast to the hierarchical LDA (Teh et al. 2006), which is more 

computationally expensive than LDA, hierarchical NMF can process web-scale data containing 

millions to billions of documents such as Tweets or the crime narratives used in our study. 

 

4.2. Cosine Similarity & Crime Type Clusters 

 Text-based topic modeling typically reveals that any one document is a mixture of 

different topics. Therefore, in principle, the distance between any two documents can be 

measured by comparing how far apart their topic mixture distributions are.  Here we extend this 

idea to consider officially recognized crime types as mixtures of different crime topics. The 

distance between any two official crime types can be measured using the topic mixtures observed 

for those two crime types.  We use cosine similarity (Steinbach, Karypis, and Kumar 2000) to 

compute such measures. 

 Consider two hypothetical crime types A and B. Type A might represent aggravated 

assault and type B might represent residential burglary. Inspection of all of the events formally 

classified as assault with a deadly weapon might show that 40% fall into crime topic i = 1, 30% 

fall into topic 4, 20% into topic 9, and 10% into topic 12. Similarly, for all the events formally 

classified as residential burglary, 5% might fall into topic i = 9, 15% into topic 12, 60% into 

topic 15 and 20% into topic 19. Assault with a deadly weapon and residential burglary are 

similar only in events falling into topics 9 and 12. More formally, the similarity between any two 

official crime types A and B is given as: 

cos(𝜃) =
∑ 𝐴𝑖𝐵𝑖
𝑘
𝑖=1

√∑ 𝐴𝑖
2𝑘

𝑖=1 √∑ 𝐵𝑖
2𝑘

𝑖=1
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where Ai is the frequency at which events formally classified as crime type A belongs to topic i 

and equivalently for events formally classified as crime type Bi. 

 We choose cosine similarity over other measures such as KL-divergence and chi-square 

distances because cosine similarity is bounded, taking values between -1 and 1, and is a good 

measure for graph-based crime type clustering (discussed below). Negative values reflect 

distributions that are increasingly diametrically opposed and positive values distributions that 

point in the same direction. Values of cosine similarity near zero reflect vectors that are 

uncorrelated with one another. In our case, cosine similarity will only assume values between 0 

and 1 because NMF returns only positive valued matrices. 

 Viewing the collection of official crime types as a graph, where each crime type is a node 

and cosine similarities define the weights of the edges between nodes, we use average linkage 

clustering (Legendre and Legendre 2012) on this graph to partition the crime types into 

ecologically meaningful groups (see also Brennan 1987: 228). Crime types are clustered in an 

agglomerative manner.  Initially, each crime type exists as its own isolated cluster. The two 

closest clusters are then merged in a recursive manner, with the new cluster adopting the mean 

similarity from all cluster members. The process continues until only C clusters are left. The 

number C can be chosen automatically by a cluster validation method such as predictive strength 

(Tibshirani and Walther 2005), or manually for easier interpretation.  We manually set the 

number of clusters. 

 

5. Data and Analysis Plan 
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 The above modeling framework is flexible enough in principle to handle any form of data 

(e.g., Chen, Wang, and Dong 2010), not just text. In spite of this flexibility, we do not stray far 

from its most common application in text mining. Here we exploit the presence of short text 

descriptions associated with individual crime events to compute text-based hierarchical NMF. 

Table 1 illustrates several examples of individual crime events and the associated text 

descriptions of the events.  

 We focus on the complete set of crimes reported to the Los Angeles Police Department 

(LAPD) from January 1, 2009 and July 19, 2014. The end date of the sample is arbitrary.  Los 

Angeles is a city of approximately 4 million people occupying an area of 503 square miles.  The 

Los Angeles Police Department is solely responsible for policing this vast area, though Los 

Angeles is both surrounded by and encompasses independent cities with their own police forces. 

 The total number of reported crimes handles by the LAPD during the sample period was 

1,027,168.  In a typical year, the LAPD collected reports on 180,000 crimes.  On average 509 

crimes were recorded per day, with crime reports declining over the entire period.  During the 

first year of the sample, LAPD recorded on average 561.5 crimes per day. During the last year 

they recorded 463.8 crimes per day. 

 The crime coding system used by the LAPD includes 226 recognized crime types.  This 

is considerably more finely resolved than either the FBI Uniform Crime Reports (7 Part I and 21 

Part II offenses), or National Incident Based Reporting System (49 Group and 90 Group B 

offenses).  Aggravated assault, for example, is associated with four unique crime codes including 

assault with a deadly weapon, assault with a deadly weapon against a police officer, shots fired at 

a moving vehicle, and shots fired at a dwelling. These crime types could be considered a type of 

ground truth against which topic model classifications can be evaluated. We are here interested 
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in the degree of alignment of the LAPD crime types and topic models derived from text-based 

narratives accompanying those crimes. 

 In addition to this rich coding system, a large fraction of the incidents recorded in the 

sample include narrative text of the event.  Of the 1,027,168 recorded crimes, 805,618 (78.4%) 

include some form of text narrative. On average 397.6 events per day contain some narrative text 

describing the event.  The fraction of events containing narrative text increased over time from 

76.6% of events, in the first six months of the sample, to 87.0%, in the last six months. 

 There are pointed differences in the occurrence of narrative text by official crime types 

(Table 2).  Virtually all violent crimes are accompanied by narrative text.  Robbery and homicide 

have associated narrative text for 98.9% and 98.2% of events, respectively.  Assault and 

kidnapping have 97.8% and 97.4% of events associated with narrative text.  Burglary shows 

narrative text occurrence on par with the most serious violence crimes (98.6%). For less serious 

property crimes, narrative text reporting falls off to 91.1% for theft and 74.3% for vandalism. 

The lowest occurrence of narrative text is seen for arson (37.8%) and motor vehicle theft (4.3%).  

In the former case it must be acknowledged that most arson reporting responsibilities lie with the 

fire department, so low narrative load might be expected. In the latter case, either the vehicles are 

not recovered (about 40% of the cases) and therefore the circumstances of the theft are not 

known, or detailed circumstances beyond make, model and year of the car—all recorded in 

separate fields—are not deemed as relevant to recording of the crime. 

 Overall, the text narratives associated with crime events total 7,649,164 discrete words, 

after preprocessing (see above). These are unevenly distributed across events. The mean number 

of words contained in a single narrative is 18.57 (s.d. 6.72), while the maximum number of 

words is 41 (see Table 1). Individual words are also unevenly distributed, though not massively 
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so (Table 3). For example, the word “unknown” is the most common word in the corpus 

appearing 635,099 times. However, this still represents only 8.3% of all words. The next most 

common word is “property” occurring 305,014 times, but represents only 4% of all words. 

Words that are strongly indicative of crime type are extremely rare. The word homicide appears 

only 45 times in the entire text corpus, a frequency of 5.88x10-6 overall. Burglary appears 252 

times, robbery 286 times, assault 457 times, and theft 969 times. When they do appear, 

diagnostic words are not generally coincident with the corresponding formal classifications. For 

example, of the 1,593 formally classified homicides in the dataset, only 11 of those events also 

find the word homicide as part of the narrative text. Thus, 1,582 formally classified homicides 

are not explicitly marked as such in the narrative text. The 34 events that include the word 

homicide in the narrative, but are not classified as homicides, include 17 events labeled as 

“other” (primarily threatening letters or phone calls), nine aggravated assaults, seven vandalism 

events, and one robbery. In general, narrative text provides context rather than strictly redundant 

typological detail. It is important to note, however, that narrative text and formal crime type 

classifications are unlikely to be completely decoupled. Ultimately, it is the job of police officers 

in the field to recognize and record behavioral and circumstantial evidence consistent with legal 

definitions of different crime types. Thus we should expect that specific narrative words correlate 

to some degree with formally recognized crime types.  

 The analysis that follows includes three parts. First, we present results for hierarchical 

topic models. We do this for all crimes combined and then turn our attention to analyses of the 

subset of crimes formally classified as aggravated assault and homicide.  Second, we explore 

how formally recognized crime types are found distributed across different topics.  The corollary 

that individual topics are distributed across different crime types is also discussed.  Finally, 
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recognizing that different formally recognized crime types are distributed across topics, we 

measure the ‘distance’ between different crime types based on the similarity in their topic 

mixtures. 

 

6. Results 

 

6.1. Hierarchical Models for All Crimes 

 Figure 2 presents a hierarchical topic model applied to all crime events in the LAPD 

corpus associated with narrative text.  After preprocessing the data set includes 711,119 events. 

Each node in the tree represents a latent topic characterized by key words appearing in the topic. 

Summary statistics for the number of events, the percent violent and property crime, and the top-

ten words for each topic node are shown in tabular format. The hierarchical structure is shown in 

graph form. Terminal leaf nodes are highlighted in gray.  

 The topic tree has three major components. The topics associated with the left branch 

(Nodes A-O) is linked to property crimes (Figure 2). Words such as property and vehicle identify 

key targets of crime, while words such as window, door, enter, remove, and fled describe the 

behavioral steps or sequences involved in commission of a crime. The validity of the property 

crime label for this component may be tested by using the formally recognized crime types in the 

LAPD ground truth. For example, 93.4% of the events associated with terminal leaf node C are 

formally recognized by the LAPD as property crimes. None of the intermediate or terminal 

nodes in the left branch (Nodes A-O) captures less than 89.9% property crimes.  

 By contrast, the right branch (Nodes P-AG) stands out for its connection to violent crime 

(Figure 2). Words such as face, head and life identify key targets of crime, while words such as 
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approach, verbal, and punch identify sequences of behaviors involved in violent actions.  The 

LAPD ground truth supports the broad label of topics P-AG as violent crime.  For example, 

90.5% of all the events associated with terminal topic S are formally recognized as violent crime 

types. With the exception of nodes P and Y, no other topic in this component captures less than 

70% of formally recognized violent crimes. Terminal node Y appears to be an association of 

violations of court orders and/or annoying communications, which are reasonable ecological 

precursors to or consequences of other violent crimes. 

 Intermediate node P is a bridge between crime topics that are clearly associated with 

violent crime (Nodes Q-AG) and a series of crime topics we label as deception-based property 

crime (Nodes AH-AL). Words indicative of shoplifting and credit card fraud stand out in this 

group of topics.  Why such topics trace descent through a branch more closely with violent is 

unclear. 

 

6.2. Hierarchical Models for Aggravated Assault & Homicide 

 Figure 3 presents topic modeling results for the subset of crimes formally classified by 

the LAPD as aggravated assaults (LAPD code 230) and homicide (LAPD code 110).  This is a 

semi-supervised analysis in the sense that we have used information external to narrative data to 

partition or stratify the collection of events into a priori groups.  Our goal is to assess topic 

distinctions that arise within these serious violent crimes. A total of 40,208 events are classified 

as either aggravated assaults (38,626 events) or homicides (1,582 events).  Notionally, these 

events are separated on the basis of outcome (i.e., death), but such a distinction is not visible 

within the classification hierarchy.  Rather, the key distinction is between topics involving 

weapons other than firearms (Nodes A-I) and those involving firearms (Nodes J-R). Homicide 
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looms large in terms of legal and harm-based classification (Ratcliffe 2015; Sherman 2011), but 

is not resolved within the larger volume of aggravated assaults.  Homicides never make up more 

than 2.1% of any of the non-gun violence topics (Nodes A-I) (Figure 3). Homicides never rise 

above 11.8% in the gun violence topics (Nodes J-R). Notably, the greater lethality of guns is 

clearly visible when comparing the percent of homicides that are gun-related and those that are 

not. The most lethal crime topic is terminal node N, with key words approach, handgun, 

multiple, shot, and fled. Node P stands out with an emphasis on the use of vehicles as a weapon, 

but still tracing a pattern of descent linked to gun violence. Inspection of the top 100 words in 

this topic confirms that gun-related terms do not appear in topic P. The close connection to topic 

Q, which links guns and vehicles, is clearly through the common element of vehicles not guns. 

 Figure 4 shows that removing homicides from the subset of events does not 

fundamentally change the structure of the resulting topics. Indeed, it seems clear that assaults 

provide the overriding structure for crimes of interpersonal violence.  This outcome may reflect 

the relatively low volume of homicides relative to aggravated assaults, but also the fact that 

homicides and aggravated assaults are ecologically very closely related (Goldstein 1994). Topic 

nodes A-I are notable for making fine-grained distinctions between the targets of violence, 

including head, face, hand, and arm, the weapons used, including metal object, bottle, and knife, 

and the action, including hit, threw, punch, kick, stab, and cut. The topics appear tactically very 

exacting.  For example, the topics consistently show knives being used to target the body, while 

bottles/blunt object are used to target the head (Ambade and Godbole 2006; Webb et al. 1999). 

 

6.2.1. Hierarchical model for homicides 
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 Figure 5 presents the results of hierarchical NMF analysis of text narratives associated 

with formally classified homicides. There are clear distinctions that surface within formally 

classified homicides in spite of the much smaller numbers of events (1,414 with more than three 

words).  The primary split is between homicides involving firearms (Node A and all of its 

daughters) and those where firearms are not indicated (Node R).  Node R in fact features words 

stab and head, which we know from the broader analysis of aggravated assaults are two terms 

associated with knife violence and blunt-force violence, respectively (see Figure 3 and Figure 4). 

Node H implicate gangs exclusively in relation to gun violence. Nodes D, F and G highlight the 

central role of vehicles in gun violence. In each of these latter topics, words showing people 

emerging to attack or being attacked in cars, lending much behavioral and situational nuance to 

gun violence.  By contrast, the adjacent branch (Nodes I-Q) appears to capture street-based 

homicides where the offender approached and fled on foot. 

 

6.3. Crimes as Mixtures of Topics 

 The above discussion points to key terms such as knife, gun, and glass, or stab, shot, hit, 

that are useful in discriminating types of events from a range of behaviors and settings associated 

with different crimes.  However, terminal topics are not themselves discrete.  Rather, there is 

considerable overlap in the words or terms that populate different topics.  This observation leads 

to a conceptualization of crimes as mixtures of crime different topics.  

 Table 4 shows a confusion matrix for formal crime types assigned by the LAPD against 

the topics associated with each crime event. A confusion matrix is typically used for evaluating 

the performance of a predictive algorithm (Fielding and Bell 1997).  Here a confusion matrix is 

used to illustrate both how official crime types exist as mixtures of topics and how individual 
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topics are associated with many different official crime types. We use a refined version of the 

leaf nodes from hierarchical clustering for all crime types and number the topics from 1 to 20 

(see Figure 2). We also restrict the confusion matrix to the thirty most common crime types in 

the dataset for readability. Clustering analyses below restrict the analysis to the forty most 

common crime types. 

 Official crime types mix topics in unique ways.  Row counts in Table 4 give the number 

of events of a given official crime type that are assigned to different discovered crime topics.  

For example, 29,497 (32.94%) of the 89,552 events officially classified by the LAPD as burglary 

from vehicle are assigned to Topic 1.  This topic is marked by words smash/broke, 

rear/passenger/side/driver/front, window, and remove, all of which provide clear target and 

behavioral information intuitively consistent with the official crime type.  However, other topics 

also grab significant numbers of burglary from vehicle events.  Topics 3 (7.25%), 5 (5.02%), 8 

(14.14%), 10 (10.87%), 14 (8.79%), and 19 (9.09%) each represent at least 5% of total events 

(Table 4).  Topic 8 shares a connection on property crime with Topic 1, but otherwise 

emphasizes a very different focus, marked by words such as force/gain, access/entry, tool, 

remove and property.  Topic 8 sounds considerably more generic and is consistent with burglary 

in general.  Similarly, Topic 10 also grabs a large number of burglary from vehicle events, but 

here the focus is more clearly on vandalism, marked by words such as kei ([sic] i.e., key), scratch 

and tire.  A more formal analysis of mixture characteristics is presented below. 

 Topic mixtures also characterize violent crimes.  For example, aggravated assault (or 

assault with a deadly weapon) has events distributed evenly across Topics 2 (7,689 events or 

18.02%), 6 (8041 events, 18.84%) and 9 (8,038 events, 18.83%).  Topic 2 is characterized by 

words such as punch/kick, hit/struck, face/head, without prominent occurrence of words related 
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to weapons.  Topic 6, by contrast, features words such as gun/handgun as well as approach, 

demand and money.  Topic 9 involves words such as verbal, argument/dispute, grab, push, and 

hand.  While aggravated assaults appear to be evenly divided among these three topics, the 

topics themselves suggest heterogeneity in crime contexts. Topic 8 clearly stands out as related 

to robbery. 

 Crime topics are also not exclusively linked to individual crime types (Table 4).  Rather 

single topics are spread across crime types at different frequencies.  For example, 58.63% 

(24,497) of the Topic 1 events fall within burglary from vehicle.  However, 12.99%, 10.77% and 

9.7% of Topic 1 events are classified as petty vandalism under $400, vandalism over $400 and 

burglary, respectively.  Topic 1 thus reveals connections among three different crime types. Such 

is the case for each topic. For example, 14.3% (8,041) of Topic 6 events are aggravated assaults, 

though robbery is the single most common crime type attributed to this topic (41.15% or 23,112 

events).  Battery (9.17% or 5,147 events), attempted robbery (6.8% or 3,820 events) and theft 

from person (5.3% or 2,979 events) are all also heavily represented within Topic 6. 

 Overall, the confusion matrix gives the sense that crimes may be related to one another in 

subtle ways and that these subtle connections can be discovered in the narrative descriptions of 

those events.  A more formal way to consider such connections is to measure the similarities in 

their topic mixtures. The premise is that two crime types are more similar to one another if their 

distribution of events over topics is similar. For example, burglary from vehicle and petty 

vandalism show similar relative frequencies of events within Topic 3 (7.3% and 5.0%, 

respectively), Topic 5 (5.0% and 7.8%) and Topic 10 (10.9% and 12.2%) (Table 4).  This gives 

the impression that burglary from vehicle and petty vandalism are closely related to one another. 
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6.4. Distances Between Crime Types & Crime Topic Clustering 

 To develop a more rigorous quantitative understanding of the relationships among 

formally recognized crime types we turn to the cosine similarity metric (Steinbach, Karypis, and 

Kumar 2000). Figure 6 shows the cosine similarity between formally recognized crime types as a 

matrix plot where the gray-scale coloring reflects the magnitude of similarity.  The matrix is 

sorted in descending order of similarity.  The darkest matrix entries are along the diagonal 

confirming that any one crime type is most similar to itself in the distribution of events across 

topics.  More revealing is the ordering of crime types in terms of how far their similarities 

extend. For example, the rank 1 crime type, ‘other miscellaneous crimes’, has a topic distribution 

that is broadly similar to the topic distributions for every other crime type (Figure 6). The 

classification ‘other miscellaneous crime’ is a grab-bag for events that do not fit well into other 

categorizations. It is reasonable to expect that such crimes will occur randomly with respect to 

setting and context and therefore share similarities with a wide array of other crime types.  What 

is astonishing is that this broad pattern of connections is picked up in the comparison of topic 

profiles. 

 More surprising perhaps are the widespread connections shared by shots fired (rank 2) 

and aggravated assault (assault with a deadly weapon) (rank 3) with other crimes.  Guns appear 

to mix contextually with many other formally recognized crime types. By contrast, robbery and 

attempted robbery show a more limited set of connections.  Both of these latter crime types 

display particularly weak connections to burglary and vandalism.  Identity theft appears to be 

largely isolated in its topic structure from other crimes (rank 20). 

 Figure 7 goes one step further to identify statistical clusters, or communities within 

similarity scores using average linkage clustering (Legendre and Legendre 2012). We focus on a 
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six cluster solution using this method.  Consistent with Figure 6, identity theft is clustered only 

with itself (pink).  This is also the case for shoplifting (brown).  The first major cluster (purple) 

includes burglary, petty and grand theft, attempted burglary, trespassing, bike theft, and shots 

fired at an inhabited dwelling.  The second cluster (red) includes burglary from vehicle, petty and 

serious vandalism, petty and grand theft from vehicle, embezzlement, and vehicle stolen. The 

third cluster (green) includes criminal threats, forged documents, other miscellaneous crimes, 

annoying behavior, violation of a court or restraining order, child endangering, bunco and 

disturbing the peace.  The final and largest cluster (orange) incudes violent crimes such as 

battery, robbery, aggravated assault (assault with a deadly weapon), attempted robbery, theft 

from person, brandishing a weapon, battery on a police officer, shots fired, homicide, resisting 

arrest and kidnapping. 

 

7. Discussion and Conclusions 

 The application of formal crime classifications to criminal events necessarily entails a 

massive loss of information. We turn to short narrative text descriptions accompanying crime 

records to explore whether information about the complex behaviors and situations surrounding 

crime can be automatically learned and whether such information provides insights in to the 

structural relationships between different formally recognized crime types. 

 We use a foundational machine learning method known as non-negative matrix 

factorization (NMF) to detect crime topics, statistical collections of words reflecting latent 

structural relationships among crime events. Crime topics are potentially useful for not only 

identifying ecologically more relevant crime types, where the behavioral situation is the focal 

unit of analysis, but also quantifying the ecological relationships between crime types. 
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 Our analyses provide unique findings on both fronts. Hierarchical NMF is able to 

discover a major divide between property and violent crime, but below this first level the 

differences between crime topics hinge on quite subtle distinctions.  For example, six of eight 

final topics within the branch linked to property crime involve crimes targeting vehicles or the 

property therein (see Figure 2).  Whether entry is gained via destructive means, or non-

destructive attack of unsecured cars seems to play a key role in distinguishing between crimes.  

Such subtleties are also seen in the topics learned from arbitrary subsets of crimes.  For example, 

among those crimes formally classified as aggravated assault and homicide shows a clear 

distinction between topics associated with knife/sharp weapon and gun violence (see Figures 3, 4 

and 5).  A distinction is also seen between violence targeting the body and that targeting the face 

or head. Few would consider knife and gun violence equivalent in a behavioral sense.  That this 

distinction is discovered and given context is encouraging. 

 Individual crime types are found distributed across different topics, suggesting subtle 

variations in behaviors and situations underlying those crimes.  Such variation also implies 

connections between different formally recognized crime types.  Specifically, two events might 

be labeled as different crime types, but arise from very similar behavioral and situational 

conditions and therefore be far more alike than their formal labels might suggest.  Clustering of 

crimes by their topic similarity shows that this is the case.  As presented in Figure 7, some crime 

types stand out as isolated from all other types (e.g., identity theft, shoplifting).  Other crime 

types cluster more closely together.  For example, the formal designation ‘shots fired’ does 

connect more closely with other violent crime types such as assault, battery and robbery, even 

though ‘shots fired’ is found widely associated with many other crimes as well.  Burglary from 
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vehicle clusters more closely with vandalism and embezzlement than it does with residential or 

commercial burglary. 

 The similarity clusters confirm some aspects of intuition.  Violent crimes are naturally 

grouped together.  Burglary and theft are grouped together.  Burglary from vehicle, car theft and 

vandalism are grouped together.  Less intuitive perhaps is the group that combines criminal 

disturbance with ‘confidence’ crimes such as forged documents and bunco. 

 

7.1. Implications 

 We can think of the clusters identified in Figure 7 as ecological groups that are close to 

one another in the behaviors and situations that drive the occurrence of those crimes. This 

observation has potential implications for understanding causal processes as well as designing 

avenues for crime prevention.  It is possible that crimes that are closer together in terms of their 

topic structure share common causes, while those that occupy different clusters are separated 

along causal lines.  For example, it is intriguing that burglary occupies a separate cluster (i.e., is 

topically more distant) from burglary from vehicle (Figure 7).  Clearly the differences between 

targets (i.e., residence vs vehicle) plays a key role here, but other behavioral and situational 

differences might also prove significant. For example, the tools and methods for gaining entry to 

each type of target are quite different, and words associated with such tools-of-the-trade and 

stand out for their discriminative value (see Figure 2).  Other hidden structures might also tie 

crimes together.  The grouping of burglary with theft suggests a focus on loss of property, while 

the grouping of burglary from vehicle with vandalism suggests a focus on property destruction. It 

is also possible that degrees of professionalism or skill are part of the structural mapping. 

Vandalism is reasonably considered a crime requiring a bare minimum of skill and therefore 
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presents very few barriers to entry. Burglary from vehicle requires perhaps only a small increase 

in skill above this baseline. Theft and burglary, by contrast, may require a minimum degree of 

expertise and planning (Wright, Logie, and Decker 1995), though it would be a stretch to 

describe these as high-skill activities.  

 Several distinctions also stand out with respect to violent crimes. Notably, several crimes 

that might be thought of as precursors of violence do not cluster directly with violent crime. For 

example, criminal threats, violations of court and restraining orders, and threatening phone calls 

all occupy a cluster along with the catch-all ‘other crime’. Conversely, theft from person (i.e., 

theft without threat of force) clusters with violent crimes, though in a technical sense it is 

considered a non-violent crime. Robbery is a small step away from theft from person and one 

wonders whether routine activities that facilitate the less serious crime naturally lead to the more 

serious one. 

 The clustering shown in Figure 7 may also imply something about the ability to 

generalize crime prevention strategies across crime types. It may be the case that crimes that 

cluster together in topical space may be successfully targeted with a common set of crime 

prevention measures. The original premise behind ‘broken windows policing’ was that efforts 

targeting misdemeanor crimes impacted the likelihood of felony crime because the same people 

were involved (Wilson and Kelling 1982). It is also possible that policing efforts targeting 

certain misdemeanor crime types may have an outsized impact on certain felony crime types 

because they share similar behavioral and situational foundations, whether or not the same 

people are involved. Figure 7 suggests, for example, that targeting the conditions that support 

theft from person might impact robberies. Efforts targeting vandalism might impact burglary 

from vehicle. In general, we hypothesize that the diffusion of crime prevention benefits across 
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crime types should first occur within crime type clusters and only then extend to other crime 

clusters. 

 

7.2. Limitations 

 There are several limitations to the present study. The first concerns unique constraints on 

text-based narratives associated with crime event records. These narratives are unlikely to be 

completely free to vary in a manner similar to other unstructured text systems.  Tweets are 

constrained in terms of the total number of characters allowed. Beyond this physical size 

constraint, however, there is literally no limit to what can be expressed topically in a Tweet.  

Additional topical constraints are surely at play in the composition of narrative statements about 

crime events. For example, the total diversity of crime present in an environment likely has some 

upper limit (Brantingham 2016).  Thus, narratives describing such crimes may also have some 

topical upper limit.  In addition, we should recognize that the narrative text examined here has a 

unique bureaucratic function. Text-based narratives are presumably aimed at providing 

justification for the classification of the crime itself.  As alluded to above, this likely means that 

there is a preferred vocabulary that has evolved to provide minimally sufficient justification. 

Thus we can imagine that there has been a co-evolution of narrative terms and formal crime 

types that impacts how topics are ultimately resolved. The near complete separation of property 

from violent crimes in topic space may provide evidence that such is the case. 

 A second limitation surrounds our ground truth data.  We assumed that the official crime 

type labels applied to crime events are accurate.  However, crime type labels may harbor both 

intentional and unintentional errors (Gove, Hughes, and Geerken 1985; Maltz and Targonski 

2002; Nolan, Haas, and Napier 2011). The application of a crime type label is to some extent a 
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discretionary process and therefore the process is open to manipulation. Additionally, benign 

classification errors both at the time of report taking and data entry are certainly present. If such 

mislabeling is not accompanied by parallel changes in the event narrative text, then there are sure 

to be misalignments between official crime types and discovered crime topics.  What would be 

needed is a ground truth crime database curated by hand to ensure that mislabeling of official 

crime types is kept to a minimum. Curation by hand is not practical in the present case with ~1 

million crime records. 

 The challenge of mislabeling suggests a possible extension of the work presented here.  It 

is conceivable that a pre-trained crime topic model could be used as an autonomous “cross-

check” on the quality of official crime type labels. We envision a process whereby a new crime 

event, consisting of an official crime type label and accompanying narrative text, is fed through 

the pre-trained topic model. The event is assigned to its most probable topic based on the words 

occurring in the accompanying narrative text. If there is a mismatch between the officially 

assigned crime type and the one determined through crime topic assignment, then a alarm might 

be set for additional review. 

 More ambitious is the idea that a ground-truth topic model could be used for fully 

autonomous classification.  Here a new event consisting only of narrative text would be 

evaluated with an official crime type assigned based on the most probable classification from the 

topic model. No human intervention would be needed. Exploratory work on this process shows, 

however, that the narrative texts accompanying crime events in our data sample provides too 

little information for autonomous classification to be accurate at the scale of individual crime 

types. Police will almost always have more complete information at the time of assigning official 

crime type labels. While text-based topic models exploit novel information in a novel way, we 
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must conclude for the moment that the crime topic model presented here is insufficient for fully 

autonomous classification, especially given the legal demands that would be placed on assigned 

crime types. 

 Nevertheless, the analyses presented here suggest that larger scale crime classes can be 

learned automatically from unstructured text descriptions of those crimes. Individual crimes 

existing as mixtures of different crime topics and, simultaneously, individual crime topics being 

distributed across nominally different crime types. Reiterating the conceptual connection with 

traditional topic modeling methods, the situation with crime parallels the idea that a single Tweet 

may draw on a mixture of different topics, while a single topic may be distributed across many 

quite distinctive Tweets. Our view is that latent ‘crime topics’ capture features of the behaviors 

and situations underlying crimes that are often impractical to observe and almost completely lost 

when adopting formal crime classifications.  Crime topics also hold potential for greater 

understanding of the situational causes of crime less constrained by the byproducts of formal 

crime type classifications. Extending causal inferences using crime topics will be the subject of 

future work. 
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1. Figures 

 

 

 

Figure 1. Conceptual illustration of non-negative matrix factorization (NMF) decomposition of a matrix consisting 

of m words in n documents into two non-negative matrices of the original n words by k topics and those same k 

topics by the m original documents. 
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Figure 2. Hierarchical NMF topic structure for the entire corpus of events. The left branch captures property crimes. The right branch captures violent crimes. 

Deception-based property crimes form a distinct tree in the right branch. Tables show topic labels, number of events in each topic, number of events of the top 40 

most frequent crime types in each topic, the percent of events for the topic that are formally classified as violent crime (v%) or property crime (p%), and the top-

ten topic words. Terminal leaves of the topic model are marked in gray. 



 

 

 

 

Figure 3. Hierarchical NMF for subset of crimes formally classified as aggravated assault and homicide.  Terminal 

leaves of the topic model are marked in gray. 

 

 

 



 

 

 

Figure 4. Hierarchical NMF for subset of crimes formally classified as aggravated assaults. Terminal leaves of the 

topic model are marked in gray. 

 

 



 

 

 

Figure 5. Hierarchical NMF for subset of crimes formally classified as homicides. Terminal leaves of the topic 

model are marked in gray. 

 

 

 



 

 

Figure 6. Cosine similarity between crime type pairs sorted in descending order of similarity. 

 



 

 

Figure 7. Average linkage clustering for cosine similarity between crime type pairs sorted by cluster proximity. 

 

 

 



 

 

1. Tables 

 

Table 1.  Examples of official crime classifications and the narrative text tied to the event. 

Official Crime Classification Accompanying Narrative Text 

Homicide VICT IS A [GANG NAME] GANG MEMBER WAS STANDING ON SIDEWALK SPRAY PAINTING 
GRAFFITI SUSPS DROVE BY THE VICT FIRED SHOTS AT VICT 

Assault VICT AND SUBJ ARE MTHR DAUGHTER VICT ATTPT TO DISCIPLINE SUBJ SUBJ BECAME ANGRY 
AND ATTPT TO CUT VICT 

Robbery SUSP ENTERED LOCATION PRODUCED HANDGUN DEMANDED MONEY FROM REGISTER 
REMOVED PROPERTY FROM LOCATION AND FLED TO UNKNOWN LOCATION 

Burglary UNK SUSP ENTERED VICS RESID BY BREAKING SCREEN ON WINDOW WALKED THROUGHTHE 
RESID EXITED REAR DOOR AND ENTERED DETACHED GARAGE SUSP EXITED WITH PROPERT 

Burglary-theft from Vehicle SUSP USING PORCELAIN CHIPS BROKE VEHS WINDOW PRIOR TO SUSP GAINING ENTRY SUSP 
FLED THE LOC 

Motor Vehicle Theft SUSP ENTERED VIC VEH WITH UNK PRY TOOL AND REMOVED PROP FROM VEH SUSP PUNCHED 
IGNITION SWITCH 

Theft S ENTERED CLOTHING STORE AND TOOK APPROX 20 BLUE TSHIRT AND THEN FLED LOCATION 
WITHOUT PAYING 

 

 

 

 

 

 

 

All Tables



 

Table 2.  Counts of events with and without accompanying narrative text by official crime type. 

 No Narrative Text Narrative Text Total Fraction with Narrative Text 

Robbery 597 53,379 53,976 0.989 

Burglary 1,320 91,260 92,580 0.986 

Homicide 28 1,565 1,593 0.982 

Assault 1,032 45,665 46,697 0.978 

Kidnapping 45 1,707 1,752 0.974 

Grand Theft Person 230 7,754 7,984 0.971 

Theft 13,326 136,117 149,443 0.911 

Burglary-theft from Vehicle 20,192 126,912 147,104 0.863 

Other Miscellaneous Crime 72,518 256,816 329,334 0.780 

Vandalism 27,630 80,038 107,668 0.743 

Arson 1,111 675 1,786 0.378 

Motor Vehicle Theft 83,521 3,730 87,251 0.043 
 

 

 



 

 

 

Table 3. The top twenty-five most common words in the full text corpus consisting of 7,649,164 discrete words.  

Word Count Proportion 

unknown  635,099  0.0830 

property  305,014  0.0399 

fled  277,770  0.0363 

vehicle  255,609  0.0334 

location  202,661  0.0265 

removed  197,171  0.0258 

entered  143,602  0.0188 

window  106,461  0.0139 

direction  106,412  0.0139 

door  96,918  0.0127 

residence  66,576  0.0087 

front  57,912  0.0076 

open  55,413  0.0072 

approached  55,261  0.0072 

rear  50,794  0.0066 

smashed  45,553  0.0060 

left  45,155  0.0059 

entry  40,341  0.0053 

store  36,515  0.0048 

stated  36,068  0.0047 

object  35,696  0.0047 

money  33,608  0.0044 

punched  33,317  0.0044 

items  32,354  0.0042 

face  31,653  0.0041 
 

 



 

Table 4.  Confusion matrix for official crime types by topics. Dominant words in each topic are shown across the top. Row totals reflect the total number of 

crimes formally classified under each crime type. Column total reflect the total number of crimes clustered within each topic. Boldface numbers are column 

maxima. 
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Los Angeles Police Department Community Safety Partnership 

Evaluation Proposal Executive Summary 

UCLA Luskin School of Public Affairs 

 

 

Overview:  

In law enforcement today, there is a profound need for a new paradigm accompanied by 

replicable models to promote public safety and truly expand the meaning of “police-community 

partnerships.” To answer that need, the Los Angeles Police Department Community Safety 

Partnership (CSP) has emerged as an innovative model that pushes beyond traditional policing 

frameworks.  Former Police Chief William J. Bratton created the foundation for this model; his 

successor, Chief Charlie Beck built on that foundation and created CSP to demonstrate what he 

termed “relationship-based policing.” CSP was designed to reduce rampant gang violence that 

had long impacted residents of four City public housing developments, increasing public safety 

and quality of life. However, this innovative model has never been scientifically evaluated by an 

external researcher. 

 
Purpose of Proposal:   
The proposed research study will rigorously examine this new model of partnership policing, 

drawing upon the viewpoints of both law enforcement and the community to evaluate the 

effectiveness of the CSP over the past three years, capturing both its history and outcomes.  As 

part of this, the research will objectively assess whether the CSP model actually works and -- if 

it is determined to be effective -- how the key elements of this new model of law enforcement 

can be implemented nationally.  It will examine whether the building of public trust is directly 

related to the reduction of crime or whether these are two unrelated, co-occurring processes.  

Determining both efficacy and interrelationship is critical to understanding the CSP and its 

ultimate impact on reducing crime and violence.  

  

Leadership Team:   

Jorja Leap, PhD, UCLA Professor and Executive Director Social Justice Research Project  

Jeff Brantingham, PhD, UCLA Professor and Founder, PredPol-Predictive Policing 

Todd Franke, PhD, UCLA Professor and Chair, Luskin School of Public Affairs 

Gerald Chaleff, Special Assistant for LAPD Constitutional Policing and Legal Counsel (Ret.) 

Karrah Lompa, Director, Luskin Social Justice Research Project-Watts Leadership Institute 

 

Advisory Group: 
Along with the Leadership Team, the evaluation will be guided by an advisory committee to be 

comprised of Los Angeles Police Department Staff, key stakeholders and residents of the 
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involved settings in Watts and Boyle Heights. There will also be an additional advisory group, 

composed of Community Intervention Workers who, as part of the Los Angeles City Gang 

Reduction and Youth Development (GRYD) play an integral role in CSP efforts.   

 
Questions to be Answered: 
The key questions and focus of this evaluation effort will be developed in collaboration with the 

LAPD and evaluation advisory board.  Some of the main points that may be used to guide this 

participatory research effort include:   

 Understanding the Community Safety Partnership; 

o What is the CSP?  

o What are its roots and dynamics? 

 Examining the effectiveness of CSP; 

o Does it actually work? 

o What are the measurable outcomes of the CSP? 

o What are its challenges? 

 Mapping CSP history: focusing on its development as an initiative and intervention;  

 Creating a history of engagement and accomplishment at different sites;   

 Engaging and interviewing LAPD staff with different perspectives and experiences;  

 Delineating initiative resources and mission;  

 Examining disparate levels of relationships with community based organizations and 

how these are addressed; 

 Documenting the process of relationship building – successes and challenges – in the 

varied settings in Los Angeles, applying these to differing US urban regions.    

Methodology 
To ensure scholarly rigor as well as validity and reliability, the proposed research will employ a 

mixed methods design, using both quantitative and qualitative measures that draw upon 

innovative approaches including real-time crime analysis, photo-voice, and continuous 

statistical analysis.  Additionally, program sites will be contrasted with matched comparison 

sites to accurately assess the specific impact of the Community Safety Partnership. This 

combination of approaches will enable researchers to integrate traditional analysis of crime 

data and trends along with measuring outcomes that cannot be captured in crime statistics. It is 

critical for research to evaluate outcomes beyond decreases in crime – to understand the 

process of trust building within communities of color as well as the transformation of the 

narrative that traditionally dominates law enforcement.  

 

Budget  

$500,000 - $800,000  
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Dependent on number of sites and comparison sites surveyed 

Los Angeles Police Department Community Safety Partnership 

Evaluation Proposal 

UCLA Luskin School of Public Affairs 

Social Justice Research Partnership 

 

Community policing cannot be a program, unit, strategy or tactic. It must be the 

core principle that lies at the foundation of a police department’s culture. The 

only way to significantly reduce fear, crime, and disorder and then sustain these 

gains is to leverage the greatest force multiplier: the people of the community 

(DOJ, 2015: 43).  

-- Police Chief J. Scott Thomson, Camden County, New Jersey  

 

In the United States, the relationship between police and the communities they serve has been 

unstable and frequently fractious – giving rise to political advocacy, civil litigation, policymaking 

and policy revision.  Contributing to these complexities, aside from a few exceptions, 

Partnership Policing has been virtually non-existent in urban settings nationally.  The use of 

social media and the rise of often militant community advocacy has further intensified 

historically based conflicts between law enforcement and communities of color. There is a 

profound need for both a new paradigm and replicable models to promote public safety and 

truly expand the meaning of “police-community partnerships.” 

 

To answer that need, the Los Angeles Police Department Community Safety Partnership (CSP) 

has emerged as an innovative model of law enforcement that pushes beyond traditional 

policing frameworks.  Former Police Chief William J. Bratton created the foundation for this 

model by reducing Department alienation from poor, high crime neighborhoods, ultimately 

increasing their safety and strengthening the trust between them and law enforcement. Once 

Bratton moved on, his successor, Chief Charlie Beck built on that foundation and created CSP to 

demonstrate what he termed “relationship-based policing” to radically reduce rampant gang 

violence that had impacted residents of four City public housing developments.) While CSP is a 

police-driven model, overseen by LAPD leadership, from the onset it was based on equal 

partnership and engagement with community leaders, schools, nonprofits, gang 

interventionists, philanthropic foundations, and the Urban Peace Institute. Most significantly, it 

was implemented in public housing developments dominated by multi-generational and violent 

street gangs in two diverse Los Angeles communities: Boyle Heights and Watts.  The proposed 

research study offers a rigorous examination of this new model of partnership policing, 

evaluated from the points of view of both police and community. 
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To ensure scholarly rigor as well as validity and reliability, the proposed research will employ a 

mixed methods design, using both quantitative and qualitative measures that draw upon 

innovative approaches including real-time crime analysis, photo-voice, and continuous 

statistical analysis.  Additionally, program sites will be contrasted with matched comparison 

sites to accurately assess the specific impact of the Community Safety Partnership. This 

combination of approaches will enable researchers to integrate traditional analysis of crime 

data and trends along with measuring outcomes that cannot be captured in crime statistics. It is 

critical for research to evaluate outcomes beyond decreases in crime – to understand the 

process of trust building within communities of color as well as the transformation of the 

narrative that traditionally dominates law enforcement.    

 

In examining the Community Safety Partnership, this study will conduct a comprehensive 

review of the Los Angeles Police Department’s stated changes in its practice and its policies, 

asking whether CSP’s trust and relationship based policing works to: 

1. Reduce violent crime and increase perceptions of safety?  

2.  Help residents reduce toxic neighborhood conditions that fuel violent crime and 

increase conditions that address and reduce trauma? 

And, if yes to the two questions above:  

3.  Does CSP offer a more effective crime fighting and violence reduction model 

4.  Can the CSP model be taken to scale to transform police culture from warrior policing to 

partnership policing? 

 

Literature Review 

 

The research literature demonstrates that community violence is symptomatic of social 

marginalization and inequity. These factors are not the focus of the CSP, but it is important to 

understand how these factors are hovering “on the margins” and indirectly affect law 

enforcement interventions.   Primarily occurring in communities of color, this marginalization 

engenders underfunded schools, economic deprivation, unequal access to mental and physical 

health services – a perfect storm of risk factors leading to the prevalence of violence and 

criminal activity (Cohen and Swift, 1993). Scholars also note that this can become a self-

perpetuating cycle, with violence often preventing children’s ability to walk to and from school, 

blocking new businesses from establishing themselves in communities, decreasing property 

values, and exacerbating the breakdown of social networks (Pinderhughes et al., 2015). 

Additionally, while property and violent crime has decreased nationally, there are still individual 

communities that have not experienced this diminution of crime (Department of Justice, 2015a) 

remaining locked in a cycle of violence. However, these same scholars argue that this cycle of 

violence can be interrupted, often most effectively through a community-based public health 
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approach (Cohen and Swift, 1993; Vine, 2010; Pinderhughes et al., 2015). This holistic approach 

to community health, which works to ensure all have safe spaces to live, work, learn, eat, and 

play, catalyzes the relationship-based model of policing that seeks to reduce crime by building 

community alliances that work on enhancing neighborhood assets and health.   The 

understanding and implementation of this model has been a critical part of a major shift in the 

narrative of modern law enforcement.   

 

This perspective is central to the report issued by President Obama’s Task Force on 21st 

Century Policing, which shifted the focus of crime reduction methods and units of 

measurement from crime statistics to “procedural justice, authentic relationships with 

community members, and sustained commitment to improve the health and well-being of the 

community” (Rice and Lee, 2015).  Increased tension between police departments and 

communities coupled with the unequal distribution of crime, have brought law enforcement to 

a “tipping point.” Many police departments have begun incorporating relationship-based 

policing principles into training and practice, most notably the Los Angeles Police Department.  

While the LAPD’s past efforts at community policing have been well intended, but often limited 

in scale, insufficiently supported or in certain cases, inadequately implemented, in 2012 the 

creation of the Community Safety Partnership (CSP) marked the beginning of a much more 

extensive commitment to and investment in transforming LAPD’s policing culture. Originally 

conceived as a pilot project, this relationship-based policing program was instituted at three 

housing developments in Watts and one in Boyle Heights, two of the city’s most violent and 

gang-dominated neighborhoods that have both endured historically troubled relationships with 

law enforcement.   The origins and development of the Community Safety Partnership are 

covered in the 2015 report for the President’s Task Force on 21st Century Policing authored by 

Constance Rice and Susan Lee, entitled “Relationship Based Policing Achieving Safety in Watts.”  

  

In the CSP model, officers are responsible for working with myriad stakeholders, including 

residents, community based organizations, the Housing Authority of the City of Los Angles, local 

schools, and gang interventionists. The CSP model, which The President’s Task Force on 21st 

Policing cited as a basis for its recommendations, draws upon scholarly writings, sources united 

in the view that officers’ ability to build relationships with community members is crucial to 

actually protecting them (Bullock, 2013; DOJ, 2015). This is a developmental process as officers 

participate in community life: attending local meetings and church services while constantly 

engaging in conversations with residents that focus on how officers partner with and serve 

residents (and not primarily on criminal activity). These efforts with residents help build the 

trust necessary for relationship-based partnership policing to succeed (Torres, 2017). 

Additionally, officer demographics currently reflect community demographics, which studies 

reveal helps to further build trust. (Jennings et al., 2015).  Officers involved in CSP develop the 
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skills necessary to build and foster this trust through an innovative and on-going training 

program, 40% of which is led by the Urban Peace Institute (UPI). As UPI and multiple scholars 

note, the LAPD’s decision to outsource training to an external agency is indicative of its 

commitment to program success, demonstrating its faith in the expertise of community 

organizations, especially because law-enforcement agencies are traditionally quite protective of 

their training programs (Goetz, 2003; Rice and Lee, 2015).  

 

Law enforcement agencies are stereotypically organizations of tradition. Thus, it can often be 

difficult to introduce a new culture of policing to officers as well as leadership. However, 

integrating community-based policing initiatives into every level of a police department is 

essential to the endeavor’s success. The need to institutionalize the culture of community 

partnership policing is well demonstrated in the research literature, although scholars also 

warn that this must be done incrementally and organically, to avoid the backlash and rejection 

that results from transformation by edict (Goetz, 2003; Torres, 2017). Therefore, the lessons 

learned from the incremental introduction of the CSP can serve as a blueprint for introduction 

and acceptance by police departments across the county.  A rigorous evaluation of the efficacy 

of the Community Safety Partnership is vital to this process.   

 

Key Research Questions 

 

The research will be guided by certain key questions – designed to provide a rigorous 

evaluation of the Community Safety Partnership.  However, there is added value to this 

research project, because its findings will help determine whether CSP is effective enough to 

warrant replicating in other LAPD units and other police departments. The questions will be 

further developed in partnership with the Los Angeles Police Department as well as a 

community advisory board, but the following serve as a working guide to the foci of the 

evaluation research.  

 

What is the history of the development of the Community Safety Partnership? 

 How as it evolved over time in different sites? 

 

What are the major goals and objectives of the CSP? 

How have these goals and objectives been implemented? 

 How has implementation varied at each site? 

 What has happened to implementation over time? 

 

How does CSP work programmatically? 

 Who are the key partners? 
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 What are the costs – both direct and indirect of the program? 

 What is the evidence of collaboration? 

 What are obstacles to collaboration? 

 

How is leadership enacted within the CSP? 

 What is done to ensure continuity as leadership changes? 

 How is the program being culturally sustained and institutionalized? 

 What is being done to build community-based leadership? 

 

What are residents’ perceptions of and reaction to CSP? 

 How do these compare to past police-community relationships? 

 How have these perceptions and reactions changed over time? 

 What are residents’ perceptions and beliefs regarding the future? 

 

How is CSP affecting various measures of crime, violence and community health? 

Review of past and present crime statistics, to include multiple indicators such as 

arrests, use of force, officer involved shootings and other unobtrusive measures 

 Review of past and present school attendance and engagement 

 Review of past and present youth involvement in juvenile justice system 

 Review of past and present measures of community health  

 

Evaluation Overview 
 

The Community Safety Partnership evaluation envisioned by the UCLA Social Justice Research 

Partnership will be both high participatory and dynamic.  All study materials will be designed to 

uncover LAPD and resident experience.  The UCLA team will work to examine both the CSP 

narrative and outcomes. The focus of this evaluation effort will be developed in collaboration 

with the LAPD and evaluation advisory board.  Some of the main points that may be used to 

guide this participatory research effort include:   

 Understanding the Community Safety Partnership; 

o What is the CSP?  

o What are its roots and dynamics? 

o Does CSP work? 

 Mapping a history of the CSP: focusing on its development as an initiative and 

intervention;  

 Creating a history of engagement and accomplishment at different sites;   

 Engaging and interviewing LAPD staff with different perspectives and experiences;  

 Delineating initiative resources and mission;  
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 Examining disparate levels of relationships with community based organizations and 

how these are addressed; 

 Documenting the process of relationship building – successes and challenges – in the 

varied settings in Los Angeles, applying these to differing US urban regions.    

Based on these points and drawing upon network theory, our work will be guided by the effort 

to gain a better, more holistic understanding of how the CSP functions, utilizing: 

 Depth interviews, and/or focus groups, with leadership and officers from CSP as well as 

outside leaders and residents. 

o The number of depth interviews will be dependent on budget constraints, depth 

interviews are often effective augmented with focus groups that address cultural 

relationships and trust issues.  Evaluation team members will develop 

relationships with both LAPD and residents, an optimal method for data 

collection.   

The research process will be both participatory and intentional.  Interview and documentary 

narrative protocol questions will be constructed to elicit both LAPD and resident experience. 

This applied research endeavor will be designed to determine whether CSP helps residents 

change their view of the LAPD and their own safety.  The evaluation team will also work to link 

these efforts to developing CSP interventions in other settings.  Once again, dependent on 

budget, the CSP Evaluation Project will include the following foci: 

 During the interviewing phase, UCLA anticipates collecting multiple accounts of the CSP 

that will merit further discussion and development. Once initial depth interviews and 

focus groups are conducted, there should be facilitated group conversations with CSP 

leadership and staff to discuss initial research results and to develop next steps for 

examination, with the ultimate evaluation report in mind.       

 Interviews and/or focus group discussion will include but will not be limited to questions 

about CSP structure, roles, responsibilities, its leadership and recruitment model, 

community based strategies and LAPD-resident interactions.  

 Once the depth interviews and focus groups are completed, the UCLA research team in 

collaboration with CSP and residents, will develop ideas for future questions and 

outcome measures that, dependent upon budget and timing, will be discussed in follow-

up focus groups.  

 The potential use of Photovoice and other media methods will be explored with CSP and 

residents.  If there is a useful, “fiscally sensitive” way to augment the documentary 

narrative and evaluation with media, the LA team will conduct media-based research to 

include with the evaluation.  
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 The documentary narrative will be developed through a collaborative process, involving 

the UCLA team and CSP leadership staff in an ongoing exchange.  This will be facilitated 

through in-person as well as virtual meetings and dialogue.  

 Concurrent with these processes, surveys of residents will be conducted to collect data 

on community attitudes, responses to CSP, observations surrounding public safety, 

sense of well-being, cultural conflict and related topics. 

 Quantitative data surrounding crime rates, gang activity, demographic trends, school 

participation and drop alongside related indicators will be collected and analyzed 

continuously throughout the evaluation period.  

The scope of work to be developed for CSP evaluation will consist of multiple potential 
products.  These may include but are not limited to an Ethnographic Interview and Focus Group 
Analysis, a Documentary Narrative, Analysis of Crime Trends and Outcome Evaluation.  The 
methodologies are described in the next section and include:  
 

 Documentary Narrative 

 Ethnographic/Depth Interviews1 

 Focus Groups 

 Photovoice2 

 Crime Statistics  

 Quantitative Measures 

 
 

 

 

Information Categories 

                                                      
1 These interviews are based on unstructured interview protocols composed of “open ended” (as 
compared with close-ended, forced choice) questions that allow individuals to express thoughts and 
offer narratives of their experiences and observations.  Such interviews are then coded and analyzed for 
key themes. 
 
2 Photovoice is an innovative research method developed specifically for use in community-based 
research.  Participants express their thoughts or represent their communities by photographing scenes 
that highlight research themes. These photographs are collaboratively interpreted through group 
discussions and narratives are developed to explain how photos highlight research themes. 
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To explore the research questions, understand the CSP implementation process and record 

community change and meaningful outcomes as well as demonstrate the actual relationship 

between trust building and crime reduction, it will be critical to employ a broad range of 

research methods.  While some of these strategies (analysis of crime statistics, interviews and 

focus groups) represent traditional methods used in examining and evaluating citywide public 

safety efforts (Cite GRYD materials here), there are additional, innovative approaches that will 

be part of the research.  These will enrich and extend the research descriptions and findings, 

ensuring that this evaluation effort will be both comprehensive and meaningful.   

 

Depending on the budget, data will be collected at either two or all four of the CSP sites in Los 

Angeles.  In Watts, this will consist of the three housing developments operated by the Housing 

Authority of the City of Los Angeles at Imperial Courts, Jordan Downs, and Nickerson Gardens.  

In Boyle Heights, this will consist of the housing development operated by HACLA at Ramona 

Gardens.  In addition to the four sites, the evaluation team will collect data at two comparison 

sites that that match the four sites closely but that do not receive any CSP or GRYD 

intervention.  By matching the two comparison sites for gang activity, school climate, resources 

available, population composition and other demographic variables, the evaluation can assess 

meaningful differences attributable to the implementation of the Community Safety 

Partnership.  Every effort will be made to find comparison sites within Los Angeles County – 

even if these lie outside the city of Los Angeles.  Additionally, if comparison sites cannot be 

found in Los Angeles County, the research team will then work to find geographically accessible 

comparison sites – either in Orange County or in the tri-county “Inland Empire” which closely 

mirrors Los Angeles County both demographically and in terms of its problems with gang 

violence.   

 

Documentary Narrative 

 

To systematically record and present the history of the Community Safety Partnership (CSP) it is 

critical to create a documentary narrative.  Using extensive document review, depth interviews 

and construction of an oral history with all individuals involved with the formation and 

implementation of the CSP, a narrative will be completed.   All documents will be coded and 

integrated with interviews and oral history materials.  It will be essential to record and create 

an archive of the genesis of the CSP.  The narrative that is produced from this effort will offer 

both a history and a preliminary blueprint for scaling CSP interventions both within and outside 

of Los Angeles.  

Ethnographic/Depth Interviews  
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Ethnographic or depth interviews will be conducted over a one year period.  Key individuals 

from the Los Angeles Police Department (LAPD), involved stakeholders and residents will be 

interviewed over this one year period to track their experiences, chronicle change within the 

CSP, document their perceptions of public safety and well-being and other measures to be 

determined.  The residents who are interviewed will be a combination of those who have been 

actively involved with CSP at each site as well as uninvolved residents who have been external 

to CSP.   

 

Focus Groups 

 

Focus groups will be conducted at each of the four sites with youth, families and other 

residents.  In addition, focus groups will be conducted with service providers including 

community-based nonprofit organizations, medical practitioners, GRYD prevention and 

intervention workers and entities such as the Watts Gang Task Force.  These focus groups will 

be conducted with cultural competence, linguistic fluency, guarantees of confidentiality and of 

safety, including off-site arrangements where needed.    

 

Photovoice 

 

This innovative research method combines photography with social action.  Participants will be 

asked to express their view of or history with CSP by photographing scenes that represent 

research themes including community health, community assets, CSP impact, LAPD roles and 

sense of safety and well-being.  These grass roots photographers are then interviewed to 

explain how their photographs portray a research theme, offering unique insights about CSP 

effectiveness and outcomes 

 

Community Surveys 

 

To ensure the collection of large-scale community data, community surveys will be developed 

with the help of the community advisory group.  Residents in both the Watts and Boyle Heights 

communities will be surveyed to assess their attitudes regarding public safety, the LAPD, and 

the impact of the CSP.  

 

 

    

 

Crime Statistics and Quantitative Measures 
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Drawing upon statistics available through the LAPD as well as (potentially) County-involved 

agencies including the Department of Children and Family Services, Department of Mental 

Health, and Probation Department, measures of crime and community health will be charted 

and analyzed before and after the implementation of the CSP.  Additionally, measures from 

various educational agencies and departments (e.g., LACOE, LAUSD, and Charter School 

Organizations) that serve the CSP sites will also be collected, coded, and analyzed.  While these 

findings may be largely suggestive, combined with the qualitative research materials, they will 

create a multi-faceted portrait of the impact of the CSP and its potential for change if brought 

to scale throughout Los Angeles.    

 

 

Community Involvement and Representativeness 

 

The primary goal of this evaluation will be to create a collaborative research effort involving the 

LAPD and the Watts and Boyle Heights communities to assess the impact of the Community 

Safety Partnership and the developing relationship between the community and the LAPD.  

There are multiple steps involved this approach which are detailed below. 

 

Sampling 

 

To ensure that the data collected as part of this project is representative of the community, the 

evaluation needs to understand what will constitute ‘representativeness’ in the results.  This 

can be accomplished through a variety of methods including the use of existing census track 

data for each of the affected communities.  Additionally, the communities may have race and 

ethnicity and additional demographic data at the city level that is more current than the census.  

Once this information is available a more detailed plan for data collection will be developed in 

collaboration with the community and law enforcement. 

 

Survey Instrument design 

 

This will proceed initially along two parallel tracks involving interested community groups and 

law enforcement.  The goal is to identify the domains that different stakeholders in each group 

believe are important to assess.  Once each track has progressed to the point of having 

concrete ideas and questions, stakeholders (designated as a research advisory group) will meet 

to decide on the final set of questions and relevant details including whether some of the 

questions might differ by community.  The actual survey must be sensitive to length and the 

context of the community. This will entail translations of the instrument into Spanish and, if 

necessary, an additional language. 
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Data collection Methods 

 

The research will be sensitive to reaching a representative sample of the people in the 

community; to achieve this, active participation by the various stakeholder groups will be 

essential.  As part of this, we will engage in several different data collection methods.  The 

survey can certainly be made available online and circulated by community partners through 

social media.  This may be an appealing format for young adults and others since they will have 

the ability to respond using a smart phone, tablet or computer. The electronic version of the 

instrument can also be emailed to participants allowing them to participate that way or be 

listed on community organization websites or distributed through the local faith community.  

However, there is the very real problem of the digital divide in both Watts and Boyle Heights.  

To collect data from “harder to reach” groups –particularly for interviews and focus groups -- 

the evaluation team will work closely with nonprofit organizations and resident leaders to 

ensure that the study is authentically representative.  Additionally, community members may 

also be involved in the research process.  Experience has demonstrated that evaluation is most 

effective when residents and community members are partners in the data collection process, 

including helping to ask questions, administer surveys door-to-door, and co-facilitate focus 

groups. Additionally, this strategy has been shown to enhance the response rate of those that 

are being surveyed. This process, while supporting the collection of the necessary information, 

has the distinct advantage of providing the community a chance to be vested in the process and 

by extension, the outcome.   

 

Data Sharing 

The research team will develop an easy to use, dynamic website for the evaluation that will 

serve two on purposes. First, through a private intranet site, it will facilitate interaction among 

the evaluation team and key leaders of the CSP, which may include members of the Los Angeles 

Police Department and community stakeholders as they monitor the impact of the 

programs.  Second, the research team will design data dashboards, some for private (internal) 

use and others for public consumption as CSP deems appropriate. The data dashboard is 

intended to provide information about successes and identify areas for improvement by 

aligning important metrics of success with the project goals. Users will be able to select 

information for specific sub-groups such as age, gender, and generate reports based on an 

array of performance indicators. At the end of the evaluation, the public will have access to a 

defined set of dashboard data, which will be determined by the evaluation team and the CSP. A 

password-protected segment of the dashboard, accessible only by authorized users (e.g., CSP 

staff, funders etc.) will contain more sensitive data.              
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The internal site will be accessible only to key CSP team members. It will help to centralize 

research processes and reduce ambiguity about the implementation of the evaluation. The site 

will serve as collaborative workspace, to vet data collection instruments, reports, and other 

evaluation products for comment and revision by all stakeholders. Authorized CSP team 

members will have access to their data that are collected as part of the evaluation, which can 

be used for their own internal evaluation and research purposes.  

UCLA Social Justice Research Partnership 

 

The UCLA Social Justice Research Partnership (SJRP) is a cross-disciplinary research, evaluation 

and policy collaborative, composed of a multi-ethnic staff with varied educational backgrounds 

and areas of expertise.  As a collaborative, SJRP possesses extensive experience in research and 

evaluation in the fields of criminal justice, public health, education, and social welfare focusing 

on community wellness, violence prevention, government-community collaboration, and social 

policy.  The Project Leadership Staff and advisory groups will all draw from the considerable 

resources of both UCLA and the Social Justice Research Partnership.  Its approach is described 

in detail in Appendix A.  The following individuals will comprise the Project Leadership Staff: 

 

 

Jorja Leap, PhD, MSW 

Dr. Jorja Leap has been a member of the faculty of the UCLA Luskin School of Public Affairs 

since 1992.  Dr. Leap’s research examines gangs, the criminal justice system and the dilemmas 

faced by the formerly incarcerated.  As part of these efforts, Dr. Leap is currently the 

Qualitative Research Director of the Los Angeles Mayor’s Office Gang Reduction Youth 

Development (GRYD) program and a member of the California Board of State and Community 

Corrections (BSCC) Gang Standing Committee.   Additionally, Dr. Leap is affiliated with The 

California Endowment, as an Evaluation and Learning Specialist for its Building Healthy 

Communities (BHC) and Sons and Brothers Initiatives.  She is also involved in research and 

community building efforts in South Los Angeles and is currently a lead member of the multi-

disciplinary team implementing the parenting program, Project Fatherhood, in the Jordan 

Downs housing project of Watts.  Most recently, along with Karrah Lompa, she established the 

Watts Leadership Institute, a 10-year initiative dedicated to community capacity building and 

violence prevention.  Dr. Leap has conducted numerous community-based participatory 

research studies and evaluations.   In her recent writings, Dr. Leap has completed a chapter on 

community-based responses to gangs in the book Changing Course: Preventing Gang 

Membership, published jointly by the National Institute of Justice and the Center for Disease 

Control as well as a chapter on Gangs, Violence and Drugs for the volume, Violence: A Global 
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Health Priority published by Oxford University Press in November 2014.  Her most recent book 

Project Fatherhood: A Story of Courage and Healing in One of America’s Most Troubled 

Communities was published by Beacon Press (June 2015).  All proceeds from this book go to 

Project Fatherhood Jordan Downs. She also authored Jumped In: What Gangs Taught Me about 

Violence, Love, Drugs and Redemption published by Beacon Press (2012), with all proceeds 

going to Homeboy Industries.    

 

P. Jeffrey Brantingham, PhD 

Dr. Brantingham is Professor of Anthropology at the University of California Los Angeles and an 

expert in criminal behavior and policing.  His research interests lie in the study of human 

behavior in complex environments, including offender mobility, offender target selection and 

the organization of criminal street gangs.  Jeff directs the UC Mathematical and Simulation 

Modeling of Crime Project (UC MaSC), a collaboration between mathematicians, social 

scientists and law enforcement agencies aimed at understanding criminal behavior and crime 

hotspot formation. The goal of this research is to seek model-driven crime prevention and 

policing strategies. Dr. Brantingham is currently part of the evaluation research team assessing 

the Los Angeles City Gang Reduction and Youth Development (GRYD) Initiative.  He has 

published more than 50 academic journal articles. His work on the mathematics of crime and 

predictive policing has received widespread media coverage including features by the 

Associated Press, New York Times, Los Angeles Times, The Economist, and BBC, NBC and CBS 

News. Additionally, His work on real-time crime prediction has led to deployments in more than 

60 police departments around the world. Dr. Brantingham is a co-founder of PredPol, a 

company dedicated to delivering real-time crime predictions to law enforcement agencies.   

Todd Franke, PhD, MSW 

Dr. Franke is Professor of Social Welfare at the University of California Los Angeles and is 

currently the Chair of the UCLA Department of Social Welfare.  He is a nationally recognized 

expert in research and evaluation methodology, with a specialized focus on quantitative 

analysis.  Dr. Franke has worked with Dr. Leap and Ms. Lompa on previous and ongoing 

community-based research efforts, including the Homeboy Industries evaluation, the California 

Community Foundation Building a Lifetime of Options and Opportunities for Men (BLOOM) 

Initiative and The California Endowment Building Healthy Communities (BHC) Initiative.  

Throughout his tenure at UCLA, Dr. Franke has been involved with agencies that serve 

thousands of youth and families representing unique geographic and cultural communities in 

California, particularly Southern California counties.  He has numerous years of experience 

conducting cross-sectional and longitudinal research in the fields of education (Los Angeles 

Unified School District –School Mental Health), child welfare (Los Angeles County Department 

of Children and Family Services) and juvenile justice (Los Angeles County Probation 
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Department), particularly for gang involved youth and reentry populations.  He is currently 

examining mental health services in the State of California for the State Department of Mental 

Health.   

 

Gerald Chaleff 

Gerald Chaleff served as the Special Assistant for Constitutional Policing and Legal Counsel to 

William Bratton and Charlie Beck, Chiefs of Police for the Los Angeles Police Department.  As a 

leading expert in Federal Consent Decrees, he oversaw the LAPD Consent Decree from 

inception to conclusion, over nearly a decade.  Mr. Chaleff was appointed to the LAPD by Chief 

William J. Bratton in January 2003 and served as the Commanding Officer of the Consent 

Decree Bureau, overseeing the implementation of the more than 200 provisions of the LAPD 

Consent Decree. Prior to his professional work with the LAPD, Mr. Chaleff was appointed to the 

Los Angeles Board of Police Commissioners in 1997, and elected as President of the Board from 

1999 to 2001.  While President of the Police Commission, Mr. Chaleff negotiated the terms of 

the Consent Decree with the U.S. Department of Justice, the City of LA Mayor’s Office, the LA 

City Attorney and members of the LA City Council. Mr. Chaleff is also a former President of the 

Los Angeles County Bar Association and served as Deputy General Counsel to the Webster 

Commission, which examined the LAPD’s response to the civil unrest of 1992.  He previously 

worked for the Los Angeles County District Attorney's Office and the Public Defender's Office, 

followed by several years in private litigation. In private practice, Mr. Chaleff became a 

nationally recognized expert in criminal defense, in State and federal court, and has been 

elected to the American College of Trial Lawyers and the Chancery Club.  He is a former partner 

of Orrick, Herrington & Sutcliffe, LLP, where he chaired the white-collar criminal defense 

practice group.  Mr. Chaleff has extensive trial experience and has provided legal analysis to a 

variety of news media, providing commentary and legal analysis on high-profile criminal cases. 

Mr. Chaleff received his Bachelors’ of Science from the University of California, Los Angeles, and 

his Juris Doctor from Harvard Law School. 

 

Karrah Lompa, MSW/MNPL 

Ms. Lompa’s work focuses on research, policy and evaluation in the fields of juvenile justice 

reform, program evaluation, community-based research and organizational development with 

an emphasis in nonprofit capacity building.  She is currently a lecturer at the UCLA Luskin School 

of Public Affairs.  Alongside Dr. Leap, in January 2016, she established the Watts Leadership 

Institute, a ten-year initiative to develop leadership, fundraising capacity, policy advocacy and 

communication technology among the indigenous leaders and small and struggling nonprofit 

agencies of Watts.   Ms. Lompa remains an active member of a research-advocate effort to 

advise the Los Angeles County Probation Department on the rebuilding and reprogramming of 

Camp Kilpatrick, traveling to best practice jurisdictions across the country to inform this LA-

based reform.  Furthermore, Ms. Lompa led a team of qualitative researchers evaluating the 
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implementation of the Children’s Defense Fund’s Freedom Schools in six LA County Probation 

camps.  Ms. Lompa splits her time between her research and evaluation work in the 

community, serving as the chief administrator for the larger research and evaluation team and 

volunteering. Ms. Lompa has extensive experience in nonprofit leadership and administration.  

In her role as Executive Director of Free Arts for Abused Children she was responsible for 

significantly stabilizing the agency’s financial position, diversifying streams of income, 

developing the board of directors and strengthening and growing programs.   

 

Evaluation Advisory Group and Support 

 

In addition to the evaluation research leadership team, the evaluation will be guided by an 

advisory committee to be comprised of Los Angeles Police Department Staff, key stakeholders 

and residents of the involved settings in Watts and Boyle Heights.  In turn, the success of SJRP 

relies on having professional, positive and honest relationships with innumerable thought 

leaders and institutional representatives.  Based on our past efforts, the research team will 

draw upon past key relationships with individuals who include: 

 James Bell, The Burns Institute 

 Father Greg Boyle, Founder, Homeboy Industries 

 Susan Burton, Founder & Executive Director, A New Way of Life 

 Dr. Christina T. Christie, UCLA School of Education and Information Studies 

 Dr. Denise Herz, CSULA School of Criminal Justice and Criminalistics 

 Supervisor Sheila Kuehl, LA County Board of Supervisors 

 Julio Marcial, Program Director, The California Wellness Foundation 

 Terri MacDonald, Chief Probation Officer, LA County Probation Department 

 Mark Ridley-Thomas, LA County Board of Supervisors 

 Dr. Robert Ross, President & CEO, The California Endowment 

 Dr. Beatriz Solis, Regional Director, The California Endowment 

 Anne Tremblay, Director, Mayor’s Office of Gang Reduction and Youth Development 

(GRYD) 

 Fernando Rejon, Executive Director, Urban Peace Institute 

 Susan Lee, Founding Partner, Urban Peace Institute 

 

It is critical to note that this is a preliminary list of individuals to be involved with the Advisory 

Group.  It will also include additional members drawn from both law enforcement and the 

involved communities. There will also be an additional advisory group, composed of 

Community Intervention Workers who are part of the Los Angeles City Mayor’s Office Gang 
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Reduction and Youth Development (GRYD) and who play an integral role in the Community 

Safety Partnership efforts.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Community Safety Partnership Evaluation 
Preliminary Budget3 

 
 
Personnel  
          $321,750 
 Jorja Leap, PhD Principal Investigator (20% FTE) 

                                                      
3 This represents a base budget amount, to be adjusted dependent on the number of CSP sites to be 
studied in the final evaluation plan.   
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 Jeffrey Brantingham, PhD Co-Principal Investigator (20% FTE) 
 Todd Franke, PhD Director of Research (20% FTE) 
 Karrah Lompa, MSW Director of Operations (20% FTE) 
 Gerald Chaleff, JD Project Advisory Consultant (5% FTE) 
 TBN, Project Director (75% FTE) 
 TBN, Research Associate (75% FTE) 
 Community Outreach and Interview Squad (5 people, 50% FTE each) 
  
 
Personnel Benefits and Taxes       $96,525 
 
 
Computers/Technology/Software      $16,325 
 iPads for Interview Squad (5) 
 Mobile “Hot Spots” (5) 
 Analytical Software 
 
 
Research Incentives/Gift Cards      $10,000 
 
 
Mileage          $4,950 
Average 750/miles/month at .55  
 
 
Supplies and Materials       $5,000 
 
 
Administration and Operations (10% of total)    $45,450 
  
 
TOTAL         $500,000 
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APPENDIX A 

 

UCLA Social Justice Research Partnership 

 

The mission of the UCLA Social Justice Research Partnership is to serve as a social justice 

research partner, conducting meaningful community-based participatory research to provide 

children, youth and families with the best opportunities for health and well-being, while 

strengthening communities and public policy.  

At the local, state, national and international level, SJRP designs and develops participatory 
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research and evaluation initiatives to help prevent violence, foster community capacity 

building, develop innovations in service delivery and positive systems change as well as inform 

and expand public policy.  As part of these efforts, SJRP conducts applied research and 

evaluation to examine community practices and social policy to support the evidence base so 

best practices can thrive in frameworks that focus on results-based accountability.   

 

Supported by a team of researchers trained in qualitative and mixed-methods, the SJRP 

research and evaluation draws upon a community-based model that is consistent with the 

philosophy, mission and aims of participatory action research.  Our work emphasizes an 

approach that: 

 

 Utilizes the unique insights and skills of those involved without overburdening direct 
service staff or stakeholders with excessive data demands;  

 Helps document processes, significant themes and outcomes;  

 Offers the most rigorous and culturally sensitive research strategy possible.  

As part of this approach, the Social Justice Research Partnership relies upon the following key 
strategies: 

 

1. Best Practice Focus: Our research and evaluation designs consistently support the use of 

quantitative and qualitative instruments and analysis that allow for both discovery and 

confirmation of findings.  This focus is critical to producing information useful for improving 

local program effectiveness, and for providing evidence-based information concerning best 

practices and the contexts in which they are most effective to all organizations and 

stakeholders involved in the project.  As part of these best practices, SJRP creates and 

conducts ethnographic observation, population surveys, case studies, data review and 

analysis, interviews, focus groups, “big data” analysis and other related research activities. 

 

2. Commitment to Usefulness: This best practice focus goes hand-in-hand with a dedication to 

ensuring that findings are actually used.  To ensure this, SJRP’s ongoing work is grounded in 

the real-world situations facing stakeholders, practices, policies and the larger system.  Our 

team presents data and research findings in practical language with clear implications for 

future policy and program decisions.  Consistent communication and practical feedback to 

stakeholders is central to usefulness. 

 

3. Participation and Responsiveness: Useful evaluation must be grounded in the actual 

experience – a need we address in two ways.  First, we ensure meaningful participation in 

research and evaluation through a strategy that actively engages a diverse group of 
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stakeholders involved in the effort.  Second, we structure data collection and analysis to 

measure and assess the strength and effectiveness of not only the outcomes but also the 

process and implementation challenges relevant to the study.  With this approach in mind, 

the evaluation team has long emphasized flexibility in practice, with a willingness to revise 

and adjust in the project plan as the situation may demand.  SJRP does not believe in simply 

accepting a project and turning in a final report – we view ourselves as partners with the 

agencies or organizations that contract with us.   

 

4. Mixed-Methods and Measures: Valid measurement is the bedrock of useful evaluation. 

Accurate, complete and comparable quantitative data is necessary to identify similarities 

and differences in process and outcomes.  Support analysis identifies important 

contributors to outcomes across these different settings.  Qualitative information revealing 

the perspectives, challenges and conclusions of stakeholders is critical to the evaluation 

endeavor.  The evaluation team has extensive experience blending different data sources in 

mixed-methods measurement and analysis in a culturally sensitive manner.  Just as 

importantly, the team has an ongoing record of effective collaboration with public, private 

and community partners.  All evaluation plans and instruments are developed in 

collaboration with our community partners invested in the work. 

 

5. Using Variation to Strengthen Analysis: A constant theme throughout our work is that there 

is complexity and diversity of social initiatives operating in a “real world” environment.  This 

must be treated as an opportunity to generate findings that are relevant to users and 

stakeholders.  Accordingly, SJRP’s research and evaluation design and methods are built to 

account for and explain the effects of this complexity, rather than to control or ignore it 

through simple aggregate analyses.  

Because our work is not being implemented in a sterile laboratory – but rather in a complex 

social environment with numerous features that affect its success – SJRP utilizes a mixed-

methods framework for our work.  Our work is highly sensitive to, and values, diversity and 

culture in all aspects of the conceptualization and implementation of any project we engage in.  

Due to the diversity of organizations, partners and programs we collaborate with, every project 

and partner is different; working in collaboration is what determines the final strategy and plan.  

Clear communication and collaboration is essential not only during the planning phase of our 

work, but throughout.  This forms the foundation for a rigorous, well-integrated, and 

responsive evaluation or research project as well as helping with future policy development and 

capacity building.  All of our work is grounded in these collaborations, conversations and 

planning. 

 

Population and Geography 

With this purpose in mind, our evaluation and community-based research work is with 
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nonprofit organizations, philanthropic institutions and public entities who want to better 

understand elements of their programming and/or their impact.  The core of this work takes 

place throughout Los Angeles County, although we have also engaged in and continue to serve 

as a research partner on statewide efforts led by The California Endowment and The California 

Wellness Foundation.  We are also currently involved in projects based in Central and Northern 

California as well as national policy efforts based in Washington, D.C.  Additionally, SJRP has 

been engaged with projects based at University of St. Andrews in Scotland as well as the United 

Nations Violence Prevention Alliance.  Our projects are often initiated by an organization, such 

as The California Endowment or by nonprofit organizations, such as Homeboy Industries, that 

seek to better understand an initiative, program or need.  Always, the initiative or program is 

intended to understand the need of, or provide services to, marginalized and underserved 

communities.  Therefore, the first level of our target population consists of nonprofit 

organizations, public agencies and institutions serving the community, but the secondary 

population served is comprised of the communities and their residents.  

 

 

Strengths 

The Social Justice Research Partnership team synthesizes the strengths of individual researchers 

who each bring unique training, experience and talents to our work and who are all committed 

to working collaboratively and in a participatory manner on all projects and assignments.  The 

team has a combined record of over 75 years of community-based research, evaluation and 

nonprofit leadership, with most of those efforts in Southern California and focused on 

examining the efforts of various nonprofit organizations, philanthropic institutions and Los 

Angeles County departments, including Homeboy Industries, Project Fatherhood, Brotherhood 

Crusade, A New Way of Life, Beit T’Shuvah, The California Endowment, The California Wellness 

Foundation, the Los Angeles County Department of Probation and the Department of Children 

and Family Services, as well as the Mayor’s Office of Gang Reduction and Youth Development.   

 

Over the last four years, the number of esteemed institutions SJRP has engaged with has 

greatly expanded.  Projects over this period have included  developing, conducting and 

reporting on myriad process and outcome evaluations; serving as the Boyle Heights Learning 

and Evaluation Specialists for The California Endowment’s Building Healthy Communities 

initiative; completing a robust landscape analysis and two case studies of The California 

Endowment’s Sons and Brothers Initiative; providing ongoing technical assistance and 

evaluation of the implementation of the Board of State and Community Correction’s Racial and 

Ethnic Disparities (RED) grant implementation in the Stanislaus County Probation Department; 

and  establishing the Watts Leadership Institute, a ten-year initiative with inaugural funding 

from The California Wellness Foundation, to develop leadership, fundraising capacity, policy 
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advocacy and communication technology among the indigenous leaders and small and 

struggling nonprofit agencies of Watts. 

 

SJRP’s fundamental philosophy is that those individuals with lived experience are the experts – 

they are the stakeholders with the greatest depth of knowledge regarding need, opportunity 

and solution.  As a result, there is no aspect of this work that does not rely heavily on 

community engagement and input.  Virtually every component of SJRP’s work is built from 

ethnographic participant observation meaning the research team is immersed in the 

community – this level of community engagement is the strength of our work. 

 

 

 



 Submitted Manuscript:  Confidential  
 

 

Violence interruption directly reduces gang retaliation 
 

Authors:  P. Jeffrey Brantingham1*, Baichuan Yuan2, Nick Sundback4, Frederic Paik 
Schoenberg3, Andrea Bertozzi2, Joshua Gordon3, Jorja Leap4, Kristine Chan5, Molly Kraus5, 

Denise Herz5. 
Affiliations: 
1Department of Anthropology, University of California Los Angeles, Los Angeles, CA 90095, 
USA. 
2Department of Mathematics, University of California Los Angeles, Los Angeles, CA 90095, 
USA. 
3Department of Statistics, University of California Los Angeles, Los Angeles, CA 90095, USA. 
4Luskin School of Public Policy, University of California Los Angeles, Los Angeles, CA 90095, 
USA. 
5School of Criminal Justice and Criminalistics, California State University Los Angeles, Los 
Angeles, CA 90032, USA. 
 
*Correspondence to:  branting@ucla.edu 
 
Abstract: 
 
Gang violence is propelled by retaliation. Spontaneous attacks resulting from chance encounters 
between rivals, or situational interactions that challenge gang territory or reputation can trigger 
cycles of tit-for-tat reprisals. Yet it has been difficult to determine if interventions that seek to 
reduce the likelihood of retaliation translate into lower rates of gang crime. Here we find spatial-
temporal point process models can quantify the degree of retaliatory behavior of crimes in Los 
Angeles due to their joint causal dynamics. Quasi-experimental interventions in Los Angeles 
appear to cut in half the number of gang retaliations, above and beyond the effects of policing. 
Moreover, this model reveals the effect of treatment without needing control group in 
experiment. 
 
One Sentence Summary: 
 
Hawkes point process models fitted to violent crime occurrences in Los Angeles, CA, suggest 
that systematic interventions aimed to reduce the likelihood of retaliation appear to have 
substantial effect in diminishing the incidence of gang-related violent crime retaliations.  
 
Main Text: 
 
Gang violence is distinctive for its ability to trigger clusters of retaliatory crimes (1, 2).  
Challenges between gangs that threaten geographic territory or gang reputation can easily 
escalate to a shooting, while a shooting or homicide often demands retribution (3, 4) ultimately 
driving a sequence of tit-for-tat reciprocal attacks (5-7).  Retaliation adds to the cumulative 
volume of violent crime and stronger retaliatory forces add more total crime (8).  It is important 
therefore to evaluate whether targeted interventions intended to reduce gang violence can do so 
by disrupting the process of retaliation.  Although several studies have examined the aggregate 
impacts of anti-violence programs, including efforts to disrupt street violence (9-11), the results 
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have been mixed (12-14).  Scant attention has been devoted to detecting and quantifying the 
direct impacts of interventions on the dynamics of gang retaliation.  Here we show that such 
impacts can be estimated directly from crime event data using a unique multivariate statistical 
model. 
 
Recent advances in statistical modeling of point processes reveal the dynamics of randomly 
occurring events characterized by self-excitation or contagion (15, 16){REF}.. Such models have 
conditional intensity (17): 
 
 l(𝑡, 𝑥, 𝑦) 	= 	µ(𝑥, 𝑦) 	+	 𝐾𝑔(𝑡 − 𝑡-./	0	. , 𝑥 − 𝑥-, 𝑦 − 𝑦-),   (1) 
 
where l is the infinitesimal rate at which events accumulate at any point in space-time, given the 
entire history of the process. The point process is controlled by a spatially inhomogeneous 
background rate µ, a productivity parameter K indicating the expected number of subsequent 
events triggered by any one event, and a triggering kernel g governing the rate of self-excitation 
as a function of the spatial-temporal distance from preceding events. Both µ and g are typically 
assumed to be non-negative, with g a spatial-temporal density function. In many applications, g 
is assumed to be exponential or Pareto {REF}.  Model (1) provides an intuitive characterization 
of gang violence (18) that partitions the causes of crime into baseline structural processes such as 
simmering gang rivalries and contagious spread dominated by retaliation (Fig. 1A). 

 

 
Fig. 1. Self-exciting point process models capture the dynamics of gang violence.  (A). A temporal self-exciting point process 
model 𝜆 𝑡 = 𝜇 + 𝐾𝑔(𝑡 − 𝑡-)./0.  with exponential kernel 𝑔 𝑡 = 𝜔𝑒56(.5./) fit to a sample of gang aggravated assaults and 
homicides in South Los Angeles from 2014-2015.  Two tit-for-tat cycles of gang violence occur within a period of eighteen days. 
The conditional intensity λ reflects the instantaneous rate of gang crime. The background rate µ is expected rate of gang violent 
crime in the absence of retaliation.  A crime causes the instantaneous rate to jump by an amount Kω, increasing the risk of 
retaliation. When elevated above µ, the risk of retaliation decays at a constant rate ω, with a mean lifetime of 1/ω. (B). Gang 
crimes assigned to two different experimental conditions are modeled as two interacting point processes. Non-retaliatory gang 
crimes assigned to each experimental condition arise spontaneously at a background rate described by µ=. Retaliations assigned to 
each experimental condition may be triggered through separate pathways.  Pathway k11 links one previous treatment crime to 
treatment retaliations.  Pathway k01 a links one previous control crime to treatment retaliations.  Pathway k10 links one previous 
treatment crime to control retaliations. Pathway k00 links one previous control crime to control retaliations. Events where 
treatment interventions can have an impact are marked in red. If treatment interventions reduce the risk of gang retaliation, then 
we expect the average number of events to satisfy k11 < k01 and k10 < k00. 
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We extend the above model to a multivariate framework (19) useful for describing real-world 
interventions. In such quasi-experimental field settings there is often imperfect separation 
between experimental conditions {REF}. To account for interactions we propose the conditional 
intensity:  
 
 l> 𝑡, 𝑥, 𝑦 = 	µ>(𝑥, 𝑦) 	+	 𝐾>/>	𝑔(𝑡 − 𝑡-./	0	. , 𝑥 − 𝑥-, 𝑦 − 𝑦-).   (2) 
 
Here ui is the type of event i where u = 0 represent an event assigned to a non-intervention 
control condition and u = 1 an event assigned to an intervention treatment condition. The model 
is easily modified to accommodate more than two interacting experimental conditions.  The 
spatially inhomogeneous background rate of events is now partitioned according to condition u 
(supplemental text).  The parameter 𝐾>/> is the expected number of retaliations of type u 
triggered by an event of type ui. Thus we have four productivity parameters to estimate 𝐾>/> = 
k11, k01, k10, and k00, representing the four possible interactions between treatment and control 
conditions (Fig. 1B). If treatment interventions are effective, then estimated parameters should 
satisfy the inequalities k11 < k01 and k10 < k00.  We estimate the model parametrically using an 
expectation-maximization (EM) algorithm (20) and confirm the chosen model form with non-
parametric methods (15, 21) (supplemental text). The model fit is evaluated using Voronoi 
residuals (22, 23) (supplemental text). 
 
We analyzed gang violence in a unique quasi-experimental setting in Los Angeles where there is 
approximately random assignment of gang crimes between two different, but interacting 
intervention conditions.  The random assignment between the two conditions arises naturally out 
of the crime reporting system (see below).  The control condition consists of gang violent crimes 
responded to by the Los Angeles Police Department (LAPD-only).  The treatment condition 
consists of crimes responded to by the LAPD, but with additional notification of the Los Angeles 
Gang Reduction and Youth Development (GRYD) Intervention Response program (LAPD + 
GRYD IR).  Upon receiving notification, GRYD IR tasks community intervention workers with 
disrupting opportunities for retaliation through rumor control and proactive peacemaking.  We 
focus on crimes occurring in an 87.2 km2 (33.7 sq miles) area of South Los Angeles during 
2014-2015 (Fig. S1).  The ten GRYD IR Zones in South Los Angeles represent only 6.7% of the 
total land area of Los Angeles (1302 km2), but accounted for 45.3% of serious gang crimes city-
wide in 2014-2015. We limit our consideration to aggravated assaults and criminal homicides, 
crimes which entail a greater risk of retaliation compared to other crime types (supplementary 
text). 
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hypothesis that the GRYD IR notifications are random, independent draws from the same 
population of gang-related crimes (supplementary text).  Upon receiving a report of a gang 
crime, notification of GRYD IR proceeds as if a biased coin is flipped.  If the crime is a gang 
aggravated assault, the coin is biased toward not notifying GRYD IR. If it is a gang homicide, it 
is biased towards notifying GRYD IR. Therefore potential treatment effects are not confounded 
with the process of GRYD IR notification.   
 
 
Table 1. Gang and non-gang crimes reported only to the LAPD and to the LAPD and GRYD IR in 2014-15. 
 

 LAPD-only LAPD + GRYD IR GRAND TOTAL 

 Gang 
N 

Non-
Gang N 

TOTAL 
N 

% 
Gang 

Gang 
N 

Non-
Gang N 

TOTAL 
N 

% 
Gang 

TOTAL 
N 

% 
Gang 

Aggravated 
Assault 1,249 3,918 5,167 24.2% 470 99 569 82.6% 5,736 30.0% 

Homicide 41 29 70 58.6% 152 24 176 86.4% 246 78.5% 

TOTAL 1,290 3,947 5,237 24.6% 622 123 745 83.5% 5,982 32.0% 

 
GRYD IR starts at a significant disadvantage as an intervention strategy against violent crime in 
general. This is clear when we fit model (2), with an exponential kernel for g, to the combined 
gang and non-gang crimes (Fig. 2B). The estimate of parameter k11 indicates each aggravated 
assault or homicide exposed to the treatment triggered on average 0.1401 retaliations 
subsequently known to both LAPD and GRYD IR, whereas k01 indicates each control assault or 
homicide triggered on average 0.0526 retaliatory crimes known to both LAPD and GRYD IR. 
The 62.5% higher rate of retaliation accompanying GRYD IR notification is statistically 
significant (p = 0.0092) (supplemental text). Pathway k10 also shows that treatment crimes on 
average triggered 0.2841 retaliations known only to the LAPD, which is of equivalent magnitude 
to pathway k00 with 0.2824 retaliations known only to the LAPD (p = 0.486). In practical terms, 
every 100 LAPD + GRYD IR (treatment) aggravated assaults and homicides triggers on average 
42.4 retaliatory violent crimes (k11 + k01).  Every 100 LAPD-only (control) violent crimes 
triggers an average 33.5 retaliations (k10+ k00).  Table 1 shows that the mix of crimes faced by 
GRYD IR includes many more that are gang-related. GRYD IR may be able to reduce retaliation 
among the crimes it does confront, but not to the levels characteristic of violent aggravated 
assaults and homicide in general. 
 
We therefore restricted analyses to gang aggravated assaults and homicides to ensure that the two 
test conditions confront events with similar potential for spawning retaliation.  Against this set of 
crimes GRYD IR had a substantial impact (Fig. 2C). Pathway k11 triggered an average of 0.0015 
retaliations for any one treatment gang crime.  By contrast, pathway k01 triggered 0.0621 
retaliations for any one control gang crime.  This represents a 97.6% reduction in retaliation 
associated with GRYD IR notification (p < 10-6). Pathway k10 triggered and average of 0.1483 
retaliations for any one treatment gang crime. Pathway k00 triggered 0.2116 retaliations for any 
one control gang crime. The 29.9% reduction in retaliations is not as large, but is nevertheless 
significant (p = 0.0163). In practical terms, every 100 LAPD + GRYD IR gang crimes triggers 
and average of 15.0 retaliations (k11 + k01). Every 100 LAPD-only gang crimes triggers and 
average of 27.4 retaliations (k10+ k00). Overall, the notification of GRYD IR was associated with 
a 45.3% decrease in retaliatory gang crimes. 
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To better understand the spatial dynamics of retaliatory gang violence we mapped the 
background intensity µ and triggering kernel g along with the distributions of background and 
retaliatory crimes determined via stochastic declustering (24) (supplemental text) (Fig. 2D-I).  
The background risk of gang violence is characterized by numerous compact, but widely 
distributed hot spots (Fig. 2D), consistent with the observation that the opportunities for violence 
and the strengths of gang rivalries are geographically variable (25, 26).  The risk of retaliation is 
concentrated in more continuous bands (Fig. 2G), bridging discrete areas of background risk. 
Notably there is a prominent North-South corridor or retaliatory risk that maps to an area locally 
known as ‘death alley’ (27).  The distribution of gang violent crime reflects these patterns of risk 
(Fig. 2F and 2I).  The density of background crimes forms five distinct hot spots (Fig. 2E) 
suggesting that background crimes are of local, neighborhood origin.  The density of retaliatory 
crimes occupies only two distinct hot spots (Fig. 2H) suggesting that retaliation spreads 
contagiously beyond immediate local environments. 
 
Stochastic declustering (24) also allows us to evaluate differences in the frequency of retaliation 
by crime type across test conditions (Table 2).  Background crimes make up 76.6% of all gang 
aggravated assaults and homicides for both test conditions combined.  However, retaliatory 
crimes are proportionally more common among events assigned to the LAPD-only control 
condition.  This imbalance is pronounced for gang aggravated assaults, (46.3% retaliation for 
LAPD-only vs. 10.3% for LAPD + GRYD IR), but particularly extreme for homicides (24.2% 
LAPD-only vs. 0.7% for LAPD + GRYD IR).   

 
Table 2. Number of retaliatory and background aggravated assaults and homicides in South Los Angeles in 2014-2014 separated 
by test condition. 
 

 LAPD-only LAPD + GRYD IR 

 Retaliation Background TOTAL % Retaliation Retaliation Background TOTAL % Retaliation 

Aggravated Assault 395 854 1249 46.3% 44 426 470 10.3% 

Homicide 8 33 41 24.2% 1 151 152 0.7% 

TOTAL 403 887 1290 45.4% 45 577 622 7.8% 

 
We use the estimated treatment effects along with the results of stochastic declustering in South 
Los Angeles to compute numbers of prevented crimes (Table 2).  The sum (k11 + k01) is the 
average number of retaliations known to both the LAPD and GRYD IR produced by two types of 
triggers (Fig. 1B).  Similarly, (k10 + k00) is the average number of retaliations known only to the 
LAPD produced by two types of triggers.  Note that (k11 + k01) and (k10 + k00) are measured 
directly from data and therefore are observed outcomes.  We now define two counterfactual 
cases. Let (k01 + k01) be the average number of retaliations that would have been triggered in the 
absence of GRYD IR notification for those retaliations assigned to LAPD + GRYD IR.  Let (k00 
+ k00) be the average number of retaliations that would have been triggered in the absence of 
GRYD IR notification for those retaliations assigned to LAPD-only.  Thus, we suppose that the 
LAPD + GRYD IR effect is replaced with the LAPD-only effect in the absence of GRYD IR 
notification.  From stochastic declustering, the observed number of gang retaliations arising from 
pathways (k11 + k01) is 45 and from (k10 + k00) is 403.  The counterfactual conditions suggest that 
retaliatory gang crimes would have been 48.8% and 15.0% higher in the absence of GRYD IR 
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for observed pathways (k11 + k01) and (k10 + k00), respectively (supplemental text).  GRYD IR 
prevented an estimated total 82.2 retaliatory gang crimes, of which 77.8 are expected to have 
been aggravated assaults and 4.4 are expected to have been homicides.  The benchmark estimates 
in (28) project the overall cost of a single aggravated assault at $240,000 and a single homicide 
at $8.98 million. Over the two-year period in 2014-15, the potential savings from GRYD IR in 
South Los Angeles alone is estimated at $49.0 million. 
 
The multivariate self-exciting point process model presented here makes it possible to detect and 
quantify causal pathways connecting mixtures of events in unique ways.  Instead of determining 
the causal structure of each event, productivities 𝐾>/> are averaged over the entire time series, 
which produces very robust and stable estimates.  This is particularly important in real-world 
empirical settings where putative control conditions are rarely, if ever isolated from putative test 
conditions. Rather control and test conditions are often mixed by structural and practical 
conditions beyond the control of the observer.  The multivariate modeling framework embraces 
the fact that these mixtures exist and allows for interactions between conditions to proceed as 
part of the analysis. 
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Materials 
 
Data Sources.  The analyses presented rely on data collected by the Los Angeles Police 
Department (LAPD) as well as data entered into the Gang Reduction Youth Development 
(GRYD) Efforts and Outcomes (ETO) Incident Response database.  Data provided by the LAPD 
include only officially reported crimes that that have been through the Department’s standard 
process of verification and quality control.  Neither calls for service data, nor suspect and arrest 
data were used.  The LAPD data includes records for all reported crime types ranging from 
public disorder to homicide.  Most of these crime types are not directly relevant understanding 
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the dynamics of gang violence and the impact of GRYD Incident Response (GRYD IR) (see 
below). 
 
The GRYD ETO database tracks all instances where the GRYD Office was notified of a crime 
that could warrant GRYD IR intervention. The GRYD ETO database includes the following 
crime types: 
 

• Homicide 
• Multiple Victim Shooting 
• Single Victim Shooting 
• Stabbing 
• Shots fired 
• N/A or Unknown 
• Other 

 
These crime types do not align perfectly with LAPD (or California Penal Code) crime types. 
Single victim shooting, multiple victim shootings and stabbings in GRYD ETO data are all 
classified as aggravated assault (assault with a deadly weapon) in the LAPD data.  GRYD crime 
types N/A or Unknown and Other can align in multiple ways with the LAPD.  For events that 
have been successfully aligned with the LAPD data (see below) we adopt the LAPD crime type 
classification to ensure fair comparison with the entire LAPD dataset. 
 
In addition to these basic pieces of information, the ETO database includes the GRYD’s own 
evaluation whether an event is a gang crime.  Such an evaluation is separate from, but likely 
influenced by the details about the event relayed to GRYD by the LAPD.  We take an inclusive 
approach wherein we treat any event as a gang crime that either LAPD or GRYD labels as such. 
 
Defining Gang Violence.  The California Penal Code (CPC § 186.22) provides guidelines for 
attaching a gang enhancement to any crime.  Any crime that is committed for the benefit of a 
gang is eligible to be labeled as a gang crime, and individuals convicted of committing such 
crimes may be subject to enhanced sentences.  How a gang label is applied in practice by police 
to individual crimes, however, is not specified by the criminal code. In general, whether a crime 
is labeled as gang-related much depends upon the circumstances of the crime. 
 
The gang-related label is complicated both by variation in the ways in which gang members and 
gang activity may be associated with an individual crime events and by potential variation in the 
criteria used by raters to determine if a crime qualifies as gang related.  In general, crimes may 
be simply gang-affiliated, meaning that the victims and/or perpetrators of the crime are known or 
suspected gang members, but the crime itself is not a direct results of gang activities (6). By 
contrast, crimes may be gang-motivated, meaning that the crime was committed to further some 
social or economic goal of the gang, including establishing or maintaining reputation. 
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A range of criteria might be used by police or intervention workers to determine whether a 
specific crime is gang-related including basic intelligence about whether: (1) the event was gang 
motivated; (2) the event occurred in a gang area; (3) the event featured gang involved or 
affiliated individuals; (4) recent activity occurred between the victim's and/or suspect's gangs, or 
(5) the event has the potential for retaliation. Different raters may weigh these criteria to different 
degrees. 
 
Among the crime events known to the Los Angeles Police Department (LAPD) in 2014-2015, 90 
different crime types were labeled as gang crimes.  A majority of the crime types so labeled may 
be simply gang-affiliated crimes where the offender happens to also be a gang member. Table S 
1 shows the top 15 crime types sorted in descending order by the percentage that bear a gang 
label.  Gang homicides made up 59.9% of all homicides in Los Angeles in 2014-2015.  Gang 
aggravated assault (also sometimes referred to as assault with a deadly weapon) represented a 
greater number of events by volume (n =3,805), but constituted only 20.8% of all aggravated 
assaults recorded during this time frame.  By contrast, 171 burglaries (0.6%) were labeled as 
gang crimes in 2014-2015.  Burglaries are thus rarely labeled as gang crime and, in fact, there is 
little reason to think that even this handful of events had much to do with gang rivalries and the 
risk of retaliatory gang violence.  Rather the suspects or victims in the reported crimes may have 
been gang-involved, which prompted the application of the label.  Our analyses therefore focus 
on gang aggravated assaults and homicides, which are more frequently committed for the benefit 
of the gang and are particularly prone to initiating retaliation.  We adopt an inclusive approach 
and treat any aggravated assault or homicide as gang-related if the LAPD or GRYD program 
labels it as such. 

 
Table S 1. Top 15 gang crime types by volume in 2014-2015 for all LAPD data. 

Rank † Crime Type Gang  Non Gang  TOTAL 

  N % N % N 

1 Criminal Homicide 325 59.9% 218 40.1% 543 

2 Shots Fired at Inhabited Dwelling 174 35.9% 311 64.1% 485 

3 Aggravated Assault 3,805 20.8% 14,500 79.2% 18,305 

4 Discharge Firearms/Shots Fired 144 19.2% 605 80.8% 749 

5 Attempted Robbery 294 13.8% 1,834 86.2% 2,128 

6 Robbery 1,904 12.9% 12,889 87.1% 14,793 

7 Violation of Court Order 419 11.1% 3,355 88.9% 3,774 

8 Brandish Weapon 177 9.6% 1,659 90.4% 1,836 

9 Criminal Threats - No Weapon Displayed 912 8.0% 10,551 92.0% 11,463 

10 Other Miscellaneous Crime 171 4.5% 3,591 95.5% 3,762 

11 Vandalism - Felony 639 3.0% 20,586 97.0% 21,225 
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12 Vandalism - Misdemeanor 307 1.7% 17,261 98.3% 17,568 

13 Battery - Simple Assault 538 1.5% 35,550 98.5% 36,088 

14 Spousal Abuse - Simple Assault 270 1.1% 24,115 98.9% 24,385 

15 Burglary 171 0.6% 28,526 99.4% 28,697 
 
GRYD and GRYD IR.  The Los Angeles Gang Reduction Youth Development program is a 
comprehensive strategy aimed at reducing gang involvement and gang violence through the 
provision of gang prevention and intervention services, violence interruption activities and 
proactive peace-making.  Prevention services are aimed at providing alternatives for youth 
before they join gangs.  Intervention service are aimed at provide pathways out of gang life for 
youth that have already become involved.  Violence interruption and proactive peace-making, 
are both aimed at mitigating the consequences of gang violence, including seeking to disrupt 
retaliation in the aftermath of gang violent crimes.  This later function of GRYD is termed 
GRYD Incident Response and is the focus of our analysis.  Established in 2009, the GRYD 
program design overlaps in part with Chicago’s Operation Ceasefire (now Cure Violence) (9).  
GRYD is not a law enforcement strategy and therefore differs from the “pulling levers” model 
(29). 
 
GRYD IR uses a near real-time notification system connecting the LAPD, the GRYD Program 
Office and intervention workers embedded in the communities. Notification and information 
sharing facilitates each of the principal parties taking largely independent actions in response to 
gang crime incidents.  The LAPD follows standard law enforcement and investigative protocols 
in responding to gang crimes.  The GRYD Program Office aggregates information and makes 
allocation decisions for non-law enforcement intervention resources.  Community intervention 
workers (CIWs) engages the community through direct social contacts. Rumor control is seen by 
CIWs as a critical tool for reducing retaliation. 
 
The use of CIWs to interrupt gang violence is controversial.  Many CIWs are themselves former 
gang members.  This known history provides CIWs credibility with the gangs, which they 
describe as a ‘license-to-operate’.  Typically, CIWs work with the gang sets or cliques from their 
home neighborhood and rarely with gangs that would be considered rivals.  Thus, a CIW who 
was formerly affiliated with a Blood set would be very unlikely to provide violence interruption 
for a Crips set.  Because of their credibility with their home gangs, CIWs argue that they are in a 
unique position to reduce the risk of retaliation.  If a CIW asks a gang to ‘stand down’ there is a 
real chance that they will.  The CIW ‘license-to-operate’ is a source of controversy, however.  A 
reasonable concern expressed by law enforcement is that CIWs are too close to the gangs and 
therefore may be inclined to turn a blind eye to some gang activities even if they are criminal in 
nature.  Some in law enforcement worry that CIWs are themselves involved in criminal activity 
with the gangs.  The controversy surrounding CIWs means that the LAPD and CIWs, though 
aware of one another, operate largely independently in response to gang crimes.  Our analyses do 
not address the concerns about CIWs.  We simply ask whether the addition of GRYD IR, and 
any attendant CIW interventions, has a detected impact on gang retaliation. 
 
South Los Angeles gang violence & GRYD IR Zones. 
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We focus our analysis on violent crimes occurring in an 87.2 km2 (33.7 sq mi) area of South Los 
Angeles during 2014-2015 (Fig. S1).  As of mid-2015, ten GRYD Zones were in operation in 
South Los Angeles forming a contiguous area of attention.  Prior to mid-2015, only seven of the 
ten regions shown were formally recognized. Nevertheless, GRYD IR received notifications and 
responded to crimes over this entire geographic area throughout 2014 and 2015.  For example, 
between July 1, 2014 and December 31, 2014, GRYD IR was notified of 109 events over the 
South Los Angeles region (Fig. S2).  Between July 1, 2015 and December 31, 2015, GRYD IR 
was notified of 129 events over this region, only an 18% increase in notifications that occurred 
against a backdrop of increasing violent crime across the region.  The 77th 3 GRYD Zone is the 
only possible exception.  This GRYD Zone received few notifications prior to its formal 
addition. In all other locations, GRYD IR crimes were recorded regardless of whether there was 
a formal GRYD Zone in place or not. 
 
We therefore treat the South Los Angeles GRYD Zones as a single continuous study region for 
2014 and 2015. This region is well bounded, but still expansive enough to understand the spatial 
dynamics of gang retaliatory violence.  There is no official tally of the number of gangs present 
in the area.  The GRYD ETO database notes 54 unique gang names in association with the 
suspects and victims of gang crimes in the area.  This estimate is likely a lower bounds as many 
events lack information about suspect and victim gang affiliation.  Taken at face value, the area 
hosts 0.6 gangs per km2.  During this period, there were 12,905 violent crimes reported to the 
LAPD strictly inside the South Los Angeles GRYD Zones.  Of these, 3,054 were flagged as gang 
related.  GRYD IR was notified about 809 of these violent crimes, with 666 of the notifications 

 

 
Fig. S1.  Google Earth map of South Los Angeles showing the ten GRYD IR Zones in operation as of mid-2015. 
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= 683.99) (Z = 0.73, p = 0.47).  Similarly, for gang homicides the observed number of runs (R = 
65) is not statistically different from the expected number under random assignment (E[R] = 
65.58)(Z = 0.125, p = 0.90). While the percent of crimes that lead to GRYD IR notifications 
differs by crime type, these notifications are random on a per event basis. Therefore, we 
conclude that the assignment of events to different conditions approximates and randomized 
experimental protocol. 
 
Table S2. Results of one sample runs tests for three different categories of gang crimes in South Los Angeles. 

 Gang Aggravated Assault + 
Homicide 

Gang Aggravated 
Assault 

Gang 
Homicide 

LAPD + GRYD IR (n1) 622 470 152 

LAPD-only (n2) 1290 1249 41 

Total (N) 1912 1719 193 

Percent LAPD + GRYD 
IR 32.5% 27.3% 78.7% 

Runs 852 672 65 

Expected Mean 840.31 683.99 65.58 

Expected SD 19.18 16.47 4.62 

Z 0.609 0.73 0.125 

two-tailed p-value 0.54 0.47 0.90 
 

 
 
GRYD IR Notification and Field Deployment.  Gang crimes are typically reported to the 
LAPD first by members of the public.  The GRYD IR then receives notification, but only for a 
fraction of the reported crimes. CIWs are informed following notification of the GRYD Program 
Office. We include all events where GRYD IR is notified, rather than restricting analysis to 
events where there is some record of field activity by CIWs.  This analytical choice is made due 
to uncertainty surrounding the recording of field activities of CIWs.  Skogan (9: 5-3) noted for 
Chicago’s CeaseFire program that it was difficult to assess how frequently and effectively 
Chicago’s violence interrupters mediated conflicts.  Record keeping was a cumbersome task and 
not natural for violence interrupters engaging problems on the street.  Moreover, there was 
considerable worry that formal documentation could incriminate people and therefore was often 
not collected in the first place.  Here, as with the Chicago case, it was difficult to directly 
evaluate dosage with confidence. 
 
The resulting hypotheses based on notification of GRYD IR are conservative, however.  On the 
one hand, we suppose that CIWs can only have a direct impact on retaliation if they know about 
a potential triggering event. Thus, notification of GRYD IR is a logical precursor for treatment 
effects.  If notification did not lead to interventions in the field by CIWs then we would expect 
there to be no difference between the control and treatment conditions.  Specifically, even though 
events were labeled as LAPD + GRYD IR, the absence of field intervention would ensure that 
such events were no different than LAPD-only one.  On the other, if CIWs were able to source 
information about events on their own and self-deploy, operating outside of the normative 
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channel of communication, then we would expect this contamination to also bias the results 
towards finding no difference between treatment and control.  In other words, some fraction of 
events labeled as LAPD-only would include the effects of GRYD IR without formal recognition.  
Thus, LAPD-only interventions would appear similar to LAPD + GRYD because of this hidden 
activity.  Because we are able to document a significant difference between LAPD-only and 
LAPD + GRYD IR intervention effects (main text Fig. 2C) such confounds are unlikely. 
 
Methods 
 
Multivariate self-exciting point process models.  Self-exciting point process models provide a 
useful mathematical structure for considering the dynamics of retaliatory crime (18, 30). The 
problem we analyze requires that we treat gang retaliation in both space and time as well as 
events exposed to different experimental conditions.  We use a multivariate spatial-temporal self-
exciting point process model to capture these conditions: 
 

 
 
The equation describes the instantaneous rate 𝜆u at which crimes assigned to condition u.  In our 
specific case, crimes are assigned to two different conditions, those known only to the LAPD and 
those known to both the LAPD and GRYD IR.  Notice that this is a spatial-temporal model.  The 
random background rate at which gang crimes occurs may vary from place to place µ(x, y), but 
not in time.  The self-exciting triggering function is also spatially dependent with the magnitude 
of excitation dependent not on how long ago a prior crime occurred (t – ti), but also how nearby 
in space (x – xi, y – yi).  Gang crimes are more likely to trigger a retaliation soon after the intial 
event and nearby in space.  We use particular parametric equations for µ and g: 
 

 (S1) 
 

  (S2) 
 
The equation for µ treats the stationary background rate of crimes of type u as a sum of Gaussian 
kernels. The triggering kernel g treats the self-exciting effect of one event as decaying 
exponentially in time and Gaussian in space.  Here β is a weights matrix for the degree to which 
events assigned to condition ui contribute the background rate for events assigned to condition u.  
The parameter T is the total time period represented by the sample of gang crimes, which in this 
case is 2014-2015.  The parameters η and σ represent the spatial scale of influence for 
background events and retaliatory events, respectively (see 31). We take η = σ, which simplifies 
parameter estimation. 
 
Our quantities of interest are estimates of four key relationships encoded in matrix 𝐾>/>: (1) k11 
or the average number of LAPD + GRYD IR gang crimes triggered by a single LAPD + GRYD 
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IR gang crime; (2) k01 the average number of LAPD + GRYD IR gang crime triggered by a 
single LAPD-only gang crime; (3) k10 or the average number of LAPD-only gang crimes 
triggered by a single LAPD + GRYD IR gang crime; and (4) k00 or the average number of LAPD 
+ GRYD IR gang crime triggered by a single LAPD-only gang. 
 
The procedure we use is a type of Maximum Likelihood Estimation (MLE) known as 
expectation maximization (EM) (20, 32).  The expectation step of the EM algorithm is used to 
compute initial probabilities pb

ij and pij that an event i causes event j via either the background 
rate µ or the self-exciting kernel g, respectively.  These expectations are then fed to the 
maximization step where a new set of parameter values (for iteration k + 1) are determined by 
maximizing the expected probability with respect to the observed data.  This maximization is 
done for all parameters taking into consideration whether gang crimes are known only to the 
LAPD or to both the LAPD and GRYD IR.  The algorithm alternates between expectation and 
maximization until there is no further change in the parameter values.   
 
For completeness, the EM algorithm is structured as below. Note that 𝑛>	 is the number of events 
that belongs to experimental condition type 𝑢.  

Complete Data Likelihood Function: 

 
 

Expectation Step: 

 
 

 
 

Maximization Step: 

 
 

 

 
 

 
 

Q(Ω) = pij
b

j=1

N

∑
i=1

N

∑ log(
βuiu j

2πη2T
e

−
(xi−x j )

2+(yi−yj )
2

2η2
⎛

⎝
⎜

⎞

⎠
⎟

)− βuiu
i=1

N

∑
u=1

U

∑

+ pij
i< j
∑ log(ωKuiu j

e−ω (t j−ti ) 1
2πσ 2 e

−
(xi−x j )

2+(yi−yj )
2

2σ 2 )− Kuiu
i=1

N

∑
u=1

U

∑ (1− e−w(T −ti ) )

pij = Kuiu j
ω
exp −ω (t j − ti )( )

2πσ 2 ×
exp −

(x j − xi )
2 + (yj − yi )

2

2σ 2

⎛
⎝⎜

⎞
⎠⎟

λu j (x j , yj ,t j )

pij
b =

βuiu j

2πη2T

exp −
(x j − xi )

2 + (yj − yi )
2

2η2

⎛
⎝⎜

⎞
⎠⎟

λu j (x j , yj ,t j )

ω (k+1) =
pij
(k )

j<i
∑

pij
(k )

i< j
∑ (t j − ti )+

i=1

N

∑
u=1

U

∑ Kuiu
(T − ti )e

−ω (T −ti )

σ 2(k+1) =
pij
(k )

i< j
∑ (xi − x j )

2 + (yi − yj )( )2

2 pij
(k )

i< j
∑

Kûu
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Non-parametric Model Validation and Voronoi Residuals Analysis 
 
Our choice of an exponential kernel for g assumes a certain mechanistic form for the dynamics 
of gang retaliation.  To verify the validity of this choice we use non-parametric methods (15).  
The method makes no assumptions about the shape of the triggering function, and instead 
provides a data-driven estimate which can be used to help identify possible parameterizations. 
Below the spatial and temporal response are plotted on log-log scale and appear exponential. In 
addition, we check the goodness fit for the exponential fit. For the spatial-temporal kernel g, the 
R-square and adjusted R-square are both 1. 
 

Fig. S3. Spatial and temporal triggering kernels estimated non-parametrically from the data. 
 
Once a model is estimated, a powerful technique for evaluating model performance is Voronoi 
residuals (22). Voronoi residuals allow the examination of differences between the modeled 
conditional intensity and the observed number of points within spatially adaptive Voronoi cells. 
Using color scaling allows us to see the spatial locations where a model is over or under 
estimated. Cells with blue shades indicate an overestimation of the intensity while cells with red 
indicate an underestimation. In addition, comparison to a color scale defined by a null Poisson 
model further helps interpret performance (23). In Fig. S4, the fitted intensity for the proposed 
Hawkes model has muted colors as compared to the null model, indicating improved 
performance. Residuals indicate that the fitted model performed well throughout the spatial 
window. 
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Relative effect of GRYD IR notification 

on LAPD + GRYD IR retaliations 
Relative effect of GRYD IR notification 

on LAPD-only retaliations 

  

 
For the South Los Angeles GRYD Zones, GRYD IR notification reduces retaliation among 
LAPD + GRYD IR events by -48.8% relative to the counterfactual.  GRYD IR notification 
reduces retaliation among LAPD-only events by -15.0% relative to the counterfactual. See Fig. 
2C in the main text for corresponding values of k. 
 
We use these estimated effects along with the results of stochastic declustering in South Los 
Angeles to compute numbers of prevented crimes.  Stochastic declustering identified a total of 
45 LAPD + GRYD IR gang aggravated assaults and homicides in 2014-2015 as retaliatory (see 
Table 2 in the main text).  The remaining 577 gang aggravated assaults and homicides were 
statistically defined as background events.  Similarly, declustering identified a total of 403 
LAPD-only gang aggravated assaults and homicides in 2014-2015 as retaliatory (see Table 2 in 
the main text).  The remaining 877 gang aggravated assaults and homicides were statistically 
identified as background events.  The counterfactual conditions suggest that retaliatory gang 
aggravated assaults and homicides would have been 48.8% and 15.0% higher in the absence of 
GRYD IR for events recorded, respectively, as LAPD + GRYD IR and LAPD-only.  Thus 
GRYD IR prevented an estimated total 82.2 retaliatory gang aggravated assaults and homicides.  
An estimate based on city-wide data, suggests that homicides make up on average 5.4% of all 
gang retaliations. Thus, in South Los Angeles, the prevented crimes are expected to include 4.4 
retaliatory homicides and 77.8 retaliatory aggravated assaults. 
 
We refer to McCollister et al. (28) for estimates of the costs of crime.  In their work the total cost 
of a single homicide to government, victims and suspects is approximately $8.98 million. The 
cost of a single aggravated assault is $240,000.  We simply multiply these figures by the 
estimated number of prevent aggravated assaults and homicides, respectively. The estimated 
number of homicides prevented by GRYD IR may add up to savings between $39.4 million over 
two years.  The savings from prevented gang aggravated assaults in South Los Angeles may 
amount to an additional $9.5 million over two years.  The combined savings per year in South 
Los Angeles alone may amount to $49.0 million. 

(k11 + k01)− (k01 + k01)
(k01 + k01)

(k10 + k00 )− (k00 + k00 )
(k00 + k00 )
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Abstract: 
 
Retaliation propels gang violence. Spontaneous attacks resulting from chance encounters 
between rivals, or situational interactions that challenge gang territory or reputation can trigger 
cycles of tit-for-tat reprisals. Yet it has been difficult to determine if interventions that seek to 
reduce the likelihood of retaliation translate into lower rates of gang crime. Here we use 
multivariate spatial-temporal point process models to quantify the magnitude of retaliation 
arising from gang crimes exposed to different types of interventions.  The methods are well-
suited to analysis of real-world interventions where there is imperfect separation between 
experimental conditions.  Our analyses of quasi-experimental interventions in Los Angeles 
indicates that Community Intervention Workers tasked by the Gang Reduction Youth 
Development program cut gang retaliations by 45.3%, independently of the effects of policing.  
Efforts to engage impacted families and control rumors reduce the contagious spread of violence 
if undertaken in the immediate aftermath of gang violent crimes.  These findings have important 
implication for the design, implementation and evaluation of gang violence prevention programs. 
 
One Sentence Summary: 
 
Multivariate spatial-temporal point process models fitted to gang-violent crimes in Los Angeles, 
CA, show that interventions to reduce the likelihood of retaliation cut the incidence of violent 
gang crimes nearly in half.  
 
Main Text: 
 
Gang violence is distinctive for its ability to trigger clusters of retaliatory crimes (1, 2).  
Challenges between gangs that threaten geographic territory or gang reputation can easily 
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escalate to a shooting, while a shooting or homicide often demands retribution (3, 4) ultimately 
driving a sequence of tit-for-tat reciprocal attacks (5-7).  Retaliation adds to the cumulative 
volume of violent crime and stronger retaliatory forces add more total crime (8, 9).  It is 
important therefore to evaluate whether targeted interventions intended to reduce gang violence 
can do so by disrupting the process of retaliation.  Although several studies have examined the 
aggregate impacts of anti-violence programs, including efforts to interrupt street violence (10-
12), they produced mixed results (13-15).  Previous research has not quantified direct impacts of 
interventions on gang retaliation.  Here we show that such impacts can be estimated directly 
from crime event data using a unique multivariate statistical model. 
 
Recent advances in statistical modeling of point processes reveal the dynamics of randomly 
occurring events characterized by self-excitation or contagion (16, 17){REF}. Such models have 
conditional intensity (18): 
 
 l(𝑡, 𝑥, 𝑦) 	= 	µ(𝑥, 𝑦) 	+	 𝐾𝑔(𝑡 − 𝑡-./	0	. , 𝑥 − 𝑥-, 𝑦 − 𝑦-),   (1) 
 
where l is the infinitesimal rate at which events accumulate at any point in space-time, given the 
entire history of the process.  The model provides an intuitive characterization of gang violence 
(19).  It partitions the cause of crime into background processes µ(x, y), such as simmering gang 
rivalries, that generate crimes randomly at a constant, but spatially variable rate, and contagious 
processes Kg(t – ti, x – xi, y – yi) that locally and briefly amplify the rate at which crime occurs 
(Fig. 1A).  Retaliation is a dominant contagion process (8, 20).  

 

 
Fig. 1. Self-exciting point process models capture the dynamics of gang violence.  (A). A temporal self-exciting point process 
model 𝜆 𝑡 = 𝜇 + 𝐾𝑔(𝑡 − 𝑡-)./0.  with exponential kernel 𝑔 𝑡 = 𝜔𝑒56(.5./) fit to a sample of gang aggravated assaults and 
homicides in South Los Angeles from 2014-2015.  Two cycles of gang violence occur within a period of eighteen days. The 
conditional intensity λ reflects the instantaneous rate of gang crime. The background rate µ is the expected rate of gang crime in 
the absence of retaliation.  A crime causes λ to jump by an amount Kω, increasing the risk of retaliation. When elevated above µ, 
the risk of retaliation decays at a constant rate ω, with a mean lifetime of 1/ω. (B). Gang crimes assigned to two different 
experimental conditions are modeled as two interacting point processes. Non-retaliatory gang crimes assigned to each condition 
arise spontaneously at rate µ=. Retaliations assigned to each experimental condition may be triggered through separate pathways.  
Pathways k11 and k10 link previous treatment crimes to treatment and control retaliations, respectively.  Pathways k00 and k01 link 
previous control crimes to control and treatment retaliations, respectively.  If treatment interventions (red events) reduce the risk 
of gang retaliation, then we expect k11 < k01 and k10 < k00. 
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We extend model (1) to a multivariate framework (21) useful for describing real-world 
interventions. In such quasi-experimental field settings there is often imperfect separation 
between experimental conditions. To account for interactions we propose the conditional 
intensity:  
 
 l> 𝑡, 𝑥, 𝑦 = 	µ>(𝑥, 𝑦) 	+	 𝐾>/>	𝑔(𝑡 − 𝑡-./	0	. , 𝑥 − 𝑥-, 𝑦 − 𝑦-).   (2) 
 
Here ui is the type of event i where u = 0 represent an event assigned to a non-intervention 
control condition and u = 1 an event assigned to an intervention treatment condition. The model 
is easily modified to accommodate more than two interacting experimental conditions.  The 
spatially inhomogeneous background rate of events is now partitioned according to condition u 
(supplemental text).  The parameter 𝐾>/> is the expected number of retaliations of type u 
triggered by an event of type ui. Thus we have four productivity parameters to estimate 𝐾>/> = 
k11, k01, k10, and k00, representing the four possible interactions between treatment and control 
conditions (Fig. 1B). If treatment interventions are effective, then estimated parameters should 
satisfy k11 < k01 and k10 < k00.  We estimate the model parametrically using an expectation-
maximization (EM) algorithm (22).  A non-parametric model yields substantially similar results.  
The parametric model fit is evaluated using Voronoi residuals (23, 24) (supplemental text).  
 
We analyzed gang and non-gang violence in a unique quasi-experimental setting in Los Angeles 
where there is approximately random assignment of crimes between two different, but 
interacting intervention conditions.  The random assignment between the two conditions arises 
naturally out of the crime reporting system (see below).  The control condition consists of violent 
crimes responded to by the Los Angeles Police Department (LAPD-only).  The treatment 
condition consists of crimes responded to by the LAPD, but with additional notification of the 
City Los Angeles Mayor’s Office of Gang Reduction and Youth Development (GRYD) 
Intervention Incident Response program (LAPD + GRYD IR).  Upon receiving notification, 
GRYD IR tasks Community Intervention Workers with disrupting retaliation through crisis 
response and rumor control (supplemental text).  We focus on crimes occurring in an 87.2 km2 
(33.7 sq miles) area of South Los Angeles during 2014-2015 (Fig. 2D-I, Fig. S1).  The ten 
GRYD IR Zones in South Los Angeles represent only 6.7% of the total land area of Los Angeles 
(~1,302 km2) and about 15.5% of the total population (~3.9 million), but accounted for 45.3% of 
serious gang crimes city-wide in 2014-2015. We limit our consideration to aggravated assaults 
and criminal homicides, crimes which entail a greater risk of retaliation compared to other crime 
types (supplementary text). 
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were random, independent draws from the same population of crimes (supplementary text).  
Upon LAPD receiving a report of a gang crime, notification of GRYD IR proceeded as if a 
biased coin was flipped.  If the crime was a gang aggravated assault, the coin was biased towards 
not notifying GRYD IR. If it was a gang homicide, it was biased towards notifying GRYD IR. 
Therefore, potential treatment effects are not confounded with the process of GRYD IR 
notification.   
 
 
Table 1. Gang and non-gang crimes reported only to the LAPD and to the LAPD and GRYD IR in 2014-2015. 
 

 LAPD-only LAPD + GRYD IR GRAND TOTAL 

 Gang 
N 

Non-
Gang N 

TOTAL 
N 

% 
Gang 

Gang 
N 

Non-
Gang N 

TOTAL 
N 

% 
Gang 

TOTAL 
N 

% 
Gang 

Aggravated 
Assault 1,249 3,918 5,167 24.2% 470 99 569 82.6% 5,736 30.0% 

Homicide 41 29 70 58.6% 152 24 176 86.4% 246 78.5% 

TOTAL 1,290 3,947 5,237 24.6% 622 123 745 83.5% 5,982 32.0% 

 
GRYD IR by design is deployed disproportionately in response to gang crimes, representing 
83.5% of aggravated assaults and homicides for which it received notification (Table 1) 
(supplemental text).  The 16.5% of non-gang crimes reported to GRYD IR were likely 
considered gang-related at the point of initial notification, but were subsequently reclassified.  
Because GRYD IR confronts a mix of gang and non-gang crimes, we first tested whether GRYD 
IR has an impact against violent crimes in general.  We fit the multivariate model, with an 
exponential kernel for g, to the full complement of 5,982 crimes (Fig. 2B). The estimate of 
parameter k11 indicates each aggravated assault or homicide exposed to the treatment triggered 
on average 0.1401 retaliations subsequently known to both LAPD and GRYD IR, whereas k01 
indicates each control assault or homicide triggered on average 0.0526 retaliatory crimes. The 
62.5% higher rate of retaliation for crimes reported to GRYD IR is statistically significant (p = 
0.0092) (supplemental text). Pathway k10 shows that treatment crimes also triggered on average 
0.2841 retaliations known only to the LAPD, which is of equivalent magnitude to pathway k00 
with 0.2824 retaliations known only to the LAPD (p = 0.486). In practical terms, every 100 
LAPD + GRYD IR (treatment) aggravated assaults and homicides triggered on average 42.4 
retaliatory violent crimes (k11 + k10) compared to an average 33.5 crimes triggered by control 
crimes (k01+ k00).  GRYD IR may reduce retaliation among the broader set of gang and non-gang 
violent crimes, but not to levels characteristic of the LAPD control case with its more generous 
mix of non-gang crimes and inherently lower risk of retaliation. 
 
We therefore restricted analyses to gang aggravated assaults and homicides to ensure that test 
conditions were evaluated given events with similar potential for spawning retaliation.  Against 
this set of crimes GRYD IR had a substantial impact (Fig. 2C). Pathway k11 triggered an average 
of 0.0015 retaliations for any one treatment gang crime.  By contrast, pathway k01 triggered 
0.0621 retaliations for any one control gang crime.  This represents a 97.6% reduction in 
retaliation associated with GRYD IR notification (p < 10-6). Pathway k10 triggered an average of 
0.1483 retaliations for any one treatment gang crime. Pathway k00 triggered 0.2116 retaliations 
for any one control gang crime. The 29.9% reduction in retaliations is significant (p = 0.0163). 
Every 100 LAPD + GRYD IR (treatment) gang crimes triggered an average of 15.0 retaliations 
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(k11 + k10) compared to 27.4 retaliations triggered by control crimes (k01+ k00). Overall, the 
notification of GRYD IR was associated with a 45.3% decrease in retaliatory gang crimes. 

 
To better understand the spatial dynamics of retaliatory gang violence we mapped the 
background intensity µ and triggering kernel g along with the distributions of background and 
retaliatory crimes determined via stochastic declustering (25) (supplemental text) (Fig. 2D-I).  
The background risk of gang violence is characterized by numerous compact, but widely 
distributed hot spots (Fig. 2D), consistent with the observation that the opportunities for violence 
and strengths of gang rivalries are geographically variable (8, 26).  The risk of retaliation is 
concentrated in more continuous bands (Fig. 2G), bridging the discrete areas of background risk. 
Notably there is a prominent North-South corridor of retaliatory risk that maps to an area locally 
known as ‘death alley’ (27).  The patterns of risk influence the distribution of gang violent 
crimes (Fig. 2F and 2I).  The density of background crimes forms five distinct hot spots (Fig. 2E) 
suggesting that background crimes are of local, neighborhood origin.  The density of retaliatory 
crimes occupies only two distinct hot spots (Fig. 2H) suggesting that retaliation spreads 
contagiously beyond immediate neighborhood contexts. 
 
Stochastic declustering (25) also allows us to evaluate differences in the frequency of retaliation 
by crime type across test conditions (Table 2).  Background crimes make up 76.6% of all gang 
aggravated assaults and homicides for both test conditions combined.  Retaliatory crimes are 
proportionally more common among events assigned to the LAPD-only control condition.  This 
imbalance is pronounced for gang aggravated assaults, (46.3% retaliation for LAPD-only vs. 
10.3% for LAPD + GRYD IR), but particularly extreme for homicides (24.2% LAPD-only vs. 
0.7% for LAPD + GRYD IR), especially considering the baseline bias towards notifying GRYD 
IR of most gang homicides. 

 
Table 2. Number of retaliatory and background aggravated assaults and homicides in South Los Angeles in 2014-2015 separated 
by test condition. 
 

 LAPD-only LAPD + GRYD IR 

 Retaliation Background TOTAL % Retaliation Retaliation Background TOTAL % Retaliation 

Aggravated Assault 395 854 1249 46.3% 44 426 470 10.3% 

Homicide 8 33 41 24.2% 1 151 152 0.7% 

TOTAL 403 887 1290 45.4% 45 577 622 7.8% 

 
We use the estimated treatment effects along with the results of stochastic declustering to 
compute numbers of prevented crimes (Table 2).  The sum (k11 + k01) is the average number of 
retaliations known to both the LAPD and GRYD IR produced by two types of triggers (Fig. 1B).  
Similarly, (k10 + k00) is the average number of retaliations known only to the LAPD produced by 
two types of triggers.  Note that (k11 + k01) and (k10 + k00) are measured directly from data and 
therefore are observed outcomes.  We now define two counterfactuals. Let (k01 + k01) be the 
average number of retaliations that would have been triggered in the absence of GRYD IR 
notification for those events assigned to LAPD + GRYD IR.  Let (k00 + k00) be the average 
number of retaliations that would have been triggered in the absence of GRYD IR notification 
for those events assigned to LAPD-only.  Thus, we suppose that the LAPD + GRYD IR effect is 
replaced with the LAPD-only effect in the absence of GRYD IR notification.  From stochastic 
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declustering, the observed number of gang retaliations arising from pathways (k11 + k01) is 45 and 
from (k10 + k00) is 403 (Table 2).  The counterfactual conditions suggest that retaliatory gang 
crimes would have been 48.8% and 15.0% higher in the absence of GRYD IR for observed 
pathways (k11 + k01) and (k10 + k00), respectively (supplemental text).  GRYD IR prevented an 
estimated total 82.2 retaliatory gang crimes, of which 77.8 are expected to have been aggravated 
assaults and 4.4 are expected to have been homicides.  Recent estimates project the overall cost 
of a single aggravated assault at $240,000 and a single homicide at $8.98 million (28). Over the 
two-year period in 2014-15, the potential savings from GRYD IR in South Los Angeles alone is 
estimated at $49.0 million. 
 
The multivariate self-exciting point process model presented here makes it possible quantify 
causal pathways to and precisely identify how GRYD IR disrupts retaliatory gang aggravated 
assaults and homicides.  Instead of determining the causal structure of each event, productivities 
𝐾>/> are averaged over the entire time series, which produces very robust and stable estimates.  
This is particularly important in real-world empirical settings where putative control conditions 
are rarely, if ever isolated from putative test conditions. Rather control and test conditions are 
often mixed by structural and practical conditions beyond the control of the observer.  The 
multivariate modeling framework embraces the fact that these mixtures exist and allows for 
interactions between conditions to proceed as part of the analysis. 
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Materials 
 
Data Sources.  The analyses presented rely on data collected by the Los Angeles Police 
Department (LAPD) as well as the City of Los Angeles Mayor’s Office of Gang Reduction 
Youth Development (GRYD).  The latter data collection is referred to as the Efforts to Outcomes 
(ETO) database.  Data provided by the LAPD include only officially reported crimes that that 
have been through the Department’s standard process of verification and quality control.  Neither 
calls for service data, nor suspect and arrest data were used.  The LAPD data includes records for 
all reported crime types ranging from public disorder to homicide.  Most of these crime types are 
not directly relevant to understanding the dynamics of gang violence and the impact of GRYD 
Intervention Incident Response (GRYD IR) (see below). 
 
The GRYD ETO database tracks all instances where the GRYD Office was notified of a crime 
that could warrant GRYD IR action. The GRYD ETO database includes the following crime 
types: 
 

• Homicide 
• Multiple Victim Shooting 
• Single Victim Shooting 
• Stabbing 
• Shots Fired 
• N/A or Unknown 
• Other 

 
These crime types do not align perfectly with LAPD (or California Penal Code) crime types. 
Single victim shooting, multiple victim shootings and stabbings in GRYD ETO data are all 
classified as aggravated assault (assault with a deadly weapon) in the LAPD data.  GRYD crime 
types N/A or Unknown and Other can align in multiple ways with the LAPD.  We adopt the 
LAPD crime type classification to ensure fair comparison with the entire LAPD dataset. 
 
In addition to these basic pieces of information, the ETO database includes GRYD’s own 
evaluation whether an event is a gang crime.  The evaluation is based in part on information 
provided by CIWs in the field.  Such an evaluation is separate from, but likely influenced by the 
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details about the event relayed to GRYD by the LAPD. We take an inclusive approach wherein 
we treat any event as a gang crime that either LAPD or GRYD labels as such. 
 
Defining Gang Violence.  The California Penal Code (CPC § 186.22) provides guidelines for 
attaching a gang enhancement to any crime.  Any crime that is committed for the benefit of a 
gang is eligible to be labeled as a gang crime, and individuals convicted of committing such 
crimes may be subject to enhanced sentences.  How a gang label is applied in practice by police 
to individual crimes, however, is not specified by the criminal code. In general, whether a crime 
is labeled as gang-related much depends upon the circumstances of the crime. 
 
The gang-related label is complicated both by variation in the ways in which gang members and 
gang activity may be associated with an individual crime events and by potential variation in the 
criteria used by raters to determine if a crime qualifies as gang related.  In general, crimes may 
be simply gang-affiliated, meaning that the victims and/or perpetrators of the crime are known or 
suspected gang members, but the crime itself is not a direct results of gang activities (1). By 
contrast, crimes may be gang-motivated, meaning that the crime was committed to further some 
social or economic goal of the gang, including establishing or maintaining reputation. 
 
A range of criteria might be used by police or intervention workers to determine whether a 
specific crime is gang-related.  In the case of GRYD IR, a determination that an event is gang 
related is based on basic intelligence about whether: (1) the event was gang motivated; (2) the 
event occurred in a gang area; (3) the event featured gang involved or affiliated individuals; (4) 
recent activity occurred between the victim's and/or suspect's gangs, or (5) the event has the 
potential for retaliation. Different raters may weigh these criteria to different degrees. 
 
Among the crime events known to the Los Angeles Police Department (LAPD) in 2014-2015, 90 
different crime types were labeled as gang crimes.  A majority of the crime types so labeled may 
be simply gang-affiliated crimes where the offender happens to also be a gang member. Table S 
1 shows the top 15 crime types sorted in descending order by the percentage that bear a gang 
label.  Gang homicides made up 59.9% of all homicides in Los Angeles in 2014-2015.  Gang 
aggravated assaults (also sometimes referred to as assault with a deadly weapon) represented a 
greater number of events by volume (n =3,805), but constituted only 20.8% of all aggravated 
assaults recorded during this time frame.  By contrast, 171 burglaries (0.6%) were labeled as 
gang crimes in 2014-2015.  Burglaries are thus rarely labeled as gang crime and, in fact, there is 
little reason to think that even this handful of events had much to do with gang rivalries and the 
risk of retaliatory gang violence.  Rather the suspects or victims in the reported crimes may have 
been gang-affiliated, which prompted the application of the label.  Our analyses therefore focus 
on gang aggravated assaults and homicides, which are more frequently committed for the benefit 
of the gang and are particularly prone to initiating retaliation.  We adopt an inclusive approach 
and treat any aggravated assault or homicide as gang-related if the LAPD or GRYD program 
labels it as such. 

 
Table S 1. Top 15 gang crime types by volume in 2014-2015 for all LAPD data. 

Rank† Crime Type Gang  Non Gang  TOTAL 

  N % N % N 

1 Criminal Homicide 325 59.9% 218 40.1% 543 
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2 Shots Fired at Inhabited Dwelling 174 35.9% 311 64.1% 485 

3 Aggravated Assault 3,805 20.8% 14,500 79.2% 18,305 

4 Discharge Firearms/Shots Fired 144 19.2% 605 80.8% 749 

5 Attempted Robbery 294 13.8% 1,834 86.2% 2,128 

6 Robbery 1,904 12.9% 12,889 87.1% 14,793 

7 Violation of Court Order 419 11.1% 3,355 88.9% 3,774 

8 Brandish Weapon 177 9.6% 1,659 90.4% 1,836 

9 Criminal Threats - No Weapon Displayed 912 8.0% 10,551 92.0% 11,463 

10 Other Miscellaneous Crime 171 4.5% 3,591 95.5% 3,762 

11 Vandalism - Felony 639 3.0% 20,586 97.0% 21,225 

12 Vandalism - Misdemeanor 307 1.7% 17,261 98.3% 17,568 

13 Battery - Simple Assault 538 1.5% 35,550 98.5% 36,088 

14 Spousal Abuse - Simple Assault 270 1.1% 24,115 98.9% 24,385 

15 Burglary 171 0.6% 28,526 99.4% 28,697 
† Rank order based on percentage of events labeled as gang-related. 

 
 
GRYD and GRYD IR.  The City of Los Angeles Mayor’s Office of Gang Reduction Youth 
Development (GRYD) deploys a comprehensive strategy aimed at reducing gang involvement 
and gang violence.  It focuses on the provision of gang prevention and intervention services, 
violence interruption activities and proactive peace-making.  Prevention services are aimed at 
providing alternatives for youth before they join gangs.  Intervention services are aimed at 
provide pathways out of gang life for youth that have already become involved.  Violence 
interruption seeks to disrupt retaliation in the aftermath of gang violent crimes.  Proactive 
peacemaking reflects continuous efforts of Community Intervention Workers (CIWs) to tamp 
down general community tensions not tied to any one event.  Violence interruption within the 
GRYD program is termed GRYD Intervention Incident Response (GRYD IR) and is the focus of 
our analysis.  The GRYD Office was first established in 2007, community-based service 
provision began in 2009, and the GRYD comprehensive strategy was created in 2011.  The 
GRYD program design overlaps in part with Chicago’s Operation Ceasefire (now Cure 
Violence) (2).  GRYD is not a law enforcement strategy and therefore differs from the “pulling 
levers” model (3). 
 
GRYD IR uses a near real-time notification system connecting the LAPD, the GRYD Program 
Office and CIWs embedded in the communities. Notification and information sharing does not 
interfere with the principal parties taking independent actions in response to gang crime 
incidents.  The LAPD follows standard law enforcement and investigative protocols in 
responding to gang crimes.  The GRYD Program Office aggregates information and makes 
allocation decisions for non-law enforcement intervention resources. CIWs engage the 
community through direct social contacts. CIWs see crisis response in the immediate aftermath 
of gang violent crimes and rumor control as a critical tool for reducing retaliation. 
 
South Los Angeles gang violence & GRYD IR Zones. 
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We focus our analysis on violent crimes occurring in an 87.2 km2 (33.7 sq mi) area of South Los 
Angeles during 2014-2015 (Fig. S1).  As of mid-2015, ten GRYD Zones operated in South Los 
Angeles forming a contiguous case study area.  Prior to mid-2015, only seven of the ten regions 
shown were formally recognized. Nevertheless, GRYD IR received notifications and responded 
to crimes over this entire geographic area throughout 2014 and 2015.  For example, between July 
1, 2014 and December 31, 2014, GRYD IR was notified of 109 events over the South Los 
Angeles region (Fig. S2).  Between July 1, 2015 and December 31, 2015, GRYD IR was notified 
of 129 events over this region, only an 18% increase in notifications that occurred against a 
backdrop of increasing violent crime across the region.  The 77th 3 GRYD Zone is the only 
possible exception.  This GRYD Zone received few notifications prior to its formal addition. In 
all other locations, GRYD IR crimes were recorded regardless of whether there was a formal 
GRYD Zone in place or not. 
 
We therefore treat the South Los Angeles GRYD Zones as a single continuous study region for 
2014 and 2015. This region is well bounded, but still expansive enough to understand the spatial 
dynamics of gang retaliatory violence.  There is no official tally of the number of gangs present 
in the area.  The GRYD ETO database notes 54 unique gang names in association with the 
suspects and victims of gang crimes in the area.  This estimate is likely a lower bounds as many 
events lack information about suspect and victim gang affiliation.  Taken at face value, the area 
hosts 0.6 gangs per km2.  During this period, there were 5,982 aggravated assaults and homicides 
crimes reported to the LAPD strictly inside the South Los Angeles GRYD Zones (main text 
Table 1).  Of these, 1,912 were flagged as gang related.  GRYD IR was notified on 745 of the 
violent crimes, with 
 

 
Fig. S1.  Google Earth map of South Los Angeles showing the ten GRYD IR Zones in operation as of mid-2015. 
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(R = 672) is not statistically different from the expected number under random assignment (E[R] 
= 683.99) (Z = 0.73, p = 0.47).  Similarly, for gang homicides the observed number of runs (R = 
65) is not statistically different from the expected number under random assignment (E[R] = 
65.58)(Z = 0.125, p = 0.90). While the percent of crimes that lead to GRYD IR notifications 
differs by crime type, these notifications are random on a per event basis. Furthermore, the 
results of two-sample KS tests fail to reject the null hypothesis that the data come from the same 
underlying temporal (KS = 0.069, p = 0.20) and spatial distributions (KS = 0.054, p = 0.17) 
Therefore, we conclude that the assignment of events to different conditions approximates and 
randomized experimental protocol. 
 
Table S2. Results of one sample runs tests for three different categories of gang crimes in South Los Angeles. 

 Gang Aggravated Assault + 
Homicide 

Gang Aggravated 
Assault 

Gang 
Homicide 

LAPD + GRYD IR (n1) 622 470 152 

LAPD-only (n2) 1290 1249 41 

Total (N) 1912 1719 193 

Percent LAPD + GRYD 
IR 32.5% 27.3% 78.7% 

Runs 852 672 65 

Expected Mean 840.31 683.99 65.58 

Expected SD 19.18 16.47 4.62 

Z 0.609 0.73 0.125 

two-tailed p-value 0.54 0.47 0.90 
 

 
 
GRYD IR Notification and Field Deployment.  Gang crimes are typically reported to the 
LAPD first by members of the public. GRYD IR receives notification from the LAPD and from 
CIWs, when they are independently contacted by the community.  However, notification of 
GRYD IR only occurs for a fraction of all reported crimes.  We include all events where GRYD 
IR is notified, rather than restricting analysis to events where there is also some record of field 
activity by CIWs.  This analytical choice is made due to uncertainty surrounding the 
measurement of dosage associated with CIW activities (see also 2: 5-3)  
 
The resulting hypotheses based on notification of GRYD IR are conservative.  On the one hand, 
we suppose that CIWs can only have a direct impact on retaliation if they know about a potential 
triggering event. Thus, notification of GRYD IR is a logical precursor for treatment effects.  If 
notification did not lead to interventions in the field by CIWs then we would expect there to be 
no difference between the control and treatment conditions.  Specifically, even though events 
were labeled as LAPD + GRYD IR, the absence of field intervention would ensure that such 
events were no different than LAPD-only one.  On the other, if CIWs were able to source 
information about events on their own and self-deploy, operating outside of the normative 
channel of communication, then we would expect this contamination to also bias the results 
towards finding no difference between treatment and control.  In other words, some fraction of 
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events labeled as LAPD-only would include the effects of GRYD IR without formal recognition.  
Thus, LAPD-only interventions would appear similar to LAPD + GRYD because of this hidden 
activity.  Because we are able to document a significant difference between LAPD-only and 
LAPD + GRYD IR intervention effects (main text Fig. 2C) we conclude such confounds have a 
minimal impact. 
 
Methods 
 
Multivariate self-exciting point process models.  Self-exciting point process models provide a 
useful mathematical structure for considering the dynamics of retaliatory crime (4, 5). The 
problem we analyze requires that we treat gang retaliation in both space and time as well as 
events exposed to different experimental conditions.  We use a multivariate spatial-temporal self-
exciting point process model to capture these conditions: 
 

 
 
The equation describes the instantaneous rate 𝜆u at which crimes assigned to condition u.  In our 
specific case, crimes are assigned to two different conditions, those known only to the LAPD and 
those known to both the LAPD and GRYD IR.  Notice that this is a spatial-temporal model.  The 
random background rate at which gang crimes occurs may vary from place to place µ(x, y), but 
not in time.  The self-exciting triggering function is also spatially dependent.  The magnitude of 
excitation at time t and location x, y dependens not on how long ago prior crimes i = 1, 2, …, n  
occurred (t – ti), but also how nearby in space (x – xi, y – yi).  Gang crimes are more likely to 
trigger a retaliation soon after the initial event and nearby in space.  We use particular parametric 
equations for µ and g: 
 

 (S1) 
 

  (S2) 
 
The equation for µ treats the stationary background rate of crimes of type u as a sum of Gaussian 
kernels. The triggering kernel g treats the self-exciting effect of one event as decaying 
exponentially in time and Gaussian in space.  Here β is a weights matrix for the degree to which 
events assigned to condition ui contribute the background rate for events assigned to condition u.  
The parameter T is the total time period represented by the sample of gang crimes, which in this 
case is 2014-2015.  The parameters η and σ represent the spatial scale of influence for 
background events and retaliatory events, respectively (see 6). We take η = σ, which simplifies 
parameter estimation. 
 
Our quantities of interest are estimates of four key relationships encoded in matrix 𝐾$%$: (1) k11 
or the average number of LAPD + GRYD IR gang crimes triggered by a single LAPD + GRYD 
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Expectation Step: 

 
 

 
 

Maximization Step: 

 
 

 

 

 
 

 
 

 

 

 
 
Non-parametric Model Fitting and Voronoi Residuals Analysis 
 
Our parametric model choices were based on previous research on crime patterns indicating that 
exponential kernels provide a good description of the data (4).  We extended fully non-
parametric model estimation methods in (9) and (10) to the multivariate case.  The non-
parametric model is similar to the parametric form: 
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∑ (xi − x j )2 +( yi − y j )2( )
2 pij

b(k+1)

i , j=1

N

∑

Kûu
(k+1) =

pij
i, j∈Aûu
∑

(1− e−w(T −til ) )
l=1

nû

∑

βûu
(k+1) =

pij
b(k )

i, j∈Bûu
∑
nû

Aûu = i, j  index of events | ti < t j ,ui = û,uj = u{ }
Bûu = i, j  index of events | ui = û,uj = u{ }

λu(x , y)= µk(x , y)+ Kuiu
ti<t
∑ v(t −ti ,x − xi , y − yi ).

µu(x , y)= γ uτ(x , y)=
γ u
T

pii
2πdi2i=1

N

∑ exp(− (x − xi )
2 +( y − yi )2
2di2

)
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and we assume that 	𝑣 𝑥, 𝑦, 𝑡 = 𝑔 𝑡 𝑓 𝑥, 𝑦 , which will be estimated non-parametrically.  The 
term di us computed by finding the radius of the smallest disk centered at (xi, yi) that contains at 
least np other events, and is greater than some small value 𝜖 representing the location error.  In 
(11) they suggest taking np between 15-100 and 𝜖 = 0.02 degrees. 
 
The log-likelihood function is: 
 

 
 
From EM we determine the nonparametric algorithm. We define pij as the probability that event i 
triggers j for ti < tj and pii as the probability that i is from background and pij = 0 for ti > tj. We 
define 𝑛56789 as the number of bins in time and 𝑛:6789 as the number of bins in space. Ck is the set 
of events pairs (i, j) such that tj - ti belongs to the kth bin. Dk is the set of events pairs (i, j) such 
that rij is the distance between i and j belongs to the kth bin. 𝑁< is the number of events with type 
u. Finally, δ> is the size of kth bin in time and δ? is the size of the kth bin in space.  Further 
discussion of parameters can be found in (10). 
 
The algorithm for our nonparametric method is: 
 

• Step 1: Initialize the P(0) = (pij) matrix randomly, index v = 0. 
 

• Step 2: Update 
 

 
 
where ui is the type of event i and  
 

 
 

• Step 3: Update 
 

 
 
where 𝑘 = 1,… , 𝑛56789and 𝑘 = 1,… , 𝑛:6789for 𝑔C

(E)and ℎC
(E), respectively. 

 
• Step 4: Update 

l = l
i=1

N

∑ og(λu(ti ,xi , yi ))− λuS∫∫0
T

∫ (t ,x , y)dsdt⎛

⎝⎜
⎞

⎠⎟u=1

U

∑ .

γ u
(v ) =

pii
(v )

ui=u
∑
Z (v )

1
Z (v )

τ
S∫∫0

T

∫ (x , y)dsdt =1.

Kαβ
(v ) =

pij
uj=β
∑

ui=α
∑
Nα

, gk
(v ) =

pij
(v )

i , j∈Ck
∑

δtk pij
(v )

i , j
∑

, and	hk(v ) =
pij
(v )

i , j∈Dk
∑

δrk pij
(v )

i , j
∑

,
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and 
 

 
 

Then normalize such that for any j 𝑝7I = 1J
7KL .  Here 2𝜋𝑟𝑓(E) = ℎ(𝑟). 

 
• Step 5: If 𝑚𝑎𝑥7I 𝑝7I

(EQL) − 𝑝7I
(E) < 𝜖, then the algorithm has converged. In practice we 

take ϵ = 10UV. Otherwise, set v	 ⟵ 	v	 + 	1 and repeat Steps 2–5 until convergence. 
 
Once a model is estimated, a powerful technique for evaluating model performance is Voronoi 
residuals (12). Voronoi residuals allow the examination of differences between the modeled 
conditional intensity and the observed number of points within spatially adaptive Voronoi cells. 
Using color scaling allows us to see the spatial locations where a model is over or under 
estimated. Cells with blue shades indicate an overestimation of the intensity while cells with red 
indicate an underestimation. In addition, comparison to a color scale defined by a null Poisson 
model further helps interpret performance (13).  
 
Stochastic declustering.  Gang crimes occurring in a given area represent a mixture of those that 
are background events and those that are retaliatory in response to other crimes.  We wish to sort 
events into these two groups to understand how important background and retaliatory processes 
are for gang violence overall.  
 
Stochastic declustering is a suite of methods developed in the study of earthquake catalogs where 
the goal is to distinguish between background seismicity and aftershocks (11). The same 
methods can be applied to the study of crime (14).   
 
Starting with a self-exciting point process model like the one developed here, stochastic 
declustering proceeds through a thinning procedure that removes events probabilistically 
classified as retaliations.  The events remaining after thinning represent the background events 
generated by a spatially non-homogeneous Poisson process 𝜆(t, x, y) = µ(x, y).  Specifically, in 
the univariate case, the probability that an event j is a retaliation is given by 
 

 
 
The probability that an event j is a background event is therefore  
 

pij
(v+1) = Kuiuj

(v ) g(v )(t j −ti ) f (v )(rij ) for		ti < t j ,

pjj
(v+1) = µuj (x j , y j ).

ρ j =

g
ti<t j

∑ (t j −ti ,x j − xi , y j − yi )

λ(t j ,x j , y j )
.
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For a catalog of N total crimes and a point process model fit to those events, the simplest 
procedure is to generate N uniform random variables U1, U2, …, UN in the range [0,1].  An event 
is classified as a background crime when Uj < 1 – ρj, otherwise it is removed and classified as a 
retaliation (11). 
 
Note that the assignment of an event to being background or retaliation is a probabilistic 
classification. On average the relative mixture of background and retaliation events is correct for 
a given time window and spatial region, but we cannot say with absolute certainty whether any 
specific event is or is not a retaliation. 
 
Estimating Statistical Significance. Our null hypothesis is that the GRYD IR interventions 
have no impact. That is GRYD IR does not reduce gang violence.  If this null hypothesis is true 
then the ground truth values of the matrix K should be k11 = k01 and k10 = k00.  Given estimates k11 
and k01 and standard errors s11 and s01, for example, the quantity 
 

𝑘LL − 𝑘ZL
𝑠LL\ + 𝑠ZL\

 

 
should be t-distributed and for large samples approximately standard normal. The p-value 
associated with the magnitude of the observed difference between estimates of k11 and k01 can be 
computed directly against the cumulative distribution for the standard normal.  We reject the null 
hypothesis based on standard probability criteria. 
 
Results 
 
Gang vs. non-gang crime in South Los Angeles. We adapt the multivariate self-exciting point 
process model to consider the retaliatory dynamics for gang aggravated assaults and homicides 
interacting with non-gang aggravated assaults and homicides (Fig. S5).  Here we allow for the 
possibility that retaliation may occur within officially recognized gang crimes as well as between 
gang crimes and non-gang crimes.  We expect gang aggravated assaults and homicides to trigger 
significantly more retaliations than non-gang crimes of the same type. 
 

1− ρ j =
µ(x j , y j )

λ(t j ,x j , y j )
.
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statistically defined as background events.  Similarly, declustering identified a total of 403 
LAPD-only gang aggravated assaults and homicides in 2014-2015 as retaliatory (see Table 2 in 
the main text).  The remaining 877 gang aggravated assaults and homicides were statistically 
identified as background events.  The counterfactual conditions suggest that retaliatory gang 
aggravated assaults and homicides would have been 48.8% and 15.0% higher in the absence of 
GRYD IR for events recorded, respectively, as LAPD + GRYD IR and LAPD-only.  Thus 
GRYD IR prevented an estimated total 82.2 retaliatory gang aggravated assaults and homicides.  
An estimate based on city-wide data, suggests that homicides make up on average 5.4% of all 
gang retaliations. Thus, in South Los Angeles, the prevented crimes are expected to include 4.4 
retaliatory homicides and 77.8 retaliatory aggravated assaults. 
 
We refer to McCollister et al. (15) for estimates of the costs of crime.  In their work the total cost 
of a single homicide to government, victims and suspects is approximately $8.98 million. The 
cost of a single aggravated assault is $240,000.  We simply multiply these figures by the 
estimated number of prevent aggravated assaults and homicides, respectively. The estimated 
number of homicides prevented by GRYD IR may add up to savings between $39.4 million over 
two years.  The savings from prevented gang aggravated assaults in South Los Angeles may 
amount to an additional $9.5 million over two years.  The combined savings per year in South 
Los Angeles alone may amount to $49.0 million. 
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 Captain Jorge R Rodriguez 

Commanding Officer LAPD, Newton Area 
c/o Honore G. Rausch, Secretary 
Los Angeles Police Department 
Newton Community Police Station 
3400 South Central Avenue 
Los Angeles, California 90011  
 

Date  17 February 2017  

Our Ref. 2017/052/I/IGCI/IW2017/NN/ms  

Contact
  

Margaret Samuel 
m.samuel@interpol.int 

   
 

Subject INTERPOL World 2017 – Invitation to Speak at the Congress  

 
Dear Captain Rodriguez, 
 
The security landscape is evolving with the advancement of technologies. Criminals are taking 
advantage of technology, ease of international travel and the anonymous world of virtual business to 
disrupt public security and commercial stability.  
 
INTERPOL established its Global Complex for Innovation to respond to increasing challenges in the 
operational landscape. The goal is to enable police worldwide to stay one step ahead of criminals by 
providing law enforcement capabilities and possible solutions to confront increasingly ingenious and 
sophisticated challenges.  
 
As such, the INTERPOL World event was launched in 2015 to be a strategic platform for exchanges 
between actors confronted with security challenges and the actors developing innovative solutions for 
such challenges. The inaugural event saw many international manufacturers and providers showcasing 
innovative technologies and solutions from both public and private sectors. 
 
INTERPOL World is supported by Singapore’s Ministry of Home Affairs, World Economic Forum and 
Singapore Exhibition and Convention Bureau. 
 
INTERPOL World 2017 
With a vision of fostering innovation for future security challenges, the second edition of INTERPOL 
World will take place at Suntec Singapore Convention and Exhibition Centre. More details can be found 
at www.interpol-world.com. 
 
The three day INTERPOL World Congress is a knowledge exchange platform that engages in a multi-
stakeholder approach to discuss about strategic challenges and solutions to future crime. The themes 
of the Congress are: 

 4 July 2017, Tuesday 
Shedding light on the “Dark side”– Cyberspace and the future of policing; managing cyber 
threats to society from the “hidden” Internet. 

 5 July 2017, Wednesday 
Prevention – Getting smarter, faster and more precise. Preparing policing strategies, approach 
and tactics for managing urban centers and global cities of the future. 
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 6 July 2017, Thursday 
Identity management and detection in a borderless world. Law enforcement, migration and 
border management in an age of globalization. 

 
Each day, the Congress will take on a similar format as follows: 

 Segment 1 : INTERPOL World Dialogue 
A moderated session with expert panelists to discuss and shade new light on ways to overcome 
emerging security and public safety issues affecting the international community. 

 Segment 2 : Strategic Perspective 
Presentations from academia, researchers on in-depth analysis of the situation, trends, future 
trajectory and recommended policy and/or technological solutions. 

 Segment 3 : Operational Perspective and Case Studies 
This session will involve solution providers or manufacturers to showcase futuristic R&D 
and/or new solutions to tackle the problem statement.   
Law enforcement agencies will also be invited to share their successful implementation of 
innovations and technologies in their field of work. 

 
INTERPOL would like to invite you to share a case study on Los Angeles Police Department’s adoption 
of a cloud-based crime prediction software (PredPol) and how application of analytical techniques, 
particularly statistical techniques have helped your department to identify promising targets for police 
intervention and ultimately help to prevent or solve crime. Your presentation should be about 20min 
and will be scheduled on 5 July 2017, Segment 3. 
 
If you accept this invitation: 

 The event, INTERPOL World, will cover your air travel, accommodation expenses and land 
transfers during your stay in Singapore in July 2017.  For your air travel to Singapore, we will 
arrange your ticket as per your organization’s practice and regulation. 

 Your speaker badge will allow you to access the INTERPOL World Exhibition, Congress, VIP 
lounges and all networking events during the duration of the event. The three day INTERPOL 
World Exhibition, taking place from 5-7 July 2017, will showcase solutions from 300 
international manufacturers and solution providers. 

 
Please feel free to contact my following colleagues should you need more information: 

 Ms Margaret Samuel  
Directorate Secretary, Innovation Centre, INTERPOL Global Complex for Innovation 
m.samuel@interpol.int 

 
We would be delighted to benefit from your recognized expertise and sincerely hope to meet you at 
INTERPOL World 2017.  It is our strong opinion that your contribution to the Congress would be greatly 
beneficial for all participants. 
 
We look forward to your reply by 28 February 2017. 
 
       Yours sincerely, 

       
       Noboru Nakatani 
       Executive Director 
       INTERPOL Global Complex for Innovation 



IPAM 2017 RIPS-LAPD Project 
 
Conversational Turn-Taking in Police Body-Worn Video 
 
Industry Sponsor: Deputy Chief Sean Malinowski (LAPD Chief of Staff); Sgt. Dan Gomez, Sgt 
Rogelio Nunez, Ofcr Bill Coleman, Mr. Arnold Suzukamo (LAPD-IT Bureau). 
 
Academic Mentor:  
 
Academic Supervisors: Jeff Brantingham, UCLA Anthropology; Dr. Craig Uchida, Justice & 
Security Strategies 
 
Introduction 
 
Body-worn video (BWV) or on-body cameras provide a novel means to collect very fine-
information about police-public interactions.  The general use model requires officers to initiate 
recording of video whenever there is an encounter with a member of the public. During such 
interactions, BWV is recorded in real-time.  Recording is terminated at the officer’s discretion.  
BWV is not streamed or reviewed in real-time, but rather is uploaded to a secure cloud storage 
system at the end of an officer’s shift. 
 
BWV is designed to provide another line of evidence for the actions of individuals and the 
outcomes of interactions between police and members of the public.  BWV is therefore evidence 
relevant to legal proceedings like any other form of evidence collected by police.  In a limited 
number studies, BWV has been shown to reduce the likelihood that situations escalate to a point 
requiring use of force.   
 
There are considerable challenges facing wide-spread use of BWV.  Even small scale 
deployments are expected to lead to massive volumes of video data that will quickly outstrip the 
ability of law enforcement agencies to analyze. The resulting fallback position will be to review 
BWV footage only when it corresponds to adverse outcomes (e.g., use of force).  Most video will 
go unused. Many of the potential benefits of BWV may therefore go unrealized. 
 
The 2017 LAPD-RIPS Project 
 
The 2017 RIPS-LAPD team will work to develop methods for the automatic discrimination and 
labeling of audio-video segments into the following categories: (1) the focal police officer 
speaking; (2) other actors speaking; and (3) overlapping speech involving the focal officer and 
others. The focal police officer is defined as the officer wearing the camera. The goal is not 
speech content recognition, or transcription. Rather we wish to identify when police officers 
exclusively are speaking relative to one or more other actors in a video scene and when the 
officer and others are trying to override one another with speech. Measures of conversational 
turn taking may then be computed.  Conversational turn taking may provide evidence of when 
interactions are escalating or de-escalating without specific knowledge of the content of speech.  
Understanding when interactions escalate and de-escalate can be of tremendous value in helping 
to minimize the risk of adverse outcomes in police-public interactions. 



 
The project will rely on a range of data types BWV metadata (e.g., time stamps), BWV audio, 
and the video images themselves. Computations may be done in Matlab, Mathematica, C, C++, 
R, Java, or other appropriate computational language.  
 
Key Milestones: 
 
1. Statistical assessment of LAPD BWV and other associated data. 
2. Develop speech segmentation methods. 
3. Measuring conversational turn taking. 
4. Testing of efficacy of methods. 
5. Present to LAPD. 
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Understanding when interactions escalate and de-escalate can be of tremendous value in helping 
to minimize the risk of adverse outcomes in police-public interactions. 
 
The project will rely on a range of data types BWV metadata (e.g., time stamps), BWV audio, 
and the video images themselves. Computations may be done in Matlab, Mathematica, C, C++, 
R, Java, or other appropriate computational language.  
 
Key Milestones: 
 
1. Statistical assessment of LAPD BWV and other associated data. 
2. Develop speech segmentation methods. 
3. Measuring conversational turn taking. 
4. Testing of efficacy of methods. 
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Introduction 

 

Body-worn video (BWV) or on-body cameras provide a novel means to collect very fine-

information about police-public interactions.  The general use model requires officers to initiate 

recording of video whenever there is an encounter with a member of the public. During such 

interactions, BWV is recorded in real-time.  Recording is terminated at the officer’s discretion.  

BWV is not streamed or reviewed in real-time, but rather is uploaded to a secure cloud storage 

system at the end of an officer’s shift. 

 

BWV is designed to provide another line of evidence for the actions of individuals and the 

outcomes of interactions between police and members of the public.  BWV is therefore evidence 

relevant to legal proceedings like any other form of evidence collected by police.  In a limited 

number studies, BWV has been shown to reduce the likelihood that situations escalate to a point 

requiring use of force.   

 

There are considerable challenges facing wide-spread use of BWV.  Even small scale 

deployments are expected to lead to massive volumes of video data that will quickly outstrip the 

ability of law enforcement agencies to analyze. The resulting fallback position will be to review 

BWV footage only when it corresponds to adverse outcomes (e.g., use of force).  Most video will 

go unused. Many of the potential benefits of BWV may therefore go unrealized. 

 

The 2017 LAPD-RIPS Project 

 

The 2017 RIPS-LAPD team will work to develop methods for the automatic discrimination and 

labeling of audio-video segments into the following categories: (1) the focal police officer 

speaking; (2) other actors speaking; and (3) overlapping speech involving the focal officer and 

others. The focal police officer is defined as the officer wearing the camera. The goal is not 

speech content recognition, or transcription. Rather we wish to identify when police officers 

exclusively are speaking relative to one or more other actors in a video scene and when the 

officer and others are trying to override one another with speech. Measures of conversational 

turn taking may then be computed.  Conversational turn taking may provide evidence of when 

interactions are escalating or de-escalating without specific knowledge of the content of speech.  



Understanding when interactions escalate and de-escalate can be of tremendous value in helping 

to minimize the risk of adverse outcomes in police-public interactions. 

 

The project will rely on a range of data types BWV metadata (e.g., time stamps), BWV audio, 

and the video images themselves. Computations may be done in Matlab, Mathematica, C, C++, 

R, Java, or other appropriate computational language.  

 

Key Milestones: 

 

1. Statistical assessment of LAPD BWV and other associated data. 

2. Develop speech segmentation methods. 

3. Measuring conversational turn taking. 

4. Testing of efficacy of methods. 

5. Present to LAPD. 
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LAPD Trial Overview
Overview

The Los Angeles Police Department, alongside Justice & Security Strategies Inc., UCLA, and
the Los Angeles Police Foundation, is conducting a three-year study of the use of body worn
cameras by law enforcement. Under a grant from the National Institute of Justice and the
United States Department of Justice, the four organizations are evaluating the use of cameras
and examining the way in which footage from cameras is analyzed by third party machine
learning vendors. LAPD plans to partner with the vendor(s) that demonstrates a solution that
enhances LAPD’s existing body-worn video workflows by producing high quality data. 

Trial Requirements

EVALUATION CRITERIA

There are two key components that will be evaluated:

1. Accuracy: LAPD will provide a set of 400 videos. Each video is associated with one of
three categories: vehicle pursuit, pedestrian stop, traffic stop. Vendors will be tested on
their ability to train a model that correctly matches a video to its proper category. 

2. Performance: Performance is a vendor’s ability to go beyond identification and cate-
gorization of the video footage to add value to LAPD’s body-worn camera workflows.
There are multiple factors, including speed of analysis and reducing the overall amount
of time it takes for the department to review footage. 

EVALUATION PROCESS

LAPD will give each vendor 30 days to demonstrate Accuracy and Performance based on ap-
proximately 400 videos of uncategorized footage (this follows a 60-day period where vendors
had access to 300 categorized videos to train their models). The vendors will prepare their
results for a demo day, an evaluation that will take place at LAPD Headquarters.* 

The following members will participate in vendor evaluation and selection: Sgt. Dan Gomez,
LAPD; Arnold Suzukamo, LAPD; Sgt. Jose Macias, LAPD; Dr. Craig Uchida, JSS; Todd Maxwell,
Department of Justice; Dr. Jeff Brantingham, UCLA.

*Following demo day, the evaluation team will provide each vendor with a summary of findings
from the evaluation process.



IMPORTANT DATES

Start date - The date when vendors receive and download all videos in the training set.

March 20, 2017

**Evaluation set date - Approximately 60 days after the Start date vendors will receive the test
video set. 

~May 19, 2017

Presentation date - Approximately 90 days after the Start date. Demo day presentations are
approximately 60-90 minutes. 

~June 19, 2017

**To improve the validity of the test, we suggest you consider shortening the evaluation period
from 30 days to 7 days. The results produced in a 7-day period will be more illustrative of the
accuracy and performance of the machine learning models, and will give each vendor a bet-
ter opportunity to demonstrate the speed of the automated analysis. In addition, 30 days is a
long enough period to introduce methods that might alter the automated analysis, like manu-
ally generating results or tailoring the machine learning models to the test data set.

DATA

All LAPD provided videos will be associated with one of the following three categories:

1. Vehicle Pursuit: An event involving one or more law enforcement officers in a patrol ve-
hicle attempting to apprehend a suspect operating a motor vehicle while the suspect
is attempting to avoid arrest (or detention) by using high speed driving or other eva-
sive tactics. Vehicle Pursuit also involves events resulting of the aftermath of the pursuit
such as a standoff, an area search or a foot chase. 

2. Traffic Stop: An event involving one or more law enforcement officers in a patrol vehi-
cle temporarily stopping a motor vehicle to investigate a possible crime or traffic viola-
tion, interacting with the driver of the stopped motor vehicle, and issuing a ticket and/
or warning to the driver of the stopped motor vehicle. 

3. Pedestrian Stop: A pedestrian stop is one or more law enforcement officers on foot, on
a bicycle, or in a patrol vehicle temporarily stopping a pedestrian that is on foot or on
a bicycle to investigate a possible crime or traffic violation, interacting with the pedes-
trian, and issuing a ticket and/or warning to the pedestrian that was stopped. 

All vendors will receive the same two sets of un-redacted video footage recorded by LAPD
officers wearing body-worn cameras in the field:

1. Training data: 300 videos (~100 videos per category)

2. Evaluation data: Uncategorized sample of 400 videos (this sample is limited to videos
in the three categories)



The vendors are encouraged to spend time with the LAPD team to better understand the de-
partment’s workflows and processes, and use this information and insight as an input to de-
velopment. Beyond working directly with the LAPD team, the vendors are not to solicit feed-
back from the evaluation team.  

The vendors may supplement the training and test data provided by LAPD with third party
data. However, the vendors are prohibited from using third party solutions with the exception
of: 1) a CJIS compliant workforce and 2) Microsoft Azure Services. 

BUDGET

There are no financial obligations for LAPD and its partners during the trial. All vendors must
cover the full cost of participation. The LAPD has no obligation to buy or purchase after the
trial. 

Selection

The evaluation team will select the vendor that demonstrates the best Accuracy and Perfor-
mance at the end of the 90-day trial. Multiple vendors may be selected. For the vendor(s)
that is selected, LAPD will work closely with the vendor to implement the technology solu-
tion within the department. Terms and pricing will be negotiated after the selection has been
made. 
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Abstract

Retaliation propels gang violence. Spontaneous attacks resulting from chance
encounters between rivals, or situational interactions that challenge gang territory or
reputation can trigger cycles of tit-for-tat reprisals. Yet it has been difficult to
determine if interventions that seek to reduce the likelihood of retaliation translate into
lower rates of gang crime. Here we use multivariate spatial-temporal point process
models to quantify the magnitude of retaliation arising from gang crimes given two
different types of post-event interventions. The methods are well-suited to analysis of
real-world interventions where there is imperfect separation between test conditions.
Our analyses of quasi-experimental interventions in Los Angeles indicates that civilian
Community Intervention Workers, tasked by the Gang Reduction Youth Development
program, cut gang retaliations by 45.3%, independently of the effects of policing.
Efforts to engage impacted families and control rumors undertaken in the immediate
aftermath of gang violent crimes reduced the contagious spread of violence. These
findings have important implication for the design, implementation and evaluation of
gang violence prevention programs.

Introduction 1

Gang violence is distinctive for its ability to trigger clusters of retaliatory crimes [1, 2]. 2

Interactions between gangs that threaten geographic territory or gang reputation can 3

easily escalate to a shooting, while a shooting or homicide often demands retribution in 4

kind [3, 4] ultimately driving a sequence of tit-for-tat reciprocal attacks [5–7]. 5

Retaliation adds to the cumulative volume of violent crime and stronger retaliatory 6

forces add more total crime [8–10]. It is important therefore to evaluate whether 7

targeted interventions intended to reduce gang violence can do so by seeking to disrupt 8

the process of retaliation [11]. The core premise of violence interruption is that 9

PLOS 1/16



street-level conflict mediation and rumor control in the immediate aftermath of a gang 10

violent crime not only dissuades at-risk individuals from seeking quick payback [12], but 11

also reduces tensions in the community that drive a broadly perceived need for street 12

justice [4]. Prompt, community-focused deescalation is therefore thought to reduce the 13

likelihood of retaliation. Although several studies have examined the aggregate impacts 14

of comprehensive anti-violence programs, including as one part efforts to interrupt 15

street violence [11,13–15], these produced mixed results [16–18]. Previous research has 16

not quantified the direct impacts of violence interruption on gang retaliation. Here we 17

show that such impacts can be estimated directly from crime event data using a unique 18

multivariate point process model. 19

0.0.1 Defining gangs and gang violence 20

Gangs and gang crime are inherently difficult to define [19,20]. In Los Angeles, the 21

focus of the empirical case here, the California Penal Code (CPC) provides a common 22

and consistent starting point for law enforcement and violence interruption efforts. A 23

“criminal street gang” is defined as an “ongoing organization, association, or group of 24

three or more persons, whether formal or informal, having as one of its primary 25

activities the commission of one or more of the criminal acts enumerated [in the CPC], 26

having a common name or common identifying sign or symbol, and whose members 27

individually or collectively engage in or have engaged in a pattern of criminal gang 28

activity” (CPC §186.22(f)). A gang crime is therefore a “felony committed for the 29

benefit of, at the direction of, or in association with any criminal street gang, with the 30

specific intent to promote, further, or assist in any criminal conduct by gang members” 31

(CPC §186.22(b)). The penal code definition may be criticized for being overly narrow, 32

failing to recognize the diversity of social relationships and activity patterns attributable 33

to gangs and, perhaps more importantly, the gradations of individual gang involvement 34

or embeddedness [21]. Crime events might similarly reflect degrees of connection to 35

gangs and gang activity. In general, a crime may be gang motivated, meaning that it 36

was the result of activity in support of the gang, or simply gang affiliated, meaning that 37

it was committed by one or more individuals embedded in a gang, but was otherwise 38

unconnected to gang activity [7]. Whereas individual self-reporting may provide a 39

suitable approach for characterizing the diversity ways in which individuals might be 40

involved in gangs, there is no equivalent method for labeling gang crimes. We therefore 41

rely on law enforcement and interventionist determinations of whether a crime is 42

gang-related. These determinations are based on a range context-dependent criteria 43

including whether the crime occurred in a known gang area, featured gang-involved or 44

gang-affiliated individuals, appears connected to recent activity between nearby gangs, 45

appears to be gang motivated, or is deemed to have the potential for retaliation. The 46

more criteria associated with a given crime event, the more likely it is to be labeled a 47

gang crime. Nevertheless, we recognize that gang member involvement in a crime may 48

carry more weight than other criteria when labeling an event as gang-related, especially 49

for law enforcement. We focus only on aggravated assaults and homicides, violent 50

crimes where gang-motivated retaliation plays a central role [22,23]. 51

Retaliatory violence is similarly difficult to define. Qualitative criteria play a 52

dominant role in determining whether a given crime is a retaliation, or has the potential 53

to trigger a retaliation [4, 8]. The views of victims, witnesses, general knowledge about 54

gang rivalries, and the long-term and recent history of gang interactions, including 55

violence crimes, all weigh in making a such determinations. Whether or not a crime is 56

deemed gang-related is also clearly connected to whether or not it is deemed to be a 57

retaliation or have a potential for retaliation. While satisfying the desire to treat each 58

crime as having a complex social and situational cause, such qualitative labels are 59

difficult to verify on their own. We take an alternative approach that uses the statistical 60
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dependence between events as the basis for identifying retaliation (see below). 61

0.1 Modeling Gang Violence 62

Recent advances in statistical modeling of point processes reveal the dynamics of 63

randomly occurring events characterized by self-excitation or contagion [24–27]. We 64

consider Hawkes process models [28] with conditional intensity: 65

λ(t, x, y) = µ(x, y) +
∑
ti<t

Kg(t− ti, x− xi, y − yi), (1)

where λ is the infinitesimal rate at which events accumulate at any point in space-time, 66

given the entire history of the process. The model provides an intuitive characterization 67

of gang violent crime events [29](Fig. 1A). It partitions the causes of crime into 68

background processes µ(x, y), such as simmering gang rivalries, that generate crimes at 69

a constant, but spatially variable rate, and contagion processes Kg(t− ti, x− xi, y − yi) 70

that locally and briefly amplify the rate at which crime occurs. 71

The Hawkes model presents a novel probabilistic conceptualization of retaliation. To 72

wit, background crimes are statistically independent of previous recorded events. 73

Background crimes therefore cannot be retaliatory since retaliation by definition 74

requires that a crime was committed in response to one or more prior crimes. 75

Conversely, crimes triggered via self-excitation are statistically dependent on one or 76

more prior events. Statistical dependence between crimes is robust criterion for 77

identifying retaliatory crimes, though such crimes should not be equated exclusively 78

with tit-for-tat violence between a dyad of rival gangs [8, 29]. Two crime events may be 79

statistically dependent through a range of contagion-like processes occurring both within 80

and between groups [1,22,30,31]. For example, a gang may successfully attack one rival, 81

which encourages them to quickly mount another attack against against a completely 82

different rival [8]. Alternatively, conflict between individuals within a single gang may 83

lead to retaliations that do not escape that local social network [32]. As discussed below, 84

treatment interventions are mounted as if retaliation is the dominant contagion process. 85

We suggest also that our probabilistic measure of retaliation is potentially more robust, 86

and certainly more broadly applicable than methods that elicit a qualitative judgment 87

from the street about whether one crime is a retaliation for some other crime. People 88

are notoriously bad a evaluating the delinquency of peers [33, 34] and, in the absence of 89

direct involvement, there is little reason to believe that they are any better at judging 90

whether one event is a retaliation for another. Indeed, the central importance of rumor 91

control in the civilian gang interventions discussed below proves as much. Even if such 92

street-level judgments were reliable, the probabilistic measure suggested here is tractable 93

for the large number of incidents where there is no qualitative information to be had. 94

We extend the above model to a multivariate framework [35] useful for describing 95

real-world interventions at the scale of individual events. In such quasi-experimental 96

field settings there is often imperfect separation between experimental conditions. To 97

account for interactions we propose the conditional intensity: 98

λu(t, x, y) = µu(x, y) +
∑
ti<t

Kuiug(t− ti, x− xi, y − yi), (2)

Here ui is the type of event i where ui = 0 represent an event assigned to a 99

non-intervention control condition and ui = 1 an event assigned to an intervention 100

treatment condition. The model is easily modified to accommodate more than two 101

interacting experimental conditions. The spatially inhomogeneous background rate in 102

model [2] is now partitioned by condition u. The parameter Kuiu is now the expected 103

number of retaliations of type u directly triggered by an event of type ui. Thus we have 104
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four productivity parameters to estimate, Kuiu = k11, k01, k10, and k00, representing the 105

four possible interactions between treatment and control conditions (Fig. 1B). If 106

treatment interventions are effective, then we expect fewer retaliations on average 107

following events exposed to the treatment. Estimated productivity parameters should 108

therefore satisfy k11 < k01 and k10 < k00. We estimate the model parametrically using 109

an expectation-maximization (EM) algorithm [36] and evaluate the model using 110

simulation, non-parametric models and Voronoi residuals [37,38] (see Supplementary 111

Information). 112

Experimental Setting 113

We analyzed gang violence in a unique quasi-experimental setting in Los Angeles. Each 114

gang crime reported to the police prompts a field intervention either by police, or by the 115

police and civilian gang intervention workers. The allocation of intervention conditions 116

following each reported crime is approximately random, providing a measure of control 117

over exogenous confounds (see below). 118

The control condition consists of field interventions by the Los Angeles Police 119

Department (LAPD-only). LAPD follows standard law enforcement and investigative 120

procedures when responding to a violent crime. Within the first minutes and hours after 121

a reported gang crime, LAPD is focused on securing the scene, collecting physical 122

evidence, and interviewing victims, suspects and other witnesses in an attempt to 123

establish the physical and social circumstances of the crime. The LAPD is undoubtedly 124

concerned with mitigating the potential for retaliation, their primary goal is to identify 125

and hold accountable those responsible for the reported crime. 126

The treatment condition consists of field interventions by the police, but with 127

additional notification of the City of Los Angeles Mayor’s Office of Gang Reduction and 128

Youth Development Incident Response (LAPD + GRYD IR). The LAPD field response 129

is identical to that for the control condition. GRYD IR interventions take a different 130

course. Upon receiving notification, regional program coordinators in the main GRYD 131

Office task civilian Community Intervention Workers (CIWs) with responding to the 132

scene. The protocol is for response to occur within 30 minutes of receiving notification. 133

CIWs are not concerned with solving the current crime, but rather use non-law 134

enforcement methods in an attempt to disrupt future retaliation. Many 135

situationally-dependent actions, calibrated to micro-level processes of the gang [22], may 136

be involved in disrupting retaliation. These include, but are not limited to engaging 137

known actors who, based on the circumstances of the crime, may be at specific risk of 138

seeking retribution, eliciting the support of community leaders, or facilitating access to 139

services for a victim’s family. However, rumor control by CIWs is perceived to be the 140

most important of all the actions taken. Rumor control focuses on stopping the spread 141

of misinformation about whether the crime was gang-related, who was responsible for 142

the crime and who is likely to seek retribution. Importantly, CIWs vigorously protect 143

their independence from the police, which they see as critical to their “license to 144

operate” in the community. Tasking by the GRYD regional program coordinator creates 145

an information buffer between CIWs and the LAPD, while the CIWs call to “never 146

cross the yellow tape” provides a physical buffer. We therefore hypothesize that the 147

additional efforts of civilian CIWs reduces the risk of retaliation above and beyond the 148

effects of the police. 149

It is important to be clear that other anti-violence efforts form a common backdrop 150

to both LAPD and GRYD IR interventions. In addition to incident response, the GRYD 151

program provides comprehensive prevention and intervention services in gang-impacted 152

communities. These seek to divert at-risk youth and help individuals leave the gang life, 153

respectively. The police, city and independent non-profit organizations also support 154
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Fig 1. Self-exciting point process models capture the dynamics of gang violent crime
events. (A). A temporal self-exciting point process model λ(t) = µ+

∑
ti<tKg(t− ti)

with exponential kernel g(t) = ωe−ωt fit to a sample of gang aggravated assaults and
homicides in South Los Angeles from 2014-2015. Two cycles of gang violent crimes
occur within a period of eighteen days. The conditional intensity λ reflects the
instantaneous rate of gang crime. The background rate µ is the expected rate of gang
crime in the absence of retaliation. A crime causes λ to jump by an amount Kω,
increasing the risk of retaliation. The risk of retaliation following a single crime decays
exponentially with a rate ω and mean lifetime of 1/ω. If an intervention (red event)
reduces the risk of retaliation, then we expect the conditional intensity to fall (dashed
line) and future crimes to be less likely to occur than in the absence of intervention (B).
Gang crimes assigned to two different experimental conditions are modeled as two
interacting point processes. Non-retaliatory gang crimes assigned to each condition arise
spontaneously at rate µj . Retaliations assigned to each experimental condition may be
triggered through separate pathways. Parameter kij is an estimate of the average
number of retaliations of type j triggered by a single crime of type i. Pathways k11 and
k10 link previous treatment crimes to treatment and control retaliations, respectively.
Pathways k00 and k01 link previous control crimes to control and treatment retaliations,
respectively. If treatment interventions (red events) reduce the risk of gang retaliation,
then we expect k11 < k01 and k10 < k00.

youth recreation programs, job training, tattoo removal, addiction counseling, and gun 155

buyback events, all of which may contribute to a broader anti-violence effects. Custody, 156
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probation and parole are also at play in the background. These potential confounds are 157

mediated by the random notification process that prompts interventions (see below). 158

In sum, the experimental units under consideration are the places and persons 159

exposed to interventions in the immediate aftermath of a reported gang violent crime. 160

However, the outcome of interest is the frequency and pattern of gang crimes subsequent 161

to intervention exposure. We do not know the specific actions taken by police or civilian 162

gang intervention workers during any one intervention. However, that intervention 163

dosage is not directly measured does not preclude identifying treatment effects. Indeed, 164

the setting here is very similar to most hot spot policing experiments where the 165

experimental units are geographic locations and the local populations in those hot spots 166

that receive police attention, while the measured outcome is crime volume or calls for 167

service. The content of any one hot spot intervention—what was done by police and 168

with whom police interacted—remains largely unobserved [39–41]. But the lack of such 169

detailed information has not precluded measuring the effects of hot spot interventions. 170

In the present case we know that a crime event prompts one of two types of 171

interventions (LAPD-only or LAPD + GRYD IR) and we seek to measure the effects of 172

those interventions without knowing exactly what happened in each intervention case. 173

1 Data 174

We analyze crimes occurring in an 87.2 km2 area of South Los Angeles during 2014-2015 175

(Fig. 1 in SI Appendix). The area of interest is covered by ten GRYD Zones, formal 176

areas designated by the city as eligible for GRYD services. The area represents 6.7% of 177

the total land area of Los Angeles (~1,302 km2) and about 15.5% of the total 178

population (~3.9 million), but accounted for 45.3% of serious gang crimes city-wide in 179

2014-2015. We limit our consideration to aggravated assaults and criminal homicides, 180

crimes which entail a greater risk of retaliation compared to other crime types. 181

Aggravated assaults involve the use of a deadly weapon, which in the context of gang 182

violence is almost always a gun. In 2014-15, a total of 5,982 aggravated assaults and 183

homicides were reported to the LAPD in the South Los Angeles GRYD Zones, including 184

both gang (32.0%) and non-gang crimes (68.0%) (Table 1). GRYD IR was notified in 185

9.9% of all aggravated assaults, but 71.5% of all homicides. GRYD IR was notified more 186

frequently when the crime was identified as gang related, including in 27.3% of gang 187

aggravated assaults and 78.8% of gang homicides. 188

Table 1. Gang and non-gang crimes reported only to the LAPD and to the LAPD and
GRYD IR in 2014-2015.

LAPD-only
Gang N Non-Gang N TOTAL N % Gang

Agg. Assault 1,249 3,918 5,167 24.2%
Homicide 41 29 70 58.6%
TOTAL 1,290 3,947 5,237 24.6%

LAPD + GRYD IR Grand Total
Gang N Non-Gang N TOTAL N % Gang TOTAL N % Gang

Agg. Assault 470 99 569 82.6% 5,736 30.0%
Homicide 152 24 176 86.4% 246 78.5%
TOTAL 622 123 745 83.5% 5,982 32.0%

A key feature of the data facilitating our analysis is that the allocation of the two 189

test conditions approximated a randomized experimental protocol. This as if random 190
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assignment arises naturally out of the crime reporting system. Upon receiving a report 191

of a gang crime, LAPD’s notification of GRYD IR proceeded as if a biased coin was 192

flipped. If the crime was a gang aggravated assault, the coin was biased towards not 193

notifying GRYD IR. If it was a gang homicide, it was biased towards notifying GRYD 194

IR. To verify we performed runs tests (Z = 0.609, p = 0.54) and two-sample 195

Kolmogorov–Smirnov (KS) tests (K-S = 0.069, p = 0.20 in time and K-S = 0.054, 196

p = 0.17 in space), which found no discernible departures from the null hypothesis that 197

the GRYD IR notifications were random, independent Bernoulli trials (SI Appendix). 198

We hypothesize that the source of randomness in notification of GRYD IR is not 199

intentional, but rather stems from inherent stochasticity in moment-to-moment demand 200

on police time and attention. Sometimes this demand interferes with notification of 201

GRYD IR, but the interference is random with respect to the event itself. As a result, 202

the potential range of fixed and random factors that precipitated the crime are also 203

randomized across intervention conditions. As a result, measured differences can be 204

more confidently assigned to the effects of treatment rather than exogenous confounds. 205

Theas if random assignment of conditions does not block interactions between 206

crimes, however. As illustrated in Figure 1B, crimes randomly assigned to the control 207

condition (LAPD-only) may trigger events subsequently assigned to the same (k00), or 208

the alternate intervention condition (k01). Similarly, crimes randomly assigned to the 209

treatment condition (LAPD + GRYD IR) may trigger events assigned to the same (k11), 210

or alternate intervention condition (k10). These interactions between crimes mean that 211

a stable unit treatment value assumption (SUTVA) is not met [42]. As a result, any 212

observed treatment effect only holds for the empirically observed pattern of assignments 213

between treatment and control conditions. If d is an indicator vector describing the 214

observed sequence of assignments of N crimes between control and treatment conditions, 215

then the event-level treatment effect may only be written as δi(d) = y1i (d)− y0i (d) [43], 216

where y0i is the effect for events assigned to control and y1i the effect for events assigned 217

to treatment. The treatment effect therefore might be different for each and every 218

unique sequence of assignments d. For example, the measured treatment effect for three 219

events with an assignment pattern d = (1, 0, 1), might be different from an alternative 220

random assignment d = (0, 1, 1) due to the interactions between events. Our approach 221

is to estimate the interactions and evaluate whether these are in the direction expected 222

if GRYD IR is able to disrupt retaliation. We also evaluate how treatment effects differ 223

based on non-overlapping sequences of assignments. 224

Results 225

GRYD IR was deployed disproportionately in response to gang crimes, representing 226

83.5% of aggravated assaults and homicides for which it received notification (Table 1). 227

The 16.5% of non-gang crimes reported to GRYD IR were likely considered gang-related 228

at the point of initial notification, but were subsequently reclassified. Nevertheless, 229

because GRYD IR does confront a mix of gang and non-gang crimes, we first tested 230

whether GRYD IR had an impact against violent crimes in general. We fit the 231

spatial-temporal multivariate model (Equation 2), with an exponential kernel for g (SI 232

Appendix), to the full complement of 5,982 crimes (Fig. 2B). The estimate of parameter 233

k11 indicates each aggravated assault or homicide exposed to the treatment on average 234

triggered 0.1401 retaliations subsequently known to both LAPD and GRYD IR. 235

Parameter k01 indicates each control crimes triggered on average 0.0526 retaliations. 236

The estimated 62.5% higher rate of retaliation stemming from events exposed to the 237

treatment condition is statistically significant (p = 0.0092) [44](SI Appendix). Pathway 238

k10 shows that treatment crimes also triggered on average 0.2841 retaliations known 239

only to the LAPD, which is of equivalent magnitude to pathway k00 with 0.2824 240
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retaliations (p = 0.486). In practical terms, the fitted model suggests that every 100 241

LAPD + GRYD IR (treatment) aggravated assaults and homicides triggered on average 242

42.4 retaliatory violent crimes (k11 + k10), compared to an average 33.5 retaliations 243

triggered by LAPD-only (control) crimes (k01 + k00). GRYD IR may reduce retaliation 244

among the broader set of gang and non-gang violent crimes, but not to levels 245

characteristic of the LAPD control case, with its greater mix of non-gang crimes and 246

inherently lower risk of retaliation. 247
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Fig 2. (A) Matrix representation of productivity Kij with the corresponding triggering
pathways noted. Matrix entries are the average number of retaliations assigned to an
experimental condition i triggered by an event assigned to condition j. (B). The
productivity for combined gang and non-gang aggravated assaults and homicides in
South Los Angeles for 2014-15. (C). The productivity for gang-only aggravated assaults
and homicides in South Los Angeles for 2014-15. The control condition includes violent
crimes known to the LAPD (LAPD-only). The treatment condition includes crimes
known to the LAPD that were also reported to GRYD IR (LAPD + GRYD IR).
Standard errors of parameter estimates are shown in parentheses.

We therefore restricted analyses to gang aggravated assaults and homicides to ensure 248

that test conditions were evaluated for events with similar potential for spawning 249

retaliation. Against this set of crimes GRYD IR had a substantial impact (Fig. 2C). 250

Pathway k11 triggered an average of 0.0015 retaliations for any one treatment gang 251

crime. By contrast, pathway k01 triggered 0.0621 retaliations for any one control gang 252

crime. This represents a 97.6% reduction in retaliation associated with GRYD IR 253

notification (p < 10−6). Pathway k10 triggered an average of 0.1483 retaliations for any 254

one treatment gang crime. Pathway k00 triggered 0.2116 retaliations for any one control 255

gang crime. The 29.9% reduction in retaliations is also significant (p = 0.0163). Every 256

100 LAPD + GRYD IR (treatment) gang crimes triggered an average of 15.0 257

retaliations (k11 + k10) compared to 27.4 retaliations triggered by LAPD-only (control) 258

crimes (k01 + k00). Overall, the notification of GRYD IR was associated with a 45.3% 259

decrease in retaliatory gang crimes. 260

Given the interactions between events, it is possible that the observed effects are 261

unique to the exact sequence of observed assignments d between control and treatment 262

conditions [43]. We evaluated this constraint by dividing the 2014-2015 data into eight 263

non-overlapping blocks of 90 days each. The sequence of assignments in each 264

non-overlapping block is independent and represents a different realized value of d. 265

Table 2 shows that the parameter estimates for each of the triggering pathways do 266

indeed differ in each non-overlapping block, consistent with the notion that treatment 267

effects are dependent on the exact sequence of assignments d. However, in each block it 268

is also the case that the direction of the treatment effect is as hypothesized. That is, the 269

notification of GRYD IR results in fewer gang retaliations compared with the control 270

case where only LAPD responds (i.e., k11 < k01 and k10 < k00) in each block. This 271

encourages a more generous conclusion that GRYD IR has an impact across different 272
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possible sequences of interactions between crimes, though whether this holds under all 273

possible assignments of d is impossible to say. 274

Table 2. Model estimation for gang crimes occurring in non-overlapping three month
periods.

block gang crimes (N) k11 k01 k10 k00
1 162 1.01E-79 0.1194 0.1256 0.1815
2 211 0.0157 0.0617 0.1988 0.2246
3 231 0.0341 0.0698 0.1300 0.2610
4 245 6.46E-64 0.0655 0.1507 0.2059
5 259 7.48E-24 0.1034 0.1840 0.2040
6 255 2.33E-17 0.0610 0.2017 0.2222
7 315 0.0191 0.0962 0.2167 0.2867
8 212 0.0155 0.0362 0.1268 0.2626

To better understand the spatial dynamics of retaliatory gang violence we mapped 275

the background intensity and self-excitation parts of the conditional intensity along with 276

the distributions of background and retaliatory crimes determined via stochastic 277

declustering [45] (Supplemental Information) (Fig. 3A-F). The background risk of gang 278

violence is characterized by numerous compact, but widely distributed hot spots (Fig. 279

3A), consistent with the observation that the opportunity for violence and strength of 280

gang rivalries is geographically variable [8, 46]. The risk of retaliation is concentrated in 281

more continuous bands (Fig. 3D), bridging the discrete areas of background risk. 282

Notably there is a prominent North-South corridor of retaliatory risk that maps to an 283

area locally known as ‘death alley’ [47]. The patterns of risk influence the distribution 284

of gang violent crimes (Fig. 3C and F). The density of background crimes forms five 285

distinct hot spots (Fig. 3B) suggesting that background crimes are of local, 286

neighborhood origin. The density of retaliatory crimes occupies two distinct hot spots 287

(Fig. 3E), suggesting that retaliation spreads contagiously beyond immediate 288

neighborhood contexts. 289

Stochastic declustering also allows us to evaluate differences in the frequency of 290

retaliation by crime type across test conditions (Table 3). Background crimes make up 291

76.6% of all gang aggravated assaults and homicides for both test conditions combined. 292

Retaliatory crimes are proportionally more common among events assigned to the 293

LAPD-only control condition. This imbalance is pronounced for gang aggravated 294

assaults (46.3% retaliation for LAPD-only vs. 10.3% for LAPD + GRYD IR), but 295

particularly extreme for homicides (24.2% LAPD-only vs. 0.7% for LAPD + GRYD IR), 296

especially considering the baseline bias towards notifying GRYD IR of most gang 297

homicides. 298

Table 3. Number of retaliatory and background aggravated assaults and homicides in
South Los Angeles in 2014-2015 separated by test condition.

LAPD-only
Retaliation Background TOTAL % Retaliation

Agg. Assault 395 854 1,249 46.3%
Homicide 8 33 41 24.2%
TOTAL 403 887 1,290 45.4%

We use the estimated treatment effects along with the results of stochastic 299

declustering to compute numbers of prevented crimes (Table 3)(Supplementary 300

Information). The sum (k11 + k01) is the average number of retaliations known to both 301

the LAPD and GRYD IR produced by any one event (Fig. 1B). Similarly, (k10 + k00) is 302
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Fig 3. Stochastic declustering of gang crimes in South Los Angeles. (A). The log of
spatial-temporal background intensity function µ for gang violent crimes mapped over
space. (B) Contour plot of the density of background gang aggravated assaults and
homicides determined by declustering. (C) Point locations of background gang
aggravated assaults and homicides determined by declustering. (D) The log of
spatial-temporal self-excitation of retaliation λ− µ mapped over space. (E) Contour
plot of the density of retaliatory gang aggravated assaults and homicides determined by
declustering. (F) Point locations of retaliatory gang aggravated assaults and homicides
determined by declustering. Boundaries for the ten GRYD IR Zones in South Los
Angeles are outlined in black.

LAPD + GRYD IR
Retaliation Background TOTAL % Retaliation

Agg. Assault 44 426 470 10.3%
Homicide 1 151 152 0.7%
TOTAL 45 577 622 7.8%

the average number of retaliations known only to the LAPD produced by any one event. 303

Note that (k11 + k01) and (k10 + k00) are measured directly from data and therefore are 304

observed outcomes. We now define two counterfactuals. Let (k01 + k01) be the average 305

number of retaliations that would have been triggered in the absence of GRYD IR for 306

those events assigned to LAPD + GRYD IR. Let (k00 + k00) be the average number of 307

retaliations that would have been triggered in the absence of GRYD IR for those events 308

assigned to LAPD-only. Thus, we suppose that the LAPD + GRYD IR effect is 309

replaced with the LAPD-only effect in the absence of GRYD IR notification. From 310

stochastic declustering, the observed number of gang retaliations arising from pathways 311

(k11 + k01) is 45 and from (k10 + k00) is 403 (Table 3). The counterfactual conditions 312

suggest that retaliatory gang crimes would have been 48.8% and 15.0% higher in the 313

absence of GRYD IR for observed pathways (k11 + k01) and (k10 + k00), respectively. 314

GRYD IR prevented an estimated total 82.2 retaliatory gang crimes, of which 77.8 are 315

expected to have been aggravated assaults and 4.4 are expected to have been homicides. 316
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Discussion 317

The multivariate self-exciting point process model introduced here allows us to quantify 318

how GRYD IR disrupts retaliatory gang crimes. Instead of determining the causal 319

structure of each event, productivities Kuiu are averaged over the entire time series, 320

which yields very robust and stable estimates. This is particularly important in 321

real-world empirical settings where control and test conditions are often mixed by 322

structural and practical conditions beyond the control of the observer. The multivariate 323

modeling framework embraces this limitation and allows for interactions between 324

conditions to proceed as part of the analysis. In the present case, we have the added 325

benefit that the process by which GRYD IR was notified of gang violent crimes 326

generated as if random assignment of events between the two test conditions. We were 327

thus able to more completely disentangle the effects of intervention from other 328

exogenous confounds that might lead some events to be preferentially treated only by 329

the police and others by both the police and GRYD IR. We find that GRYD IR reduced 330

gang retaliation by 45.3%, which corresponds to 82.2 fewer gang aggravated assaults 331

and homicides over a two year period. Recent estimates place the overall cost of a single 332

aggravated assault at $240,000 and a single homicide at $8.98 million [48]. Over the 333

two-year period in 2014-15, the potential savings from gang aggravated assaults and 334

homicides prevented by GRYD IR is estimated at $49.0 million in South Los Angeles 335

alone. 336

These results have important implications for the design, implementation and 337

evaluation of gang violence intervention programs. CIWs provide tangible benefits in 338

reducing gang violence that complement, rather than compete with the effects of 339

policing. The impact likely traces to the intimate connection CIWs share with the 340

community they serve. CIWs are usually individuals who grew up in the community 341

and may themselves have had some prior involvement with gangs. This high degree of 342

social embedding and their prior experience gives CIWs a so-called license to operate in 343

the community and from which they derive authority to mediate conflicts at the street 344

level. Civilian intervention workers operating at the street level are not a new 345

phenomenon [49]. But it has been difficult to establish their effectiveness independent of 346

other violence-prevention efforts and the actions of police. The results presented here 347

indicate that finding, cultivating and retaining such individuals would seem to be an 348

essential part of designing gang violence interruption programs. It is also important to 349

emphasize what CIWs do in the field. Of the many actions CIWs might take, rumor 350

control in the immediate aftermath of a gang crime is deemed by them to the be the 351

most important. Thus, the GRYD IR approach is unlike Boston’s Operation Ceasefire 352

or the “pulling levers” focused deterrence model [50,51], which focuses on gathering 353

intelligence about individual offending and communicating the costs of further offending 354

to those individuals. It also differs from the Chicago’s Ceasefire [11], where violence 355

interruption appears to emphasize a more broad-based program of conflict mediation. In 356

Los Angeles, the GRYD IR interventions are prompted by specific events and emphasize 357

controlling information about those events as the main route to reducing retaliations. 358

Our approach is distinctive from studies that examine the effects of anti-violence 359

programs before and after the onset of treatment, or between geographically 360

non-overlapping control and treatment regions [11, 18]. Our study leverages noise in the 361

gang crime reporting system, combined with a unique model for estimating the 362

interactions between events, to detect and quantify the effects of violence interruption. 363

The impact is significant amounting to a 45.3% reduction in retaliations or as many as 364

88.2 fewer aggravated assaults and homicides over a two-year period. However, these 365

findings are also limited in several ways. First, they pertain only to the effects of 366

violence interruption on the occurrence of retaliatory crimes. Stochastic declustering 367

suggests that the majority of gang crimes are actually background events (Table 3). 368
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Event-based violence interruption efforts to reduce retaliation may have little impact on 369

the independent processes that generate these background events. Second, the observed 370

impact of GRYD IR on retaliation may be lower than it might otherwise be because of 371

noise in the notification system. In the ideal case, GRYD IR would receive notification 372

for each and every gang crime occurring within an area of operation. In practice, 373

however, notification is made only for a fraction of all events. This random process of 374

assignment may be serendipitous for science, but it more critically represents missed 375

opportunities to disrupt retaliation. Specifically, the results presented here suggest that 376

eligible events that did not receive GRYD IR attention, likely produced more 377

retaliations than would otherwise have been the case. Implementation of violence 378

interruption programs modeled after GRYD IR would benefit from improvement in 379

notification procedures that ensures more events are brought to the attention of CIWs. 380

Methods 381

Prior research on self-exciting point process models of crime suggest particular 382

parametric equations for µ and g [40, 52]: 383

µu(x, y) =

N∑
i=1

βuiu

2πσ2T
× exp

(
− (x− xi)

2 + (y − yi)
2

2σ2

)
.

g(x, y, t) = ω exp (−ωt)× 1

2πσ2
exp

(
−x

2 + y2

2σ2

)
where β is a weights matrix for the degree to which events assigned to condition ui 384

contribute to the background rate for events assigned to condition u, T is the total time 385

period represented by the sample of gang crimes, and σ is the spatial scale of influence 386

for background events and retaliatory events. The kernel g is transformed to polar 387

coordinates. The time scale of self-excitation is governed by ω (see Fig. 1A). 388

We use expectation maximization (EM) to estimate model [2] [36, 53]. The 389

expectation step is used to compute initial probabilities that an event i causes event j 390

via either the background rate µ or the self-exciting kernel g. These expectations are 391

then fed to the maximization step where a new set of parameter values (for iteration 392

k + 1) are determined by maximizing the expected probability with respect to the 393

observed data. This maximization is done for all parameters taking into consideration 394

the condition u to which a gang crime is assigned. The algorithm alternates between 395

expectation and maximization until there is no further change in the parameter values. 396

The full EM algorithm is presented in the SI Appendix. 397

Once a model is estimated, Voronoi residuals provide a powerful technique for 398

evaluating model performance [37] (Fig. 4). Voronoi residuals measure the differences 399

between the modeled conditional intensity and the observed number of points within 400

spatially adaptive Voronoi cells. Comparison to a color scale defined by a null Poisson 401

model further helps interpret performance [38]. The null model corresponds to a case 402

where all gang crimes are statistically independent background events. Voronoi residuals 403

from the fitted intensity for the multivariate Hawkes model (Fig. 4B) has muted colors 404

as compared to the null model (Fig. 4A), indicating improved performance. The fitted 405

Hawkes process model performed well throughout the spatial window. The Poisson 406

model underestimates the conditional intensity in areas such as the so-called ‘death alley’ 407

where the Hawkes model identifies the greatest amount of retaliation (see Fig. 3D). 408

To address the question of whether our conclusion is dependent on the choice of 409

parametric model, we constructed a model-independent multivariate self-exciting point 410

process following the methods of [27,35]. We estimated this point process on the same 411
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Fig 4. Voronoi residuals for spatial-temporal Poisson (A) and Hawkes process models
(B). Color scaling identifies the spatial locations where a model is over or under
estimated. Cells with blue shades (negative residuals) indicate an overestimation of the
intensity, while cells with red shades (positive residuals) indicate an underestimation.

dataset non-parametrically. The results presented in the SI Appendix reinforce the 412

conclusion that GRYD IR reduces gang retaliations. 413

We tested the parametric model on synthetic datasets corresponding to different 414

intervention scenarios. We extended the methods in [54] to allow simulation of 415

space-time multivariate Hawkes processes with different triggering matrices K. We 416

chose triggering matrices corresponding to hypothetical positive, neutral and negative 417

effects of GRYD IR intervention relative to the control. The results presented in the SI 418

Appendix show that our methods are effectively able to recover ground-truth model 419

parameters from simulated events and statistically distinguish between different 420

intervention effects. 421
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Summary.
A randomized controlled field trial of place-based predictive policing conducted in Los An-
geles showed crime reductions when police used algorithmic forecasts compared to con-
trols based on crime analysis best practice. The algorithmic forecasting methods tested
did not make use of arrest data, nor did they include personal identifying information,
general environmental characteristics or demographic measures as part of forecasting
procedures. Rather, forecasts relied only on on the time and location of officially reported
crimes. While the potential for bias may be low given these narrow data inputs, there
is still reasonable concern that such methods encourage directed police patrols to tar-
get minority communities with discriminatory consequences for minority individuals. Here
we test for such biases using arrest data from the Los Angeles predictive policing exper-
iments. We find not only that the numbers of arrests declined or remained unchanged
during predictive policing deployments, but also that there were no significant differences
in arrests by racial-ethnic group between control and treatment conditions. Arrests also
did not contribute significantly to the observed impact of predictive policing on crime.

Keywords: crime forecasting; civil liberties; police bias; regression discontinuity de-
sign

1. Introduction

Place-based predictive policing is based on two core ideas: (1) mathematical forecasting
methods can be used to anticipate future crime risk in narrowly proscribed geographic
areas; and (2) the delivery of police resources to those prediction locations disrupts the
opportunity for crime (Mohler et al., 2011; Bowers et al., 2004). Randomized controlled
experiments of predictive policing conducted in Los Angeles provided evidence that algo-
rithmic methods not only predict two-times as much crime as existing best practice, but
also double the amount of crime prevented (Mohler et al., 2015). While this treatment
effect can be measured in the field, the specific mechanism by which predictive policing
delivers greater crime reduction is not immediately obvious.
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The prevailing view, derived from experiments in hot spot policing (Sherman et al.,
1989; Braga and Bond, 2008), is that the presence of police in a given place removes op-
portunities for crime even without any direct contact with potential offenders (Sherman
and Weisburd, 1995; Weisburd, 2008; Loughran et al., 2011). This general deterrent effect
persists for some time after police have departed (Koper, 1995; Sherman and Weisburd,
1995), and appears to diffuse into nearby areas where the police were not concentrating
their efforts (Clarke and Weisburd, 1994; Weisburd et al., 2006; Telep et al., 2014). Gen-
eral deterrence is not the only mechanism by which crime might be prevented by police
patrol, however. Direct interference via stops, searches, detentions short of arrest, and
arrest, may prevent crime by physically incapacitating potential offenders (Sherman and
Eck, 2002; Weisburd and Eck, 2004). This use of selective incapacitation may have im-
mediate effects on crime (Wyant et al., 2012), especially if prolific offenders are the ones
being arrested. Incapacitation may have longer term effects if those prolific offenders
are subsequently removed from the community.

Considerable evidence, reviewed below, suggests that explicit and implicit bias can
have a major impact on who gets stopped, searched and detained. Reasonable concern
therefore exists that predictive policing can exacerbate such biases and reinforce any
tendency for police to target minority individuals and communities. Such concern exists
even if the forecasting methods used to drive predictive policing refrain from incorpo-
rating data that would be an explicit source of bias. If predictive policing indirectly
exacerbates bias, any crime control benefits would need to be weighed in terms of their
discriminatory costs. In the worst case, documented benefits might be derived solely
from bias in the predictions. In other words, predictions absent such bias would yield no
crime control benefits at all. Here we seek to evaluate whether predictive policing leads
to pattens of arrest biased against minority individuals.

2. Bias in Police Patrol

Observed racial disparities in police law enforcement strategies are as polarizing today
as at any point over the last 20 years (Beckett, 2012; Engel et al., 2012). Research has
demonstrated that a racial bias exists in the business of policing including the racial
profiling of vehicles (Baumgartner et al., 2016; Epp et al., 2014; Farrell and McDe-
vitt, 2006; Harris, 1999; Horrace and Rohlin, 2016; Meehan and Ponder, 2002; Novak,
2004; Ridgeway, 2006; Smith and Petrocelli, 2001; Warren et al., 2006), pedestrian stops
(Fagan et al., 2015, 2010; Gelman et al., 2007; Goel et al., 2016; Harris, 1994; Rios,
2011; Stuart, 2016), traffic tickets (Dunn, 2009), drug enforcement and arrests (Beckett
et al., 2006; Lynch et al., 2013), use of force (Nix et al., 2017; Buehler, 2017; Legewie,
2016; Schuck, 2004), and even in the decision to shoot white or black criminal suspects
while in a training simulator (Geller and Toch, 1995; Plant and Peruche, 2005). While
the mechanisms driving these observed patterns of racial disparity (i.e., racial profil-
ing, stereotyping/cognitive bias, deployment, racial animus/prejudice) remain difficult
to disentangle, as Warren and colleagues Warren et al. (2006) attest, there is little doubt
that racial disparities in police contacts with civilians do exist.

A prime example of racially disparate outcomes is the controversial use of stop, ques-
tion, and frisk (SQF) by the New York Police Department (NYPD) (Fagan et al., 2010,
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2015; Gelman et al., 2007; Laniyonu, 2017). The premise behind SQF is closely related
to broken windows policing (Wilson and Kelling, 1982) in that more serious crimes may
be prevented by stopping, searching and arresting suspicious individuals for minor crimi-
nal offenses (White and Fradella, 2016; Greene, 1999; Zimring, 2012). While some argue
that racial disparities in SQF stops are an unintended consequence (MacDonald, 2002),
Fagan et al. (2015) have shown a pattern of disproportionate impacts on people of color,
controlling for population share and race-specific criminal offending. SQF directed at
people of color does not yield increases in arrests, nor does it yield higher rates of de-
tection of illegal weapons (Coviello and Persico, 2015). Any crime reductions associated
with SQF last for only a few months (Rosenfeld and Fornango, 2017).

Research has also identified racial disparities in routine traffic enforcement practices
(Baumgartner et al., 2016; Dunn, 2009; Epp et al., 2014; Farrell and McDevitt, 2006;
Harris, 1999). People of color, particularly black motorists, are disproportionately more
likely to be stopped by law enforcement than white motorists (Gaines, 2002; Lundman
and Kaufman, 2003; Smith and Petrocelli, 2001). These studies highlight, however, a
great deal of variation in racial disparity across jurisdictions. For instance, Warren et al.
(2006) find that local police agencies in North Carolina are significantly more likely to
target blacks motorists than the State Highway Patrol, who may be unable to identify
the race of a motorist traveling at high speeds.

America’s ”war on drugs” has also shaped policing in urban centers. In contrast to
traffic stops, drug law enforcement is much more proactive and more clearly indicates
an agency’s institutional policies and practices (Lynch et al., 2013). Research reveals
that even in more progressive cities (e.g., San Francisco, Seattle), racially disparate drug
law enforcement practices ensnare more people of color (Beckett et al., 2006; Beckett
and Herbert, 2008; Rios, 2011). Lynch et al. (2013) reveal how race and place are not
independent in the geography of drug law enforcement. Police tend to intercede in spaces
that are contested (e.g., gentrifying neighborhoods, skid row tracts) as law enforcement
attempts to maintain a municipality’s economic and political interests (Stuart, 2016).

Given the empirical record there is genuine concern that place-based predictive polic-
ing may exacerbate racial biases (Ferguson, in press). The premise is that forecasts
direct police officers into locations where they have an increased opportunity to exercise
bias. Critically, such opportunities would not have been available, or only available in
diminished frequency, in the absence of those forecasts. The implication is that biased
outcomes should increase with the implementation of place-based predictive policing. We
test several derived hypotheses using arrests recorded during the Los Angeles predictive
policing experiment.

3. Predictive Policing Experiments in Los Angeles

A randomized controlled trial of predictive policing was conducted in three divisions of
the Los Angeles Police Department (LAPD) between November 2011 and January 2013.
The three participating divisions were Foothill, North Hollywood and Southwest. Only
a brief outline of the experiment is present here. Details of the algorithmic procedures,
experimental design and main effects are presented in Mohler et al. (2015).

Each day of the experiment police patrol officers were handed patrol maps with
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twenty target areas marked as 500 x 500 foot boxes. Officers were informed that the
target areas were locations where the risk of crime was highest for their shift. They
were encouraged to patrol target areas during any available discretionary time. What
officers did not know was that the mission maps distributed to them each day were
designed either by an algorithmic forecasting method (see Mohler et al., 2011, 2015),
or by an analyst from within the division using all of the technological and intelligence
assets at their disposal. Which mission map officers received on any given day was
randomized creating a treatment condition (algorithmic forecast) and control condition
(analyst forecast). In this repeated-measures experimental design, treatment days were
considered exchangeable with control days (Mohler et al., 2015).

The outcome of interest was the difference in reported crime between control and
treatment days. The crime types targeted were burglary, car theft and burglary theft
from vehicle (BTFV). Historically, these crime types account for as much as 60% of the
crime in the City of Los Angeles. In addition to this outcome measure, we collected
information on the amount of time police officers spent in prediction areas under each
of the experimental conditions (Mohler et al., 2015). Officers used their in-car com-
puter terminals to register when they were entering and exiting prediction locations.
This “dosage” was aggregated by day for a total amount of time (in minutes) spent in
prediction locations.

Across the three test divisions, patrol officers using the algorithmic predictions pro-
duced an average 7.4% drop in crime as a function of patrol dosage. By contrast, use of
the best-practice predictions failed yield a significant reduction in crime. The evidence
presented in Mohler et al. (2015) is consistent with the conclusion that police patrol,
when influenced by accurate predictions about the timing and location of crime, is ef-
fective at deterring crime. We reproduce the main regression results from Mohler et al.
(2015) in Table 4.

We now turn to a consideration of potential biases induced by predictive policing.
Specifically, we seek answers to the following empirical questions: (1) Were there dif-
ferences in arrest rates for minority individuals in the test divisions before and after
exposure? (2) Were there differences in arrest rates for minority individuals under con-
trol and treatment conditions during the testing? and (3) Did arrests contribute to
observed changes in crime and were there differences by racial-ethnic group?

3.1. Empirical Data
3.1.1. Defining Pre- and Post-Exposure Periods
Predictive policing experiments in each of the three LAPD divisions started at different
times and ran for different total durations. Pre- and post-exposure periods for each
respective division overlap to a considerable degree (see Figure 1). The experiment
in Foothill Division ran for 172 days from November 7, 2011 to April 27, 2012. The
pre-exposure period was therefore chosen to be the 172 days prior to the start of the
experiment, giving a pre-exposure start date of May 18, 2011. In North Hollywood,
the experiment ran for 167 days from March 31, 2012 to Sept 14, 2012, giving a pre-
exposure start date of Oct 15, 2011. In Southwest Division, the experiment ran for 239
days between May 16, 2012 to January 10, 2013, giving a s a pre-exposure start date of
Sept 19, 2011.
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Fig. 1. The pre- and post-deployment exposure periods in Foothill, North Hollywood and South-
west Divisions of the LAPD.

3.1.2. Defining Control and Treatment Days

Control and treatment missions were designed independently, but in parallel each day of
the experiment. Recall that treatment missions were based on algorithmic forecasting,
while the control missions were based on existing best practice of analysts. Once mission
designs were finalized, a control or treatment mission was chosen randomly for deploy-
ment. This randomization was done independently each day for each division taking
part in the experiment. On occasion, the analyst was not present on a randomly desig-
nated control day and therefore control missions were not available for those days. We
exclude treatment days from these days to ensure fair comparison. In Foothill Division,
there were a total of 124 test days with successful random assignment, after discarding
days on which the analyst was not present to design control missions. The 124 test days
were evenly divided with 62 control and 62 treatment days. There were 152 total test
days in North Hollywood Division. These included 82 control and 70 treatment days. In
Southwest Division, there were 234 total days, including 117 control and 117 treatment
days.

3.1.3. Defining Arrests

An arrest is generally understood to mean the taking into custody of an individual by
the police given probable cause that a violation of the law has occurred. An arrest, as
recorded by the LAPD, should not be conflated with other down-stream processes of
the criminal justice system. An arrest does not imply booking, continued detention, nor
whether those individuals are ultimately prosecuted for a crime. Arrests also should not
be conflated with contacts between the public and police that did not result in arrest,
even if such contacts were contentious. In general, police can exercise many alternatives
to arrest in seeking to enforce laws and ensure order including behavioral directives,
warnings and brief detention without arrest. On average, the LAPD makes about 1.5
million public contacts per year, but only about 24,000 of these contacts (1.6%) are
arrests (Beck, 2016). Here arrests are taken at face value, without considering anything
beyond the official record that an individual was taken into custody.

We do not distinguish between arrests for different types of crimes. In 2012, the
LAPD made arrests under 520 different criminal codes representing 25 broad classes of
crimes such as aggravated assault, robbery, burglary and larceny. Our primary focus
is on whether the practice of policing introduces new biases into arrest patterns, not
whether bias might be differentially present in arrests for different types of crimes.
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3.1.4. Defining Racial-Ethnic Groups

The LAPD collects demographic information as part of the arrest process including age,
sex and race-ethnicity of the individuals arrested. This information may be elicited from
the individual or inferred by the arresting officer. The LAPD recognizes the categories
Asian, black, Latino, white and other, which combined constitute 97.7% of all arrests
on average. Occasionally, other categories such as Filipino, Korean, and Pacific Islander
appear within the data. Given the sometimes fraught history between the LAPD and
Latino and black communities (see Herbert, 1997; Martinez, 2016; Muiz, 2015) we focus
on patterns in the arrest of black and Latino individuals and therefore report results for
these two groups and for arrests overall.

4. Methods

We use three principal methods to address the questions outlined above. To examine
whether arrests rates differed between pre- and post-exposure periods we use regression
discontinuity design (RDD) (MacDonald et al., 2016; Imbens and Lemieux, 2008) and
pooled proportions tests. RDD is chosen to test for short-range changes in arrest rates
coinciding with the onset of predictive policing deployments. The assumption is that
underlying environmental processes are similar over narrow time windows on either side
of the boundary except for the introduction of predictive policing protocols. Underlying
processes may be quite different over a larger time window in addition to the difference
in experimental conditions. Pooled proportions tests are used to test for stable shifts
in aggregate arrests between pre- and post-exposure periods. Pooled proportions tests
are are also used to detect differences in arrests rates between control and treatment
conditions. Finally, we use multiple regression to assess whether arrests play a role
in observed impacts on crime under different experimental conditions. The multiple
regression model forms are introduced along with the analysis.

Our null hypotheses are: (1) arrests rates for minority individuals do not differ be-
tween pre- and post-exposure periods; (2) arrests rates for minority individuals do not
differ between control and treatment conditions during the experiment; and (3) arrest
of minority individuals did not contribute to observed impacts on crime.

5. Results

5.1. Pre-Post Exposure to Predictive Policing
We first test for differences in the volume of arrests between pre- and post-exposure
periods. Regression discontinuity models provide little indication that there was a shift
in arrest volume accompanying the start of predictive policing experiments in any of the
LAPD test divisions. In Foothill Division, the continuity in total arrests, black arrests,
and Latino arrests is visibly apparent (Figure 2). Analyses of the local treatment effect
confirm this visual impression (Table 1). In North Hollywood, there is continuity in
black arrests, but a significant drop in Latino arrests at the boundary. By contrast, in
Southwest, there is a significant increase in black arrests that coincides with the start
of predictive policing, but continuity in Latino arrests. The magnitude and timing of
each of these jumps is linked primarily to the overall volatility of arrests, rather than
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Table 1. Regression discontinuity analysis of arrests.

Division & Bandwidth # Observ. LATE Estimate Std. z value Pr(> |z|)
Race (days) (N) (N crimes) Error

FH All 10.893 21 0.6094 4.303 0.1416 0.8874
FH Black 7.636 15 -0.425 0.6565 -0.6473 0.5174
FH Latino 11.317 24 -1.4365 2.443 -0.5881 0.5565
NH All 13.196 27 -11.23 9.729 -1.1545 0.2483
NH Black 8.007 17 -2.03742 2.298 -0.88663 0.37528
NH Latino 10.832 21 -12.986 5.686 -2.2838 0.022384*
SW All 12.047 25 17.72 4.288 4.133 3.587e-05***
SW Black 12.556 25 12.54 4.548 2.758 5.812e-03**
SW Latino 9.707 19 2.2033 3.849 0.5724 0.567

any persistent change in arrest patterns associated with predictive policing. Complete
examination of all hypothetical cut points show there are numerous jumps of equal or
greater magnitude. In North Hollywood Division, for example, six of the eight events
with a drop in Latino arrests at least as large as that shown in Figure 2, occurred before
the onset of the predictive policing experiments. In Southwest Division, 15 of the 23
events with an increase in black arrests at least as large as that observed occurred before
the onset of predictive policing.

50 100 150 200 250 300

5
10

15
20

Foothill Hispanic Arrests

50 100 150 200 250 300

10
15

20
25

Foothill All Arrests

50 100 150 200 250 300

−1
0

1
2

3
4

Foothill Black Arrests

100 150 200 250 300 350 400

10
20

30
40

Southwest All Arrests

100 150 200 250 300 350 400

0
5

10

Southwest Hispanic Arrests

100 150 200 250 300 350 400

5
10

15
20

25
30

Southwest Black Arrests

50 100 150 200 250 300

15
25

35
45

North Hollywood All Arrests

50 100 150 200 250 300

−5
0

5
10

North Hollywood Black Arrests

50 100 150 200 250 300

0
5

10
15

20
25

North Hollywood Hispanic Arrests

N
um

be
r o

f A
rr

es
ts

Pre- and Post-exposure Periods (days)

Fig. 2. Local polynomial smoothing of crime per day during predictive policing pre- and post-
exposure periods in three divisions of the LAPD. Plots represent all (top row), black (middle row)
and Latino (bottom row) arrests

That there was not a sharp change in arrests associated with the start of predictive
policing does not exclude the possibility that there was a less pronounced, but longer-
term shift towards greater numbers of arrests. We therefore test for changes in the
proportions of arrests over the entire pre- and post-exposure periods (Table 2). Total
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Table 2. Numbers of arrests and pool proportions tests for pre- and post-exposure periods.

Total Arrests (N) Black Arrests (N) Latino Arrests (N)
pre post % change pre post % change p-val pre post % change p-val

FH 3493 2930 -16.1% 315 284 -9.8% 0.35 2413 1990 -17.5% 0.32
NH 6919 3551 -48.7% 1041 486 -53.3% 0.06 3446 1868 -45.8% 0.0067**
SW 5630 5730 1.8% 3626 3744 3.3% 0.30 1600 1685 5.3% 0.25

Table 3. Arrests on control and treatment days in three LAPD Divisions. † raw counts are lower due to the
few treatment days compared to control.

Division Race/ Control Treatment Percent Percent Difference p-val
Ethnicity Arrests (N) Arrests (N) Control Total Treatment Total

FH Black 117 118 11.0% 10.4% -0.6% 0.68
FH Latino 700 756 66.1% 66.8% 0.7% 0.36
FH All 1059 1131 100.0% 100.0%
NH Black 241 203† 13.7% 13.8% 0.1% 0.46
NH Latino 927 783† 52.7% 53.3% 0.6% 0.36
NH All 1759 1468† 100.0% 100.0%
SW Black 1887 1818 65.4% 65.8% 0.4% 0.74
SW Latino 843 811 29.2% 29.4% 0.1% 0.91
SW All 2884 2761 100.0% 100.0%

arrests declined in Foothill and North Hollywood, comparing the entire post exposure
period to the entire pre-exposure period. Black arrests declined as a proportion of all
arrests in Foothill, but the change was not statistically significant. Black and Latino
arrests both declined significantly as a proportion of all arrests in North Hollywood.
Total arrests increased in Southwest Division for the entire post-exposure period (Table
2). There were slight increases in both black and Latino arrests as a proportion of all
arrests, but these increases were not statistically significant.

5.2. Control-Treatment Comparisons
The LAPD experiment was designed to test for differences in predictive accuracy and
impact on crime between control and treatment conditions. Here we examine arrest
patterns on control and treatment days (Table 3). Total arrests were slightly higher on
treatment days compared to control days in Foothill Division. Total arrests were lower
in North Hollywood and Southwest Divisions on treatment days compared to control.
In North Hollywood, the absolute magnitude of the difference is due in large measure to
the lower number of treatment days (n = 70) compared to control days (n = 82) in the
experiment. Adjusted for this difference, the total number of arrests in North Hollywood
would have been approximately 1717.3, an estimated decrease over the control number
of arrests. In proportion to all arrests, black arrests were lower on treatment days in
Foothill, but higher in North Hollywood and Southwest Divisions. Latino arrests were
higher on treatment days in all three Divisions. However, none of the differences between
control and treatment arrests were statistically significant (Table 3).
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Table 4. Parameter estimates for impact of policing dosage on crime.

group Parameter Estimate Standard Error t-value p-value

Treatment µFH 6.793967 0.432887 15.684 2.0*10−16
Treatment µNH 9.354687 0.492241 5.202 4.16*10−7
Treatment µSW 9.117100 0.4468645 5.199 4.23*10−7
Treatment β1 -0.000994279 0.00042298 -2.303 0.0221
Control µFH 6.5950493 0.4641932 14.208 2.0*10−16
Control µNH 9.1953424 0.5193115 5.007 1.03*10−6
Control µSW 8.7943222 0.4861717 4.524 9.29*10−6

Control β1 Control -0.0004664 0.0005127 -0.91 0.382399

5.3. Impact of Arrests on Crime

Finally, we address the question of whether arrests had a differential impact on crime
under control and treatment conditions. Our baseline for comparison is the experiment
presented in Mohler et al. (2015). In that work, regression models of the form Yij =
µj + βkXij + εij were used to assess the relationship between daily crime volume and
patrol time on mission. The outcome variable, Yij is the daily crime volume on day i
in division j. Recall that the target crime types for the experimental deployment were
burglary, car theft and burglary-theft from motor vehicle. The independent variable
Xij is the cumulative police patrol time in minutes on day i across all active prediction
boxes in division j. The parameter εij is the uncorrelated error. The coefficient µj is
an estimate of the mean crime volume per day in division j, in the absence of directed
patrol. The coefficient βk is an estimate of the impact of increasing patrol dosage under
experimental condition k. The baseline results from Mohler et al. (2015) are reproduced
in Table 4. The treatment condition (algorithmic forecast) produced a statistically
significant decrease in the target crime types as a function of increasing policing dosage.
By contrast, the control condition (best practice) did not yield a significant decrease in
crime as a function of increasing dosage. The difference between treatment and control
corresponded to a doubling of crime reduction for the same amount of police effort.

To address the impact of arrests we extended the above model in a straightforward
manner to read Yij = µj +β1kXij +β2kZij + εij . The coefficient β1k is an estimate of the
impact of increasing patrol dosage on mean crime volume per day under experimental
condition k, and is the counterpart of βk from above. The coefficient β2k is an estimate
of the impact of increasing arrests on mean crime volume per day under experimental
condition k. In all but one case, increasing arrests have no significant effect on the
mean crime volume per day when controlling for policing dosage (Table 5). The excep-
tion concerns Latino arrests under treatment conditions, where the effect is marginally
significant. Crime volume per day increased with the number of Latino arrests. This
effect runs in the opposite direction from the impact of policing dosage, which remains a
statistically significant source of crime reduction. In other words, the increase in Latino
arrests not responsible for responsible for the observed decrease in crime under treat-
ment conditions. A separate regression of Latino treatment arrests on treatment dosage
shows that the two processes behave independently of one another (Table 6). Increasing
policing dosage in treatment prediction areas did not increase in Latino arrests.
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Table 5. Multiple regression for dosage and arrests under treatment and control
conditions.

group estimate SE t-value p-value

Treatment + All Arrests
µFH 6.50188 0.565575 11.4961 9.95*10−25
µNH 9.15754 0.501334 5.29719 2.63*10−7
µSW 8.85567 0.460604 5.11023 6.5*10−7
β1 Treatment Dosage -0.00100063 0.000423606 -2.36217 0.0189544
β2 Treatment Arrests 0.0129482 0.0202237 0.64025 0.522611
Control + All Arrests
µFH 6.2382 0.624003 9.99706 4.44*10−20
µNH 9.0241 0.527495 5.28137 2.74*10−7
µSW 8.50478 0.51667 4.38691 1.689*10−5
β1 Control Dosage -0.000453612 0.000509099 -0.891009 0.373761
β2 Control Arrests 0.0115781 0.0249507 0.464037 0.643015

Treatment + Black Arrests
µFH 6.80608 0.436548 15.5907 1.71*10−38
µNH 9.5373 0.498403 5.47993 1.06*10−7
µSW 9.76503 0.636963 4.6454 5.55*10−6
β1 Treatment Dosage -0.000982505 0.000422704 -2.32434 0.0209293
β2 Treatment Arrests -0.0410679 0.0340836 -1.20492 0.229403
Control + Black Arrests
µFH 6.384 0.469567 13.5955 4.69*10−32
µNH 9.18987 0.517777 5.41908 1.38*10−7
µSW 8.32581 0.76121 2.55096 0.0113253
β1 Control Dosage -0.000460084 0.000508949 -0.903988 0.366852
β2 Control Arrests 0.0292476 0.0421066 0.694607 0.487931

Treatment + Latino Arrests
µFH 5.8825 0.617093 9.53259 1.63*10−18
µNH 8.64369 0.496342 5.56308 6.95*10−8
µSW 8.67682 0.488814 5.71653 3.16*10−8
β1 Treatment Dosage -0.000994498 0.000420657 -2.36416 0.0188553
β2 Treatment Arrests 0.0698846 0.0362634 1.92714 0.0551233
Control + Latino Arrests
µFH 6.37857 0.642941 9.92094 7.71*10−20
µNH 9.21484 0.516391 5.49248 9.55*10−8
µSW 8.74811 0.512742 4.62132 6.04*10−6
β1 Control Dosage -0.000445898 0.000509063 -0.875919 0.381895
β2 Control Arrests 0.00474212 0.0398681 0.118945 0.905412

Table 6. Regression of Latino treatment arrests on treatment dosage.

group Parameter Estimate Standard Error t-value p-value

µFH 12.1918 0.758458 16.0745 3.47*10−40
µNH 11.18384 0.872066 -1.15583 0.248877
µSW 6.76718 0.788364 -6.88086 4.94*10−11

Treatment Dosage 3.13543*10ˆ-6 0.0007411 0.00423078 0.996628
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6. Discussion

The stated goal of the analyses present above was to assess the degree to which arrest
rates were impacted by the introduction of predictive policing by the LAPD. Special
attention was paid to arrest rates by the race-ethnicity of the individuals detained. Our
null hypotheses were: (1) arrests did not change with the deployment of predictive
policing; (2) arrests did not differ between control and treatment conditions; and (3)
arrests did not contribute to observed crime reductions. The evidence presented does
not allow us to reject these null hypotheses. Clearly, arrests are a common part of day-
to-day police operations. However, the introduction of predictive policing did not induce
biases sufficient to alter arrest patterns. Moreover, there is no evidence that observed
crime declines were achieved through biased arrests.

The present study has several important limitations. First, it is possible that there
was a temporal lag between experimental conditions and arrests. The lag could operate
in two different ways. On the one hand, police patrol activities on day i might be
responsible for arrests on day i + l1, where l1 > 0 is the lag measured in days. On the
other, arrests on day i might impact on crime on day i + l2, where again l2 > 0 is the
lag measured in days. The randomization of experimental conditions by day dilutes our
ability to detect such lagged effects. To wit, because each day i was randomly assigned
to control or treatment, day i + l was also randomly assigned to control or treatment.
Any lagged bias therefore should be equally distributed across experimental conditions.
For example, assume that each day there is a baseline number of arrests a regardless
of experimental condition, plus an additional bias b induced by the treatment. If the
bias applies strictly to day i + l, then the expected number of arrests for both control
and treatment days is a + b/2. The same logic applies if we believe that the effect of
arrests on crime are lagged. These possibilities are very difficult to disentangle given the
volatility of daily crime.

Second, arrests are an imperfect proxy for other types of police contacts including
stops, searches and detentions short of arrest. It is possible that predictive policing
induced increases in these other categories of police contacts, without a concomitant
impact on arrests. For this to hold true it would have to be the case that the rate of
arrest actually declined as these other precursor contacts increased, leaving overall arrest
rates unchanged. This hypothetical downward adjustment in arrests would have to hold
not only for the experimental deployment period overall, but also for randomly assigned
treatment days. We do not have sufficient data to exclude such dynamics, but they seem
improbable on the face of it.

Finally, the analyses do not provide any guidance on whether arrests are themselves
systemically biased. Such could be the case, for example, if black and Latino individuals
experienced arrest at a rate disproportionate to their share of the population and their
share of offending (Rosenfeld and Fornango, 2014). The current study is only able to
ascertain that arrest rates for black and Latino individuals were not impacted, positively
or negatively, by using predictive policing. Future research could seek to test whether
the situational conditions surrounding arrests and final dispositions differ in the presence
of predictive policing.
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Summary.
A randomized controlled field trial of place-based predictive policing conducted in Los An-
geles showed crime reductions when police used algorithmic forecasts compared to con-
trols based on crime analysis best practice. The algorithmic forecasting methods tested
did not make use of arrest data, nor did they include personal identifying information,
general environmental characteristics or demographic measures as part of forecasting
procedures. Rather, forecasts relied only on on the time and location of officially reported
crimes. While the potential for bias may be low given these narrow data inputs, there
is still reasonable concern that such methods encourage directed police patrols to tar-
get minority communities with discriminatory consequences for minority individuals. Here
we test for such biases using arrest data from the Los Angeles predictive policing exper-
iments. We find not only that the numbers of arrests declined or remained unchanged
during predictive policing deployments, but also that there were no significant differences
in arrests by racial-ethnic group between control and treatment conditions. Arrests also
did not contribute significantly to the observed impact of predictive policing on crime.

Keywords: crime forecasting; civil liberties; police bias; regression discontinuity de-
sign

1. Introduction

Place-based predictive policing is based on two core ideas: (1) mathematical forecasting
methods can be used to anticipate future crime risk in narrowly proscribed geographic
areas; and (2) the delivery of police resources to those prediction locations disrupts the
opportunity for crime (Mohler et al., 2011; Bowers et al., 2004). Randomized controlled
experiments of predictive policing conducted in Los Angeles provided evidence that algo-
rithmic methods not only predict two-times as much crime as existing best practice, but
also double the amount of crime prevented (Mohler et al., 2015). While this treatment
effect can be measured in the field, the specific mechanism by which predictive policing
delivers greater crime reduction is not immediately obvious.
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The prevailing view, derived from experiments in hot spot policing (Sherman et al.,
1989; Braga and Bond, 2008), is that the presence of police in a given place removes op-
portunities for crime even without any direct contact with potential offenders (Sherman
and Weisburd, 1995; Weisburd, 2008; Loughran et al., 2011). This general deterrent effect
persists for some time after police have departed (Koper, 1995; Sherman and Weisburd,
1995), and appears to diffuse into nearby areas where the police were not concentrating
their efforts (Clarke and Weisburd, 1994; Weisburd et al., 2006; Telep et al., 2014). Gen-
eral deterrence is not the only mechanism by which crime might be prevented by police
patrol, however. Direct interference via stops, searches, detentions short of arrest, and
arrest, may prevent crime by physically incapacitating potential offenders (Sherman and
Eck, 2002; Weisburd and Eck, 2004). This use of selective incapacitation may have im-
mediate effects on crime (Wyant et al., 2012), especially if prolific offenders are the ones
being arrested. Incapacitation may have longer term effects if those prolific offenders
are subsequently removed from the community.

Considerable evidence, reviewed below, suggests that explicit and implicit bias can
have a major impact on who gets stopped, searched and detained. Reasonable concern
therefore exists that predictive policing can exacerbate such biases and reinforce any
tendency for police to target minority individuals and communities (Ferguson, in press).
Such concern exists even if the forecasting methods used to drive predictive policing
refrain from incorporating data that would be an explicit source of bias. If predictive
policing indirectly exacerbates bias, any crime control benefits would need to be weighed
in terms of their discriminatory costs. In the worst case, documented benefits might be
derived solely from bias induced by predictions. In other words, predictions absent such
bias would yield no crime control benefits at all. Here we seek to evaluate whether
predictive policing leads to pattens of arrest biased against minority individuals.

2. Bias in Police Patrol

Observed racial disparities in police law enforcement strategies are as polarizing today
as at any point over the last 20 years (Beckett, 2012; Engel et al., 2012). Research has
demonstrated that a racial bias exists in the business of policing including the racial
profiling of vehicles (Baumgartner et al., 2016; Epp et al., 2014; Farrell and McDe-
vitt, 2006; Harris, 1999; Horrace and Rohlin, 2016; Meehan and Ponder, 2002; Novak,
2004; Ridgeway, 2006; Smith and Petrocelli, 2001; Warren et al., 2006), pedestrian stops
(Fagan et al., 2015, 2010; Gelman et al., 2007; Goel et al., 2016; Harris, 1994; Rios,
2011; Stuart, 2016), traffic tickets (Dunn, 2009), drug enforcement and arrests (Beckett
et al., 2006; Lynch et al., 2013), use of force (Nix et al., 2017; Buehler, 2017; Legewie,
2016; Schuck, 2004), and even in the decision to shoot white or black criminal suspects
while in a training simulator (Geller and Toch, 1995; Plant and Peruche, 2005). While
the mechanisms driving these observed patterns of racial disparity (i.e., racial profil-
ing, stereotyping/cognitive bias, deployment, racial animus/prejudice) remain difficult
to disentangle, as Warren et al. (2006) attest, there is little doubt that racial disparities
in policing outcomes do exist.

A prime example of racially disparate outcomes is the controversial use of stop, ques-
tion, and frisk (SQF) by the New York Police Department (NYPD) (Fagan et al., 2010,
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2015; Gelman et al., 2007; Laniyonu, 2017). The premise behind SQF is closely related
to “broken windows policing” (Wilson and Kelling, 1982), which holds that more serious
crimes may be prevented by stopping, searching and arresting suspicious individuals for
minor criminal offenses (White and Fradella, 2016; Greene, 1999; Zimring, 2012). While
some argue that racial disparities in SQF stops are an unintended consequence (Mac-
Donald, 2002), Fagan et al. (2015) have shown a pattern of disproportionate impacts
on people of color, controlling for population share and race-specific criminal offending.
SQF directed at people of color does not yield increases in arrests, nor does it yield higher
rates of detection of illegal weapons (Coviello and Persico, 2015). Any crime reductions
associated with SQF last for only a few months (Rosenfeld and Fornango, 2017).

Research has also identified racial disparities in routine traffic enforcement practices
(Baumgartner et al., 2016; Dunn, 2009; Epp et al., 2014; Farrell and McDevitt, 2006;
Harris, 1999). People of color, particularly black motorists, are disproportionately more
likely to be stopped by law enforcement than white motorists (Gaines, 2002; Lundman
and Kaufman, 2003; Smith and Petrocelli, 2001). These studies highlight, however, a
great deal of variation in racial disparity across jurisdictions. For instance, Warren et al.
(2006) find that local police agencies in North Carolina are significantly more likely to
target blacks motorists than the State Highway Patrol, who may be unable to identify
the race of a motorist traveling at high speeds.

America’s “war on drugs” has also shaped policing in urban centers. In contrast to
traffic stops, drug law enforcement is much more proactive and more clearly indicates an
agency’s institutional policies and practices (Lynch et al., 2013). Even in nominally more
progressive cities (e.g., San Francisco, Seattle), racially disparate drug law enforcement
practices ensnare more people of color (Beckett et al., 2006; Beckett and Herbert, 2008;
Rios, 2011). Lynch et al. (2013) reveal how race and place are not independent in
the geography of drug law enforcement. Police tend to intercede in spaces that are
contested (e.g., gentrifying neighborhoods, skid row tracts) as law enforcement attempts
to maintain a municipality’s economic and political interests (Stuart, 2016).

Given the empirical record there is genuine worry that place-based predictive polic-
ing may exacerbate racial biases (Ferguson, in press). The reasoning is that forecasts
direct police officers into locations where they have an increased opportunity to exercise
bias. Such opportunities would not have been available, or only available in diminished
frequency, in the absence of those forecasts. Moreover, knowing that one is in a predic-
tion area is expected to heighten awareness in ways that amplify bias (Ferguson, 2012).
Biased outcomes should therefore increase with the implementation of place-based pre-
dictive policing. We test several derived hypotheses using arrests recorded during the
Los Angeles predictive policing experiment.

3. Predictive Policing Experiments in Los Angeles

A randomized controlled trial of predictive policing was conducted in three divisions
of the Los Angeles Police Department (LAPD) between November 2011 and January
2013. The three participating divisions were Foothill (FH), North Hollywood (NH) and
Southwest (SW). Only a brief outline of the experiment is present here. Details of the
algorithmic procedures, experimental design and main effects are presented in Mohler
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et al. (2015).
Each day of the experiment police patrol officers were handed patrol maps with

twenty target areas marked as 500 x 500 foot boxes. Officers were informed that the
target areas were locations where the risk of crime was highest for their shift. They
were encouraged to patrol target areas during any available discretionary time. What
officers did not know was that the mission maps distributed to them each day were
designed either by an algorithmic forecasting method (see Mohler et al., 2011, 2015),
or by an analyst from within the division using all of the technological and intelligence
assets at their disposal. Which mission map officers received on any given day was
randomized creating a treatment condition (algorithmic forecast) and control condition
(analyst forecast). In this repeated-measures experimental design, treatment days were
considered exchangeable with control days (Mohler et al., 2015).

The outcome of interest was the difference in reported crime between control and
treatment days. The crime types targeted were burglary, car theft and burglary theft
from vehicle (BTFV). Historically, these crime types account for as much as 60% of the
crime in the City of Los Angeles. In addition to this outcome measure, we collected
information on the amount of time police officers spent in prediction areas under each
of the experimental conditions (Mohler et al., 2015). Officers used their in-car com-
puter terminals to register when they were entering and exiting prediction locations.
This “dosage” was aggregated by day for a total amount of time (in minutes) spent in
prediction locations.

Across the three test divisions, patrol officers using the algorithmic predictions pro-
duced an average 7.4% drop in crime as a function of patrol dosage. By contrast, use of
the best-practice predictions failed yield a significant reduction in crime. The evidence
presented in Mohler et al. (2015) is consistent with the conclusion that police patrol,
when influenced by accurate predictions about the timing and location of crime, is ef-
fective at deterring crime. We reproduce the main regression results from Mohler et al.
(2015) in Table 4.

We now turn to a consideration of potential biases induced by predictive policing.
Specifically, we seek answers to the following empirical questions: (1) Were there dif-
ferences in arrest rates for minority individuals in the test divisions before and after
exposure? (2) Were there differences in arrest rates for minority individuals under con-
trol and treatment conditions during the testing? and (3) Did arrests contribute to
observed changes in crime and were there differences by racial-ethnic group?

3.1. Empirical Data
3.1.1. Defining Pre- and Post-Exposure Periods
Predictive policing experiments in each of the three LAPD divisions started at different
times and ran for different total durations. Pre- and post-exposure periods for each
respective division overlap to a considerable degree (see Figure 1). The experiment
in Foothill Division ran for 172 days from November 7, 2011 to April 27, 2012. The
pre-exposure period was therefore chosen to be the 172 days prior to the start of the
experiment, giving a pre-exposure start date of May 18, 2011. In North Hollywood,
the experiment ran for 167 days from March 31, 2012 to Sept 14, 2012, giving a pre-
exposure start date of Oct 15, 2011. In Southwest Division, the experiment ran for 239
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Fig. 1. The pre- and post-deployment exposure periods in Foothill, North Hollywood and South-
west Divisions of the LAPD.

days between May 16, 2012 to January 10, 2013, giving a s a pre-exposure start date of
Sept 19, 2011.

3.1.2. Defining Control and Treatment Days

Control and treatment missions were designed independently, but in parallel each day of
the experiment. Recall that treatment missions were based on algorithmic forecasting,
while the control missions were based on existing best practice of analysts. Once mission
designs were finalized, a control or treatment mission was chosen randomly for deploy-
ment. This randomization was done independently each day for each division taking
part in the experiment. On occasion, the analyst was not present on a randomly desig-
nated control day and therefore control missions were not available for those days. We
exclude treatment days from these days to ensure fair comparison. In Foothill Division,
there were a total of 124 test days with successful random assignment, after discarding
days on which the analyst was not present to design control missions. The 124 test days
were evenly divided with 62 control and 62 treatment days. There were 152 total test
days in North Hollywood Division. These included 82 control and 70 treatment days. In
Southwest Division, there were 234 total days, including 117 control and 117 treatment
days.

3.1.3. Defining Arrests

An arrest is generally understood to mean the taking into custody of an individual by
the police given probable cause that a violation of the law has occurred. An arrest, as
recorded by the LAPD, should not be conflated with other down-stream processes of
the criminal justice system. An arrest does not imply booking, continued detention, nor
whether those individuals are ultimately prosecuted for a crime. Arrests also should not
be conflated with contacts between the public and police that did not result in arrest,
even if such contacts were contentious. In general, police can exercise many alternatives
to arrest in seeking to enforce laws and ensure order including behavioral directives,
warnings and brief detention without arrest. On average, the LAPD makes about 1.5
million public contacts per year, but only about 24,000 of these contacts (1.6%) are
arrests (Beck, 2016). Here arrests are taken at face value, without considering anything
beyond the official record that an individual was taken into custody.

We do not distinguish between arrests for different types of crimes. In 2012, the
LAPD made arrests under 520 different criminal codes representing 25 broad classes of
crimes such as aggravated assault, robbery, burglary and larceny. Our primary focus
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is on whether the practice of policing introduces new biases into arrest patterns, not
whether bias might be differentially present in arrests for different types of crimes.

3.1.4. Defining Racial-Ethnic Groups

The LAPD collects demographic information as part of the arrest process including age,
sex and race-ethnicity of the individuals arrested. This information may be elicited from
the individual or inferred by the arresting officer. The LAPD recognizes the categories
Asian, black, Latino, white and other, which combined constitute 97.7% of all arrests
on average. Occasionally, other categories such as Filipino, Korean, and Pacific Islander
appear within the data. Given the sometimes fraught history between the communities
of color (see Herbert, 1997; Martinez, 2016; Muiz, 2015) we focus on patterns in the
arrest of black and Latino individuals and therefore report results for these two groups
and for arrests overall.

4. Methods

We use three principal methods to address the questions outlined above. To examine
whether arrests rates differed between pre- and post-exposure periods we use regression
discontinuity design (RDD) (MacDonald et al., 2016; Imbens and Lemieux, 2008) and
pooled proportions tests. RDD is chosen to test for short-range changes in arrest rates
coinciding with the onset of predictive policing deployments. The assumption is that
underlying environmental processes are similar over the narrow time windows on either
side of the boundary except for the introduction of predictive policing protocols. Un-
derlying processes may be quite different over a larger time window in addition to the
difference in experimental conditions. Pooled proportions tests are used to test for stable
shifts in aggregate arrests between pre- and post-exposure periods. Pooled proportions
tests are are also used to detect differences in arrests rates between control and treat-
ment conditions. Finally, we use multiple regression to assess whether arrests play a
role in observed impacts on crime under different experimental conditions. The multiple
regression model forms are introduced along with the analysis.

Our null hypotheses are: (1) arrests rates for minority individuals do not differ be-
tween pre- and post-exposure periods; (2) arrests rates for minority individuals do not
differ between control and treatment conditions during the experiment; and (3) arrest
of minority individuals did not contribute to observed impacts on crime.

5. Results

5.1. Pre-Post Exposure to Predictive Policing
We first test for differences in the volume of arrests between pre- and post-exposure
periods. Regression discontinuity models provide little indication that there was a shift
in arrest volume accompanying the start of predictive policing experiments in any of the
LAPD test divisions. In Foothill Division, the continuity in total arrests, black arrests,
and Latino arrests is visibly apparent (Figure 2). Analyses of the local treatment effect
confirm this visual impression (Table 1). In North Hollywood, there is continuity in
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black arrests, but a significant drop in Latino arrests at the boundary. By contrast, in
Southwest, there is a significant increase in black arrests that coincides with the start
of predictive policing, but continuity in Latino arrests. The magnitude and timing of
each of these observed jumps is linked to the overall volatility of arrests, rather than
any persistent change in arrest patterns associated with predictive policing. Complete
examination of all hypothetical cut points across the time series reveals numerous jumps
of equal or greater magnitude. In North Hollywood Division, for example, six of the
eight events with a decrease in Latino arrests at least as large as that shown in Figure 2,
occurred before the onset of the predictive policing experiments. In Southwest Division,
15 of the 23 events with an increase in black arrests at least as large as that observed
occurred before the onset of predictive policing. If anything, there is a reduction in the
volatility of arrests following the deployment of predictive policing.
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Fig. 2. Local polynomial smoothing of crime per day during predictive policing pre- and post-
exposure periods in three divisions of the LAPD. Plots represent all (top row), black (middle row)
and Latino (bottom row) arrests. The deployment cut points are shown as a red line.

That there was not a sharp change in arrests at the start of predictive policing
deployments does not exclude the possibility that there was a less pronounced, but
longer-term shift towards greater numbers of arrests. We therefore test for changes in
the proportions of arrests over the entire pre- and post-exposure periods (Table 2). Total
arrests declined in Foothill and North Hollywood, comparing the entire post exposure
period to the entire pre-exposure period. Black arrests declined as a proportion of all
arrests in Foothill, but the change was not statistically significant. Black and Latino
arrests both declined significantly as a proportion of all arrests in North Hollywood.
Total arrests increased in Southwest Division for the entire post-exposure period (Table
2). There were slight increases in both black and Latino arrests as a proportion of all
arrests, but these increases were not statistically significant.
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Table 1. Regression discontinuity analysis of arrests.

Division & Bandwidth # Observ. LATE Estimate Std. z value Pr(> |z|)
Race (days) (N) (N crimes) Error

FH All 10.893 21 0.6094 4.303 0.1416 0.8874
FH Black 7.636 15 -0.425 0.6565 -0.6473 0.5174
FH Latino 11.317 24 -1.4365 2.443 -0.5881 0.5565

NH All 13.196 27 -11.23 9.729 -1.1545 0.2483
NH Black 8.007 17 -2.03742 2.298 -0.88663 0.37528
NH Latino 10.832 21 -12.986 5.686 -2.2838 0.022384*

SW All 12.047 25 17.72 4.288 4.133 3.587e-05***
SW Black 12.556 25 12.54 4.548 2.758 5.812e-03**
SW Latino 9.707 19 2.2033 3.849 0.5724 0.567

Table 2. Numbers of arrests and pool proportions tests for pre- and post-exposure periods.

Total Arrests (N) Black Arrests (N) Latino Arrests (N)
pre post % change pre post % change p-val pre post % change p-val

FH 3493 2930 -16.1% 315 284 -9.8% 0.35 2413 1990 -17.5% 0.32
NH 6919 3551 -48.7% 1041 486 -53.3% 0.06 3446 1868 -45.8% 0.0067**
SW 5630 5730 1.8% 3626 3744 3.3% 0.30 1600 1685 5.3% 0.25

5.2. Control-Treatment Comparisons
The LAPD experiment was designed to test for differences in predictive accuracy and
impact on crime between control and treatment conditions. Here we examine arrest
patterns on control and treatment days (Table 3). Total arrests were slightly higher on
treatment days compared to control days in Foothill Division. Total arrests were lower
in North Hollywood and Southwest Divisions on treatment days compared to control.
In North Hollywood, the absolute magnitude of the difference is due in large measure to
the lower number of treatment days (n = 70) compared to control days (n = 82) in the
experiment. Adjusted for this difference, the total number of arrests in North Hollywood
would have been approximately 1717.3, an estimated decrease over the control number
of arrests. In proportion to all arrests, black arrests were lower on treatment days in
Foothill, but higher in North Hollywood and Southwest Divisions. Latino arrests were
higher on treatment days in all three Divisions. However, none of the differences between
control and treatment arrests were statistically significant (Table 3).

5.3. Impact of Arrests on Crime
Finally, we address the question of whether arrests had a differential impact on crime
under control and treatment conditions. Our baseline for comparison is the analysis
presented in Mohler et al. (2015). In that work, regression models of the form Yij =
µj + βkXij + εij were used to assess the relationship between daily crime volume and
patrol time on mission. The outcome variable, Yij is the daily crime volume on day i
in division j. Recall that the target crime types for the experimental deployment were
burglary, car theft and burglary-theft from motor vehicle. The independent variable
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Table 3. Arrests on control and treatment days in three LAPD Divisions. † raw counts are lower due to the few
treatment days compared to control.

Division Race/ Control Treatment Percent Percent Difference p-val
Ethnicity Arrests (N) Arrests (N) Control Total Treatment Total

FH Black 117 118 11.0% 10.4% -0.6% 0.68
FH Latino 700 756 66.1% 66.8% 0.7% 0.36
FH All 1059 1131 100.0% 100.0%

NH Black 241 203† 13.7% 13.8% 0.1% 0.46
NH Latino 927 783† 52.7% 53.3% 0.6% 0.36
NH All 1759 1468† 100.0% 100.0%

SW Black 1887 1818 65.4% 65.8% 0.4% 0.74
SW Latino 843 811 29.2% 29.4% 0.1% 0.91
SW All 2884 2761 100.0% 100.0%

Table 4. Parameter estimates for impact of policing dosage on crime.

group Parameter Estimate Standard Error t-value p-value

Treatment µFH 6.793967 0.432887 15.684 2.0*10−16
Treatment µNH 9.354687 0.492241 5.202 4.16*10−7
Treatment µSW 9.117100 0.4468645 5.199 4.23*10−7
Treatment β1 -0.000994279 0.00042298 -2.303 0.0221

Control µFH 6.5950493 0.4641932 14.208 2.0*10−16
Control µNH 9.1953424 0.5193115 5.007 1.03*10−6
Control µSW 8.7943222 0.4861717 4.524 9.29*10−6

Control β1 Control -0.0004664 0.0005127 -0.91 0.382399

Xij is the cumulative police patrol time in minutes on day i across all active prediction
boxes in division j. The parameter εij is the uncorrelated error. The coefficient µj is
an estimate of the mean crime volume per day in division j, in the absence of directed
patrol. The coefficient βk is an estimate of the impact of increasing patrol dosage under
experimental condition k. The baseline results from Mohler et al. (2015) are reproduced
in Table 4. The treatment condition (algorithmic forecast) produced a statistically
significant decrease in the target crime types as a function of increasing policing dosage.
By contrast, the control condition (best practice) did not yield a significant decrease in
crime as a function of increasing dosage. The difference between treatment and control
corresponded to a doubling of crime reduction for the same amount of police effort.

To address the impact of arrests we extended the above model in a straightforward
manner to read Yij = µj + β1kXij + β2kZij + εij . The coefficient β1k is an estimate
of the impact of increasing patrol dosage on mean crime volume per day under exper-
imental condition k, and is the counterpart of βk from above. The coefficient β2k is
an estimate of the impact of increasing arrests on mean crime volume per day under
experimental condition k. In all but one case, increasing arrests have no significant
effect on the mean crime volume per day when controlling for policing dosage (Table
5). The exception concerns Latino arrests under treatment conditions, where the effect
is marginally significant. Crime volume per day increased with the number of Latino
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arrests. This effect runs in the opposite direction from the impact of policing dosage,
which remains a statistically significant source of crime reduction. In other words, the
increase in Latino arrests was not responsible for responsible for the observed decrease
in crime under treatment conditions. A separate regression of Latino treatment arrests
on treatment dosage shows that the two processes behave independently of one another
(Table 6). Increasing policing dosage in treatment prediction areas did not increase in
Latino arrests.

6. Discussion

The stated goal of the analyses present above was to assess the degree to which arrest
rates were impacted by the introduction of predictive policing in three divisions pa-
trolled by the LAPD. Special attention was paid to arrest rates by the race-ethnicity of
the individuals detained. Our null hypotheses were: (1) arrests did not change with the
deployment of predictive policing; (2) arrests did not differ between control and treat-
ment conditions; and (3) arrests did not contribute to observed crime reductions. The
evidence presented does not allow us to reject these null hypotheses. Clearly, arrests are
a common part of day-to-day police operations. However, the introduction of predictive
policing did not induce biases sufficient to alter arrest patterns. Moreover, there is no
evidence that observed crime declines were achieved through biased arrests.

The present study has several important limitations. First, it is possible that there
was a temporal lag between experimental conditions and arrests. The lag could operate
in two different ways. On the one hand, police patrol activities on day i might be
responsible for arrests on day i + l1, where l1 > 0 is the lag measured in days. On the
other, arrests on day i might impact on crime on day i + l2, where again l2 > 0 is the
lag measured in days. The randomization of experimental conditions by day dilutes our
ability to detect such lagged effects. To wit, the experimental condition assigned on
day i and day i + l was random and independent. Any lagged bias therefore should be
equally distributed across both experimental conditions. For example, assume that each
day there is a baseline number of arrests a, plus an additional bias b induced by the
treatment. If the bias applies strictly to day i+ l, then the expected number of arrests is
a+b/2 for both control and treatment days. The same logic applies if we believe that the
effect of arrests on crime are lagged. These possibilities are very difficult to disentangle
given the volatility of daily crime.

Second, arrests are an imperfect proxy for other types of police contacts including
stops, searches and detentions short of arrest. It is possible that predictive policing
induced increases in these other categories of police contacts, without a concomitant
impact on arrests. For this to hold true it would have to be the case that the rate of
arrest actually declined as these other precursor contacts increased, leaving overall arrest
rates unchanged. This hypothetical downward adjustment in arrests would have to hold
not only for the experimental deployment period overall, but also for randomly assigned
treatment days. We do not have sufficient data to exclude such dynamics, but they seem
improbable on the face of it.

Finally, the analyses do not provide any guidance on whether arrests are themselves
systemically biased. Such could be the case, for example, if black and Latino individuals
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Table 5. Multiple regression for dosage and arrests under treatment and control conditions.

group estimate SE t-value p-value

Treatment + All Arrests
µFH 6.50188 0.565575 11.4961 9.95*10−25
µNH 9.15754 0.501334 5.29719 2.63*10−7
µSW 8.85567 0.460604 5.11023 6.5*10−7
β1 Treatment Dosage -0.00100063 0.000423606 -2.36217 0.0189544
β2 Treatment Arrests 0.0129482 0.0202237 0.64025 0.522611
Control + All Arrests
µFH 6.2382 0.624003 9.99706 4.44*10−20
µNH 9.0241 0.527495 5.28137 2.74*10−7
µSW 8.50478 0.51667 4.38691 1.689*10−5
β1 Control Dosage -0.000453612 0.000509099 -0.891009 0.373761
β2 Control Arrests 0.0115781 0.0249507 0.464037 0.643015

Treatment + Black Arrests
µFH 6.80608 0.436548 15.5907 1.71*10−38
µNH 9.5373 0.498403 5.47993 1.06*10−7
µSW 9.76503 0.636963 4.6454 5.55*10−6
β1 Treatment Dosage -0.000982505 0.000422704 -2.32434 0.0209293
β2 Treatment Arrests -0.0410679 0.0340836 -1.20492 0.229403
Control + Black Arrests
µFH 6.384 0.469567 13.5955 4.69*10−32
µNH 9.18987 0.517777 5.41908 1.38*10−7
µSW 8.32581 0.76121 2.55096 0.0113253
β1 Control Dosage -0.000460084 0.000508949 -0.903988 0.366852
β2 Control Arrests 0.0292476 0.0421066 0.694607 0.487931

Treatment + Latino Arrests
µFH 5.8825 0.617093 9.53259 1.63*10−18
µNH 8.64369 0.496342 5.56308 6.95*10−8
µSW 8.67682 0.488814 5.71653 3.16*10−8
β1 Treatment Dosage -0.000994498 0.000420657 -2.36416 0.0188553
β2 Treatment Arrests 0.0698846 0.0362634 1.92714 0.0551233
Control + Latino Arrests
µFH 6.37857 0.642941 9.92094 7.71*10−20
µNH 9.21484 0.516391 5.49248 9.55*10−8
µSW 8.74811 0.512742 4.62132 6.04*10−6
β1 Control Dosage -0.000445898 0.000509063 -0.875919 0.381895
β2 Control Arrests 0.00474212 0.0398681 0.118945 0.905412

Table 6. Regression of Latino treatment arrests on treatment dosage.

group Parameter Estimate Standard Error t-value p-value

µFH 12.1918 0.758458 16.0745 3.47*10−40
µNH 11.18384 0.872066 -1.15583 0.248877
µSW 6.76718 0.788364 -6.88086 4.94*10−11

Treatment Dosage 3.13543*10ˆ-6 0.0007411 0.00423078 0.996628
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experienced arrest at a rate disproportionate to their share of the population and their
share of offending (Rosenfeld and Fornango, 2014). The current study is only able to
ascertain that arrest rates for black and Latino individuals were not impacted, positively
or negatively, by using predictive policing. Future research could seek to test whether
the situational conditions surrounding arrests and final dispositions differ in the presence
of predictive policing.

References

Baumgartner, F. R., Epp, D. A., Shoub, K. and Love, B. (2016) Targeting young men of
color for search and arrest during traffic stops: evidence from north carolina, 20022013.
Politics, Groups, and Identities, 1–25.

Beck, C. (2016) Use of force year-end review executive summary 2015. Report, Los
Angeles Police Department.

Beckett, K. (2012) Race, drugs, and law enforcement. Criminology & Public Policy, 11,
641–653.

Beckett, K. and Herbert, S. (2008) Dealing with disorder: Social control in the post-
industrial city. Theoretical Criminology, 12, 5–30.

Beckett, K., Nyrop, K. and Pfingst, L. (2006) Race, drugs, and policing: Understanding
disparities in drug delivery arrests. Criminology, 44, 105–137.

Bowers, K. J., Johnson, S. D. and Pease, K. (2004) Prospective hot-spotting the future
of crime mapping? British Journal of Criminology, 44, 641–658.

Braga, A. A. and Bond, B. J. (2008) Policing crime and disorder hot spots: A randomized
controlled trial*. Criminology, 46, 577–607.

Buehler, J. W. (2017) Racial/ethnic disparities in the use of lethal force by us police,
20102014. American journal of public health, e1–e3.

Clarke, R. and Weisburd, D. (1994) Diffusion of crime control benefits: Observations on
the reverse of displacement. Crime Prevention Studies, 2, 165–184.

Coviello, D. and Persico, N. (2015) An economic analysis of black-white disparities in the
new york police departments stop-and-frisk program. The Journal of Legal Studies,
44, 315–360.

Dunn, R. A. (2009) Measuring racial disparities in traffic ticketing within large urban
jurisdictions. Public Performance & Management Review, 32, 537–561.

Engel, R. S., Smith, M. R. and Cullen, F. T. (2012) Race, place, and drug enforcement.
Criminology & Public Policy, 11, 603–635.

Epp, C. R., Maynard-Moody, S. and Haider-Markel, D. P. (2014) Pulled over: How
police stops define race and citizenship. Chicago, IL: University of Chicago Press.



Predictive Policing Arrests 13

Fagan, J., Braga, A. A., Brunson, R. K. and Pattavina, A. (2015) Stops and stares:
Street stops, surveillance and race in the new policing.

Fagan, J., Geller, A., Davies, G. and West, V. (2010) Street Stops and Broken Windows
Revisited: The Demography and Logic of Proactive Policing in a Safe and Changing
City. Race, Ethnicity and Policing. New York, NY: New York University.

Farrell, A. and McDevitt, D. J. (2006) Rhode island traffic stop statistics data collection
study 2004-2005. Report, Institute on Race and Justice.

Ferguson, A. G. (2012) Predictive policing and reasonable suspicion. Emory LJ, 62,
259–324.

— (in press) Policing predictive policing. Washington University Law Review, 94.

Gaines, L. K. (2002) An analysis of traffic stop data in the city of riverside. Report.

Geller, W. A. and Toch, H. (1995) And justice for all: Understanding and controlling
police abuse of force. Police Executive Research Forum Washington, DC.

Gelman, A., Fagan, J. and Kiss, A. (2007) An analysis of the new york city police
department’s stop-and-frisk policy in the context of claims of racial bias. Journal of
the American Statistical Association, 102, 813–823.

Goel, S., Rao, J. M. and Shroff, R. (2016) Precinct or prejudice? understanding racial
disparities in new york citys stop-and-frisk policy. The Annals of Applied Statistics,
10, 365–394.

Greene, J. A. (1999) Zero tolerance: A case study of police policies and practices in new
york city. Crime & Delinquency, 45, 171–187.

Harris, D. A. (1994) Frisking every suspect: The withering of terry. UC Davis L. Rev.,
28, 1.

— (1999) The stories, the statistics, and the law: Why driving while black matters.
Minn. L. Rev., 84, 265.

Herbert, S. K. (1997) Policing space: Territoriality and the Los Angeles police depart-
ment. U of Minnesota Press.

Horrace, W. C. and Rohlin, S. M. (2016) How dark is dark? bright lights, big city, racial
profiling. Review of Economics and Statistics, 98, 226–232.

Imbens, G. W. and Lemieux, T. (2008) Regression discontinuity designs: A guide to
practice. Journal of econometrics, 142, 615–635.

Koper, C. S. (1995) Just enough police presence: Reducing crime and disorderly behavior
by optimizing patrol time in crime hot spots. Justice Quarterly, 12, 649–672. URL:
http://dx.doi.org/10.1080/07418829500096231.

Laniyonu, A. (2017) Coffee shops and street stops: Policing practices in gentrifying
neighborhoods. Urban Affairs Review, 1078087416689728.



14 Brantingham et al.

Legewie, J. (2016) Racial profiling and use of force in police stops: How local events
trigger periods of increased discrimination. American Journal of Sociology, 122, 379–
424.

Loughran, T. A., Paternoster, R., Piquero, A. R. and Pogarsky, G.
(2011) On ambiguity in perceptions of risk: Implications for criminal
decision making and deterrence. Criminology, 49, 1029–1061. URL:
http://dx.doi.org/10.1111/j.1745-9125.2011.00251.x.

Lundman, R. J. and Kaufman, R. L. (2003) Driving while black: Effects of race, ethnicity,
and gender on citizen selfreports of traffic stops and police actions. Criminology, 41,
195–220.

Lynch, M., Omori, M., Roussell, A. and Valasik, M. (2013) Policing the progressivecity:
The racialized geography of drug law enforcement. Theoretical criminology, 17, 335–
357.

MacDonald, H. (2002) Are cops racist? How the war against the police harms Black
Americans. Ivan R. Dee.

MacDonald, J. M., Klick, J. and Grunwald, B. (2016) The effect of private police
on crime: evidence from a geographic regression discontinuity design. Journal of
the Royal Statistical Society: Series A (Statistics in Society), 179, 831–846. URL:
http://dx.doi.org/10.1111/rssa.12142.

Martinez, C. (2016) The Neighborhood Has Its Own Rules: Latinos and African Ameri-
cans in South Los Angeles. NYU Press.

Meehan, A. J. and Ponder, M. C. (2002) Race and place: The ecology of racial profiling
african american motorists. Justice Quarterly, 19, 399–430.

Mohler, G., Short, M., Brantingham, P., Schoenberg, F. and Tita, G. (2011) Self-exciting
point process modeling of crime. Journal of the American Statistical Association, 106,
100–108.

Mohler, G., Short, M. B., Malinowski, S., Johnson, M., Tita, G. E., Bertozzi, A. L. and
Brantingham, P. J. (2015) Randomized controlled field trials of predictive policing.
Journal of the American Statistical Association, 110, 1399–1411.

Muiz, A. (2015) Police, Power, and the Production of Racial Boundaries. Rutgers Uni-
versity Press.

Nix, J., Campbell, B. A., Byers, E. H. and Alpert, G. P. (2017) A bird’s eye view of
civilians killed by police in 2015. Criminology & Public Policy, 16, 309–340. URL:
http://dx.doi.org/10.1111/1745-9133.12269.

Novak, K. J. (2004) Disparity and racial profiling in traffic enforcement. Police Quarterly,
7, 65–96.

Plant, E. A. and Peruche, B. M. (2005) The consequences of race for police officers’
responses to criminal suspects. Psychological Science, 16, 180–183.



Predictive Policing Arrests 15

Ridgeway, G. (2006) Assessing the effect of race bias in post-traffic stop outcomes using
propensity scores. Journal of quantitative criminology, 22, 1–29.

Rios, V. M. (2011) Punished: Policing the lives of Black and Latino boys. NYU Press.

Rosenfeld, R. and Fornango, R. (2014) The impact of police stops on precinct robbery
and burglary rates in new york city, 2003-2010. Justice Quarterly, 31, 96–122. URL:
http://dx.doi.org/10.1080/07418825.2012.712152.

— (2017) The relationship between crime and stop, question, and frisk rates in new york
city neighborhoods. Justice Quarterly, 1–21.

Schuck, A. M. (2004) The masking of racial and ethnic disparity in police use of physical
force: The effects of gender and custody status. Journal of Criminal Justice, 32,
557–564.

Sherman, L. and Weisburd, D. (1995) General deterrent effects of police patrol in crime
?hot spots?: A randomized, controlled trial. Justice Quarterly, 12, 625–648.

Sherman, L. W. and Eck, J. E. (2002) Policing for crime prevention, 295–397.

Sherman, L. W., Gartin, P. R. and Buerger, M. E. (1989) Hot spots of predatory crime:
Routine activities and the criminology of place*. Criminology, 27, 27–56.

Smith, M. R. and Petrocelli, M. (2001) Racial profiling? a multivariate analysis of police
traffic stop data. Police Quarterly, 4, 4–27.

Stuart, F. (2016) Down, out, and under arrest: Policing and everyday life in Skid Row.
University of Chicago Press.

Telep, C., Weisburd, D., Gill, C., Vitter, Z. and Teichman, D. (2014) Displace-
ment of crime and diffusion of crime control benefits in large-scale geographic ar-
eas: a systematic review. Journal of Experimental Criminology, 10, 515–548. URL:
http://dx.doi.org/10.1007/s11292-014-9208-5.

Warren, P., Tomaskovic-Devy, D., Smith, W., Zingraff, M. and Mason, M. (2006) Driving
while black: Bias processes and racial disparity in police stops. Criminology, 44, 709–
738.

Weisburd, D. (2008) Place-based policing. Ideas in American Policing, 9, 1–15.

Weisburd, D. and Eck, J. E. (2004) What can police do to reduce crime, disorder, and
fear? The ANNALS of the American Academy of Political and Social Science, 593,
42–65.

Weisburd, D., Wyckoff, L. A., Ready, J., Eck, J. E., Hinkle, J. C. and Gajewski, F. (2006)
Does crime just move around the corner? a controlled study of spatial displacement
and diffusion of crime control benefits*. Criminology, 44, 549–592.

White, M. D. and Fradella, H. F. (2016) Stop and frisk: The use and abuse of a contro-
versial policing tactic. NYU Press.



16 Brantingham et al.

Wilson, J. Q. and Kelling, G. (1982) Broken windows: The police and neighborhood
safety. The Atlantic Monthly, 127, 29–38.

Wyant, B. R., Taylor, R. B., Ratcliffe, J. H. and Wood, J. (2012) Deterrence, firearm
arrests, and subsequent shootings: A micro-level spatio-temporal analysis. Justice
Quarterly, 29, 524–545. URL: <Go to ISI>://WOS:000307240700003.

Zimring, F. E. (2012) The city that became safe: New York’s lessons for urban crime
and its control. Oxford University Press.



1 
 

 

RIPS 2017 Industry Sponsors Guide 

Thank you for your interest in sponsoring a project in IPAM’s Research in Industrial Projects for 

Students (RIPS) Program this summer! We have developed this short guide for sponsors, so that 

they know what to expect and understand the commitment they will be making.  Please contact 

us (see page 6) with any questions or concerns about your participation. 

Choosing an Industry Mentor 

The industry mentor is a mathematician, scientist or engineer at the sponsoring organization 

who has the most familiarity with the proposed project.  This will likely be the same person who 

writes the project description (below) but may be another researcher in the same area/office 

with similar expertise. A team of mentors is fine and even desirable, as long as one researcher is 

assigned to be the main point of contact for the students.  The industry mentor must be 

available throughout the summer (June 19 – Aug. 18, 2017) to meet with the students in person 

or remotely at least weekly, as well as to respond to their questions by email. He or she must 

also attend opening day at IPAM (UCLA) on Monday, June 19.  When choosing an industry 

mentor, please confirm that the person can make this commitment.  If the industry mentor will 

be traveling during the summer, he or she must still be able to communicate with the students 

by email or phone, or must find a qualified substitute industry mentor for that period of time.   

Industry mentors who do not live in LA area should plan to spend a few extra days at UCLA after 

Opening Day.  Face-to-face interaction at the start of the program is important to foster a 

productive relationship with the students and a good experience overall.  We require that the 

industry mentor resides in the United States, if not California; we have found that a time 

difference of more than a few hours is impractical, because the students cannot get timely 

responses to their questions.   

Project Description  

The project description explains the problem and the reason the outcome is important to the 

sponsor. The students should be able to appreciate the scope of the project and how mathematics is 

involved. Based on the project description and their own background research, the students will 

formulate a statement of work in the first week or two of the program. The project description 

should be provisional in nature; that is, not so specific that it proscribes the methodology, but not so 

general that the students are unable to identify specific objectives. It should list tasks you want the 
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students to undertake, but should not insist on a specific methodology or outcome. A typical project 

description is 2 or 3 pages long and we strongly recommend that it includes elements we have 

identified in project descriptions from previous years that have been evaluated positively. The 

following suggestions emphasize the content and format we believe are most conducive to a 

successful project and a successful participant experience:  

 Title of project and sponsor, and name of the industry mentor   

 Introduction: A brief description of the problem and the motivation to work on the proposed 

project, including its relevance for the sponsor and its clients or society. Also, include a brief 

overview of the company –i.e., history, type of business/operations, customers, etc. 

 Technical Background: Provide a detailed description of the problem both in words and in a more 

abstract/technical formulation, i.e., include relevant mathematical models, enunciate physical 

laws, or outline of algorithms if/when appropriate. Use graphics if you believe they’ll help 

students understand the problem. Suggest the best possible approaches to solve the proposed 

problem.  

If more than one, a brief discussion of the strengths, weaknesses, or limitations of each approach 

may help students set realistic goals and plan their work most efficiently.   

 Your Expectations: Set clear, reasonable, and attainable goals for the project. If possible, provide 

intermediate goals/milestones. That way, if students find difficulties reaching the ultimate goal of 

the project, they may still report results and conclusions, and provide future lines of work to 

reach the original goal. If the research objective proves to be impossible, a work statement may 

be re-negotiated by the team and sponsor.   

 Recommended Reading: Please list two or three articles or chapters that the students may read 

for back- ground information. You may send one or two of them to your team in advance.   

 Software Packages and Special Requirements: For any specific software tools you expect the 

students to use, provide references to manuals, user’s guides, and, when available, online 

tutorials, including, if they exist, videos and webinars. Please also state if any data (or other 

inputs) will be provided or required.   

 References: Provide a complete list of references.  

We will need a draft project description by February 14 (so that we may select and assign students to 

your team), and the final version by June 1.  

Selection of Students 

Along with the project description, please tell us if you have any prerequisites or desired 

qualification for your team along with the project description; for example, do you want 

students who have taken a particular course in math or science, or have experience with a 

specific programming language? We will try to accommodate your request.   Additionally, 
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please notify us as early as possible if your organization cannot work with students who aren’t 

US citizens or permanent residents. 

IPAM will receive more than 600 applicants for 36 spots.  We will make offers to the most 

qualified students.  Once most of the spots are filled, we will begin assigning teams. We will do 

our best to assign students to your team according to the guidelines you provide us, while also 

considering the interests of the students.  Because we may have cancellations, we typically wait 

until May 1 to notify the students of their team assignment.  We give them the project 

description about two weeks prior to the start of the program.  At that point, we will encourage 

you to introduce yourself by email to your students, send them an article to read in preparation 

for opening day, and ask them about specific skills or background. 

Technical, Security, and Legal Considerations 

IPAM provides its students with dual-boot Windows 7 (or 10)/Ubuntu Mint Linux desktop 

computers and a variety of software, including a limited number of Matlab licenses and 

toolboxes, C and C++ compilers, LaTeX, Maple and Mathematica.  If your students will need 

specialized hardware or software that we do not typically provide, please notify IPAM by May 

1, 2017 so that we can discuss the request and, if necessary, make appropriate purchases it in 

time for the start of RIPS.  We welcome offers from the sponsor to provide or purchase these 

items for the team. 

Additionally, if you will be providing propriety data or software to the students and will require 

them to sign a nondisclosure agreement, this must be reviewed by IPAM/UCLA prior to the 

start of RIPS. Please prepare and send us the draft agreement by May 1.  As this process 

involves another UCLA office and may require several iterations, we need to allow sufficient 

time; we believe a May 1 deadline is early enough to have the document approved by Opening 

Day.   

If your students will need data from you, please get permission from your company in advance 

so the students can proceed with their analysis immediately.  If you will need IPAM to provide 

additional or specific security measures to protect your data, please be sure to bring this to our 

attention by May 1 as well.  We may not be able to accommodate late requests.  Finally, please 

notify your students of any rules concerning the use of data. 

Finally, RIPS teams may be able to access UCLA’s Hoffman Computational Cluster for extra data 

analysis power; however, as this resource is shared with other researchers there are some 

limitations on the types and amount of analysis that can be done. If your company has access to 

high-end computational facilities, please consider providing your students access to your own 
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corporate computing systems. In either case, please let us know if you think you might have 

needs in this area. 

During the Program 

All industry mentors will meet with their team for a few hours on Opening Day. Those who are 

not local will ideally continue the meeting the following day, then continue to discuss the 

project by conference call or Skype regularly after that.  Industry mentor who are local may 

meet with their students in person at IPAM or at the company’s offices throughout the 

summer.  It is fundamental to the success of the program that Industry Mentors provide 

students and academic mentors with technical support, and that they show involvement in the 

project and interest in the progress of their teams. 

Your team will have an academic mentor (AM), typically a postdoc or junior faculty member, 

who will be in residence at IPAM for 20 hours per week.  The AM will choose a Project Manager 

(PM) from among the four students.  The industry mentor will communicate primarily with the 

team’s PM throughout the summer.  The industry mentor will not give specific instructions to 

the students or AM; rather, the students will seek to understand the problem and find for 

themselves a formulation of the problem and path for a solution, with the help of the AM.  The 

PM’s role includes leading team meetings, monitoring the team’s progress, and delegating tasks 

as needed.  Please remember that the program is an educational experience; in addition to 

conducting research, the students will also write a Statement of Work and Final Report, and 

give polished mid-term and final presentations.  The standards for these program components 

are quite high, and will require a significant amount of their time. 

The industry mentor will arrange for the students to have a “site visit” towards the end of the 

summer.  (We suggest you schedule it during the seventh or ninth week of the program.)  On 

the site visit, the students will present their research to an audience at the company made up 

of scientists and others interested in their work.  We also recommend that you arrange for a 

tour and meeting with some or your scientists so the students can learn about other research 

that your organization sponsors. 

We expect that the industry mentor will attend Projects Day if at all possible.  If it is not 

possible, he or she can watch via live-stream video. 

A Note on Sponsor Expectations 

Please remember that RIPS is primarily an educational experience for undergraduates.   For some 

students, this is their first opportunity to do research.  The work statement, which the students 

prepare and present to the sponsor in the second week, helps to set expectations.  If the research 

objective proves to be impossible, a work statement may be re-negotiated by the team and 
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sponsor. We recommend that you suggest milestones to your team, so that if they do not reach 

the final goal, you can still walk away with some useful results. Throughout the summer, active 

dialogue between the industry mentor and the team is critical. 

Industry Sponsor Fee and Other Expenses 

IPAM will send each sponsor an invoice for the sponsorship fee.  UCLA requests payment of the 

invoice within 45 days of receipt. 

IPAM and the sponsor will share the cost of the students’ site visit if it requires air travel and/or 

a hotel room.  This may be negotiated in advance and included in the sponsorship fee, or the 

sponsor can reimburse the students directly for some of their expenses. 

The industry sponsor may incur additional costs associated with the travel, parking, meals, and 

accommodations of the industry mentor(s) to attend opening day, projects day, and other 

activities at IPAM. 

IPAM has a limited budget for software, hardware, and other expenses that are project-specific.  

If your team will require purchases, please discuss with IPAM early.  We may ask the sponsor to 

help with the cost if it is significant. 
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RIPS 2016 TIMELINE 

February 14, 2017 IPAM’s deadline for students to apply.  We will begin making 

offers shortly after this date. 

February 14 Provide IPAM with the first draft of your project description and 

additional information as described under Selection of Students.   

April 15-30 IPAM will put you in touch with the academic mentor for your 

team.  The academic mentor may have valuable feedback on the 

project description that you can incorporate into the final version. 

May 1 Notify IPAM of hardware, software and/or security requirements 

for your project, and present IPAM with an NDA, if one is needed.   

June 1 Final version of the project description is due.   

June 19 RIPS Opening Day 

June 26-30 Team will present industry mentor with Work Statement. 

July 15 Choose a date for your team’s site visit and begin making 

arrangements.  

July 17-21 Midterm presentation take place this week. 

August 7-15 Site visits will likely take place during this time. 

August 17 RIPS Projects Day 

CONTACT INFORMATION

Stacey Beggs, Assistant Director 
sbeggs@ipam.ucla.edu 
310-794-0069 
 
Russ Caflisch, Director  
rcaflisch@ipam.ucla.edu 
310-983-3297 
 
James Kimmick, IT Manager 
jkimmick@ipam.ucla.edu 
310-794-7844 
 

Dimi Mavalski, RIPS Program Coordinator 
dmavalski@ipam.ucla.edu 
310-794-7708 
 
Tom Nykiel, Chief Financial Officer 
tnykiel@ipam.ucla.edu 
310-267-5247 
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March 8, 2017  

Joe Slezak 

IBM 

 

Dear Mr. Slezak: 

 

Thank you for your presentations and interest in response to our request for information 

about video analytics.  Given the issues surrounding the non-disclosure agreement, 

however, we are unable to work with you further on this effort. 

 

We thank you again for your interest.   

 

Sincerely, 

 

 

Craig D. Uchida     Daniel Gomez 

President, JSS      OIC, ITB 

 

 



Deputy Chief Bob Green, LAPD 
 
Visit to UCLA on 22 February 2017 
Location: Fowler Building Room A103B 
Contact: Jeff Brantingham, 424-298-7732 
 
Context 
 
The course is a general introduction to criminology. Students are doing an open-ended research 
project where they are tasked with “rewriting the rules of police engagement”. The goal is to 
get them to see how complex and challenging the outside world really is. 
 
My hope is for Chief Green to provide students with a window into what policing is really like. 
Most of the students will have never interacted with a police officer, meaning that their 
knowledge about policing is filtered through Hollywood and selective media sources.  An ideal 
outcome is for them to question what they think they know. 
 
Potential Talking Points 
 

 

• About the LAPD 
o Area policed & population size served 
o Number of sworn officers 
o Average number of patrol officers on the street at any one time 
o What are LAPD patrol officers like? 

▪ age, gender, race-ethnicity 

• Policing from the point of view of the patrol officer 
o What are the some of the main things that police patrol units do every day? 

▪ Most students in the class are going to conceive of all policing as strictly 
hard-charging to get the bad guy. What is wrong with this picture? 

o Walk us through the general decision making process of police officers for a type 
of encounter (some possible examples): 

▪ A traffic stop 
▪ A domestic dispute 
▪ An altercation between people on the street 

• Risk 
o What are the greatest sources of risk for police officers when they are on patrol? 
o How is the perception of risk by officers tied to: 

▪ guns in the hands of the public? 
▪ alcohol or substance abuse by the people they are contacting? 
▪ mental health issues? 

o How much does a patrol officer typically know about what is happening when 
they arrive at a call? 



o Are all types of calls equally likely to pose a risk to officers and the public, or are 
there some types of calls that are greater risk than others? 

• Statistics relevant to risk? 
o How many public contacts does LAPD make in a year? 

▪ In 2015, the Department had 1,503,758 public contacts (from Use of 
Force End of Year Review). 

o How many public contacts resulted in use of force? 
▪ In 2015, there were 1,924 use of force incidents, 0.13% of the 

Department’s total public contacts.  
o How many public contacts resulted in an officer involved shooting? 

▪ In 2015, there were 48 officer involved shootings, 0.003% of all public 
contacts 

o In what percentage of OIS incidents was the individual armed? 
▪ In 2015, 42 of 48 OIS incidents, or 87.5% 

o How many illegal guns does LAPD recover in a year? 
▪  

• Use of Force 
o How is use of force defined? 
o How does LAPD handle use of force? 

 

• Trust & the Community 
o Why does community trust matter so much? 
o How is LAPD committed to community trust? 



IPAM 2017 RIPS-LAPD Project 

 

Conversational Turn-Taking in Police Body-Worn Video 

 

Industry Sponsor: Deputy Chief Sean Malinowski (LAPD Chief of Staff); Sgt. Dan Gomez, Mr. 

Arnold Suzukamo (LAPD-IT Bureau). 

 

Academic Mentor:  

 

Academic Supervisors: Jeff Brantingham, UCLA Anthropology; Dr. Craig Uchida, Justice & 

Security Strategies 

 

Introduction 

 

Body-worn video (BWV) or on-body cameras provide a novel means to collect very fine-

information about police-public interactions.  The general use model requires officers to initiate 

recording of video whenever there is an encounter with a member of the public. During such 

interactions, BWV is recorded in real-time.  Recording is terminated at the officer’s discretion.  

BWV is not streamed or reviewed in real-time, but rather is uploaded to a secure cloud storage 

system at the end of an officer’s shift. 

 

BWV is designed to provide another line of evidence for the actions of individuals and the 

outcomes of interactions between police and members of the public.  BWV is therefore evidence 

relevant to legal proceedings like any other form of evidence collected by police.  In a limited 

number studies, BWV has been shown to reduce the likelihood that situations escalate to a point 

requiring use of force.   

 

There are considerable challenges facing wide-spread use of BWV.  Even small scale 

deployments are expected to lead to massive volumes of video data that will quickly outstrip the 

ability of law enforcement agencies to analyze. The resulting fallback position will be to review 

BWV footage only when it corresponds to adverse outcomes (e.g., use of force).  Most video will 

go unused. Many of the potential benefits of BWV may therefore go unrealized. 

 

The 2017 LAPD-RIPS Project 

 

The 2017 RIPS-LAPD team will work to develop methods for the automatic discrimination and 

labeling of audio-video segments into the following categories: (1) the focal police officer 

speaking; (2) other actors speaking; and (3) overlapping speech involving the focal officer and 

others. The focal police officer is defined as the officer wearing the camera. The goal is not 

speech content recognition, or transcription. Rather we wish to identify when police officers 

exclusively are speaking relative to one or more other actors in a video scene and when the 

officer and others are trying to override one another with speech. Measures of conversational 

turn taking may then be computed.  Conversational turn taking may provide evidence of when 

interactions are escalating or de-escalating without specific knowledge of the content of speech.  

Understanding when interactions escalate and de-escalate can be of tremendous value in helping 

to minimize the risk of adverse outcomes in police-public interactions. 



 

The project will rely on a range of data types BWV metadata (e.g., time stamps), BWV audio, 

and the video images themselves. Computations may be done in Matlab, Mathematica, C, C++, 

R, Java, or other appropriate computational language.  

 

Key Milestones: 

 

1. Statistical assessment of LAPD BWV and other associated data. 

2. Develop speech segmentation methods. 

3. Measuring conversational turn taking. 

4. Testing of efficacy of methods. 

5. Present to LAPD. 
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CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

UCLA 

Institute for Pure and Applied Mathematics 

Dr. P. Jeffrey Brantingham 

 

(Hereafter "Requestor") 

 

The undersigned hereby agrees to the following as conditions to the receipt and utilization of 

data from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD 

with analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the 

Los Angeles Police Department".  The purpose of this project is to identify specific features from 

video using machine learning algorithms.  Researchers will examine video footage from LAPD 

to determine specific interactions between the police and the public.  

  

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestor, and that 

material is to be treated as non-public and protected from disclosure or dissemination, in 

accordance with the terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestor hereby agrees that all 

Protected Confidential Materials to which he is given access shall remain the property of the City 

of Los Angeles. Such materials shall be used only for the Project and shall not be used for any 

other purpose not described in this Agreement. Requestor agrees not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestor further agrees to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestor acknowledges the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agrees that disclosure by the Requestor or any individual or group of 

individuals at the request or direction of the Requestor to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

Importantly, the Requestor assures that data identified to a specific individual will not be 

revealed under any circumstances and that the information is being used for research and 

statistical purposes only. 



 

Project findings and reports will not contain information about individuals or private persons.   

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestor 

shall immediately return all Protected Confidential Material in their possession or control, 

including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 

Department. Requestor shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestor' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestor. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestor under this Agreement, Requestor agrees to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestor. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestor agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestor and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestor will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestor acknowledges that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement. The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 



 

7. Release from Liability. Requestor agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestor, its use by Requestor, or any and all resulting 

analyses or conclusions derived from the Materials. Requestor shall indemnify and hold the 

City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestor. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

MAGGIE GOODRICH, Chief Information Officer 

Commanding Officer  

Information Technology Bureau   

 

Date: __________________________________ 

  

 

 

  

FOR REQUESTOR 

 

 

 

 

By: _______________________________ 

P. Jeffrey Brantingham, Ph.D. 

University of California, Los Angeles 

 

 

Date: _______________________________ 

 

 

 
 

 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

INSTITUTE FOR PURE AND APPLIED MATHEMATICS, RESEARCH IN 

INDUSTRIAL PROJECTS FOR STUDENTS 2016 (“UCLA IPAM RIPS”) 

 (Hereafter "Requestors") 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

video using machine learning algorithms.  Researchers will examine video footage from LAPD 

to determine specific interactions between the police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 

including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 



Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

MAGGIE GOODRICH, Chief  Information Officer 

Commanding Officer  

Information Technology Bureau   

 

Date: __________________________________ 

  

 

 

  

FOR THE REGENTS OF THE 

UNIVERSITY OF CALIFORNIA LOS 

ANGELES, INSTITUTE FOR PURE 

AND APPLIED MATHEMATICS, 

RESEARCH IN INDUSTRIAL 

PROJECTS FOR STUDENTS 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

 

By: _______________________________ 
        Giang Tran, RIPS Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 
        Stephanie Allen, RIPS Student 

Date: _______________________________ 

 

By: _______________________________ 
       David Madras, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 

      Ye Ye, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 
       Greg Zanotti, RIPS Student 

Date: _____________________________ 

 
 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

INSTITUTE FOR PURE AND APPLIED MATHEMATICS, RESEARCH IN 

INDUSTRIAL PROJECTS FOR STUDENTS 2016 (“UCLA IPAM RIPS”) 

 (Hereafter "Requestors") 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

body worn video footage using machine learning algorithms.  Researchers will examine video 

and audio from LAPD body worn video footage to determine specific interactions between the 

police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 

including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 



Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

Sean Malinowski, Deputy Chief & Chief of Staff 

  

 

Date: __________________________________ 

  

 

 

  

FOR THE REGENTS OF THE 

UNIVERSITY OF CALIFORNIA LOS 

ANGELES, INSTITUTE FOR PURE 

AND APPLIED MATHEMATICS, 

RESEARCH IN INDUSTRIAL 

PROJECTS FOR STUDENTS 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

 

By: _______________________________ 
        Jason Xu, RIPS Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 
        Collin Cademartori, RIPS Student 

Date: _______________________________ 

 

By: _______________________________ 
        Xi Chen, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 
         Alistair Letcher, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 

       Jalena Trisovic, RIPS Student 

Date: _____________________________ 

 
 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

INSTITUTE FOR PURE AND APPLIED MATHEMATICS, RESEARCH IN 

INDUSTRIAL PROJECTS FOR STUDENTS 2016 (“UCLA IPAM RIPS”) 

 (Hereafter "Requestors") 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

body worn video footage using machine learning algorithms.  Researchers will examine video 

and audio from LAPD body worn video footage to determine specific interactions between the 

police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 

including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 



Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

Sean Malinowski, Deputy Chief & Chief of Staff 

  

 

Date: __________________________________ 

  

 

 

  

FOR THE REGENTS OF THE 

UNIVERSITY OF CALIFORNIA LOS 

ANGELES, INSTITUTE FOR PURE 

AND APPLIED MATHEMATICS, 

RESEARCH IN INDUSTRIAL 

PROJECTS FOR STUDENTS 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

 

By: _______________________________ 
        Jason Xu, RIPS Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 
        Collin Cademartori, RIPS Student 

Date: _______________________________ 

 

By: _______________________________ 
        Xi Chen, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 
         Alistair Letcher, RIPS Student 

Date: _______________________________ 

 

 

By: _______________________________ 

       Jalena Trisovic, RIPS Student 

Date: _____________________________ 

 
 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR UNDERGRADUATES 2016 (“UCLA MATH DEPT 

NSF REU”) 

(Hereafter "Requestors) 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

video using machine learning algorithms.  Researchers will examine video footage from LAPD 

to determine specific interactions between the police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 

including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 



Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

MAGGIE GOODRICH, Chief  Information Officer 

Commanding Officer  

Information Technology Bureau   

 

Date: __________________________________ 

  

 

 

  

THE REGENTS OF THE UNIVERSITY 

OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, 

NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR 

UNDERGRADUATES 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

 

By: _______________________________ 
     Matt Haberland, NSF REU Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 
        Alicia Figueroa, NSF REU Student 

Date: _______________________________ 

 

By: _______________________________ 

       Deborah Tonne, NSF REU Student 

Date: _______________________________ 

 

 

By: _______________________________ 

      Yun Liu, NSF REU Student 

Date: _______________________________ 

 

 

By: _______________________________ 
       Benjamin Lu, NSF REU Student 

Date: _____________________________ 

 
 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR UNDERGRADUATES 2016 (“UCLA MATH DEPT 

NSF REU”) 

(Hereafter "Requestors) 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

body worn video footage using machine learning algorithms.  Researchers will examine video 

and audio from LAPD body worn video footage to determine specific interactions between the 

police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 



including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 

Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

Sean Malinowski, Deputy Chief & Chief of Staff 

   

 

Date: __________________________________ 

  

 

THE REGENTS OF THE UNIVERSITY 

OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, 

NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR 

UNDERGRADUATES 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

By: _______________________________ 
     Matt Habeland NSF REU Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 
     Hao Li, NSF REU Academic Mentor 

Date: _______________________________ 

 

By: _______________________________ 

        Osman Akar, NSF REU Student 

Date: _______________________________ 

 

By: _______________________________ 

       Adam Lemuel Dhillon, NSF REU Student 

Date: _______________________________ 

 

By: _______________________________ 

       Honglin Chen, NSF REU Student 

Date: _____________________________ 

 

By: _______________________________ 

      Alexander Insuk Song, NSF REU Student 

Date: _______________________________ 

 



By: _______________________________ 

       Honglin Chen, NSF REU Student 

Date: _____________________________ 

 

 

By: _______________________________ 

       Tiankuang Zhou, NSF REU Student 

Date: _____________________________ 

 

 
 

 



CONFIDENTIALITY AND NONDISCLOSURE AGREEMENT 

 

Between 

 

THE LOS ANGELES POLICE DEPARTMENT 

And 

THE REGENTS OF THE UNIVERSITY OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR UNDERGRADUATES 2016 (“UCLA MATH DEPT 

NSF REU”) 

(Hereafter "Requestors) 

 

The undersigned hereby agree to the following as conditions to the receipt and utilization of data 

from the Los Angeles Police Department (“LAPD”), for the purpose of assisting the LAPD with 

analyzing video footage. This project is titled, “Analyzing Body-Worn Camera Video in the Los 

Angeles Police Department".  The purpose of this project is to identify specific features from 

body worn video footage using machine learning algorithms.  Researchers will examine video 

and audio from LAPD body worn video footage to determine specific interactions between the 

police and the public. 

 

1. Definitions 

 

A. "Protected Confidential Material" includes all written information, whether originals 

or copies, including but not limited to reports, documents, notes, interviews, electronically stored 

data, photographs, charts or any other information supplied by the LAPD to Requestors, and it to 

be treated as non-public and protected from disclosure or dissemination, in accordance with the 

terms of this Agreement. 

 

2. Treatment and Use of Protected Confidential Material. Requestors hereby agree that all 

Protected Confidential Materials to which they are given access shall remain the property of the 

City of Los Angeles. Such materials shall be used only for the Project and shall not be used for 

any other purpose not described in this Agreement. Requestors agree not to copy, disseminate, or 

allow access to any Protected Confidential Material. 

 

Requestors further agree to secure any Protected Confidential Material received from the LAPD 

in such a way that unauthorized persons or entities cannot retrieve the information by any means, 

including but not limited to access via computer, remote terminal, or by any other electronic or 

non-electronic means. 

 

Requestors acknowledge the confidential nature of the Protected Confidential Material supplied 

by the LAPD, and agree that disclosure by the Requestors or any individual or group of 

individuals at the request or direction of the Requestors to anyone not directly identified in this 

Agreement is strictly prohibited. 

 

3. Return of Protected Confidential Materials. Upon completion of the Project, Requestors 

shall immediately return all Protected Confidential Material in their possession or control, 



including any and all copies (whether electronic or non-electronic), to the Los Angeles Police 

Department. Requestors shall certify in writing that all originals and copies of the material 

provided under this Agreement have been returned. 

 

4. Monitoring of Compliance and Demand for Document Return. The LAPD may monitor, 

audit and review the Requestors' program activities and policies to ensure compliance with the 

requirements and conditions of this Agreement. If the LAPD determines that the requirements 

and conditions of this Agreement are not being satisfactorily met, it may require the immediate 

return of all copies of the Protected Confidential Material obtained under this Agreement, take 

such action as deemed appropriate to protect the security and privacy of this material, and refuse 

any future requests for information or records from the Requestors. 

 

5. Protection of Personal Identifying Information. In order to protect the identities of any 

persons whose records are supplied to the Requestors under this Agreement, Requestors agree to: 

 

A. Use the Protected Confidential Material furnished under this Agreement only for the 

purpose described by Requestors. 

B. Replace the name and other personal identifiers with an alphanumeric or other 

appropriate code for purpose of conducting the necessary project analyses; 

C. Restrict access of all data supplied by LAPD to those individuals whose 

responsibilities cannot be accomplished without such access; and 

D. Store all Protected Confidential Material received from LAPD in secure locked 

containers. 

 

6. Project Treatment. Requestors agree to insert into the preface of any report citing data 

analysis conducted on any of the Protected Confidential Material, a disclaimer that the analysis 

and report are solely the work product of the Requestors and do not represent the position or 

conclusions of the Los Angeles Police Department. 

 

At the conclusion of the Project, Requestors will provide the LAPD with a copy of any written 

report derived from the Project. LAPD shall retain the discretion to use the report for whatever 

purpose or further analysis it deems appropriate. 

 

Requestors acknowledge that any written or oral report generated pursuant to analysis of any of 

the Protected Confidential Material is not to be published or circulated in any manner other than 

as explicitly set forth under this Agreement.  The City retains sole authority to approve 

disseminating to individuals, agencies, organizations or entities not parties to this agreement 

specific information regarding the services, reports, Deliverables and other materials resulting 

from this Agreement.  “Dissemination” as used in this section includes, but is not limited to 

printed and online articles, reports or publications, and public relations and advertising materials 

for Requestor’s services or participation under this Agreement. 

 

7. Release from Liability. Requestors agree that the City of Los Angeles and any of its agents or 

employees shall not be liable for any acts or omissions arising from the production of the 

Protected Confidential Material to Requestors, its use by Requestors, or any and all resulting 

analyses or conclusions derived from the Materials. Requestors shall indemnify and hold the 



City of Los Angeles and its employees and officers harmless for any and all claims, lawsuits, 

causes of action, damages or costs incurred in any adjudication or settlement of claims, including 

attorney's fees and costs, which may arise from any alleged use or misuse of documents provided 

by the LAPD pursuant to this Agreement, or by any negligent or willful act or omission on the 

part of Requestors. 

 

This Agreement will become effective upon signature of the parties. 

 

I/We hereby agree to all conditions and requirements set forth in this Agreement: 

 

FOR THE LOS ANGELES 

POLICE DEPARTMENT 

 

 

 

________________________________________  

Sean Malinowski, Deputy Chief & Chief of Staff 

   

 

Date: __________________________________ 

  

 

THE REGENTS OF THE UNIVERSITY 

OF CALIFORNIA LOS ANGELES, 

DEPARTMENT OF MATHEMATICS, 

NATIONAL SCEINCE FOUNDATION, 

RESEARCH EXPERIENCE FOR 

UNDERGRADUATES 2016 

 

By: _______________________________ 
       Emily Loughran, Director of Licensing 

Date: _______________________________ 

 

By: _______________________________ 
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The problem

Automatic discrimination and labelling of BWV audio segments into the 
following categories:

1. The focal police officer speaking.
2. Other actors speaking.
3. Overlapping speech involving the focal officer and others.

 Automatically recognize events like escalation and conflict, based on 
speech overlap and turn-taking.



Overview of the project

• Adaptive denoising of the audio signal

• Segmentation into speech/nonspeech
• Feature selection and optimisation

• Unsupervised clustering

• Supervised learning

• Future work
• Isolating the police officer’s voice

• Problems with overlap detection and turn-taking

• Other approaches to evaluate conflict escalation and detection

















Denoising Algorithm

• Using Gaussian Mixture Model, a short sample of noise is found in the 
initial audio signal and provided to the Wiener filter

• The initial noise parameters are estimated

• Filtering is performed in two phases:
• Two-Step Noise Reduction (TSNR) – noise removal with double Wiener 

filtering

• Harmonic Regeneration Noise Reduction (HRNR) – reconstruction of the 
speech components which were damaged in the TSNR phase









Representing the Audio Signal

• Most important features are the Mel-Frequency Cepstral Coefficients

• First look at the spectrum of the signal within a window

• Want to modify spectrum so that we see the data the way the ear hears it

• The ear is especially sensitive to low frequencies
• Perceives larger gaps between them than between higher frequencies

• Apply transformation to convert to Mel-frequencies
• Equal sized gaps on this scale are perceived as being equal by the human ear





Representing the Audio Signal

• Stable properties of human voice come out over longer time scales

• Again split up sequence into overlapping windows

• Compute mean and variance of short-term features within window

• This achieves two goals
• Decomposes signal into pieces that can characterize human voice

• Tracks longer term trends in the evolution of those features





Speech/Non-Speech Detection

• Supervised learning: use training (labelled) data to predict labels for 
unseen test data

• Methods that we used
• Support Vector Machines

• Gaussian Mixture Models







Gaussian Mixture Model

• Probabilistic model that assumes all data points are generated from a mixture of 
Gaussians with unknown parameters

• We use the Expectation–maximization algorithm to train two Gaussian Mixture 
Models, one for speech and one for non-speech

• Given a new data point, compare the likelihoods that it fits the two models and 
label it accordingly







Future work

• Identify the police officer
• Clustering and MFCC’s alone are insufficient. Use prosodic features and Hidden 

Markov Models?

• Use volume to our advantage.

• Train our SVM to differentiate between radio and non-radio.

• Conflict escalation/detection

• Issues with conversational turn-taking and overlap, both technical and based on 
empirical evidence.

• Other approaches: tone, speech recognition (keywords and repetition), relative 
volume.



Questions?



   #  

Bkg #

Date / Time

Arresting Division

Investigating Unit

Arrest Detail

RD Arrested

Arrest Location
Arrest Type

Arrest Group

Arrest Charge

Last Name, First Name
AKA's

Sex Desc Hair Eyes Ht Wt Age

Arrestees Address

A - Veh (Yr  Mk  Mod  Sty  Top  Bot  Lic  St)
Driver's License

Clothing

Personal Descriptors

###

4873230

01/04/2017 0910

4214

CT

FB

1412

PARK & OCEAN FRONT WK
M

NARCOTIC DRUG LAWS

11377(A)HS

MINNEY, JEREMY
?

M W BLN BLU 602 231 39 

204 HAMPTON DR 

? ? ? ? ? ? ? ? 

ORG SHT,BLK PNT,BLK SNDLS 

? 

###

4873628

01/04/2017 1600

4214

CT

A

1415

893 WARREN AV

M

MISC OTHER VIOLS

853.7PC

BOYER, MICAH

?

M W BRO BLU 602 180 40 

1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLU PNT,BLK JKT,WHT SHS 

? 

###

4214

14

X

171404150

1443

2422 ABBOT KINNEY BL

F
WEAPON (CARRY/POSS)

21310PC

HARRIS, LEVELL

?
M B BLK BRO 502 130 26 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

GRY SWEATR,BLU PNTS,WHT SHOES 

R08 - TATTOOS - PICTURE - TORSO, BACK

003 - COMPLEXION - DARK
024 - EARS - LARGE

039 - EYES - SLANTED 

###

4873857

01/04/2017 1920

4214

CT

FB

1412
OCEAN FRONT WALK & PARK AV

F

AGGRAVATED ASSAULT
245(A)(4)PC

ELHADARY, NAGI

?

M O BLK BRO 511 165 38 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLK JKT,BLK PNTS,BLU SHOES 
? 

###

4874475

01/05/2017 1410

4214

CT

FB

1413

3RD ST & ROSE AV
M

MISC OTHER VIOLS
853.7PC

ZORN, SANDRA
?

F H BRO BLK 504 120 60 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BRO SWEATER/BLU JEANS/BLK SHS 
? 

   #  

Bkg #

Date / Time

Arresting Division

Investigating Unit

Arrest Detail

RD Arrested

Arrest Location

Arrest Type
Arrest Group

Arrest Charge

Last Name, First Name

AKA's
Sex Desc Hair Eyes Ht Wt Age

Arrestees Address

A - Veh (Yr  Mk  Mod  Sty  Top  Bot  Lic  St)

Driver's License
Clothing

Personal Descriptors



###

4874486

01/05/2017 1400

4214

CT

FB

1413

3RD ST & ROSE AV

M

MISC OTHER VIOLS
853.7PC

DAMBERT, DAVID

?

M H BLN GRN 602 175 57 
1942 TRANSIENT

? ? ? ? ? ? ? ? 

PURPLE SWEATSHIRT,BLU PANTS 
? 

###

4874502

01/05/2017 1830

4214

CT

A

1457

12123 CULVER BL

M

MISC OTHER VIOLS
853.7PC

MCKINNEY, STEPHANIE

?

F W BRO BRO 506 195 47 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

NONE

WHTSHIRT,BLUPANTS 
? 

###

4875545

01/06/2017 1620

4214

CT

NARC

1406

3756 OVERLAND
F

<NA>

3454(C)PC

HOSKINS, DAVID
?

M W BRO GRN 600 165 37 

1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLK SHRT,BLKPNTS,BLK SHOES 

? 

###

4875562

01/06/2017 1615

4214

CT

FB

1452

LINCOLN & WASHINGTON

M
MISC OTHER VIOLS

853.7PC

BRYANT, MAURICE

?
M B BLK BRO 509 155 40 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

NONE
GRY SHRT,BLU PNTS,WHT SHOES 

? 

###

4214

14

A

?

1415

888 LINCOLN BL

F
ROBBERY
211PC

ROBINSON, SPENCER

?
M W BLK BRO 509 150 21 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

?

BLK SHRT,BLK PNTS,BLK SHOES 

001 - COMPLEXION - LIGHT/FAIR

024 - EARS - LARGE
044 - NOSE - LONG
064 - FACE - ROUND 

###

4876002

01/07/2017 0900

4214

CT

A

1441

MILDRED ST & STRONGS ST
M

DRIVING UNDER INFLU

23152(B)VC

WILLIAMS, JARON
?

M B BLK BRO 604 215 30 

1942 TRANSIENT 

? ? ? ? ? ? ? ? 
NONE

BLK JACKET,RED SHIRT,BLU JNS,BLU SHS 

? 

###

4876020

01/07/2017 0930

4214

CT

Z

1411

OCEANFRONT WALK WK & OZONE ST
M

MISC OTHER VIOLS
853.7PC

MCGEE, MICCA
?

M W BRO BRO 600 145 20 
1942 TRANSIENT

? ? ? ? ? ? ? ? 
NONE

BLK JACKET,WHT SHORTS 
? 



###

4876048

01/07/2017 0910

4214

CT

Z

1400

OCEANFRONT WALK WK & OZONE ST

M

MISC OTHER VIOLS
853.7PC

RAPHAEL, PATRICK

?

M B BLK BRO 600 175 40 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

NONE

ALL BLACK 
? 

###

4876058

01/07/2017 0910

4214

CT

Z

1411

OCEANFRONT WALK WK & OZONE ST

M

MISC OTHER VIOLS
853.7PC

RILEY, ROBERT

?

M B BLK BRO 600 150 46 
1942 TRANIENT

? ? ? ? ? ? ? ? 

NONE

BLK HOODIE,BLU JNS,BLK PTS 
? 

###

4876075

01/07/2017 1315

4214

CT

A

1413

3RD ST & ROSE AV
M

MISC OTHER VIOLS

853.7PC

MEYER, THOMAS
?

M W BRO BRO 510 160 59 

1942 TRANSIENT 

? ? ? ? ? ? ? ? 

GRY JACKET, BLUE JEANS, NO SHO 

? 

###

1943

CT

LAX

?

1489

5300 W 96ST ST

F

MISC OTHER VIOLS

3454(C)PC

BURNHAM, ASHLEY

?

F W BLN BLU 509 200 32 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

NONE
PINK SHIRT,BLU JNS,WHT SHS 

002 - COMPLEXION - MEDIUM

020 - EARS - PIERCED

044 - NOSE - LONG

064 - FACE - ROUND 

###

4876945

01/08/2017 1150

4214

CT

A

1415

893 WARREN AV

M
MISC OTHER VIOLS
853.7PC

BINNS, DANIEL

?
M B BRO BRO 506 150 41 
204 HAMTON DR

? ? ? ? ? ? ? ? 

NONE
BLK SWEATER,WHT SHIRT,BLU JNS 
? 

###

4214

87

FB

?

1412
OCEAN FRONT WK & PALOMA

M

NARCOTIC DRUG LAWS
11377(A)HS

DAVIS, CHRISTELYN

?

F B BLK BRO 504 200 42 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 
NONE

BLU PNTS,PINK SHRT 
U06 - TATTOOS - OTHER SUBJECT - NECK

P03 - TATTOOS - NAMES / WORDS / INIT - CHEEK

122 - HAIR - BUSHY
125 - HAIR - DYED/BLEACHED 

###

4877135

01/08/2017 1800

1943

CT

LAX

1494

380 WORLD WAY
M

OTHER ASSAULTS

148(A)(1)PC

HUMBERT, FREDERIC
?

M W BLK BRO 603 225 44 

1942 TRANSIENT

? ? ? ? ? ? ? ? 
NONE

GRY SHRT,BLU SHORTS,BLK SHOES 

? 



###

4877232

01/08/2017 2055

4214

CT

FB

1412

SPEEDWAY & PARK AV

M

MISC OTHER VIOLS
853.7PC

FLORES, NELSON

?

M H BLK BRO 507 160 43 
1942 TRANSIENT

? ? ? ? ? ? ? ? 

NONE

TAN JACKET,BLK PNTS,BRO SHOES. 
? 

###

4214

14

A

171404350

1441
1712 ABBOT KENNY AV

F

BURGLARY

459PC

LAWRENCE, JACOB

?

M W BLK BRO 508 170 39 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

?

BLU SHRT,BLUPNTS,BLK SHOES 
001 - COMPLEXION - LIGHT/FAIR

039 - EYES - SLANTED

044 - NOSE - LONG

062 - FACE - LONG 

###

4878107

01/09/2017 2130

4214

87

A

1435

3718 S BARRINGTON AV

M

NARCOTIC DRUG LAWS
11550(A)HS

MATIASMORALES, VICTOR

?

M H BLK BRO 506 140 32 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

NONE

BLK SHOES, BLK JEANS, GRY/BLU SWEATER 
? 

###

1943

CT

LAX

?

1489

96TH & HINDRY
F

MISC OTHER VIOLS

594(A)PC

SMITH, MELENA
?

F W BRO GRN 502 135 43 

1943 TRANSIENT 

? ? ? ? ? ? ? ? 

GRY PNT,PRPLE/GRY SHT,CAMO JKT,GRY SHS   

001 - COMPLEXION - LIGHT/FAIR
020 - EARS - PIERCED

043 - NOSE - HOOKED

066 - FACE - HEAVY MAKEUP 

###

4878602

01/10/2017 1205

4214

CT

FB

1413

SUNSET BL & 3RD ST
M

DRUNKENNESS
647(F)PC

GARCIA, NICHOLAS
?

M H BRO BLU 510 160 53 
503 OLYMPIC BL 

? ? ? ? ? ? ? ? 
NONE

GRY,SHRT,JAIL,BLU,BRO,SHS 
? 

###

4878703

01/10/2017 1555

4214

CT

F

1412
151 OCEAN FRONT WK

M

NARCOTIC DRUG LAWS
11377(A)HS

GONZALES, TYAIRA

?

F B BLK BRO 509 160 21 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

NONE

BLU SHRT BLU PNTS BLK SHS 
? 

###

4878718

01/10/2017 1310

4214

14

Z

1413

3RD ST & ROSE AV
F

BURGLARY

459PC

SESSIONS, RACHAEL
?

F W BRO BLU 501 135 34 

1942 TRANSIENT

? ? ? ? ? ? ? ? 
?

BRO SHOES, BLU PANTS, BLU SHIRT 

? 



###

4878898

01/11/2017 0150

4214

99

FB

1441

509 WASHINGTON BL

F

MISC OTHER VIOLS
451(D)PC

JOHNSON, WILLIAM

HESLER

M W BRO GRN 509 180 57 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLK SHOES, GRY PANTS, BLU JACK 
? 

###

4879131

01/11/2017 0820

4214

CT

Z

1453

LINCOLN BL & WASHINGTON AV

O

MISC OTHER VIOLS
3455(A)PC

MARZANO, NICHOLAS

?

M W BRO BRO 507 140 40 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLU SWEATER,BLU JEANS,BLK SHS 
? 

###

4879663

01/11/2017 1340

4214

14

FB

1413

3RD AV & ROSE AV
F

AGGRAVATED ASSAULT

245(A)(1)PC

WHITTAKER, ALEXIS
?

F B BLK BRO 508 130 23 

1942 TRANSIENT 

? ? ? ? ? ? ? ? 

RED/BLK JCKT, BLK PANTS, BRO BOOTS 

? 

###

4879725

01/11/2017 1800

4214

CT

A

1426

NATIONAL & SAWTELLE

M
OTHER ASSAULTS

240PC

SMITH, CARLOS

?
M B BLK BRO 510 160 38 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

BLK SHS,BLU PNTS,WHT SHIRT 

? 

###

4880340

01/12/2017 1410

4214

14

FB

1431
MARKET ST & OCEAN FRONT WK

F

WEAPON (CARRY/POSS)

21310PC

TALLEY, SHAWN

PECK

M B BLK BRO 504 135 48 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

BLK SHIRT,BLK PNTS,GRY SHS 

? 

###

4214

87

NARC

171400520

1415

LINCOLN & LAKE
F

NARCOTIC DRUG LAWS

11379(A)HS

ROMAN, ERNEST
?

M H BLK BRO 507 140 55 

1942 TRANSIENT

? ? ? ? ? ? ? ? 

NONE
BLK JACKET,BRO JNS,WHT SHOES 

081 - TEETH - BROKEN
086 - TEETH - MISSING

U19 - TATTOOS - OTHER SUBJECT - EAR, RIGHT

U20 - TATTOOS - OTHER SUBJECT - EAR, LEFT 

###

4881506

01/13/2017 1605

4214

87

NARC

1415

LINCOLN & LAKE
F

NARCOTIC DRUG LAWS
11379(A)HS

SHERROD, JOSEPH
?

M B BLK BRO 509 195 54 
1942 TRANSIENT

? ? ? ? ? ? ? ? 

NONE

BLK JACKET,BLU JNS,BLK SHOES 
002 - COMPLEXION - MEDIUM

064 - FACE - ROUND
T07 - TATTOOS - WORDS, OTHER - TORSO, FRONT 



###

4881850

01/14/2017 0945

4214

CT

Z

1431

PACIFIC & WINDWARD

M

MISC OTHER VIOLS
853.7PC

THILKING, JOHN

?

M W BLN BLU 601 185 41 
1942 TRANSIENT

? ? ? ? ? ? ? ? 

BLU SHT,BLK PNT,BLK SHS 
? 

###

4881859

01/14/2017 1030

1943

CT

LAX

1495

SEPULVEDA & WESTCHESTER

M

AGGRAVATED ASSAULT
273.5(A)PC

ROGERS, RYAN

?

M W BLK BLU 509 170 42 
1942 TRANSIENT 

? ? ? ? ? ? ? ? 

BLU JNS,BLK SHT,GRN SNDLS 
? 

###

1943

CT

LAX

?

1494

380 WORLD WAY

F

WEAPON (CARRY/POSS)
22210PC

STRINGER, JEFFREY

?

M O BLK BRO 508 170 42 
1943 TRANSIENT

? ? ? ? ? ? ? ? 
NONE

GRN/RED SHT,BLU SHRTS,BLK SNDLS 

001 - COMPLEXION - LIGHT/FAIR

024 - EARS - LARGE

046 - NOSE - SMALL
122 - HAIR - BUSHY 


