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An Analysis of Relationship Between Word Frequency in
Social Network Service Data and Crime Occurences

Yong-Woo Kim' - Hang-Bong Kang"™

ABSTRACT

In the past, crime prediction methods utilized previous records to accurately predict crime occurrences. Yet these crime prediction
models had difficulty in updating immense data. To enhance the crime prediction methods, some approaches used social network
service (SNS) data in crime prediction studies, but the relationship between SNS data and crime records has not been studied
thoroughly. Hence, in this paper, we analyze the relationship between SNS data and criminal occurrences in the perspective of crime
prediction. Using Latent Dirichlet Allocation (LDA), we extract tweets that included any words regarding criminal occurrences and
analyze the changes in tweet frequency according to the crime records. We then calculate the number of tweets including crime
related words and investigate accordingly depending on crime occurrences. Our experimental results demonstrate that there is a
difference in crime related tweet occurrences when criminal activity occurs. Moreover, our results show that SNS data analysis will be
helpful in crime prediction model as there are certain patterns in tweet occurrences before and after the crime.

Keywords : Social Network Service, Crime Record, Latent Dirichlet Allocation, Tweet Frequency
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Table 1. The words related to crime

Knife
Attack
Loathing

Crime Homicide
Gunfight

Strange Fear

‘Weapon

Victim Criminal

Disgust
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Table 2. T-test on paired samples in topic frequency of tweets of 6 hours before a certain point (no crime case)

Paired Samples Test

Paired Differences
95% Confidence Interval of ¢ T Sig.
Mean Std. Std. Error the Difference (2-tailed)
Deviation Mean
Lower Upper
. Before_1H - A _
Pair 1 40000 1.51658 67823 -1.48308 2.28308 590 4 H87
Before_2H
. Before 2H - - . -
Pair 2 -1.40000 1.81659 81240 -3.60559 85559 -1.723 4 .160
Before_3H
. Before_3H - - . -
Pair 3 -.40000 270185 1.20830 -3.75479 2.95479 -331 4 757
Before_4H
. Before_4H - - .
Pair 4 - .00000 1.22474 HATT2 -1.52072 1.52072 .000 4 1.000
Before_5H
pair 5 | DeEfore S =y 6h0g 296648 1.32665 628337 108337 ~1.960 4 122
Before_6H
Table 3. T-test on paired samples in topic frequency of tweets of 6 hours after a certain point (no crime case)
Paired Samples Test
Paired Differences
95% Confidence Interval of ¢ df Sig.
Mean Std. Std. Error the Difference (2-tailed)
Deviation Mean
Lower Upper
Pair 1 After_IH - -1.40000 3.20936 1.43527 -5.38495 2.58495 =975 4 385
After_2H
Pair 2 After JH - -.60000 4.21900 1.88680 -5.83859 4.63859 =318 4 766
After_3H
Pair 3 | After3H - 40000 378153 169115 429539 509539 237 4 8%
After_4H
pair 4 | AT = 66000 279085 1.24900 506778 186778 1981 4 269
After 5H
. After 5H -
Pair 5 1.40000 3.13050 1.40000 -2.48702 5.28702 1.000 4 374
After_6H
Fig. 3& ®x7} 248 egfi AAAA 9 FA NEE et Table 5= W3 LA o]F9] FA| Rlke tishe
E23kgk Aoly, bAIH A EF EAS HEgS HolA| & HexE T-HAE A ZAo|t}. Hx] A o]F 37
=th AAE AJdo A AFHC B A NEE HY I ANZE AbolE AlQlEtH BT foud zolE HA
o, SARCE fone Aol= §lsiH 24 HES A Au|a7t f8S destrle] £ WHolg)
Y EE S B HES HolH gE AL %L v A7 [M1IAHE, &4 HESA Mujae #3549 ddd
v, foust zelE gelsly] f8) e T-HASE A ARE Agsia
Astgth Table 29+ Table 3& W7 dojibx] o A A
o] dloJEfe] thek th$HE T-7HA4e Aot} BE A7+ 5
verage
ol A B foju st Apolg Holx| gkttt WA} WA 1
WS Aols Frs 2olE Ko, 4270l 2FA 3 i
Nsen : AN
\/
6 \_/’/
42 BZ| g _. T~
A B WET foudh Aol Hol: AL el . N
7] Y8, dSRE T-HAS HASATE Table 4+ H3 0
A o] de] FA| MR tiste] oi-g i T-HAL A4 T (o
3 Aztolth. WA WA 4N AAAE A% Felnd 3 : -
o] Ho|A| Uk BAIZF o]TREE fFon|d zo]|F HolXA Fig. 4. Average graph of topic frequency when crime is occurred
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Table 4. T-test on paired samples in topic frequency of tweets of 6 hours before crime

Paired Samples Test

Paired Differences
95% Confidence Interval of Sig.
t df :
Mean S.t d‘. Std. Error the Difference (2-tailed)
Deviation Mean
Lower Upper
pair 1 | Before1H =) goasg 5.10190 1.23739 —5.44669 -.20037 -2.282 16 037
Before_2H
. Before_2H - - -
Pair 2 2.82353 447542 1.08545 52248 5.12458 2,601 16 019
Before_3H
. Before_3H - - _ - _
Pair 3 1.58824 2.78520 67551 15622 3.02025 2.351 16 032
Before_4H
. Before_4H - . ; _
Pair 4 -.35204 2.71434 65832 ~1.74853 1.04264 - 536 16 599
Before_bH
pair 5 | Before B = g 362386 87801 997498 145145 ~ 468 16 646
Before_6H
Table 5. T-test on paired samples in topic frequency of tweets of 6 hours after crime
Paired Samples Test
Paired Differences
95% Confidence Interval of Sig.
Mean Std. Std. Error the Difference t 4| (2 tailed)
Deviation Mean
Lower Upper
. After_1H - _
Pair 1 2.35294 440087 1.06737 09022 461566 2.204 16 042
After_2H
Pair 2 | After2H - 1.82353 350420 84989 02184 362522 2.146 16 048
After_3H
pair 3 | After3H - 23529 253795 61554 106960 154019 3% 16 707
After_4H
pair 4 | AfterAH - 76471 143742 34863 02565 150376 2193 | 16 043
After 5H
Pair 5 | AMErSH =) poeen 256102 62114 74207 337558 3315 | 16 004
After_6H
Fig. 4+ A4 k9] HS =4 Aot} Hz WAy e AAE ESle] 4 £ wiEoTth
ANZE ARE 247 AR WA 9} d FAS M E
9] WEsE FAETIE 1ARE ol el gadth WE wA 43 =4
5A7F AR 6A7F A Alolel= fojulgk oz} gliwl, L M7 A ks W ES NE {2 gk Ao
?/H—_i. _J_?:s_ §1_7} E} Hq*] BL/‘g ]t ‘%4}494_ %%% 7]' Oj\)\}\J— 117]' HL‘gﬁ LCHE‘ E‘}\ 1—;1_5:_5;] .l'{’rg]u]ﬁl— i]’
] u} H =z ¥ olo] H =4 =
FAE 0 Sl WE ASAoz gase Ag g T SA WAL AT, WARG SHA W
A gl wEkd HEditE A4S & F . w3 2y
T 5 gtk WA A o F 3ALE 4A7E ApoleE W
of WE W3yt EAE] wEel WHBY EQY WES
- ] I~ = [e]
37 filom, %49}_ gdd EQY WEs} HsE A & Wz o2 aren A 4 9o
AR 8 WA OF Aol Adel B ESlel NE g yeen o) 990 pa dne A9a
7F Aadke AL 71E AT14]9 v AE Belth O 2o dolgte AL WA AF[11]4Y, "7 2
Fig. 5= Zt Hdd digt FA Hl =28tk Flolth BHA] e A= e ES MRS By dA3 A3
2 wE B4 2/ AR F 7 iE A 14 o] UEhbx] ekokAnt WA T A Hole 2o ES
b Aol Aasta, WH 24 o] g FUlEAT A& HEE Boa Wz A Ao AT HFS Jehdd
Hog 7hAasith 7THIF 9 109, 129, 139, 159, 16H< £3], & AT T HH7F A A, Ha DA 247
Hz WA SAIZHEE 6A1ZE Ao] HIET) 447 A ] HIE ANA Wzl dHE ESle] Frlste AL WA digh
t =7 JehdEd, ol o)d Wz Hy ESlo] ArEEe A3 Wz B wliolx, A7 Mo Hadte
FAEYJA7] W FEolr}y, w3k 2 3H 17HS Wz W o] A HHE dod|e AlFES] ESl AMES AASH] Wi
F ESl WE7h fAasinrt Al Srkebd, ol fel olgbe= AbAS WAt
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