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Multitype crime prediction model integrating spatiotemporal interaction
features and spatiotemporal correlation of crimes

LI Zehui', SUI Jinguang?, CHEN Peng', SHAN Miaoxuan', CHEN Jiaqi'
(1. School of Information Network Security, People’s Public Security University of China, Beijing 102600, China; 2. School of Crim-
inology, People's Public Security University of China, Beijing 102600, China)

Abstract: To address the high deployment costs of single-crime prediction models in policing practice, a multitype
crime prediction model integrating spatiotemporal interaction features and spatiotemporal correlation of crimes (MCPM)
was constructed. The model’s fundamental functionality encompasses two primary components: spatiotemporal interac-
tion feature extraction and multitype joint learning. The spatiotemporal interaction feature extraction component is de-
signed to capture the key characteristics of environmental features data related to different types of crime, while the mul-
titype joint learning component integrates the spatiotemporal correlations among different types of crime, facilitating the
joint optimization of spatiotemporal prediction for multiple crime types. A series of experiments have been conducted on
data concerning robbery and burglary crime from Chicago and New York. The following conclusions were reached: The
MCPM model demonstrates superior performance in terms of prediction accuracy, with a minimum prediction root
mean square error of 0.365 for robbery and 0.288 for burglar and mean absolute error reaches a minimum of 0.277 and
0.226, respectively, indicating a significant margin of improvement over baseline models, with a maximum difference of
31.1% and 36.6%, respectively. Ablation experiments reveal that environmental features data variables contribute the
most to the model’s predictions, followed by spatiotemporal correlations between different types of crime. The MCPM
model effectively captures the differentiated impact of environmental features data on various crime types, enhancing
model performance through the integration of spatiotemporal correlations among crimes.

Keywords: crime spatiotemporal prediction; domain adaptation techniques; crime type correlation; graph convolutional

neural network; spatiotemporal data mining; deep learning; attention mechanisms; data fusion
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BV (B RIBRUESS . 3 bR AL B Lo R I 44
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ZINEF B EE 25500 45 . A S 55U 22234
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Il R i R AR B T D, WOAE T SR ARAH G 2
RIRBERFEEUE, G454 POL, H M LA K RA55
XA ) ROHE FEAT I e AR TEAL, SR T et
fAE R B R (E, HE T IQR k(B fH 1.5 7% ) 5
b 5 W AE, Jf it Z-score brifEfLIH BRI N 2 7,
e ZAE) = AERFAE A P X, € RV Horp i SRR i
U A BYIRAEL, T R iR CR, N RoR X
B, C R i N IEAE R . R 1HI T
P TRV R 5 At 10 B0 i R Ak iR AR, 1K
i SRR ESR AR, IF T UINZR R 45 .
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Table 1 Definition and shape of feature tensors
B fik Fr
JRIREE A A 2B R s X, e RV
BT KB BE S AR
POV 55 4 GRS IA RIRSEE Xpo e RV
NSRS i e R ) &
. SREE L KA AHRHREE T
5 W0 B2, BT K AR B EE/

g

Xwea c RNXTXS

Xroad c RN><T><1

2.12 54K E 54 34T

N 55 S BE e, T g5 G R EEAE AT
LR Ry A il o I R R ), [ B oAy - A
BRI ES @R, Rl H RN
FEAR BT R o B A, TR B30 e BRSE [) 0L LA
8:2 [ LB 43 J U SR AR AT il 4 o X T4 X35
1Y B Fh SRR R, AR ¢ A4S I 1] 25 00 BE AT
YR, TR K — A AP U gR S . Al H]
Adam AL 27 X AL HYHEAT T 100 4> epoch HIHEAL,
JFI50 R 3 AR 5 O M SR 7 Lk B B K R T T
&, BG4 > 0 0.001, FAF FRAE ) AL 2 4
IF 1) 5 1Y) F 38 A EE 28 A A, FIAR (AN 0.5,
3 3 A8 S UEAE 5 R R BT AN o B E R 3,
yIRE A 1xe?,

AT B UEAS SCHE ) MCPM 7E 8 5B B 25 i
DU 75 TG %) A 80 e BB At A R M A0 A B 2 T3
RERYFEAT LU o 4 THI 7 5 A [F) 7 2 288, X L
L ) 45 25 LIS e B Y A% G LA 2 S AR, ]
A F T 2 () ) £ 235 6 Ol 30 52 B A 5 AU A5
P L0, R O 7 Al 4 2 TR RO | e o T ]
SEH R BIAY, AR 2 A A Ty 2 A SO AR R
Ff—3, Ak FR A5 3 8 2 715 (ordinary
linear regression, OLR) . K& 112 M 4% (LSTM) .
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XGBoost™ | Fifi HL A& Ak (random forest) ', B} 25 45
TR 1 28 [ 2% ( spatial-temporal graph convolutional
network, STGCN ) !"31 | J&] & B4 5 HH 10 12 X 4%
( graph convolutional long short-term memory, GC-
LSTM) P2, gl 252 181 45 R U4 22 I 4% (diffusi-
on convolutional recurrent neural network, DCRNN ) %3]
Graph Wavenet™ | [ 1 h i 25 ] 45 B X 2% (atten-
tion based spatial-temporal graph convolutional net-
work, ASTGCN ) 45 9 AR A

DA 4t %oF 158 2 F1AH O B0t AR BV SN PRAL 8 A
268 X6 R 2 2R FH AN (] 288 U AL 5 93000 285 2R 7 347 5 it
22 (root mean squard error, RMSE ) FI - 25 4 X} 3% 2
( mean absolute error, MAE ) {i, AH X BCit K48 24 A
D7 AN T [ 48 07 i - Y R Bk fig, AH X
SRR A O

1 < MB—M,
A=— d L % 100%

i (14)

K n AR F5 45 R, A n=2, 5%
MALFE RMSE Fl MAE W fl 34 48 b5 . M,
MB350 6 7% 25 1 AR 18 RIS [ 5k 2 A R o B — 2k
RULAE AP 845 i i 5 (A .

22 HEEIMEEERTEE

2% HL R AB R TN PR RE 45 AN 2 Fr k. AT LA
B A SRR th B 7 TR A A B A T
SR o X T 2R ST, A SR
MCPM . OLR 5 R 7E 3 By 10 16 A8 X5 Be itk R Sy
27.2%, TEANZE G W T T 21.9%, 512
2 RIS ] 4E E %) LSTM A AU AH b, MCPM 7E B Fl
25 OB TR B T8 AR X o ok R N 25.6%
1 19.2%., A% T XGBoost. Random Forest Z£ 4L
o AT MCPM £ 46 5l T % AH X ol 2t 6 43
A 25.5% F1 25.1%, 76 A % ¥ 57 A0 57 1000 1 A
X} o ik R4 ) 20.3%, #119.3%, ME T GC-
LSTM., STGCN, DCRNN % 2 [a] iif % & A0 7 if 2%
EHRME AR, MCPM 78 3 5l 00 1% AR X6 it %
I3 24.8% . 21.4% F1 17.4%, 16 A% ¥ 67 JL 9B
T A A X 2 EE 2 BN 16.7% . 14.1% 1 12.0%.
A F A A 38 W 20 4% 5 F% 1) Graph Wavenet %
5 hn A2 S HLEN ) ASTGCN BRI 5, MCPM
TEH F 00N AR T 2R 2 4 5 R 14.9% 1 8.7%,
TEN 2 B85 WA HERRPE B B 10.9% A1
7.6% HIHETE o
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Table 2 Comparison of various model performance

2y e

Jrik E{ox)] ANZE 5 Eitxs)] NE D
RMSE MAE 4/% RMSE MAE 4/% RMSE MAE 4/% RMSE MAE 4/%
OLR 0.755  0.529 272 0.647 0464 219 0.548 0389 31.1 0.463 0350  36.6
LST™M 0.743 0.515 256 0.616 0455 19.2 0.528 0378  28.8 0444 0331 334
XGBoost 0.746  0.512 255 0.635 0454 203 0.525 0374 282 0438 0324 323
Random Forest ~ 0.741 0.509  25.1 0.627  0.448 193 0.525 0365 273 0.434 0320 315
GC-LSTM 0.738  0.507 24.8 0.604 0437 16.7 0.521 0364 269 0426 0319  30.8
STGCN 0.705 0486 214 0.582 0426 14.1 0.506 0352 24.6 0415 0304 28.1
DCRNN 0.647 0478 174 0.574 0412 12.0 0.441 0332 169 0.382 0294 239
Graph Wavenet  0.612 0475 149 0.571 0.404 109 0.417 0304 10.7 0367 0264 18.0
ASTGCN 0.566  0.446 8.7 0.540  0.397 7.6 0.409  0.302 9.5 0.354 0258 155
MCPM 0.515  0.409 0.0 0.500  0.366 0.0 0365  0.277 0.0 0.288  0.226 0.0

1 MCPMAR ISR, (#i H Adamfifb 2%, #1hh 24 > %R 5,=0.001, epoch=100, a=3, y=1xe, Hi& ML ESEUFILHILEIEM0.5,

TEALZP5ESE I, MCPM # OLR I 7246 4
FILA 2 #5 5 I 9 A 2R 2R 31.1% Fil 36.6%,
PETFIREE 8K . #HEE Graph Wavenet, ASTGCN i,
FRRIMERE B AT 1Y FL L ALTY, MCPM 7E 46 &) i
) AF o B 3 3843 910 10.7% F19.5%, 76 A% W5 57
OO ) AE O 2R SR 1k 18.0% FT 15.5%, LA I
S5 R UE B, MCPM B ZE 46 5 A %= 75 57 P 2R 0
B () B 2 TN A G R L A B T A RE

SR K 56 AN R A5 7R A 2 [ 4 B b A9 52 B )
AR AR SRl B 3 B I 4 4R P Y — SR kA
PR 2E A5 A AT AR A A, S5 R S R . AT LLE
i, OLR Lk Jz LSTM 4§ 2 M i J37 52 B il X G-
Boost, Random Forest [t 28 HL 75 2 > A5 74 (1) F5it ]
g5 0 5 S0 BR g A 22 B, A B NS5 Y
STGCN B FU ARG T LSTM I 2 A%
23 [a) 45 4 RS AR (s BT X A0 i A5 B AN
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Fig.5 Spatial distribution of crime prediction errors for different models
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Fig. 6 Comparison chart of crime prediction time series using different models
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Table 3 Statistical analysis of predictive performance of models and variants

=g 314}
TH RS R tH) ANEEG tH) NEL 2]
RMSE MAE 4/% RMSE MAE 4/% RMSE MAE 4/% RMSE MAE  4/%
Ml 0.629 0.531 -26.0 0.614 0.512 314 0.454 0.310 -18.2 0.343 0.261 -17.3
M2 0.690 0.581 —380  0.670 0.536 —40.2 0506 0366 —354 0439 0319 —4638
M3 0.642 0.552 298 0.641 0.473  -28.7 0.473 0.325 235 0.419 0.310 —41.3
M4 0.550 0447 -80  0.545 0394  -83 0398 0293 74 0408 0302 —37.7
M5 0.690 0.592 -394 0.684 0.550 —-43.5 0.556 0.404 -49.1 0.504 0.348 —-64.5
MCPM 0.515 0.409 0.0 0.500 0.366 0.0 0.365 0.277 0.0 0.288 0.226 0.0
= BFHMCPM) mm (B = AEEGH(MCPM) =1 AEKGICEIR) -o- BHBMIEER - AREGUEE
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Fig.7 Comparison of performance of model ablation variants

HAKKF, 5 AR ih MS ) 1000 A0 X ek ik
A TR, I8 BEAE 39.4%~64.5%, UE W P54y
TIF 250 H0 A o A o A A SR 00 v 8 A R A b TR
Sy UMb JRE R A B R I K T 0 45 S 1Y 52
M), BEAILBE B2 i F 4R o i — K, X b MCPM
SERL R R 55 R MS B T 25 SR, HOmT Ak g R
WK 8(a) fr, 1T LLF H POT %5 48 [X 38} K 52 3 {if
FI DRI (a2 hnaF 2R 30 5 3 X)) 78 MS o S 152 25

G0, ENUE T PR B REAE B0 X A0 AR T ) 5T
fiko M5 ZJ5, M2 IPERE T FERR BEHESE 2, 762 0m
B 006 B A ES 5 w0 4 B R B T 38.0% AN
40.2%, TE 412 /3 5 AT = 3 57 100 43 31T R
T 35.4% 1 46.8%, & 8(b) 45 T 78 2 i 54
£ MCPM 5 S AL A AR (& M2 X A% #5575 H
(A TN 56 25 X6 B, BT LAE 1 MCPM T i3 2 i 3%
KT M2 B4k, [F I M2 76350 o & ik B (Can &l 8



« 1348 » O R

S S ¢ 5520 &

126,27 H )RR 22 5 MCPM B K, R B1H
AN RV ZE AL TR i 28 SR il 5 2E B 7R B 0 28 o o
— AR AR TR A 9 45 B IR R B, R T T
PEfE. M3 T RE N R0 BE A TR 3 07, 1
23.5%~41.3%, UEHIE 5 A MMD 5 2K BB A7 450k
B ZAT 5524 2 P AEAE R S 8, M1 e
JERUAD IR ) T M e T FEAE 17.3%~31.4%, £
IR 28 28 B B DL RBE R B B 78 4342 6 A 85
FREAE IR A 1B 72 a5 X AN [] 25 AU A0 IR 1Y) OC SHERRAE,
HB PRI BN . e, EA 285
£ 1, M4 7E A E HS 57 WU A R R A 37.7%, T FE
o B TR B B MR S 7.4%, X AT RE T A2 B 57 10
B AR A /N T B, UE B AR 8 2% pR BT AN
] S 7R A0 9 S A AL R 7 BE A R0 5% il 300 BAR AN
IF] 5 B 25 2T AS -l ) R

GRS, AR M1 FMS (1P RE 2 R 1 (FE

W3 38 17.3%~31.4% Fi1 39.4%~64.5% ), F W 2R
8 R 1IE B A X R AR 00 2 R 174 T Rk A K ML
38 2 B B B 25 28 B VR R IR 55 T X I B REAE
Bt O OCHERR AR AT AR BE DT, T MS 58 4 K BRER
B R TR CHE ) B R0 T A0 AR G A S TR
PNAE DI, 1 2 L[] 9IE B T VR B8 42 18 R 3 R ik 5k
P A A S RO AR G B RRAE Py M . R, A2
A& M2 Fi M3 P e T B (B I 5 51 ik 46.8%) , 18
IR TG OR R R R AR 2 1] B 2 QI pE () i 21k
M2 [H Z g AR R 2 7 S I - 5 850 BN R R, M3
2Bk MMD ik 5| k Z4F 4 iR R n @, — 35 B
UE T T 308 N B AR il A0 SR 2 B i 2 G IR A A
bk fea, AR M4 R T sh A AR F X2
AR PE RO (A, T B T3 IMEAE
RIS A TN AR . 2 LR 35E T MCPM
T 22 IS R0 R B 25 T v () A 50t R

Y i 2%

-1.2
-1.0
-0.8

&1 451]
— N
YN
SO 06
I POIILA & X 0.4
PO X
POIH A2 i [X. -0.2
POTH i % X
Bl POLEEJEIX -0
POIAZ % 5 i 9 73 A MCPM il 5 22 MSTH A (A T 2%
(a) MSZAR{RFUIPEREXT HE
14, —o— MCPMi%% 140
—=— M2IH Rl AR R 2 435
E 12 DRI ES LRy
10} 130
3 25 H
K 8| &
= P
=3 ¥
IS 15 ﬁ
K4t 10
< 2t 15
. . . . 0
0 5 10 15 20 25 30

H

(b) M2ZASPA T REXS LL

B8 MCPM #E 5 M5, M2 T F & R 3tk
Fig. 8 Comparison of MCPM model and M5 and M2 variant prediction results
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Fig. 9 Box plot of adaptive weights for joint and special feature vectors
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Table 4 Statistical analysis of predictive metrics with different time window lengths

. o Sioesl] NG 30
R R RMSE MAE RMSE MAE
3 0.606 0.517 0.600 0.427
0.563 0.445 0.515 0.377
J— 15 0.531 0.418 0.508 0.371
I 30 0.515 0.409 0.500 0.366
45 0.569 0.468 0.552 0.401
60 0.573 0.472 0.553 0.402
w2y 3 0.575 0.404 0.374 0.314
7 0.482 0.329 0.350 0.287
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Fig. 10 Variation in predictive metrics with different time window lengths
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Table 5 Statistical analysis of predictive metrics with dif-
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h 15 N5

e RMSE MAE RMSE MAE

256 0.577 0.455 0.577 0.408

128 0.574 0.445 0.548 0.407
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32 0.515 0.409 0.500 0.366

16 0.524 0.437 0.556 0.402

8 0.611 0.541 0.605 0.413
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RMSE MAE RMSE MAE

B1 0.515 0.409 0.500 0.366

B2 0.546 0.437 0.525 0.386

B3 0.554 0.435 0.518 0.385

B4 0.539 0.429 0.509 0.374

B5 0.533 0.425 0.527 0.395

B6 0.536 0.426 0.517 0.383

B7 0.558 0.447 0.530 0.421
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