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Abstract: The availability of accurate toponyms in user tweets is crucial for geolocating Twitter users. However,
existing methods for locating Twitter users often suffer from limited quantity and reliability of acquired toponyms,
thus impacting the accuracy of user geolocation. To address this issue, a twitter user geolocation method based on
single-point toponym matching and local toponym filtering was proposed. A toponym type discriminating algorithm
based on the aggregation degree of locations of the toponym was designed. In the proposed algorithm, a single-point
toponym database was generated to provide more reliable toponyms extracted from tweets. Then, according to a
proposed local place name filtering algorithm based on the aggregation degree of user location, the aggregation degree
of user location centered on the longitude and latitude of toponyms and the average longitude and latitude of users were
calculated. This process helped in extracting local toponyms with a high aggregation degree, which enhances the
reliability of toponyms used in geolocation. Finally, a user-toponym heterogeneous graph was constructed based on user
social relationships and user mentions of toponyms, and users were located by graph representation learning and neural
networks. A large number of user geolocation experiments were conducted based on two commonly used public
datasets in this field, namely GEOTEXT and TW-US. Comparisons with nine existing typical methods for Twitter user
geolocation, including HGNN, ReLP, and GCN, demonstrate that our proposed method achieves significantly higher
geolocation accuracy. On the GEOTEXT dataset, the average error is reduced by 7.3~342.8 km, the median error is
reduced by 2.4~354.4 km, and the accuracy of large area-level geolocation is improved by 1.3%~26.3%. On the
TW-US dataset, the average error is reduced by 8.6~246.6 km, the median error is reduced by 5.7~149.7 km, and the
accuracy of large area-level geolocation is improved by 1.5%~20.5%.
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Figure 1 ~ Twitter user geolocation based on single-point toponym matching and local toponym filtering
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Median = Sorted({d, ; [v, € VU})\VUIQ (13)

Hrr, d, ;. JE HARH P v, IS bRE 2 FE A P 2
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H P R4, SRR E R ECR A IER AT
(haversine formula) 1%, Sorted(s) . = BREEHE

F e B8 v i A S

wYi2
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FHHTH P AR, BTN A
TR TEREXS Lh g R nk 6 fior, R 6 HiHEs
X g R s e, ‘-7 RomxTIERA
e e .

mE 6 fiw, Pk fEAcc@l61. Meanfll
Median 00 T2 80575, 5280052 EdEH
b, 7EGEOTEXT#i#E4E I, AT ) Mean Al
Median 7 HIFEME 7.3 kmAil 2.4 km, Acc@l61 #E5
1.3%; fETW-USEHAE I, A7 MeanfIMedian
I3 8.6 kmAl 5.7 km, Acc@161 $2 1.5%.
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A FEULRCHE S R 42, SR T E 2 A, [FIR
R D b 4 2R 700 ) 5] B2 A0 J 0 b 44 s 3 B9 k2>
TREFEIR B GIN, PRECT B2, Sk R A E T
NI, BEE T E AR .

3.4 EHERHE XA A EAER MRS
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BN SIS HER K T 2.6%, Mean EFH T
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Table 6 Comparison of twitter user geolocation performance

- GEOTEXT %#i 4 TW-US ##E4E
KX FE b fEiffze PR ZE/Akm  PAEOREkm KX GEAHERZE  FHRZE/km AR % /km

H HierLR!"” — — — 48% 656 191
XATE MLPAGeo!" 38% 844 389 54% 554 120
T4 MADCEL-WP! 58% 586 60 54% 705 116
RETNE  GeN-Lp! 58% 576 56 53% 563 126
MENET!"! 59.1% 570 58 50.5% 474 157

GCN[ 60% 546 45 65% 485 71

L PR ReLPP” 62% 527 37 67% 418 47
AR MetaGeo 62% 533 42 63% 479 70
HGNNE4 63% 508.5 37 65% 4232 59.5

GEOTOP 64.3% 501.2 34.6 68.5% 409.4 41.3

RT7 HMAXHERILE
Table 7 Comparison of results of ablation experiments

it Kb X 2 5 or A 22 P 3517 2 /km r AR ZE km VS
H—A S 61.7% 5183 54.2 98.2%
A 82% 83.7 7.4 3.3%
GEOTOP 64.3% 501.2 34.6 98.4%
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Table 8 Geolocation performance of partial local toponyms

4 RN DAL UL /TL KHEIX G 5E Dy HER R
paerdegat 40.629, —73.906 1.00 100%
florin mall 38.497,-21.433 1.00 100%
Florida Agricultural and Mechanical University 30.426, —84.285 1.00 100%
suitland 38.848, -76.923 0.91 100%
anaheim stadium 33.8,-117.882 1.00 100%
kearny mesa 32.921,-117.117 0.87 100%
lansing mall 42.743, -84.625 0.86 100%
wheaton mall 38.803,-77.134 0.93 100%
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