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Abstract

This study utilizes Graph Neural Networks (GNN) to develop a personalized Polnt of Interest (Pol)
recommendation system based on user characteristics, visitation data, and interaction data. Complex user data is
modeled into a graph structure, maximizing user-item interaction analysis and enhancing the performance of the
recommendation system. This research employs various methods such as GCN, GAT, GraphSAGE, ChebConv Layer,
and multi-head attention techniques to develop M1, M2, NGCF models, and their fine-tuned versions to analyze user
characteristics, visitation, and interaction data and to recommend Pols. The results show that the model, trained on
user data, successfully recommends new areas with similar characteristics, providing a personalized user experience
and proposing a variety of approaches utilizing graph data and graph neural networks.
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Alg. 1. Handling missing values in dataset

Algorithm 1: Filling Missing Values in a DataFrame

Input: Datalrame with missing values
Output: Datalrame with missing values filled with median values
Function 111 missing values (df fillered):
1. tdf = df filtered // Copy filtered DataFrame;
2. median dgstfn = tdf [’DGSTFN’] .median() ;
3. median revisit_intention =
tdf [*REVISIT_INTENTION’] .median() ;
4. median rcmdtn_intention =
tdf [*RCMDTN_INTENTION’] .median() ;
5. median residence time =
tdf [?RESIDENCE_TIME MIN’] .median() ;
6. tdf [’DGSTFN’].fillna(median dgstfn, inplace=True)
// Fill missing values in DGSTFN;
7.
tdf [’REVISIT_INTENTION’].fillna(median revisit_intention,
inplace=True) ;
8. tdf [’RCMDTN_INTENTION’].fillna(median_rcmdtn_intention,
inplace=True) ;
9. tdf [’RESIDENCE_TIMEMIN’].fillna(median residence_time,
inplace=True) ;
10. return tdf

// Return the processed DataFrame;
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wulo) 34 A3E e,

¥ 1. Epocholl =

© M1 model
Table 1. Loss by epoch l\/|1 model

Epoch Best loss
7 252.261
8 253.132
9 253904
10 254.303

Td AFE B Loss #0] 253~255 Alo]E 7]
STl

galE A3 R Loss @l B2 B0} o Ax
2248 =9 M2 2R T4,
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M2 g F 714 JHE dolHAlS AMHEst
oz ¥ FHs Pt M2 EZ2 GCN,
GAT, GraphSAGE, Unet =, Skip-Connection,
Residual-Connections, BE]-3| = Attention WHUZS
g8t 725 AAEATh =& EAS YYo=
whop P zo] FxE st 7 =2 ERS)
o] ARgAtA g R E2RE PolS AT 5 9l
o 243} F4EE Relu 5 AHESHL Softmax
2 FHs A% #Es AR Loss 4k
CrossEntropy, Bl %] Ato]Z= 32, |E|vlo]A= Adam
S AR 2e M2 BEle] FE Aot

& 28 AR BEAEY
A 2R dolEAlS AMgate THE Y3
Epocholl whe} =@l Best Loss®} Best Accuracy
UEbdTh 7H W2 Loss a2 2.090]3, 71
=2 AT = 333 HAESY HEEE Hol Itk

A
o
©
[
o
)
3

2N

¥ 2. Epocholl 2 &AnL Metr @ A ) o]
Table 2. Loss and accuracy by epoch : first data

Epoch Best loss Best accuracy
10 213 264
100 2.09 317
500 2.68 333
E 3 AgA 547 BEAY S4E BE ¥
et 7 WA Tz dolEAls At 71

7}
2O Lossate 101, 7MY =2 A== 4.1 4l
EY AZEZE BT

¥ 3. Epocholl w2 &A0L Mete @ £ &5 o|o|E
Table 3. Loss and accuracy by epoch : second data

Epoch Best loss Best accuracy
6 105 40.3
16 10.1 441

343 NGCF 22 73 9 g5

NGCF Zd& g BHY Zd2 35
oA AMEE L ARgAL-ololdl] o] AFEz
48 5 gtk B =FojA A3 NGCF 29

AREASL ofolRlS HlE F3to Ywidgste] Es}
o I8 AWl GCNConv Hlo]olE AMg-3}e]
UFE Julo|Este] S5S Pt At o

==

¥ 4. Epocholl 2 &A1l : NGCF model
Table 4. Loss by epoch : NGCF model

Epoch Best loss
98 7828183.504
o) 7828383817
100 7828267.7033

ANE Hoks o Lossghol Eob U3ATY 4
5ol BAEA getha Bolth o] sdar] 9
M old mHg WO g GCN, GAT #HololS

F7hele] i F2E Y ZA g5 5 A
I EYS A3t 2dS AAE
BolEdS 83 Advanced NGCF EPEL&

NGCF Edo] GCN, GAT#¢|o1E F71he #4<
2854} Advanced NGCF Edo A= ARgA}9}
ofoldll Augde A8t GONHololE Tt &
GAT #olofg AA oA A #ololE &3l ofo]

H o= H4E At ololdle A3 wg
&gt LossE AlXtst7] 91814 MSELossE 7]HEC.

2 CustomLossE 243t AR8-gT} CustomLoss
HEAE sl sk ALHE db7] flEiA AR
A7 M E -1 S 7R Bl &4 AL
A A sk WHOE Loss #9 BAREE FEA
1t €318)E 2+ CustomLoss S 2~o]th

2&12|E 2. CustomLoss A ZE
Alg. 2. CustomLoss class code

Algorithm 2: Custom Loss Function to Handle Invalid Targets

Input: Predictions, Targets

Qutput: Loss value

Class CustomLoss():

1. // Initialize with base loss function (MSELoss)
Data: base loss_function = nn. MSELoss();

2. Method forward(predictions, targets):

3. valid.indices = targets # -1 // Find valid targets ;

4. if velid indices.any() then
5. return

base_loss_function(predictions[valid-indices],
targets[valid indices])  // Compute loss on valid
data

end

6. return torch.tensor(0.0) .to(predictions.device)

// Return zero if no valid targets
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# 5. Epocholl h2 &4l : Advanced NGCF model
Table 5. Loss by epoch : Advanced NGCF model

Epoch Best loss
17 8.1966
18 9.1220

Loss #t2 ol AR, 2de] o] 7|3
A vlele e, 4 AAS sl 2 FxE
FAsIAY. 2E #2744
3} 27 REE FEso g5

Final Advanced NGCF Ed& 7|& Advanced
NGCF =@l GraphSAGE, ChebConv #]©]], MLP
#o]o], Dropout Bl°]o1E F7I5t 3 HAE 3]
2ds FEIYY. EF 292 Final Advanced
NGCF 2d9| < o5 @A thaoll Softmax T

HH?“]’ET}&] i EE%‘E "?@3}9&‘:}. o] l:r E%‘E

O|E
<z, %‘%l@ 4 AL Losse

FEITko] A= Adame AT

¥ 6. 2|3 22 9| Epoch, batchsizedl w2 &4l
Table 6. Loss of the final model on epoch and batch
size

Model Epoch BatchSize Best loss
Regression 20 1 9.1388
Regression 100 4 9.1051
Regression 100 8 9.1074

Classification 20 4 10.5523
Classification 100 4 10.6296

E 62 Regression E@o|A= epoch7t 100,
Batchsize?} 491 7%, Classification epoch7} 20,
BatchSize7} 431 7-9-olA 7 £ Loss #he &=

% gl

35 21 =4 A HAE

B dAFelxes 7 7 FEe dolHAd M,
M2, NGCF, Advanced NGCF, Final Advanced NGCF
252 AHEM AFAS BAS AP

]/’\E‘:] /\—1741 m ?_5:]

® 7. 22 9 ol7|Exet HME
Table 7. Architecture and improvements for each model

Model Layer-wise architecture Improvement
GCN(16) — .
M1 Mode! ReLU+Dropout — GAT(32, 4 Bsaﬁ%llr;e,
heads) — Rel.U+Dropout — hiah Ioés
GCN — Softmax g
Composite (GCN, GAT,
GraphSAGE, U-Net) + Advanced
M2 Model Skip/Residual — Multi-head | aggregation
— ReLU — Softmax
' Deeper
Advanced extraEgkg:?\(ljdén%E G_(PNL";&U collaborative
NGCF Model filtering; noise

— CustomLoss
Final Embedding — NGCF

reduction

Advanced Base — GraphSAGE, Optimized for

NGCF ChebConv, MLP, Dropout —| regression
(Regression) Linear

Final Embedding — NGCF

Advanced Base — GraphSAGE, Softmax for

NGCF ChebConv, MLP, Dropout — | classification
(Classification) Linear — Softmax

shemd Wsle] mE wde] A%7 objexsh
MEe # 78 5o 408 & o

TEH dHolHE AMHS IHZ HolHAoR
s e 2de AAESS AYs o

M2(Epoch = 100), Advanced NGCF(Epoch = 100),
Regression(Epoch=100, BatchSize=4)2] ZA3}E0] T2
BAE Vs & e BT AU A4 9
oe] Qe Ee) wde HiEES AWF A3
M mEE AT BAR ] Anw sk
EAZE ek umA] £ 2de] Ade Yoo gE
< Y49 wnit & A3t dee e g9t
Aok ® 83 & 904 =9 AAE £ 5 Utk

¥ 8. 30cH Mol Tef= Hlolgz &&= ZAxf
Table 8. Results trained on graph data of men in 30s
Visit Area Qutput
CIHETIEXHE HF
HFESEAIE

M7 Zof gl Al &

9. 20ch oMol Jef= Hlo|eZ st&E Aot
Table 9. Results trained on graph data of women in 20s

Visit Area Qutput
7|-/\-| K-I HHl- —CI’—_|‘:_
TTHITHA H% i==atelotz,
O|HHMEHAIZ|ME el HE=H g
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Fig. 4. User interface
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