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Abstract

Location-Based Social Networks (LBSNs) offer a rich dataset
of user activity at Points-of-Interest (POIs), making next POI
recommendation a key task. Traditional algorithms face chal-
lenges due to broad searching scopes, affecting recommen-
dation accuracy. Users tend to visit nearby POIs and show
temporal concentration in their activities, reflecting person-
alized spatio-temporal clustering. However, individual user
data may be insufficient to capture these clustering effects
for personalized recommendations. In this paper, we pro-
pose an integrated Personalized Spatio-Temporal Clustering
Model (iPCM) for next POI recommendation. The model
learns this kind of personalized spatio-temporal clustering ef-
fect by using global historical trajectory data in conjunction
with user feature embeddings. It integrates the features of
personalized spatio-temporal clustering with the user’s trajec-
tory, and completes the user’s POI recommendation through
a Transformer encoding and MLP decoding. To enhance the
accuracy of predictions, we add a module of probability ad-
justment. The experimental results on multiple datasets show
that with the help of personalized spatio-temporal clustering,
the proposed iPCM is superior to existing methods in various
evaluation metrics.

Introduction
With the rapid development and application of mobile de-
vices and network applications, Location-Based Social Net-
works (LBSNs) such as Foursquare, Gowalla, and Yelp are
capable of recording a large amount of rich activity trajec-
tories of users at different Points-of-Interest (POIs), such
as shopping centers, restaurants, or gyms. The vast histor-
ical check-in data provides valuable information for service
providers to understand users’ preferences for the next visit
behavior, as historical trajectories reveal the behavioral pat-
terns of users when making every decision (Luo, Liu, and
Liu 2021; Long et al. 2023; Dai et al. 2022; Song, Wen,
and Li 2019; Gutowski et al. 2019; Cranshaw et al. 2012).
Based on this information, service providers can make more
accurate recommendations for users and provide more per-
sonalized services, thereby improving user satisfaction with
the service; this information can also serve as an auxiliary
factor to help businesses or service providers make wiser
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Figure 1: Personalized spatio-temporal clustering

decisions, which has potential commercial value. Therefore,
recommending the next POI for users based on historical
check-in data is one of the most important tasks in the re-
search of location-based social networks (Huang et al. 2022;
Yin et al. 2023; Wang et al. 2023a; Ou et al. 2023).

Next POI recommendation is a critical task in location-
based services, aiming to predict users’ future visits based
on their historical data. Traditional algorithms struggle with
vast searching scopes, encompassing whole cities and all
times, leading to decreased accuracy due to increased com-
putational load and noise. Limiting the spatio-temporal
searching range is essential to improve recommendation
quality. As shown in Fig. 1, the occurrence of POIs exhibits
spatial and temporal clustering effects. In terms of time, user
behavior tends to be concentrated within specific time pe-
riods, while in terms of space, the clustering effect of ge-
ographical locations is reflected in the tendency of users to
visit nearby places. Combined with personal habits and pref-
erences, each user has their own unique lifestyle and prefer-
ences, which leads to clustering behavior in specific times
and places. We term the combination of temporal and spa-
tial clustering effects and personalized recommendation as
personalized spatio-temporal clustering. For each user, such
personalized spatio-temporal clustering also exhibits a dis-
tribution of their individual characteristics, hence we need to
learn this for personalized POI recommendations. However,
learning such effect from an individual’s historical trajec-
tory data can be challenging due to insufficient data volume.
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(a) Spatial distribution (b) Temporal distribution (c) Spatial trajectories (d) Temporal trajectories

Figure 2: The effects of spatial-temporal clustering.

This necessitates the use of global historical trajectory data,
combined with user feature embeddings, to learn this kind of
personalized spatio-temporal clustering effect. How to inte-
grate the global historical trajectories and the personalized
spatio-temporal clustering has become a challenging issue.

In this paper, we propose the integrated Personalized
Spatio-Temporal Clustering Model (iPCM) for next POI rec-
ommendation. The model analyzes the spatio-temporal re-
gional distribution of users’ mobile preference POIs, clus-
ters the spatio-temporal regions, learns and aggregates them
separately, and then predicts the next POI. To enhance the
POI recommendation model, we focus on integrating spatio-
temporal user visit data more effectively. Spatially, we adopt
a k-means based clustering approach for POIs to reflect geo-
graphical relationships, avoiding the shortages of traditional
grid divisions (Lim et al. 2022). Temporally, we employ an
ordered sample clustering method to segment the day based
on user visit patterns to different POIs, rather than equal time
intervals. Additionally, we leverage more accurate predic-
tions of the next region and time period to narrow down the
searching scope for POI recommendations, thus enhancing
recommendation accuracy. We summarize the primary con-
tributions of our work as follows:

• To integrate the personalized spatio-temporal clustering
effect, we propose the iPCM model that clusters the POIs
appearing in the user’s historical trajectory in both time
and space, and incorporates user features.

• The iPCM model employs Transformer encoding and
MLP decoding for next POI recommendation, and intro-
duces a module of Probability Adjustment to enhance the
accuracy of predictions.

• We conduct extensive experiments on four real-world
LBSN datasets, and the experimental results reveal that
with the help of personalized spatio-temporal clustering,
iPCM consistently outperforms the state-of-the-art POI
recommendation methods.

Related Work
In early research on POI recommendation, some only rec-
ommended a few popular POIs for users to choose from
(Cheng, Ye, and Zhu 2013), which is too simplistic and can-
not meet user demands very well. Other works are based on
the assumption of Markov chains (Cheng et al. 2013), focus-
ing on predicting the transition probabilities between POIs

to recommend the next visit, but this method finds it difficult
to handle high-order sequence patterns. Some researchers
have also proposed many POI recommendation models,
such as the classic collaborative filtering model (Xiong et al.
2010) and matrix factorization models (Salakhutdinov and
Mnih 2007). Collaborative filtering can combine influences
from different users, while matrix factorization can consider
the context and social information of POI visits, but these
models are quite limited in their ability to model sequential
data.

In recent years, researchers have begun to focus on us-
ing deep learning methods, such as POI recommendation
methods based on RNN and self-attention mechanisms, be-
cause they have superior capabilities for modeling sequen-
tial patterns from different perspectives. STRNN (Liu et al.
2016) incorporates time feature matrices and distance fea-
ture matrices into traditional RNN models to capture the in-
fluence from time and space. Spatio-temporal information
has also been applied to LSTM models; STGN (Zhao et al.
2022) adds additional spatio-temporal gates to LSTM units
to obtain the user’s long and short-term preferences. (Yang
et al. 2020) calculates weights using the spatio-temporal in-
tervals between current and historical visits, with the aim of
identifying historical RNN hidden states similar to the con-
text, and then aggregating them for prediction. In addition,
some recent studies have also explored new methods using
self-attention mechanisms. SGRec (Li et al. 2021) proposes
an attention-based model to aggregate POI representations
learned through sequence-to-graph reinforcement learning.
STAN (Luo, Liu, and Liu 2021) enhances the effect of the
attention mechanism by explicitly utilizing spatial and tem-
poral matrices. There are also studies that take additional re-
lated information into account; HMT-GRN (Lim et al. 2022)
adopts a grid partitioning method to consider regional influ-
ences between POIs, GETNext (Yang, Liu, and Zhao 2022)
incorporates the category information of POIs included in
the dataset into the representation of check-ins. AGRAN
(Wang et al. 2022) dynamically learns the structure of the
graph to replace the traditional pre-defined graph.

HMT-GRN (Lim et al. 2022) method divides the entire
area into several grids, thereby adding additional regional
attributes to POIs. However, this division method can dis-
rupt the original geographical relationships between POIs,
and the divided areas lack actual physical significance. The
GETNext (Yang, Liu, and Zhao 2022) method divides the
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time of day into the same intervals, but does not use ex-
plicit predictive information about time to assist in predict-
ing POIs. In general, existing methods have significantly im-
proved in capturing the sequential relationships of POI visits
compared to the past and have also considered many addi-
tional pieces of information. However, they have not divided
factors such as time and space in a more reasonable way and
integrated them into the representation of check-in informa-
tion and predictions for POIs.

Problem Formulation
Problem
The set of N POIs is denoted by L = {l1, l2, · · · , lN}, and
the set of M users is denoted by U = {u1, u2, · · · , uM}.
Next, we introduce the definitions for the problem of next
POI recommendation.

DEFINITION 1 (check-in) A check-in is denoted by c =
(u, l, t), which denotes that the user u visits the location (i.e.,
POI) l at the timestamp t.

DEFINITION 2 (user trajectory) A user trajectory of
user ui is orderly composed of one or several check-ins de-
noted by Tui

= {c1, c2, · · · , cs}, where s denotes the index
of the last check-in of the trajectory.

DEFINITION 3 (next POI recommendation) Given the
current trajectory of user ui, i.e. Tui

= {c1, c2, · · · , cs},
the objective of next POI recommendation is to recommend
a list of top-ranked POIs that the user is most likely to visit
at the next timestamp with probabilities.

Motivation
To analyze the spatial distribution of POIs, we conducted
experiments using a dataset of Foursquare1, selecting data
from Tokyo city (TKY). For each check-in record in the tra-
jectories, we calculated the distance between the next POI
and the currently visited POI, and plotted a histogram of the
distance distribution. The statistical results are shown in Fig.
2(a). To analyze the temporal distribution of POI visits, we
calculated the time interval between the next POI and the
currently visited POI, and plotted a histogram of the time
interval distribution. The statistical results are shown in Fig.
2(b). We can see from the distribution of check-in records
in global historical trajectories that both the spatial and tem-
poral distributions observed appear to follow a Power-Law
Distribution. This means that more next POIs tend to be cho-
sen in proximity in space and time, exhibiting an clustering
effect in their spatio-temporal distribution.

We analyzed the spatio-temporal clustering effects of dif-
ferent user trajectories using the TKY dataset and found
variations in the clustering effects. As shown in Fig. 2(c), we
selected trajectory data from three users in the TKY training
dataset, plotted the POIs in the user trajectories, and con-
nected them in the order of check-ins. The user trajectories
were projected onto the latitude and longitude plane and dis-
played on the map. In Fig. 2(d), the horizontal axis repre-
sents the time of day (with 20 minutes as the basic unit),

1https://sites.google.com/site/yangdingqi/home

the red vertical lines indicate the division lines for temporal
clustering, and points of different colors represent the distri-
bution of different users’ trajectories in time. From the re-
sults, it can be seen that the time and space distribution of
POIs in different user trajectories exhibit both aggregation
and their own characteristics. This is what we refer to as
personalized spatio-temporal clustering. There are person-
alized differences in the spatio-temporal clustering effects
of different user trajectories, which can help achieve person-
alized POI recommendations.

Method
Overview
We propose the integrated Personalized Spatio-Temporal
Clustering Model (iPCM) for next POI recommendation,
and Fig. 3 shows the overall structure. Initially, for POIs, we
construct a global POI graph based on the check-in dataset
and obtain the POI embeddings using a Gated Graph Neu-
ral Network (GGNN) on the graph. For users, we establish a
user-POI bipartite graph based on the user’s check-in records
to obtain user embeddings. We employ clustering methods
to cluster POIs and access times to obtain embeddings for re-
gions and time periods. Subsequently, we combine the POI,
user, region, and time period embeddings from the check-in
data through a fusion module and input them into the Trans-
former encoder module. Finally, an MLP (Multi-Layer Per-
ception) layer is used to make predictions. Thus, iPCM is
partitioned into three modules: embedding module, encod-
ing and decoding module, and probability adjustment.

Embedding Module
The embedding module includes POI embedding, user em-
bedding, region embedding, time period embedding and fu-
sion module.

POI embedding We constructed a global POI graph based
on the check-in dataset, which is defined as follows:
DEFINITION 4 (POI graph) The POI graph is a homo-
geneous graph denoted as Gl = {L,El}, where L and El

represent a set of POIs and a set of edges, respectively. An
edge < li, lj > is the frequency of a visit to li followed by a
visit to lj in the POI visit history of a user.

After constructing the POI graph, it is necessary to embed
the POIs. We use the GGNN model to embed the POIs (Li
et al. 2016). This results in the POI embeddings represented
as el ∈ Rd. Here, d refers to the dimension of the vector,
and is set to 128.

User embedding We constructed a global user-POI graph
based on the check-in dataset as follows:
DEFINITION 5 (user-POI graph) The user-POI graph is
a bipartite graph denoted as Gu = {U,L,Eu}, where U ,
L and Eu represent a set of users, POIs and edges, respec-
tively. If a user ui has visited POI lj in his/her travel history,
a user-POI edge < ui, lj > exists.

After constructing the user-POI graph, we utilize a mean
function as the aggregation function to aggregate the embed-
dings of POI nodes adjacent to the user. Let eu−i denote the
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Figure 3: Overview of integrated personalized spatio-temporal clustering model (iPCM) for next POI recommendation.

initial embedding of ui, and Ni is the set of POIs adjacent
to user ui. The final user embedding obtained is denoted as
eui ∈ Rd,

eui = LeakyReLU(wu× (eu−i +AGG(elj |j ∈ Ni)+ bu)).

where wu ∈ Rd×d is a learnable weight vector and bu is the
bias.

Region embedding A spatial region, in the context of
clustering POIs based on global user trajectory data, can be
defined as a geographical area that contains a group of POIs
which have been clustered together due to their proximity to
one another. This clustering is intended to reflect the spatial
distribution and patterns of user visits, with the assumption
that POIs within the same region are more likely to be vis-
ited consecutively by users due to their relative closeness in
space.

DEFINITION 6 (region) A spatial region is a geograph-
ical zone that encapsulates a cluster of POIs identified
through clustering techniques, based on their spatial close-
ness within the scope of location-based services and recom-
mendation systems.

We adopt the k-means algorithm to cluster POIs based on
their latitude and longitude information. The result of the
clustering, that is, the set of POIs, is defined as a region. Let
G denote the set of regions. We follow the method of con-
structing the POI graph to build a region-region graph and
similarly use the GGNN method to obtain the embeddings
of the regions, denoted by eg ∈ Rd/2.

Time embedding A temporal period, in the context of
clustering POIs based on the sequence and intervals of their
occurrences throughout a day, can be defined as a specific
segment of time within the 24-hour day that contains a clus-
ter of POIs which have been grouped together due to similar
visitation patterns or time intervals.

DEFINITION 7 (time period) A time period within a day
is defined by clustering analysis, encompassing a set of POIs
that exhibit usage patterns or are visited within similar time-
frames. This periodization is based on the aggregation of
user activity data, reflecting the temporal distribution of vis-
its and identifying distinct phases of user engagement with
POIs throughout the day.

In iPCM, we divide a day into 72 time slices, each 20 min-
utes long. From the global historical trajectories, each time
slice contains the check-in records. We utilize the method
of ordered sample clustering (Fisher 1958) to cluster these
time slices into multiple time periods, and the set of periods
is denoted by T . We then obtain the embeddings of time pe-
riods, denoted by et ∈ Rd/2, through the time2vec method
(Kazemi et al. 2019).

Fusion Module After obtaining the embeddings for POI,
user, region, and time period from the check-in records, we
use a fusion module to concatenate these four embeddings
together, and then pass them through a fully connected layer
to output them as the embedding for the check-in record,
denoted by ec ∈ R3d,

ec = σ(wc[e
l; eu; eg; et] + bc),

where wc ∈ R3d×3d is a learnable weight vector and bc is
the bias. Thus, each input trajectory (c1, c2, · · · , cs) can be
represented by (ec1 , ec2 , · · · , ecs). Therefore, these check-
in embeddings additionally contains the features of person-
alized spatio-temporal clustering.

Transformer Encoding and MLP Decoding Module
Transformer encoder The Transformer (Vaswani et al.
2017) is a core architecture in natural language processing
models that uses a self-attention mechanism. Given our goal
of predicting the next POI based on the provided sequence,
we only utilize the encoder part of the Transformer model
to process the input sequence. For an input user trajectory of
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length s, we encode the s check-in locations with positional
encoding, and stack the embeddings of the s check-ins to-
gether, adding them to the positional encoding as the input
tensor X [0] ∈ Rs×3d for the encoder. We stack multiple
encoder layers (l layers, l = 2), with each encoder layer
consisting of a multi-head self-attention module and a feed-
forward neural network, resulting in the output tensor X [l].

MLP decoder Through the Transformer encoder layers,
we have extracted the effective features of the input trajec-
tory embeddings. To predict the next POI, we use a MLP
(Multi-Layer Perception) to decode the features output by
the encoder layers. For the prediction of the next POI (Ypoi),
the next time period (Ytime), and the next region (Yregion),
we have used three different MLP heads to process the fea-
tures output by the encoder layer respectively:

Ypoi = X [l]wpoi + bpoi,

Ytime = X [l]wtime + btime,

Yregion = X [l]wregion + bregion,

where wpoi ∈ R3d×|L|, wtime ∈ R3d×|T | and wregion ∈
R3d×|G| are the learnable weights in MLP. Here, |L|, |T |
and |G| denote the numbers of POIs, time periods and spatial
regions, respectively. bpoi, btime and bregion are the biases in
MLP.

Loss function We use the cross-entropy function as the
loss functions for predicting the next POI (Lpoi), the next
time period (Ltime), and the next region (Lregion). The total
loss function (Ltotal) is the sum of these loss functions,

Ltotal = Lpoi + Ltime + Lregion.

Probability Adjustment
We have obtained the prediction results for the next POI,
next region, and next time period. The next step is to use the
prediction results of the region and time period to assist in
predicting the next POI.

If we directly modify the prediction probabilities of POI
using the prediction results of the region, the experimental
results do not improve. The reason is that although the pre-
diction results of the region are relatively accurate, a region
often contains dozens of POIs or more. This would introduce
a lot of noise, which might reduce the original recommen-
dation effect.

In other words, the prediction probability of the next re-
gion is higher than that of the next POI, but predicting the
next region does not ensure 100% coverage of the correct
next POI. So when selecting multiple next regions, there is
a certain probability of covering the correct next POI, and
this probability increases with the number of next regions
selected, until it covers the whole city. We hope to reduce
the number of selected next regions to minimize the noise
impact, but this would lead to a decrease in the accuracy of
predicting the next POI.

Based on this issue, attempts are made to further narrow
the screening range or reduce noise from other perspectives:
Since users tend to visit POIs they have already visited, the

Dataset #user #POI #check-in #trajectory
NYC 1083 5132 106919 32541
TKY 1181 3566 93692 22637
SIN 1526 4311 119491 34912
OSK 938 2954 105567 25281

Table 1: Foursquare Datasets

focus is on narrowing the scope to the POIs that the user has
visited and introducing the user’s preference information for
POIs. The situation of users visiting POIs in various regions
during different time intervals is statistically analyzed from
the training data, serving as the user’s preference for each
POI.

We extracted the following tensor from the training
dataset: user-period-poi, where a value of 1 in the tensor
indicates that the user has visited a specific POI in a specific
time period, otherwise it is 0. Another tensor is user-region-
poi, where a value of 1 indicates that the user has visited a
specific poi within a specific region, otherwise 0. A thresh-
old is set for filtering regions and time periods, such as se-
lecting the top 40 regions and top 5 time periods. After the
MLP layer, based on the user’s current test data and the set
spatio-temporal threshold, the corresponding vectors are ex-
tracted from the two tensors, multiplied by the correspond-
ing positions of the two, and added to the POI prediction
result as the final prediction result.

Experiments
Experimental Parameters
The numbers of dimensions for POI embedding
(poi embedding), user embedding (user embedding),
region embedding (region embedding) and time em-
bedding (time embedding) are 128, 128, 64 and 64,
respectively.

The number of encoder layers in Transformer module (de-
noted by encoder layers) is 2. The dimensions of the feed-
forward network in the Transformer encoder layer (denoted
by encoder hidden) is 1024. The number of attention heads
in the multi-head attention module (encoder head) is 2.

The Adam optimizer is used, with the initial learning rate
(lr) set to 1e-3. The batch size (batch size) is set to 100,
and the model is trained for 100 epochs, with the best-
performing epoch on the validation set metrics being used
to calculate the test set metrics.

We develop iPCM2 based on PyTorch framework with
Python 3.9. We conduct experiments on hardware platform
(CPU: 11th Gen Intel(R) Core(TM) i7-11700 @ 2.50GHz
2.50GHz, RAM: 16.0 GB), and the operating system is Win-
dows 11.

Dataset
Experiments were conducted on four public datasets of
Foursquare collected from location-based service platform

2https://github.com/songchaocn/iPCM
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(a) NYC (b) TKY (c) SIN (d) OSK

Figure 4: Comparison with different models.

(a) DBScan (b) k-means

Figure 5: Spatial clustering into regions in NYC.

introduced in the Problem Formulation section, and the de-
tails are shown in Table 1. NYC collects check-in data from
New York City from April 2012 to February 2013, and TKY
collects check-in data from Tokyo during the same period.
SIN and OSK are collected the check-in data from Singa-
pore and Osaka during the same period, respectively. Each
record contains information on the user, POI, POI category,
GPS coordinates, and timestamp. For all datasets, POIs that
appear less than 10 times and are unpopular are excluded.
Users who have checked in less than 20 times are also ex-
cluded. Regarding the division of the dataset, each user’s
check-in data is sorted by time, with the first 80% as the
training set, the middle 10% as the validation set, and the
last 10% as the test set. Regarding the division of trajecto-
ries, a day-based division method is adopted, where check-in
data from the same user on the same day is considered as one
trajectory. If the length of a trajectory exceeds 50, only the
last 50 check-ins of the trajectory are taken.

Metrics
Accuracy@k (Acc@k) and Mean Reciprocal Rank (MRR)
are common metrics used in recommendation systems.
Accuracy@k indicates whether the true POI appears in the
top-k recommended POIs. Given a dataset with m sam-
ples (trajectories), Accuracy@k is calculated as: Acc@k =
1
m

∑m
i=1 1(rank ≤ k). Since Acc@k treats the top-k rec-

ommendations as an unordered list and ignores the order of
correct predictions, MRR is used to measure the index of the
correctly recommended POI in the ranked list of recommen-
dations, i.e., MRR = 1

m

∑m
i=1

1
ranki

.

Baseline Models
To evaluate the effectiveness of the proposed iPCM model,
we compare it with the following state-of-the-art methods
in the experiments: (1) MF (Koren, Bell, and Volinsky
2009): A traditional matrix factorization model for next POI
recommendation. (2) FPMC (Rendle, Freudenthaler, and
Schmidt-Thieme 2010): A model integrates personalized
Matrix Factorization with Markov Chains by leveraging a
transition cube factorization approach. (3) GETNext (Yang,
Liu, and Zhao 2022): A Transformer-based model that inte-
grates global transition patterns, spatial-temporal contexts,
and category embeddings. (4) AGRAN (Wang et al. 2023b):
A model that enhances next POI recommendation by adap-
tively learning graph structures to capture dynamic geo-
graphical dependencies.

Comparisons with Models
Fig. 4 shows the recommendation performance of iPCM
and baseline models on the four datasets. We take Acc@1,
Acc@5, Acc@10 and MRR as the evaluation metrics. From
the statistical table of the dataset, it can be seen that the av-
erage number of check-ins per user (total number of check-
ins / number of users) in the SIN dataset is the lowest, far
below NYC and OSK, and slightly lower than TKY. More-
over, compared with the TKY dataset, the average trajectory
length in the SIN dataset (total number of check-ins / num-
ber of trajectories) is significantly smaller. These reasons
may lead to the recommendation algorithm’s performance
on the SIN dataset being lower than on other datasets.

The experimental results show that our proposed model
iPCM outperforms all other state-of-the-art baseline mod-
els. On all the four datasets in terms of all evaluation met-
rics, the iPCM model has achieved an average improvement
of 452.96% over MF, 49.13% over FPMC, 8.29% over
GETNext, and 5.88% over AGRAN. MF is an early clas-
sic recommendation algorithm that learns vector representa-
tions of users and POIs through matrix factorization for sub-
sequent recommendations. However, the user-POI matrix on
which the MF algorithm relies is often very sparse, and it is
entirely based on the interaction between users and POIs,
ignoring other factors. These reasons lead to poor perfor-
mance of the MF algorithm. Compared to various baselines,
our model iPCM not only takes into account spatio-temporal
and user-specific information but also utilizes the predictive
results of spatio-temporal clustering information to recom-
mend the next POI, thus outperforming the other baselines.
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Acc@1 Acc@5 Acc@10 MMR

POI 0.2236 0.485 0.5698 0.3364
POI+user 0.2486 0.553 0.6370 0.3825
w/o period 0.2513 0.5456 0.6536 0.3825
w/o region 0.2577 0.55 0.6503 0.3915

iPCM 0.2604 0.5589 0.66 0.3962

Table 2: Ablation studies on NYC dataset.

Acc@1 Acc@5 Acc@10 MMR

POI 0.2556 0.4784 0.5738 0.3617
POI+user 0.3691 0.6358 0.7149 0.488
w/o period 0.3818 0.6433 0.7151 0.4981
w/o region 0.4007 0.6418 0.7129 0.5088

iPCM 0.4044 0.6524 0.7198 0.5136

Table 3: Ablation studies on TKY dataset.

Spatial Clustering
We compare the effects of the clustering algorithms of DB-
Scan and k-means on spatial regions, as shown in Fig. 5.
From the experimental results, the difference in performance
between the two is not very significant. The k-means method
doesn’t produce noise points and makes it easier to control
the number of clusters, hence in this paper we utilize the
k-means method for clustering POIs into regions.

Ablation Study
To evaluate the contributions of each component in our
model iPCM, we conduct an ablation study on Foursquare
dataset. The results on the NYC and TKY datasets are shown
in Tables 2 and 3, respectively.

In this ablation study, the first method (POI) constructs
the POI graph using only POI information for next POI rec-
ommendation as the baseline method. The second method
(POI+user) introduces user information (i.e., user embed-
ding) on the basis of this baseline method, thereby imple-
menting a personalized POI recommendation approach.

Following the personalized spatio-temporal clustering ap-
proach proposed in this paper, the third method (w/o period)
considers personalized spatial clustering, while the fourth
method (w/o region) only considers personalized temporal
clustering. The last model (iPCM) is a method that takes
into account both spatial and temporal clustering effects.
For the baseline POI method, its performance is the lowest.
When we consider user information, making it a more per-
sonalized POI+user method, its performance is better than
the baseline POI method. From the experimental results, we
can also see that under two datasets, after introducing time
clustering or space clustering respectively, the performance
of the algorithm has been improved, both for the basic POI
method and the personalized POI+user method. The experi-
mental results show that across various metrics and datasets,
the iPCM model we proposed has the best performance.

Therefore, through this experiment, we can see that, start-
ing from a baseline recommendation method like POI, it is

(a) Number of periods (b) Number of regions

Figure 6: Sensitivity analysis.

necessary to consider both personalized recommendations
and personalized clustering in time and space. When these
features are integrated together, a very good effect can be
achieved. This ablation experiment reflects the contribution
and role of user features, time clustering, and spatial cluster-
ing in the entire model.

Sensitivity Analysis
To validate the personalized spatio-temporal clustering
model proposed in this paper, we conducted sensitivity ex-
periments on two key parameters in the personalized spatio-
temporal clustering, i.e., the number of periods and the num-
ber of regions. In the experiment, we used the TKY dataset,
changing the number of divisions in time, from 10 periods
to 40 periods, and the number of divisions in space, dividing
the space into 100 regions to 600 regions, to test the changes
in the values of different test metrics under our proposed
iPCM model. The results are shown in Fig. 6.

We notice that the values of metrics do not fluctuate much
with the parameter of the number of periods. There is a slight
improvement in the test metrics as the count increases, fol-
lowed by a slight decline. The metric Acc@1 ranks the low-
est, Acc@5 is next, and Acc@10 is the highest, which is un-
derstandable since as the number of candidates increases, the
prediction accuracy also improves. Spatially, it is the same;
the impact of the parameter of the number of regions, on the
metrics is not significant, with some minor fluctuations.

Conclusion
This paper found that to achieve more effective next POI
recommendations, we need to consider the effects of person-
alized spatio-temporal clustering. Therefore, we constructed
a model iPCM that aggregates features from four aspects:
POI embedding, user embedding, period embedding, and re-
gion embedding. The model then integrates these features,
combines them with the user’s trajectory, and completes the
user’s POI recommendation through a Transformer mod-
ule. In the experiments, we verified the proposed iPCM
model method by comparing existing methods on different
datasets and different test metrics, thereby validating the per-
formance of iPCM. In addition, we conducted ablation stud-
ies and parameter sensitivity experiments to further validate
the effectiveness of the proposed model method.
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