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ABSTRACT
As a representative information retrieval task, site recommendation,
which aims at predicting the optimal sites for a brand or an institu-
tion to open new branches in an automatic data-driven way, is ben-
eficial and crucial for brand development in modern business. How-
ever, there is no publicly available dataset so far and most existing
approaches are limited to an extremely small scope of brands, which
seriously hinders the research on site recommendation. Therefore,
we collect, construct and release an open comprehensive dataset,
namely OpenSiteRec, to facilitate and promote the research on site
recommendation. Specifically, OpenSiteRec leverages a heteroge-
neous graph schema to represent various types of real-world entities
and relations in four international metropolises. To evaluate the
performance of the existing general methods on the site recommen-
dation task, we conduct benchmarking experiments of several rep-
resentative recommendation models on OpenSiteRec. Furthermore,
we also highlight the potential application directions to demon-
strate the wide applicability of OpenSiteRec. We believe that our
OpenSiteRec dataset is significant and anticipated to encourage
the development of advanced methods for site recommendation.
OpenSiteRec is available online at https://OpenSiteRec.github.io/.
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1 INTRODUCTION
In modern business, selecting an optimal site to open a new branch
is definitely crucial for the development of a brand or an institu-
tion [18, 20, 75]. An appropriate site will bring substantial profits
while an inappropriate site may lead to business failure [28, 57, 58].
Thus, properly determining the best choice from so many candi-
date sites is quite important yet complex, since it needs to take
many factors into accounts [39, 40, 54], such as the brand types
and the population surrounding the site. Typically, this task is
mainly accomplished by the professional consulting or marketing
departments of companies [50], which is usually labor-intensive
and time-consuming. Meanwhile, human error and bias can also
lead to suboptimal solutions. Therefore, it is difficult for such an
artificial approach to fulfill the high demand of rapid development
in modern business.

Thanks to the booming development in information retrieval,
automatic data-driven approaches have been introduced to assist
the decision-making and reduce the cost [30], i.e. site recommen-
dation [7, 25, 35]. These approaches come with a wide variety of
definitions of site recommendation, including the association analy-
sis [25] for feature selection, the rating prediction [12], the consump-
tion prediction [36, 37] and the top-N recommendation [31, 34, 63].
While they share the idea of treating the site recommendation prob-
lem as a ranking task, their significantly different definitions make
it difficult for them to be compared directly. Thus, all these works
are independent of each other and they have to undesirably start
from scratch instead of making continuous improvements, which
is detrimental to the subsequent research on site recommendation.
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Table 1: Comparison with the datasets used by other site recommendation approaches. Specifically, ‘/’ between numbers de-
notes the split w.r.t. different brands, ‘*’ denotes the approximate number w.r.t. the setting in the corresponding paper.

Approach Venue Year City Brand Region Site

Geo-Spotting [25] KDD 2013 New York City 3 32* 186/104/66

ANNRR [5] UbiComp 2015 Washington, D.C. 1 181 203
Hangzhou 1 882 2,115

PAM [31] SIGSPATIAL 2015 Tianjin 1 99,007 34

BL-G-CoSVD [63] TKDD 2016 Shanghai 5 17,435 17,435

DD3S [59] SIGSPATIAL 2016 Beijing 2/2 10* 1,882/1,343

CityTransfer [12] UbiComp 2017

Beijing

3 1,000-3,000*

123/160/179
Shanghai 147/46/156
Xi’an 69/59/189

Nanjing 73/46/57

DeepStore [36] IOT 2019 13 Cities 49 in Total 300* 49 in Total

WANT [37] TKDD 2021 6 Cities 100* in Total 300* 100* in Total

UrbanKG [34] ArXiv 2021 Beijing 398 528 22,468
Shanghai 441 2,042 38,394

𝑂2-SiteRec [60] ICDE 2022 Shanghai 122 2,000* 39,465

UUKG [41] ArXiv 2023 New York City 15 260 62,450
Chicago 15 77 31,573

OpenSiteRec / /

Chicago 969 801 8,044
New York City 2,702 2,325 14,189
Singapore 1,922 2,043 9,912
Tokyo 4,861 3,036 26,765

Meanwhile, their datasets only cover very small yet different scopes
in site recommendation, such as bike sharing station [5], chain ho-
tel [12] and online stores with courier capacity [60]. This leads to
failure in utilizing comprehensive information across scopes and
severe data sparsity problems in site recommendation. Even more
unfortunately, none of them has released their datasets so far. In
most cases, collecting data and creating dataset are necessary in re-
search but low-yielding since the dataset is typically a fundamental
part in a scientific thesis. Therefore, the lack of publicly available
dataset brings inconvenience to the researchers and forces them to
spend long time dealing with the dataset construction, which even
hinders the development of site recommendation solutions. Accord-
ing to the above problems, we believe a unified definition and a
comprehensive open dataset of site recommendation are necessary
and crucial for the benign development of the following research
on site recommendation.

To this end, we propose a formal problem definition of site rec-
ommendation by jointly considering and summarizing the defi-
nitions of existing studies. Based on this problem definition, we
collect, construct and release an Open benchmarking dataset for
Site Recommendation, namely OpenSiteRec. Specifically, Open-
SiteRec consists of four internationalmetropolises, includingChicago,
New York City, Singapore and Tokyo. Different from the datasets
used by the existing approaches, our proposed OpenSiteRec con-
tains all the brands and regions from all the scopes and types in

the whole cities and thus yields a wide-range, much larger and
more comprehensive dataset. Meanwhile, OpenSiteRec provides
sufficient trustworthy commercial relationships and organizes the
different types of real-world concepts into a heterogeneous graph
to offer more comprehensive information. Furthermore, we also
conduct benchmarking experiments of several representative base-
lines on OpenSiteRec to facilitate future research. Some discussions
of the potential application directions of OpenSiteRec in other re-
search areas, including brand entry forecasting and business area
planning, and also the limitations of OpenSiteRec are presented to
give a broader view of OpenSiteRec.

The contributions of this paper are summarized as follows:

• We introduce a formal definition of site recommendation by
summarizing the task definitions of existing works, which unifies
them to provide open benchmarks for the following research.

• We collect, construct and release an open comprehensive dataset
of four international metropolises, namely OpenSiteRec, to fa-
cilitate the subsequent research on site recommendation. To the
best of our knowledge, OpenSiteRec is the first publicly available
dataset for site recommendation.

• We conduct benchmarking experiments of 16 widely-used base-
line models in recommendation on OpenSiteRec, to verify their
effectiveness in site recommendation and to facilitate future re-
search for comparison.
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• Besides site recommendation, various other research areas such
as brand expansion, urban planning and facility location can
benefit from OpenSiteRec given that it embeds rich information
on both commercial and geographical aspects of urban spaces.

2 RELATEDWORKS
Site recommendation for store brands and public facilities is a
widely-studied problem with strong practical significance in mod-
ern business [1] and urban planning [48]. The most seminal at-
tempt [22, 23] proposes to investigate the potential effects of differ-
ent features for retail store site identification. Following it, some
data mining approaches are proposed in evaluating the correlations
between the street centrality and the geographical distribution of
activities in Bologna [47] and Barcelona [46].

With the booming development of machine learning algorithms,
applying them for site recommendation becomes an effective and
efficient solution, which has attracted increasing interest and thus
yields many approaches. Unfortunately, not only their datasets are
limited to small scopes but also none of them has released their
datasets. The detailed comparison between the datasets of these
approaches and our OpenSiteRec is shown in Table 1.

Geo-Spotting [25] first extends the early data mining approaches
with machine learning algorithms to better analyze the effective-
ness of geographical and mobility features in site recommendation.
This approach focuses on 3 fast food brands in New York City and
analyzes the key factors of site recommendation separately for
each brand with sufficient samples. ANNRR [5] proposes a semi-
supervised feature selection method on heterogeneous urban data
to predict bike trip demand for the bike sharing station recom-
mendation in two cities. In this work, the site recommendation is
limited to bike sharing station. PAM [31] utilizes the traffic infor-
mation with partitioning around medoids algorithm to determine
the optimal location of new ambulance station. Although there are
a great number of candidate regions, there are only 34 existing
stations available for training that may do harm to the credibility of
results. BL-G-CoSVD [63] introduces bias learning and integrates
both location and commercial features into SVD to recommend the
suitable shop-type for each site. Contrary to the other approaches
that predict the optimal region for a given brand, this approach
predicts the shop-type for a given regionwith only 5 candidate shop-
types so that the difficulty of this task is much lower. DD3S [59]
learns to rank the candidate demand centers for two coffee shop
brands and two chain hotel brands by predicting the number of
customers at the given location with multiple spatial-temporal data
sources. Since the candidate demand centers are predetermined by
clustering the demand and supply gaps, there are only about 10
regions being determined as candidates, which is a small number.
DeepStore [36] leverages a deep neural network on both dense and
sparse features for predicting the consumption level of 49 stores
in their surrounding areas of 13 cities to recommend the optimal
site. However, the limited amount of data significantly increases
the dependence of this task to the quality of features.

While these approaches consider the site recommendation of
different cities individually, there are also some works focusing on
knowledge transfer across different cities. CityTransfer [12] trans-
fers knowledge from a source city to a target city via both inter- and

intra-city views for site recommendation of 3 chain hotel brands
in a new city. Specifically, it chooses Beijing or Shanghai as the
source city and Xi’an or Nanjing as the target city to improve the
performance on the cities with less stores. WANT [37] employs ad-
versarial learning to diminish the distribution discrepancy between
the source city and target city for predicting the consumption of
stores in given areas. Then, it ranks the candidate areas in the target
city according to the consumption for site recommendation. Similar
to DeepStore, the dataset used by WANT is also small in size.

Despite their success, all these traditional site recommenda-
tion approaches rely heavily on feature engineering with simple
model structures, especially the fine-grained manually-crafted fea-
tures [12, 25, 36, 37, 59, 63], which are hard to design and may in-
troduce human biases. Different from them, the recent approaches
pay efforts in utilizing complex models to automatically capture
the latent features from multi-source data for site recommenda-
tion, which is a new research trend of site recommendation. Ur-
banKG [34] constructs a knowledge graph from urban data, built
upon which a relational graph neural network model is designed
for efficient and effective site recommendation. UrbanKG utilizes a
comprehensive dataset and the well-defined data structure is suit-
able for the research of site recommendation. However, this dataset
focuses on the giant brands and has not been released for publicly
available. 𝑂2-SiteRec [60] conducts site recommendation by rank-
ing the candidate regions with order number and delivery time
from the courier capacity perspective in Online-to-Offline (O2O)
stores of delivery platforms. This approach only uses the data of
a small scope of brands from a single city, which is not sufficient.
UUKG [41] proposes an urban knowledge graph as the foundation
for downstream spatial-temporal prediction tasks. Although UUKG
is not designed for site recommendation, the link prediction task on
it shares many similarities with site recommendation. Differently,
it only have 15 broad categories to distinguish the POIs rather than
fine-grained brands and more than 80% of the POIs are from merely
2 categories. Therefore, the vanilla UUKG is not sufficient to well
support site recommendation.

Compared with their datasets, our proposed OpenSiteRec has
outstanding superiorities from four perspectives:

• Wide-range and Large-scale: Existing site recommendation
approaches mainly consider a small range of brands or focus
on a specific scenario, such as chain hotel and courier capacity.
Therefore, they usually collect data only for the specific demand,
which yields a small size of data in the final task. In contrast,
OpenSiteRec takes all the brands and regions in the city into
account and thus yields much larger data size.

• Rich Commercial Features: Existing approaches focus more
on leveraging the features of regions for prediction while paying
less attention to the features of brands. In contrast, OpenSiteRec
provides more commercial features of brands and institutions via
various types of relations among them.

• Comprehensive Information: Most of the existing approaches
manually define the fine-grained features using original geo-
graphical and demographical information, which may lead to
human bias and information loss. In contrast, OpenSiteRec mod-
els the data as a heterogeneous graph with different types of
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POIBrand Region
BrandOf LocateAt

Business AreaCategory
Broad
Medium
Narrow

BelongToCategoryOf

GeographicalCommercial

Competitive / Related NearBy / Similar

Figure 1: Schema of OpenSiteRec. The different types of entities and relations are represented by the polygons and arrows
respectively. The solid arrows denote the definite relations between different entity types while the dotted arrows denote the
indefinite relations that are not exactly defined but can be derived from existing information.

nodes and edges, which provides more comprehensive informa-
tion, such as the competitive relations between brands, along
with the original features.

• Publicly Available: None of the existing studies have released
their datasets. To the best of our knowledge, OpenSiteRec is
the first publicly available dataset for site recommendation. The
released OpenSiteRec dataset will encourage continuous research
in site recommendation.

3 DATA DESCRIPTION
3.1 Problem Definition
While most of the existing works formulate site recommendation
as a ranking task ultimately, their data is usually used for a specific
purpose and thus have different task definitions, such as store-
type recommendation [63], consumption level prediction [36] and
knowledge graph link prediction [34]. However, no matter what
kinds of aspects of information they use or forms of task they
apply, their ultimate objectives are the same to obtain the ranking
list of sites. Since there is no precise consentient definition of site
recommendation, we propose a formal definition as follows:

Definition 3.1. Let B = {𝑏1, 𝑏2, ..., 𝑏𝑀 } denote the brand set with
𝑀 brands and R = {𝑟1, 𝑟2, ..., 𝑟𝑁 } denote the region set with 𝑁

regions. Each POI that belongs to brand 𝑏𝑖 and locates at region
𝑟 𝑗 contributes to a value 𝑃𝑖 𝑗 = 1 in the matrix P = {0, 1} ∈ R𝑀×𝑁 .
Therefore, the site recommendation task aims at predicting a rank-
ing list of candidate regions for each given brand.

Different from the definitions of other studies, our definition is
more general that unifies the different concepts, such as brand, store
and shop type, and requires no additional definition, e.g. the relation
in knowledge graph link prediction. Moreover, such a definition is
more straightforward that directly considers the ranking objective.

3.2 Schema Definition
In order to clarify the goal of data to collect and the final structure
of dataset to construct, we deliver a schema as shown in Figure 1 for
illustration. Such an overall schema has a graph structure, which
consists of different types of entities to represent the real-world
concepts and different types of edges between entities to indicate
the commercial or geographical relations. Based on this schema,
we elaborate the definition of each kind of entities and relations in
details in the following paragraphs.

To be in line with the aforementioned problem and schema
definition, we first define five types of entities to denote the real-
world concepts following UrbanKG [34]:

• Brand: Brands denote either commercial brands in business that
own multiple branches, e.g., Starbucks and Apple, or institutions
that refer to special functions, e.g., Columbia University and
United States Postal Service.

• Category: Categories represent the functions of the venues. Due
to the significant functional differences between venues, we de-
fine three levels of categories (broad, medium and narrow) for
classification. For example, a Starbucks store has the categories of
‘Food and Beverage’, ‘Beverage Shop’ and ‘Coffee and Tea Shop’
for broad, medium and narrow respectively.

• POI : POIs are the basic functional venues in a city, such as shops,
restaurants and schools. Each POI has sufficient commercial and
geographical information.

• Business Area: Business areas denote the special planned areas
for business, where the venues are usually very dense.

• Region: Regions refer to the geographical divisions planned by
the city governments. The principle and granularity of region
division vary depending on the governments. For example, the
regions in Chicago are large with only IDs while the regions in
Tokyo are smaller with specific names like ‘Ginza 1 Chōme’.
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Table 2: Statistics of OpenSiteRec.

City Geographic
Unit POI Business

Area Region Site
(POI with Brand) Brand Category

Broad Medium Narrow

Chicago 1,471,416 16,154 77 801 8,044 969 10 39 107
New York City 2,678,932 41,403 71 2,325 14,189 2,702 10 43 129
Singapore 592,663 18,580 387 2,043 9,912 1,922 10 39 116
Tokyo 1,427,914 60,042 / 3,036 26,765 4,861 10 37 98

Based on the definitions, we define the relation types between
these five types of entities. Each POI can be mapped to a Brand
and a Region from the commercial and geographical aspects of
it. Therefore, the POI serves as a bridge to connect Brand and
Region to construct the dataset for site recommendation. Meanwhile,
the Category and Business Area of a POI are uniquely determined.
However, according to the real-world situation, a Brand may have
multiple relations of Category and a Business Area may consist of
several parts from multiple instances of Region. Moreover, there are
also plenty of relations within Brand (Competitive and Related) and
relations within Region (NearBy and Similar) that may be useful for
site recommendation as follows:
• Competitive: This commercial relation means that two brands are
competitive, e.g., KFC and McDonald’s.

• Related: This commercial relation means that two brands belong
to the same company or group, e.g., KFC and Pizza Hut both
belong to Yum! Brands.

• NearBy: This geographical relation means that two regions are
close in physical space, e.g., ‘Ginza 1 Chōme’ and ‘Ginza 2 Chōme’.

• Similar: This commercial relation means that two different re-
gions have similar distributions of POI category, e.g., ‘Ginza 1
Chōme’ and ‘Toranomon 4 Chōme’.

3.3 Data Construction
Due to the requirements of data quality to produce reliable dataset,
we choose four internationalmetropolises for OpenSiteRec at present
considering their information comprehensiveness and data integrity,
which are Chicago, New York City, Singapore and Tokyo. On the ba-
sis of the schema, we collect data separately from open-source
data sources for the aforementioned three aspects following ethical
regulations.

First, the site data, which is the core to connect commercial
data and geographical data, is obtained by extracting the POIs
from OpenStreetMap1, licensed under the Open Data Commons
Open Database License (ODbL) 2. OpenStreetMap [14] is an open-
source community-built map service that consists of three types of
geographic unit, including nodes, ways and relations. Specifically,
we extract the data from the data distribution service3 on December
1st, 2022. For each geographic unit, OpenStreetMap provides a
series of tags to describe its characteristics, such as name, brand
and amenity. Here we filter the geographic units without name
tag to identify POIs since nameless objects are mostly meaningless

1https://www.openstreetmap.org/
2https://opendatacommons.org/licenses/odbl/
3https://download.bbbike.org/osm/bbbike/

either and convert the original geographical location of POIs into
their centroids’ coordinates.

Then, we obtain the commercial data by assigning the POIs to
the brands from Wikidata4. Unfortunately, the majority of POIs
don’t have any brand tags and the brand information is contained
in their names. Meanwhile, there may be multiple brand names that
correspond to the same brand. Therefore, it is essential to design
an effective method for brand matching. To achieve more accurate
and reliable brand matching, we apply a combination of phonetic
matching (soundex [74]) and text matching (Jaro edit distance [8,
21]) algorithms. After the brand matching, the brands are grouped
together into several disjoint sets and each set will choose one
specific brand name which has record in Wikidata to represent
the whole set. Through this process, we can successfully obtain
the precise brand of POIs without ambiguity. For each POI, the
hierarchical categories are determined based on its functional tags
and the brand information from Wikidata. Specifically, the broad
category and medium category types are manually defined and the
narrow category types are directly extracted fromWikidata. Take a
branch store of Starbucks as example, the broad category ‘Food and
Beverage’ is determined by its functional tags ‘amenity=restaurant’
and the narrow category ‘Cafe and Tea Shop’ is obtained from the
brand information of Starbucks on Wikidata while the medium
category is then defined to be ‘Beverage Shop’.

Next, the geographical data is collected from the free public data
on the data portal of Chicago5, New York City6, Singapore7 and
Tokyo8 governments. For the officially defined regions and business
areas, we formulate them into polygon boundaries which consist of
a series of coordinates. Subsequently, we determine the geographi-
cal assignment of POIs by computing the inclusion relationships
between the boundaries of the regions or business areas and the
centroids of the POIs.

After obtaining all the entities, we further identify the intra-
relations within Brand and Region to provide more comprehensive
commercial and geographical information. For the relations within
Brand, i.e. Competitive and Related, we directly extract them by the
provided statements from Wikidata. Specifically, we define all the
other brands in the same lowest category as Competitive and define
the brands in ‘See Also’ section as Related. For the relations within
Region, we calculate the shortest distances between pairs of regions
to identify NearBy relations with a maximum threshold 0.5km and

4https://www.wikidata.org/
5https://data.cityofchicago.org/
6https://opendata.cityofnewyork.us/
7https://data.gov.sg/
8https://www.data.go.jp/
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Site Number
0-9
9-23
23-48
48-106
106-228

(a) Chicago

Site Number
0-5
5-14
14-30
30-55
55-122

(b) New York City

Site Number
0-22
22-65
65-156
156-270
270-413

(c) Singapore

Site Number
0-9
9-25
25-53
53-96
96-187

(d) Tokyo

Figure 2: Site distributions of regions in different cities. The uneven color distributions indicate that the site distributions are
quite imbalanced on the region side.

Table 3: An example of an instance in OpenSiteRec.

ID Name City
259964052 Starbucks Tokyo

Category B. Category M. Category N.
Food and Beverage Beverage Shop Coffee and Tea Shop

Brand Competitive Related
Starbucks Tully’s Coffee, ... McDonald’s, ...

Longitude Latitude District
139.7390476 35.684236 Chiyoda City

Region NearBy Similar
Kōjimachi 3 Chōme Kioichō, ... Kōjimachi 4 Chōme, ...

we calculate the cosine similarity of narrow category distributions
of POIs to identify Similar relations with a minimum threshold 0.9.

3.4 Statistics and Usage
Through the whole process of data collection and processing, we
finally obtain the well-formulated and comprehensive OpenSiteRec
dataset. The detailed statistics are shown in Table 2. Herewe provide
an example of a branch store of Starbucks in Tokyo as illustrated
in Table 3.

To better facilitate the usage of OpenSiteRec, we further explore
the characteristics of OpenSiteRec by analyzing the dataset distri-
butions. Due to the urban planning and lifestyles of people, the
distributions of site counts of categories are different in each city.
From the comparison of distributions in Figure 3, we can explore the
highlights in these four metropolises. However, on the perspectives
of brands and regions, the distributions are much more imbalanced.
The site counts of different brands are extremely imbalanced that
the top 10% of brands occupy over 50% of sites. This phenomenon in-
dicates that the giant brands are actually dominating the commerce
in every city. Similarly, the uneven color distributions in Figure 2
show that the vast majority of POIs (up to 80%) locate in several cen-
tres or sub-centres composed of a few regions while most regions
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ID Category Name
1 Food and Beverage
2 Shopping
3 Life Service
4 Medical
5 Education
6 Transportation
7 Sports
8 Accommodation
9 Recreation
10 Business

Figure 3: Distributions of site counts of categories in differ-
ent cities. There are slight differences on the distributions
among these four cities, which indicates the differences in
urban planning and lifestyles of people.

have only a few POIs. On the basis of these statistics, we conclude
five unique characteristics of site recommendation compared with
other top-N recommendation tasks: the data is quite sparse; the
city-specific characteristics are significant; the data distribution
is extremely imbalanced; the domain-specific features are very
crucial; the correlations are highly complex.

4 BENCHMARKING EXPERIMENTS
4.1 Experimental Settings
4.1.1 Dataset Split & Evaluation Metrics. Since the original Open-
SiteRec is extremely imbalanced on both brands and regions, we
filter the dataset by 5-core setting on the brands (all the brands have
possessed at least 5 POIs). Specifically, we randomly split the POIs
of each brand with 70%, 10% and 20% as training, validation and
test sets, respectively. To assess the model performance, we choose
the widely-used evaluation metrics Recall@20 and nDCG@20
and regard all regions as candidates, i.e. all-ranking protocol.
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4.1.2 Baselines. To explore the effectiveness of proposed Open-
SiteRec in practical application, we conduct experiments of site rec-
ommendation with several representative recommendation models
as the benchmarks, including machine learning models, collabora-
tive filtering [52] models, click-through rate (CTR) prediction [51]
models and graph-based models.

For machine learning models, we choose:
• LR [19], namely logistic regression, is a simple yet effectivemodel
in classification.

• GBDT [11], namely gradient boosting decision tree, is an ensem-
ble model with decision tree model as the backbone.

• SVC [2] employs support vector machine (SVM) to tackle the
classification problem.

• RankNet [3] is a famous learning to rank architecture in recom-
mendation. Specifically, we utilize a two-layer neural network as
the backbone here.
For collaborative filtering models, we choose:

• MF-BPR [49] is a variant of Matrix Factorization (MF) [27] opti-
mized by the Bayesian personalized ranking (BPR) loss.

• NeuMF [17] combines neural network and Matrix Factorization
(MF) for collaborative filtering with point-wise loss.

• FISM [24] extends MF by aggregating the item embeddings of
interacted items to represent the user via item similarity.

• NAIS [16] introduces attention mechanism onto FISM to conduct
weighted aggregation of items.
For CTR prediction models, we choose:

• DNN [9] applies deep neural network to capture the complex
interaction between features for CTR prediction.

• Wide&Deep [6] jointly utilizes linear transformation and DNN
for CTR prediction.

• DeepFM [13] combines the factorization machine (FM) and DNN
to model the first-, second- and high-order feature interactions.

• xDeepFM [32] leverages the compressed interaction network
(CIN) to achieve vector-wise feature interactions.
For graph-based models, we choose:

• GC-MC [55] is a general graph neural network architecture for
recommendation.

• GraphRec [10] introduces graph neural network into social rec-
ommendation by aggregating the embeddings with social rela-
tionships. Here we remove the social aggregation component.

• NGCF [56] namely Neural Graph Collaborative Filtering, con-
ducts graph message passing on user-item interaction graph for
recommendation.

• LightGCN [15] simplifies the graph convolutional network with
only neighborhood aggregation for collaborative filtering.

4.1.3 Implementation Details. The experiments are implemented
with two NVIDIA GeForce RTX 2080Ti GPUs. Specifically, for LR,
GDBT and SVC, we implement them with scikit-learn [45] 1.0.2.
For other models that involve low-dimensional embeddings, we
implement them with PyTorch [43] 1.12.1 and set the embedding
dimension as 100. The model parameters are initialized with Xavier
initialization and optimized by Adam [26]. For all models, we tune
hyper-parameters with the performance on the validation set via
grid search. The detailed implementation codes could be found at
https://github.com/HestiaSky/OpenSiteRec/.

4.2 Benchmark Results
The benchmark results of the baselines on OpenSiteRec are shown
in Table 4. In order to deliver our insights for future research, we an-
alyze the experimental results and summarize the following points:
• Traditional machine learning methods are not capable to han-
dle the complex scenario of site recommendation. Although LR,
GBDT and SVC are essentially different, they all converge to
the same local optimal point and thus have the same perfor-
mance. Given the situation with highly limited data but highly
rich features, it is extremely difficult for them not to over-fit to
the training set. Thus, they fail to generalize to new POIs and are
not suitable for site recommendation.

• The pair-wise loss is significantly better than the point-wise loss.
As shown in the results, the models with pair-wise loss (i.e. BPR
loss) including RankNet, MF-BPR, FISM, NAIS, NGCF, LightGCN,
all outperform the models with point-wise loss (i.e. BCE loss) in-
cluding NeuMF, DNN, Wide&Deep, DeepFM, xDeepFM, GC-MC,
GraphRec. This phenomenon indicates that the pair-wise loss is
more suitable than the point-wise loss in site recommendation.

• The feature interaction has marginal effects on performance.
From DNN to xDeepFM, the degree of feature interaction is in-
creasing but the performance improvement is not significant.
This may be because the correlations of features are either fully
dependent (broad category and narrow category) or fully inde-
pendent (brand category and geographical coordinate).

• The high-order interactions between brands and regions are
crucial. Under the same condition of other factors, the graph-
based models are substantially better than others. Since the data
are highly sparse in site recommendation, high-order interactions
are important to make correct predictions. Therefore, exploiting
the graph representation learning techniques to better model the
high-order interactions between brands and regions, especially
the explicitly defined relations like Competitive, are beneficial to
obtain high performance in site recommendation.

4.3 Long-tail Scenario
Since the imbalance problem is severe in site recommendation, we
conduct an additional experiment to evaluate some representative
baseline models under the long-tail scenario. Specifically, we re-
gard the bottom 90% of regions with fewer POIs as the long-tailed
regions which totally occupy less than 50% of POIs and are only for
testing. As shown in Figure 4, the performances of the baseline mod-
els drop dramatically on these long-tailed regions, which implies
a big challenge in site recommendation. From the perspective of
the cities, a greater drop in performance indicates a higher degree
of centrality in urban planning. According to the results, Chicago
and Singapore have a higher degree of centrality than New York
City and Tokyo, which means the giant brands have more dominant
positions in Chicago and Singapore. However, to better achieve fair-
ness, which is crucial to provide forward-looking recommendation
results, addressing this imbalance issue is really important.

4.4 Potential Applications
Besides site recommendation, OpenSiteRec also support many other
potential applications [68–73], including transportation demand
prediction [33, 61], electric vehicle charging recommendation [66,
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Table 4: Benchmarking experimental results on OpenSiteRec. Best results in each category are highlighted in bold.

Method Chicago New York City Singapore Tokyo
Rec@20 nDCG@20 Rec@20 nDCG@20 Rec@20 nDCG@20 Rec@20 nDCG@20

LR 0.1203 0.0868 0.0886 0.0655 0.1784 0.1336 0.0795 0.0594
GBDT 0.1203 0.0868 0.0886 0.0655 0.1784 0.1336 0.0795 0.0594
SVC 0.1203 0.0868 0.0886 0.0655 0.1784 0.1336 0.0795 0.0594
RankNet 0.2269 0.1427 0.1224 0.0654 0.4297 0.2271 0.1213 0.0667

MF-BPR 0.2494 0.1465 0.1702 0.0917 0.4430 0.2351 0.1323 0.0781
NeuMF 0.1942 0.1293 0.1200 0.0576 0.4289 0.2236 0.1225 0.0639
FISM 0.2547 0.1468 0.1745 0.0928 0.4583 0.2382 0.1343 0.0734
NAIS 0.2534 0.1432 0.1743 0.0964 0.4557 0.2380 0.1328 0.0774

DNN 0.1927 0.1311 0.1215 0.0568 0.4268 0.2204 0.1284 0.0648
Wide&Deep 0.1910 0.1284 0.1193 0.0526 0.4202 0.2174 0.1225 0.0647
DeepFM 0.1898 0.1254 0.1184 0.0531 0.4177 0.2182 0.1225 0.0648
xDeepFM 0.1886 0.1225 0.1157 0.0515 0.4178 0.2180 0.1237 0.0647

GC-MC 0.2332 0.1657 0.1514 0.0513 0.4685 0.2317 0.1558 0.0884
GraphRec 0.2365 0.1640 0.1538 0.0550 0.4697 0.2293 0.1594 0.0905
NGCF 0.2866 0.1838 0.1920 0.1102 0.4929 0.2674 0.1619 0.1012
LightGCN 0.2875 0.1902 0.2087 0.1088 0.5013 0.2745 0.1751 0.1068
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Figure 4: Experimental results of long-tailed regions on OpenSiteRec.

67] and high-potential startup detection [64]. Here, we will discuss
the significance and the feasibility of two potential tasks: brand
entry forecasting [38, 53] and business area planning [62].

4.4.1 Brand Entry Forecasting. People in different cities have differ-
ent preferences for brands due to culture, history or lifestyle [29, 42].
These factors along with the commercial strategies of brands result
in the different brand distributions in different cities [44]. Typically,
some brands are more international that have been spread all over
the world while some brands are more local at present but also have
a great potential to expand to other cities [4]. A feasible way is to
exploit the existing brands in different cities to mine the brands
with a high probability to succeed in other cities [64, 65], i.e. brand
entry forecasting. Since OpenSiteRec provides plenty of brands in
four metropolises, it is credible to carry out such research.

To demonstrate the applicability of our OpenSiteRec to support
brand entry forecasting, we present a case study by ranking the
brands of Fast Food and Cafe & Dessert in different cities. As illus-
trated in Table 5, many popular international brands like Starbucks
have multiple similar brands that are popular in local, such as Coffee

Bean in Singapore and Doutor in Tokyo. The fact that these local
brands have the ability to pose a position in the fierce commercial
competition with the international giant brands not only demon-
strates their success in commerce so far, but also indicates their
adequate competitiveness to success in other places in the future.

4.4.2 Business Area Planning. To form a strong scale effect, plan-
ning business area [62] (i.e. central business district) is crucial in
the city development. Generally, business area planning takes many
factors into account, such as population, traffic convenience and
surrounding environments. Since POI distributions and geographi-
cal information implicitly indicate these factors [25], we deem that
OpenSiteRec is beneficial to support business area planning.

To verify this idea, we visualize the planned business area and
POI distributions for comparison. From Figure 5, we can see that the
distributions of business areas are relatively uniform in the cities
and have high coincidence with the traffic hubs. Such a regular
pattern is consistent with the POI distributions and it is also true
that the more concentrated the POIs are, the more business districts
are planned. Our OpenSiteRec provides tens of thousands of POIs
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Table 5: Comparison of the top brands of Fast food (in red) andCafe &Dessert (in blue) in different cities. The dark color denotes
the more local special brand that hasn’t entered all the other cities while the light color denotes the more international chain
brand that has opened stores in every city.

Chicago New York City Singapore Tokyo
Brand Portion Brand Portion Brand Portion Brand Portion

Dunkin’ 6.15% Dunkin’ 4.24% Starbucks 3.33% Doutor 2.65%
Subway 5.32% Starbucks 3.17% McDonald’s 3.01% Starbucks 1.98%
Starbucks 5.17% McDonald’s 1.98% Toast Box 1.98% McDonald’s 1.80%
McDonald’s 4.26% Subway 1.63% KFC 1.79% Matsuya 1.77%
Burger King 1.85% Burger King 0.98% Subway 1.77% Sukiya 1.18%
Baskin-Robbins 1.55% Popeyes 0.83% Coffee Bean 1.77% MOS Burger 1.17%
Popeyes 1.36% Chipotle 0.83% Ya Kun Kaya Toast 1.54% Tully’s Coffee 1.17%
Potbelly 1.36% Domino’s 0.54% Kopitiam 1.10% Yoshinoya 1.02%

(a) Chicago (b) New York City

(c) Singapore

Figure 5: Visualization of the planned business area of dif-
ferent cities with POI distributions. Specifically, the govern-
ment of Tokyo has not released the official business area
planning so Tokyo is excluded.

along with their categories and other characteristics. By analyzing
these characteristics of all the POIs in an area, it is able to effectively
grasp the essential factors for business area planning.

5 DISCUSSION CONCLUSION
Site recommendation is an important and beneficial information
retrieval task for the development of brands or institutions in real-
world applications, which has been established for decades. Despite
the success of recent approaches in site recommendation, none
of them have released their datasets, which brings inconvenience
for the researchers and is harmful to the research in this area, and
most of them only focus on a small scope of site recommendation,

yielding limited significance and impact. Therefore, we collect,
construct and release the first open dataset OpenSiteRec for site
recommendation, which consists of multi-source data from four
international metropolises and is comprehensive to support the
following research. To verify the applicability of our OpenSiteRec
and the suitability of the existing recommendation models on site
recommendation task, we conduct benchmarking experiments of
totally 16 representative baseline models on OpenSiteRec.

The greatest limitation is the lack of temporal dimension, which
means OpenSiteRec collects the data at a specific time without
variation from urban development. Therefore, we are considering to
add the temporal dimension to deliver information at multiple time
points. In addition, we have also planned to expand OpenSiteRec
by adding more cities to better support following research.

In conclusion, site recommendation is is still an underestimated
topic considering its significance in modern business and its pre-
dicted impacts. Therefore, we believe that the emergence of our
OpenSiteRec dataset will strongly promote the research on it and
help the development of business intelligence in the next few years.
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