
Citation: Zhang, H.; Du, Q.; Zhang, S.;

Yang, R. A Semantically Enhanced

Label Prediction Method for

Imbalanced POI Data Category

Distribution. ISPRS Int. J. Geo-Inf.

2024, 13, 364. https://doi.org/

10.3390/ijgi13100364

Academic Editors: Wolfgang Kainz

and Hartwig H. Hochmair

Received: 6 September 2024

Revised: 13 October 2024

Accepted: 15 October 2024

Published: 17 October 2024

Correction Statement: This article

has been republished with a minor

change. The change does not affect

the scientific content of the article and

further details are available within the

backmatter of the website version of

this article.

Copyright: © 2024 by the authors.

Published by MDPI on behalf

of the International Society for

Photogrammetry and Remote Sensing.

Licensee MDPI, Basel, Switzerland.

This article is an open access

article distributed under the terms

and conditions of the Creative

Commons Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

 International Journal of

Geo-Information

Article

A Semantically Enhanced Label Prediction Method for
Imbalanced POI Data Category Distribution
Hongwei Zhang 1, Qingyun Du 2,3,* , Shuai Zhang 4 and Renfei Yang 2,5

1 College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054,
China; zhanghongwei@cqut.edu.cn

2 School of Resource and Environmental Sciences, Wuhan University, Wuhan 430079, China;
youngfly@whu.edu.cn

3 Key Laboratory of Digital Cartography and Land Information Application, Ministry of Natural Resources,
Wuhan University, Wuhan 430079, China

4 School of Smart City, Chongqing Jiaotong University, Chongqing 400074, China; zhangshuai@cqjtu.edu.cn
5 Chongqing Geomatics and Remote Sensing Center, Chongqing 401120, China
* Correspondence: qydu@whu.edu.cn

Abstract: POI data play an important role in various location-based services, including navigation,
positioning, and local search applications. However, as cities rapidly develop, a substantial amount
of new POI data are generated daily, often accompanied by issues with the quality of their labels.
Therefore, there is an urgent need to implement intelligent inference and enhancement processing for
POI data labels. Conventional neural network models primarily target balanced data distribution,
but they fail to address the issue of imbalanced distribution of POI data labels in terms of quantity.
Furthermore, most neural network classification models implicitly learn the semantic knowledge of
different categories from training datasets, neglecting the explicit semantic information offered by
natural language labels. Considering the above problems, several negative samples are introduced
for each input to a positive class, thereby transforming the multi-classification task into a binary
classification problem. Simultaneously, POI data labels are introduced to provide explicit semantic
information, and the semantic relationship between POI data labels and their names is determined
using cross-coding. Experiments demonstrate that the macro − F1 score for the test dataset, which
contains 75 different categories of POI data, reaches 0.84. This result surpasses the performance of
traditional methods, highlighting the effectiveness of the proposed method.

Keywords: point of interest (POI); POI classification; imbalanced dataset; semantic enhancement

1. Introduction

The term point of interest (POI), widely used in geographic information systems, refers
to geographical entities that can be abstracted as points, especially those that are closely
connected to everyday life, including but not limited to restaurants, supermarkets, and
educational institutions [1,2]. POI data exhibit a wide range of application scenarios and
possess robust computational and expressive properties. With the rapid development of
internet technology and the widespread use of mobile devices, location-based services
based on POI data have gained increasing significance. For example, individuals frequently
rely on POI data from apps like Meituan and Ele.me to locate nearby points of interest, such
as restaurants, hotels, and tourist attractions [3,4]. However, due to rapid urbanization, a
substantial amount of new POI data emerge daily. According to data released by Didi at the
end of 2016, approximately 80,000 recommended pick-up points were updated daily using
extensive travel data. These recommended pick-up points resulted in a 10% reduction in
driver calls and an average decrease of one minute in passenger waiting times. Therefore,
meeting the demand for personalized POI recommendation services, addressing the issue
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of information overload faced by users, and achieving the automatic classification of POI
data have become the focus and challenge of POI data analysis and mining research [5,6].

Identifying POI data labels is a complex challenge, compounded by several factors.
Firstly, the volume of POI data is enormous, with a wide range of categories, covering
various aspects of life. Baidu Map and Amap offer hundreds of categories of POI data, with
more detailed classifications reaching thousands of categories. Secondly, POI data naming
is highly inconsistent, lacking a standard convention and often including a mix of Chinese,
English, letters, and numbers. Short names may consist of just a few words, or even one
word, while longer names may have dozens of words. Thirdly, the presence of complex
nesting relationships, abbreviations, and other challenges poses significant difficulties in the
analysis and identification of POI data, particularly in government agencies and corporate
entities, where such phenomena are commonplace. Furthermore, the same POI name can
belong to multiple different semantic categories. For example, “Mingming snacks” can be
classified as either “Fast food”, “Specialty snacks”, or a “Chinese restaurant”.

There are two main methods for POI data classification: those based on rich feature
information and those based on finite element information. For the former method, re-
searchers utilize geosocial check-in data [7–9], internet engine data [10], and user comment
data to classify POI data [11]. Although these studies can extract richer features through
external data sources, it can be challenging to match external data sources with the continu-
ously emerging new POI data in practice. In the latter method, researchers frequently rely
on POI names, geolocation details, and predefined categories for POI classification [12,13].
This method can effectively alleviate the problem of missing data sources. However, both
methods have limitations in addressing the issue of imbalanced distribution of POI data
labels. There is significant variation in the quantity of POI data across different categories
within the same dataset. For instance, the number of restaurants significantly exceeds the
number of cinemas.

To address the issue of imbalanced datasets in classification tasks, extensive research
has been conducted. At the data level, two primary techniques for addressing data imbal-
ance have emerged: oversampling [14,15] and undersampling [16,17]. These techniques
either employ clustering methods or pursue further undersampling and oversampling
following clustering. At the algorithm level, cost-sensitive learning [18,19] and ensemble
learning [20–22] have garnered widespread attention. Cost-sensitive learning is employed
to handle imbalanced datasets by assigning higher costs to the misclassification of minority
categories. Ensemble learning, on the other hand, relies on a collection of sub-classifiers, in-
tegrating their outcomes to arrive at the final classification result through defined rules. Fur-
thermore, the challenge of classifying imbalanced datasets can also be addressed through
the utilization of one-vs-one [23] and one-vs-rest [24] transformation strategies, which
facilitate the conversion of multi-classification tasks into binary classification problems.
However, when it comes to POI datasets, the current methods for handling imbalanced
datasets often fall short of effectively enhancing classification accuracy.

With the continuous advancement of technology, deep neural networks have achieved
remarkable breakthroughs in the field of natural language processing [25–27]. Notably,
in 2019, Devlin et al. introduced bidirectional encoder representations from transformers
(BERT) [28], which set new benchmarks for various natural language processing tasks. The
success of BERT is attributed to its attention mechanism, which can capture the semantic
relationships between sentence pairs through cross-coding (also known as cross-attention).
Nevertheless, traditional neural network models typically process data uniformly, focusing
on learning the overall data distribution. As a result, the resulting feature space is often
dominated by categories with larger sample sizes, neglecting the challenge of uneven
category distribution. Moreover, most deep neural networks implicitly learn semantic
features between different categories from training datasets, overlooking the explicit seman-
tic information provided by natural language labels. The explicit information conveyed
by these labels is particularly beneficial for the semantic recognition of POI data in this
study. This is because POI data labels often consist of keywords found within their names,
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providing valuable explicit semantic information. For example, both “Hangzhou Sanhe
Advertising Decoration Co., Ltd.” and “Pingtian Advertising Decoration Co., Ltd.” belong
to the category of advertising decoration companies. It is evident that the label is a key
term within their names, carrying explicit semantic information. Therefore, utilizing this
explicit information can significantly enhance the accuracy of POI data classification.

To address the aforementioned issues, POI data labels are introduced to provide
explicit semantic information. Additionally, a transformation strategy is employed to
convert the multi-classification task into a binary classification problem, thereby enhancing
the accuracy of POI data category recognition.

In summary, the key contributions of this study are as follows:

1. A transformation strategy is employed to transform the multi-classification task into a
binary classification problem. This method introduces several negative samples for
each positive class, enhancing the model’s generalization ability and allowing it to
effectively handle diverse data and scenarios.

2. POI data labels are introduced to provide explicit semantic information, and a cross-
coding mechanism is employed to assess the relationship between POI data labels
and their names, which improves the accuracy of POI data category recognition.

2. Related Work

In this section, we present a brief overview of two categories of related work: POI
classification and handling imbalanced datasets.

2.1. POI Classification

Due to the complexity of POI semantics, a variety of data sources are used for POI
classification tasks. McKenzie et al. proposed a method to label unclassified geosocial
check-in data based on the similarity of users’ check-in time, name, and category [7].
Zhou et al. utilized internet search engines as external knowledge bases to introduce real-
time and large-scale text feature information into the original POI text for predicting POI
categories [10]. Giannopoulos and Meimaris combined domain knowledge and semantic
information extracted from external data sources to classify POI data [29]. Wu et al.
employed bidirectional spatiotemporal dependencies and users’ dynamic preferences to
identify missing POI data labels [30]. Noorian et al. utilized visual labels of street-level
images as supplementary information for POI data classification [31]. However, these
methods are limited by the absence of accessible external data sources in the face of the
new POI data that emerge every day.

Currently, few studies have focused exclusively on utilizing POI data to address these
challenging tasks. Li et al. utilized Word2vec to vectorize POI names and employed
support vector machines for automatic POI data classification [12]. Duan proposed a
random vocabulary iterative model that incorporates significant feature word filtering and
local textual semantic relevance segmentation for POI data classification [13]. Choi et al.
employed Gaussian weights based on the onomastic and contextual information of POI
names, assigning higher weights to words closer to the POI name and lower weights to
those farther away [32]. Although these methods adeptly mitigate the scarcity of external
data sources, they often fall short of delivering the desired level of classification accuracy.

2.2. Imbalanced Dataset Handling

To address the issue of imbalanced datasets, numerous studies have been conducted
by researchers. At the data level, researchers commonly utilize oversampling and under-
sampling techniques to address the issue of imbalanced datasets. Ijaz et al. employed
the density-based noise outlier detection of spatial clustering to eliminate the outlier data
and utilized the synthetic minority over-sampling technique (SMOTE) to oversample the
data by inserting synthetic samples for underrepresented categories [33]. Agusta reduced
the number of majority category samples by clustering them in the kernel space and com-
bined the AdaBoost method with an undersampling algorithm [34]. Cao et al. utilized an
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oversampling method to generate new samples for the minority category and employed
a clustering technique to extract samples from sub-clusters of the majority category [35].
However, these techniques can result in a distorted representation of the sample space. To
address this issue, Khan et al. proposed a cost-sensitive deep neural network that automati-
cally learns robust feature representations for both majority and minority categories [36].
Du et al. based on the concepts of voting and coordination, divided the training dataset into
multiple sub-training datasets, constructed multiple classifiers, and labeled unlabeled data
through the voting results of these classifiers [37]. Additionally, employing transformation
strategies that convert multi-classification tasks into binary classification problems can
effectively address the issue of uneven category distribution within datasets. Smith et al.
utilized this transformation strategy to classify cow behavior [38].

Currently, few studies have examined the classification of POI data with imbalanced
label distribution. Yu et al. proposed a multi-level label prediction model to address this
issue in POI data categories [39]. However, this method only considers 10 categories of
POI data and relies on the coordinates of POI data to capture adjacent spatial distribution,
which has certain limitations in practical applications. This is because it can be challenging
to ensure that new POI data contain coordinate information.

3. POI Classification Model

In this section, we introduce a method to address the issue of imbalanced distributions
across POI data categories. We then incorporate POI data labels to enhance the semantic
information. Finally, we propose a semantically enhanced label prediction model to tackle
imbalanced POI category distribution and establish the evaluation criteria for this model.

3.1. Transforming the Multi-Classification Task into a Binary Classification Problem

Considering a training dataset comprising M categories, the one-vs-one transforma-
tion strategy involves the creation of pairwise combinations between distinct categories,
resulting in M(M − 1)/2 individual classifiers. In the testing phase, the test data are si-
multaneously submitted to all classifiers, and the final classification result is determined
through voting or based on the prediction confidence level of each classifier. The one-vs-rest
transformation strategy designates one category as the positive class, with the remaining
categories aggregated as the negative class, resulting in M classifiers. During testing, if only
one classifier predicts a positive class, the corresponding label is taken as the final classifi-
cation result. When multiple classifiers predict a positive class, the prediction confidence
level of each classifier is typically considered, and the label with the highest confidence
is selected as the classification output. Importantly, the one-vs-rest strategy employs all
categories for each classifier, while the one-vs-one strategy restricts each classifier to just
two categories. The one-vs-rest transformation often results in a longer training time when
dealing with multiple categories and can become less meaningful when the number of
categories becomes excessively large.

Given the extensive range of POI data categories in this study, the two transformation
strategies become impractical. To tackle this challenge, we adopt the concept of the one-to-
rest transformation strategy. Specifically, one category is designated as the positive class at
a time, while a random subset of the remaining categories is sampled as the negative class.
However, this method introduces the challenge of multiple classifiers. For this problem, a
learning function is defined that consolidates the predictions from multiple classifiers into
a single classification decision based on confidence scores. The formula for calculating the
relationship between any POI name t and label li is as follows:

f (li, t) = P(True|li, t), i ∈ [1, · · · , M]

where i represents the number of labels, and if the text t belongs to the label li, the value of
f is true, otherwise it is false. In other words, the function accepts a text label and a POI
name as input and evaluates the relationship to determine the classification result. For
example, the format for input pairs in the POI data classification task is as follows:
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Based on the preceding discussion, it is evident that any classification task can be
decomposed into the problem’s definition, particularly the transformation of a multi-
classification task into a series of binary problems—a concept well-documented in the
foundational literature of machine learning [40,41]. However, there is a crucial distinction:
the introduction of a function approximation method that enables treating the multi-class
classification task as a single classifier, ultimately generating a predictive model.

3.2. Semantic Enhancement

Currently, the majority of classification methods implicitly learn the semantic knowl-
edge of different categories from the training dataset, yet they often neglect the explicit
semantic information embedded within the natural language labels of these categories. As
can be seen from Figure 1, by introducing labels, the category of POI names can be easily
determined through terms like “hot pot” or “hotel” within their respective names. POI
data labels often act as keywords within their names, and incorporating this explicit se-
mantic information provided by the labels is highly beneficial for POI category recognition.
Therefore, this study employs POI data labels to enhance semantic understanding, offering
explicit information for the semantic categorization of POIs.
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Figure 1. The POI data classification task with a binary tuple input format.

The model structure proposed is shown in Figure 2. The model accepts a pair con-
sisting of a label and a POI name as input, separated by the token “[SEP]”. Based on the
attention mechanism of the robustly optimized BERT pretraining approach (RoBERTa), the
model determines the semantic relationship between the POI data label and the correspond-
ing POI name. It transforms the binary classification problem into a task of evaluating
the relationship between two sentences. If the prediction is true, it indicates that the POI
name belongs to that category. Otherwise, it does not. For the sequence input to RoBERTa,
the output is the vector of each token in the sequence. However, a challenging problem
lies in selecting the optimal combination of vectors from different layers to represent the
relation between two sentences. Given that BERT frequently employs the “[CLS]” token as
a sentence vector to evaluate the relationship between two sentences, and acknowledging
that RoBERTa represents an advancement over BERT, this study adopts the “[CLS]” vector
from the final layer to represent the relationship between the label and the POI name.
Subsequently, the resultant vector is subjected to linear layer mapping, followed by the
application of the Softmax function for normalization. Ultimately, the model produces a
binary prediction outcome—true or false—based on the calculated probability.
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3.3. Training and Prediction

This study employs the pretrained Chinese model RoBERTa, which features 12 layers,
with each layer containing 12 self-attention heads and 768 hidden nodes. For the POI data
classification task encompassing M categories, it is necessary to generate M pairs of <label,
POI name> for each input instance. For example, if the label of the i-th input corresponds
to the category of the POI name, this results in a positive training example: (<labeli, POI
name>, True). Conversely, for (M − 1) negative instances, the labels do not correspond to
the POI name’s category, represented as (<labelk, POI name>, False), with the stipulation
that k ̸= i. Figure 3 illustrates the scenario with two negative samples.
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By employing the one-to-rest transformation strategy, the training dataset experiences
a significant expansion, thereby effectively enhancing the model’s generalization ability.
This enhancement has been comprehensively validated and confirmed through numerous
studies [42,43]. However, considering the complexity of POI data semantics, populating the
remaining categories as negative samples is not an optimal method. To reduce the quantity
of the training dataset without compromising the model’s generalization, a random subset
of the remaining categories is selected to serve as negative classes. For label prediction with
this model, the resultant output is the scores of all categories. Accordingly, the label with
the greatest confidence score is designated as the final prediction.

3.4. Model Evaluation

For natural language classification tasks, three common metrics are precision, re-
call, and F1 score. However, the applicability of these metrics is typically limited to
binary classification tasks. In contrast, the POI data category recognition in this study is a
multi-classification task. Therefore, we employ macro-precision (macro − P), macro-recall
(macro − R), and macro − F1 score to evaluate the model’s overall performance. The cal-
culation of these macro metrics is based on the individual precision, recall, and F1 score
for each category. For a given label tagi in the multi-classification task, the corresponding
precision Ptagi

, recall Rtagi
, and F1tagi

score are calculated as follows:

Ptagi
=

TPtagi

TPtagi
+ FPtagi

(1)

Rtagi
=

TPtagi

TPtagi
+ FNtagi

(2)

F1tagi
=

2 ∗ Ptagi
∗ Rtagi

Ptagi
+ Rtagi

(3)

where TPtagi
represents the number of labels correctly categorized as tagi, FPtagi

represents
the misclassification of labels from other categories as tagi, and FNtagi

denotes the number
of labels tagi incorrectly identified as labels from other categories. After calculating the
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precision, recall, and F1 scores for each category, macro − P, macro − R, and macro − F1
score can be computed as follows:

macro − P =
1
M

M

∑
i=1

Ptagi
(4)

macro − R =
1
M

M

∑
i=1

Rtagi
(5)

macro − F1 =
2 ∗ macro − P ∗ macro − R

macro − P + macro − R
(6)

4. Experiments and Results Analysis

In this section, we first introduce the dataset utilized for the POI data classifica-
tion task. Then, to verify the effectiveness of our proposed method, we conduct several
comparative experiments.

4.1. Dataset

In this study, the POI data are classified according to the categorization standard
of Baidu Maps. Due to the complexity of POI semantic recognition, we do not apply a
fine-grained semantic classification scheme. The selection of POI categories in this study
is based on the following two principles: (1) POI names belonging to multiple categories
are not sub-categorized further; only the first-level classification to which they belong
is recognized. (2) For the phenomenon of multi-semantic intersections, it is treated on a
case-by-case basis. As an example, we consider the “Food” category within Baidu Maps
to illustrate. For categories like “Chinese restaurant” and “Fast food restaurant” within
the secondary classification of food, their names lack distinctive keywords, so they are
uniformly categorized into the first-level classification of food. Categories that contain
distinctive keywords, such as “coffee shop” and “cake dessert”, are further sub-categorized.
When encountering multi-semantic intersections during classification, we utilize a manual
methodology to assign each instance to the most appropriate category based on its distinct
semantic meaning. For instance, “Da Fu Farmhouse” is assigned to the “Leisure and
entertainment” category based on its intended meaning. In summary, after processing, the
“Food” category is divided into two main levels: the primary classification of food and the
secondary classifications, including “Tea house”, “Cake shop”, “Coffee shop”, “Hot pot
restaurant”, and “Cold drink store”. After analyzing the collected POI data in Hangzhou, a
total of 75 different categories of POI data are obtained, and their specific classifications are
presented in Table 1. Other categories that do not appear in the second-level classification
are grouped into the first-level classification, excluding transportation facilities, which are
not included in the first-level classification.

Table 1. POI data categories.

First-Level Classification Second-Level Classification

Food Tea house, Cake shop, Coffee shop, Cold drink shop,
Hot pot restaurant

Hotel

Shopping

Supermarket, Clothing and leather goods store, Flower
market, Home appliance and electronics store,
Building materials and hardware market, Furniture
store, Kitchen and bathroom store, Lamps and
porcelain market, Sporting goods store, Stationery
store, Pet supplies store, Children’s products store,
Bookstore, Tobacco and alcohol store, Optical shop,
Fruit market, Bicycle and electric bike store
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Table 1. Cont.

First-Level Classification Second-Level Classification

Life service
Photography and printing shop, Ticket office, Repair
station, Logistics, Laundry shop, Bath and massage
place, Travel agency

Fair lady

Tourist attraction

Leisure and entertainment Cinema, Bar, Chess and card room, Internet cafe, KTV

Exercise and fitness
Basketball venue, Table tennis venue, Billiard hall,
Taekwondo venue, Tennis venue, Swimming venue,
Badminton venue

Education and training

Culture and media

Medical care Convalescent home, Pet clinic, Drugstore

Automotive service Gas station, Car charging station

Transportation facility Bus stop, Parking lot, Bus station

Finance

Company

Advertising and decoration company, Mechanical and
electronic company, Construction company,
Commercial trading company, Network technology
company, Pharmaceutical company, Agribusiness
company, Metallurgical and chemical company,
Automotive company, Financial company

Government agency

Entrance and exit

In this study, we collected 1,111,554 pieces of POI data from Hangzhou City. Due to
the messiness of the POI data, a cleaning process was undertaken that encompassed the
following steps: (1) removing the spaces and special symbols (e.g., “/”, “—”) contained in
the POI names; (2) deleting duplicate data by simply removing entries with identical names;
and (3) conducting POI data category processing, which included the manual refinement
of categories, and filtering based on the POI classification of Baidu Maps and the keywords
contained in the names. Following the processing of the POI data, a total of 139,471 unique
POI names were selected. The number of different categories is illustrated in Figure 4. As
depicted in Figure 4, there is considerable variation in the quantity of POI names among
different categories, with some categories encompassing 10,000 POI names while others
have less than 200. Categories that have a higher volume of POI names are assigned to the
first-level classification, with the objective of improving the accuracy of recognition at this
level. Ultimately, the selected data were partitioned into three distinct segments: a training
dataset, a test dataset, and a validation dataset, allocated in the proportions of 60%, 20%,
and 20%, respectively.

4.2. To Evaluate the Effectiveness of This Study, Three Methods Were Employed for Comparison

RoBERTa–Recurrent Neural Network (RNN): The method first converts POI names
into vector representations using RoBERTa. Subsequently, these vectors are input into an
RNN to extract their contextual information. Finally, the vectors output from the RNN
are passed through a linear layer for the label prediction. This multi-classification method
aims to verify the effectiveness of transforming the multi-classification task into a binary
classification problem.

BERT (L = 12, H = 768, A = 12): This model is a Chinese model trained by Google,
where L represents the number of layers, H represents the number of hidden nodes, and A
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represents the number of self-attention heads in each layer. Label prediction of POI data is
performed using the method described above.
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A Lite BERT (ALBERT): BERT, with its extensive number of parameters, demands
significant computational resources for efficient execution. To address this challenge,
Lan et al. proposed ALBERT [44], an optimized variant of BERT. ALBERT achieves a
40% reduction in model size while maintaining 97% of BERT’s language comprehension
accuracy. To ensure comparability among different models, this study utilized the Chinese
model ALBERT (L = 24, H = 1024, A = 24).

4.3. Experimental Settings

As previously stated, this study has defined 75 distinct POI categories. During the
training phase, it is generally recommended to generate 74 negative samples for each
positive class. However, due to the intricate nested relationships inherent in POI names,
utilizing negative samples to populate the remaining classes is not an optimal method.
Therefore, for each positive class of input, the quantities of negative samples are set to
5, 10, 15, and 20 for each positive class. To determine a suitable learning rate, this study
employs the method of cyclic learning rates [45], which involves plotting the loss function
and learning rate curves to determine the optimal learning rate. Moreover, this method
also necessitates the specification of the batch size parameter. Reimers et al. have suggested
that, for larger datasets, a batch size ranging from 8 to 32 is advisable [46]. Accordingly,
the learning rate range is set to [10−7, 1], and the batch sizes are set to 8, 16, and 32 for
further discussion.

As depicted in Figure 5, the relationship between the learning rate and the loss function
value across varying parameters is illustrated. The optimal learning rate is determined to
lie between the steepest descent of the loss function value and its minimum point. It is
evident from the figure that a batch size of 32 and a learning rate of 0.001 are most effective
when utilizing five negative samples. With 10 negative samples, the optimal settings are
a batch size of 16 and a learning rate of 0.001. When applying 15 negative samples, the
optimal batch size is 16 and the learning rate is 0.01. Lastly, for 20 negative samples, the
optimal batch size is 8 and the learning rate is 0.001.
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Once the optimal hyperparameters for the model under various conditions of negative
samples were established, we initiated the training process. As shown in Figure 6, the
macro − F1 scores were obtained from the validation dataset across varying numbers of
negative samples. For different numbers of negative samples, different epochs were set.
When the number of negative samples is 5, 10, 15, and 20, the corresponding maximum
scores of macro − F1 on the validation dataset are 0.8317, 0.8334, 0.84, and 0.8389, respec-
tively, achieved at the 49th, 45th, 22nd, and 29th epochs. Therefore, it is recommended to
set the number of negative samples to 15.
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In the same way, the optimal parameter combinations for the comparative methods
are shown in Table 2.

Table 2. The optimal parameter combinations of the comparative methods.

Method
Number of
Negative
Samples

Batch Size Learning
Rate

Number of
RNN Layers Hidden Size

RoBERTa-
RNN 32 0.001 1 100

BERT

10 32 0.001

15 16 0.001

20 8 0.001

ALBERT

5 32 0.001

10 8 0.001

15 8 0.001

Following the training of BERT and ALBERT models using the optimal parameter
settings across varying quantities of negative samples, it was observed that BERT achieved
the most promising results with 15 negative samples, whereas ALBERT attained optimal
performance with 10 negative samples.

4.4. Results Analysis

As can be seen in Figure 7, the validation dataset’s macro − F1 scores are presented
across different methodologies. The figure clearly illustrates that distinct methods exhibit
varied convergence behaviors, with each requiring a different number of epochs to achieve
convergence. When considering RoBERTa, BERT, and ALBERT—all of which convert multi-
classification tasks into binary classification problems—the optimal macro− F1 scores on the
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validation dataset are 0.84, 0.8306, and 0.7858, respectively. Significantly, the corresponding
macro− F1 scores for the test dataset are slightly higher, at 0.84, 0.834, and 0.788, respectively.
This observation highlights the models’ impressive generalization capabilities. The initial
two models exhibit markedly higher macro − F1 scores on both the validation and test
datasets in comparison to ALBERT, reflecting the relatively weaker capacity of ALBERT in
capturing semantic information between sentence pairs. The method proposed in this study
outperforms the other two methods in macro − F1 scores in both the validation dataset and
the test dataset, thus validating the effectiveness of the method proposed in this study.
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The RoBERTa-RNN model achieves an optimal macro − F1 score of 0.8401 on the vali-
dation dataset, whereas the corresponding score on the test dataset is lower at 0.827. Table 3
lists the 10 POI categories with the poorest performance on the test dataset for both the
proposed method and the RoBERTa-RNN model in this paper. It is evident from the table
that for POI data with a smaller quantity, the F1 score of the RoBERTa-RNN model is either
zero or exceptionally low, indicating that the RoBERTa-RNN model has hardly captured
the characteristics of these POI data. In contrast, the method proposed in this study has ob-
tained significantly higher F1 scores for POI data with limited quantities, and a macro − F1
score of 0.84 for the test dataset. These results demonstrate that the proposed semantic
enhancement method can effectively capture explicit semantic information provided by
natural language labels. Simultaneously, converting multi-classification tasks into binary
classification problems can effectively address the challenge of data category imbalance.

Table 3. The top 10 POI categories with the poorest performance across different methods on the test
dataset.

POI Category
RoBERTa RoBERTa-RNN Size of Training

DatasetPrecision Recall F1 Score Precision Recall F1 Score

Cold drink shop 0.6345 0.625 0.6297 0.6836 0.605 0.6419 1000
Building materials and

hardware market 0.5562 0.6828 0.613 0.547 0.6828 0.6074 728

Shopping 0.5947 0.6389 0.616 0.583 0.6494 0.6144 9957
Sporting goods store 0.7121 0.5949 0.6483 0.697 0.5823 0.6345 790

Tea house 0.6872 0.6768 0.6819 0.743 0.6717 0.7056 992
Convalescent home 0.746 0.6104 0.6714 0.6901 0.6364 0.6622 389

KTV 0.6606 0.7415 0.6987 0.6708 0.7347 0.7013 736
Agribusiness company 0.6495 0.6117 0.63 0.6262 0.6505 0.6381 517

Clothing and leather goods
store 0.3492 0.1106 0.1679 0.3652 0.2111 0.2675 996

Cake shop 0.7636 0.6332 0.6923 0.7314 0.6432 0.6845 999
Entrance and exit 1 0.9684 0.984 0 0 0 478
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Table 3. Cont.

POI Category
RoBERTa RoBERTa-RNN Size of Training

DatasetPrecision Recall F1 Score Precision Recall F1 Score

Bus station 1 1 1 0 0 0 103
Basketball venue 0.9615 0.8065 0.8772 0 0 0 157

Table tennis venue 1 1 1 0 0 0 107
Tennis venue 0.8947 1 0.9444 0 0 0 86

Badminton venue 0.875 0.8235 0.8485 0 0 0 86
Car charging station 0.9630 0.8667 0.9123 0 0 0 152
Culture and media 0.9231 0.9000 0.9114 0 0 0 201

Pet clinic 0.9375 0.8333 0.8823 1 0.0185 0.0363 270
Cinema 0.8919 0.8462 0.8684 1 0.0769 0.1428 196

Moreover, as shown in Table 3, among the 10 POI categories with the poorest per-
formance on the test dataset using the method proposed in this paper, the RoBERTa and
RoBERTa-RNN models outperform each other across five categories. When considering the
average F1 score across the 10 POI data categories, the RoBERTa-RNN model is superior.
The sub-optimal recognition performance for these specific POI data categories can be
attributed to several factors: (1) a lack of semantic correlation between the labels and the
POI names, frequently observed in the “Clothing and leather goods store” category. (2) POI
names possess ambiguous semantics, as some POI names in the data omit proper nouns,
for instance, the POI name “Jinbei Decoration” could be classified as either an “Advertising
decoration company” or a “Shopping store”. (3) POI names frequently encompassing
semantic elements pertinent to multiple categories, a phenomenon particularly prevalent
in the “Shopping” category of POI data. It is evident that the selection of labels is crucial
for accurate POI data classification.

5. Conclusions

Most classification methods implicitly extract semantic knowledge from various cate-
gories within the training dataset, yet they often overlook the explicit semantic information
provided by natural language labels. However, in this study, the explicit information car-
ried by these labels is highly beneficial for the semantic recognition of POI data. Therefore,
to enhance the identification of semantic categories in POI data, we introduce explicit
semantic information derived from POI data labels. A transformation strategy is employed
to convert the multi-classification task into a binary classification problem by introducing
multiple negative samples for each positive input class. The correlation between the labels
of POI data and their respective names is determined through the cross-coding technique
employed by RoBERTa. Specifically, we employ RoBERTa to evaluate the relationship
between pairs of sentences.

To assess the effectiveness of semantic enhancement and the benefits of transforming
multi-classification into binary classification, we conducted a comparative analysis between
our proposed method and RoBERTa-RNN’s multi-classification method. The experimental
results demonstrate that our proposed method outperforms the latter, achieving a signifi-
cantly higher macro − F1 score of 1.3% on the test dataset. Furthermore, the RoBERTa-RNN
model encounters challenges with imbalanced data categories and has a tendency to overfit.
When comparing RoBERTa with BERT and ALBERT in terms of transforming the multi-
classification task into a binary classification problem, it is observed that RoBERTa achieves
higher macro − F1 score on the test dataset, exceeding those of BERT and ALBERT by 0.6%
and 5.2%, respectively. These results indicate that RoBERTa possesses a superior capacity
for capturing semantic nuances between sentence pairs, which substantiates the advantages
of the method proposed in this study.
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