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Abstract. The rapid growth of location-based services (LBS) has resulted in an increasing
demand for personalized and context-aware recommendations. This study aims to develop a sparse
geo- social location-based and preference-aware recommender system to provide accurate and
relevant suggestions for users in remote areas of Central Asia. We propose a novel framework that
integrates geographical, social, and preference information to address the challenges of data
sparsity and user mobility in these regions. The proposed model is evaluated through extensive
experiments on real- world datasets, demonstrating its effectiveness in improving recommendation
quality. Furthermore, the research highlights the potential applications of the proposed system in
promoting sustainable tourism, preserving cultural heritage, and fostering social cohesion in
Central Asia.
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Introduction

Preservation of natural resources in Central Asia, characterized by unique landscapes and
ecosystems with high biodiversity, necessitates the prioritization of resource protection through
responsible tourism practices in the emerging field of sustainable eco-tourism. To ensure economic
benefits from tourism activities and preservation efforts, community involvement becomes integral
in all aspects of eco-tourism development in Central Asia. Considering the remoteness of certain
areas, infrastructure development becomes crucial to cater to the needs of tourists while minimizing
environmental degradation [1, 53 p.]. Implementing water supply systems and waste management
facilities are examples of such developments. Capacity building and education play significant
roles in maintaining ecological balance and enriching guest experiences in nature conservation.
Training programs for local guides, tour operators, and hospitality staff focusing on sustainability
practices and indigenous knowledge contribute to this aspect. In line with reducing carbon
emissions, alternative energy sources like solar or wind power should be considered within eco-
tourism models rather than relying solely on fossil fuels, further emphasizing the integration of
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emerging technologies [1, 45 p.]. Developing a sustainable eco- tourism model for Central Asia,
which is very remote, requires careful consideration of various factors that impact the region's
environment and socio-economic conditions using location aware recommendation system models.
Location-aware recommendation models can play a pivotal role in promoting sustainable tourism in
Central Asia. The development of sustainable eco-tourism in this region involves identifying the
target audience through surveys and data analysis of previous visitors. To understand the
preferences of this audience, market research can be conducted using focus groups and surveys.
Geographic Information System (GIS) technology can then be utilized to analyze potential eco-
tourism locations, taking into account factors such as environmental impact, accessibility, cultural
significance, and economic feasibility [2, 80 p.]. Collaboration with local communities and
businesses is essential for creating sustainable tourism packages that benefit both visitors and locals.
Furthermore, responsible travel practices should be encouraged by educating visitors about their
environmental impact and promoting action like waste reduction and energy conservation.
Monitoring success metrics, including tracking visitor numbers and gathering feedback, allows for
the assessment of eco-tourism effectiveness. Research conducted across various regions in Central
Asia, such as Kazakhstan and Uzbekistan, has revealed traveler preferences, including a strong
interest in eco-tourism destinations with rich biodiversity, like mountain ranges and natural reserves
[1, 30 p.]. Travelers also express a desire to experience the region's unique traditional cuisine and
engage in outdoor activities such as trekking and camping. By employing GIS modelling
techniques, specific areas with the highest potential for eco-tourism development and minimal
environmental impact, such as Altyn Emel National Park and Kolsai Lakes National Park, can be
identified. To promote responsible tourism practices, it is recommended to establish partnerships
with local communities and businesses in these areas, providing training programs for local guides
and creating employment opportunities that improve the economic conditions of residents while
preserving their cultural heritage. Implementing these practices can transform Central Asian
countries into popular eco-tourism destinations that not only generate revenue but also contribute
significantly to environmental conservation efforts [3, 56 p.]. The integration of location-aware
recommendation models can enhance the visitor experience by providing personalized and relevant
recommendations, guiding tourists towards sustainable attractions and activities that align with their
interests and promote responsible tourism practices. Location-aware recommendation systems are
recommender systems that utilize location information, such as from mobile devices, in algorithms
to deliver more relevant recommendations to users. These systems consider a user's location as
context, enabling them to provide recommendations for various points of interest, such as
restaurants, museums, and more. In the context of mobile computing scenarios, a comprehensive
survey has been conducted to explore location-aware recommendation systems and their main
applications across different recommendation domains [2, 13 p.]. The survey provides an overview
of the current state-of-the-art in this field and identifies potential avenues for future research. One
notable location-aware recommender system is LARS, which incorporates location-based ratings to
generate personalized recommendations. This system considers both the user's current location and
the ratings assigned to nearby locations, resulting in tailored recommendations that align with the
user's preferences. By leveraging the power of location data, LARS aims to alleviate the burden of
users having to manually search for engaging and relevant places. The rapid expansion of mobile
technology and LBS has created new opportunities for users to explore and interact with their
surroundings [4, 96 p.]. Recommender systems have become essential tools for providing
personalized and context-aware suggestions based on users' preferences, location, and social
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connections. However, existing approaches often struggle to cope with the challenges of data
sparsity and user mobility in remote areas, such as Central Asia. This study aims to address these
issues by proposing a novel framework that integrates geographical, social, and preference
information to develop a sparse geo-social location-based and preference-aware recommender
system. Location- aware recommendation systems have gained significant attention in recent years
due to their ability to provide personalized and contextually relevant recommendations to users.
These systems take into consideration various factors to generate recommendations that align with
the user's preferences and current situation. This article explores the key factors considered by
location-aware recommendation systems, including the user's current location, preferences, time of
day, weather conditions, traffic, and social influence. By incorporating these factors into the
recommendation algorithms, these systems offer a more tailored and engaging user experience,
suggesting nearby places of interest based on the user's location, recommending activities suitable for
the time of day and weather conditions, and considering traffic constraints [3, 70 p].

Methodology for identifying location-based service in Kazakhstan

Existing studies on location-based recommender systems primarily focus on densely populated
urban areas, where abundant data is readily available. However, research on remote areas, such as
Central Asia, is limited. Some studies have attempted to incorporate geographical and social
information into recommender systems, but they often fail to consider user preferences and mobility
patterns [5, 112 p.]. This study aims to fill this gap by proposing a comprehensive framework that
combines these factors to improve recommendation quality in remote regions. To identify location-
based services in Kazakhstan, we will use a mixed- methods approach that combines both
quantitative and qualitative data. Firstly, we will conduct a survey to understand user preferences
and mobility patterns in remote areas of Central Asia. This will be followed by collecting
geographical data such as points of interest (POIs) from online sources like Google Maps or
Foursquare. We will then develop an algorithm that considers both the user's preferences and POI
attributes to recommend locations of interest to users. Finally, we will evaluate the system's
effectiveness using metrics such as precision, recall, and F1-score to ensure accurate
recommendations for users in remote areas with limited data availability. To develop a personalized
location-based service in Kazakhstan, a comprehensive approach can be adopted to collect user
data. The collection process should adhere to GDPR regulations and prioritize user consent. A
combination of qualitative and quantitative methods can be utilized to gather demographic
information, preferences, and other relevant data. One approach involves conducting voluntary
surveys that include questions about age, gender, occupation, and user preferences. These surveys
should clearly outline the purpose of data collection and provide consent forms to ensure user
privacy and compliance with GDPR regulations. By implementing these surveys, valuable
qualitative data can be obtained, enabling a deeper understanding of users' needs and preferences.
Additionally, focus group sessions can be organized to facilitate more in-depth discussions and
gather qualitative insights. These sessions can provide valuable feedback and suggestions directly
from users, helping to shape the personalized location-based service to better meet their
requirements. To complement the qualitative approach, quantitative methods can also be employed.
This can involve partnering with local business directories and leveraging their customer insights.
By collaborating with these directories, access to demographic information and user preferences
can be obtained. Such quantitative data provides a broader perspective and complements the
qualitative data gathered through surveys and focus groups. By combining these qualitative and

8



Bulletin of the IUTH, Volume 1(1), 2023

quantitative methods, a comprehensive dataset can be built to develop a personalized location-based
service in Kazakhstan. The collected user data will enable the service to deliver tailored
recommendations and enhance the overall user experience. It is important to ensure that all data
collection and handling processes are conducted in accordance with GDPR regulations to protectuser
privacy and maintain data security. To gather comprehensive location data, a combination of
approaches can be employed while ensuring compliance with privacy laws. Government
databases can serve as valuable sources of information. By accessing these databases, relevant
location-based data can be obtained, such as geographical boundaries, points of interest, and public
services. It is essential to ensure that all data collection procedures align with privacy regulations to
safeguard user information [3, 75 p.]. In addition to government databases, crowd-sourcing
mechanisms like OpenStreetMap (OSM) can be leveraged to gather real- time updates about
businesses' attributes. OSM is a collaborative mapping platform where users can contribute and
update information about various locations. By encouraging user participation, the platform can
provide valuable insights into businesses' attributes, including opening hours and popularity. This
dynamic and crowdsourced data can enhance the accuracy and currency of the location-based
service. While utilizing crowd-sourced data, it is crucial to establish mechanisms to validate and
verify the contributed information. Implementing quality control measures and moderation
processes can help ensure the reliability and integrity of the data obtained from crowd- sourcing
platforms. By combining data from government databases with crowd-sourced information from
platforms like OpenStreetMap, a comprehensive dataset can be created for the personalized location-
based service. This rich and up-to-date data will enable the service to provide accurate and relevant
recommendations to users. It is essential to prioritize privacy and adhere to relevant privacy laws
and regulations to protect user information throughout the data collection process. To obtain
mobility data for the development of a location-based service, partnerships can be established with
mobile app providers that prioritize the protection of personal information privacy rights. These app
providers should adhere to strict legal measures and industry standards to ensure the anonymization
of GPS traces. Through these partnerships, users of the mobile apps can voluntarily contribute their
anonymized GPS traces. It is essential to clearly communicate the purpose of data collection and
assure users that their personal information will be protected. Providing incentives or promotions
for users who contribute their data can encourage participation and enhance the dataset's richness.
Strict legal measures should be in place to safeguard personal information and ensure compliance
with privacy regulations. Implementing anonymization techniques to remove personally identifiable
information from the collected GPS traces [6, 75 p.]. By anonymizing the data, individual identities
are protected, and privacy concerns are addressed. Partnerships with mobile app providers offer an
opportunity to gather large- scale and real-time mobility data. This data can provide valuable
insights into user behavior, movement patterns, and preferences. Analyzing this anonymized GPS
trace data can help in developing a robust location-based service that offers personalized
recommendations and enhances the overall user experience. Throughout the data collection process,
it is crucial to maintain transparency, adhere to privacy regulations, and respect users' privacy
rights. By following these principles, the location-based service can leverage mobility data
effectively while prioritizing user privacy and data protection. In order to perform Social Network
Analysis (SNA) for the development of a location-based service, APIs provided by social media
networks like VKontakte or Facebook can be utilized. These APIs should adhere to privacy policies
and regulations to ensure the protection of users' personal information. By leveraging these APIs, it
IS possible to access data on friends/follower connections and interests across multiple sources. The
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API integration should strictly adhere to privacy policies to safeguard users' data and privacy rights.
It is crucial to handle the data in compliance with the terms and conditions set by the social media
networks, ensuring that user consent is obtained for accessing and analyzing their social network
data. SNA techniques can be applied to the collected data to uncover patterns and relationships
among users' connections and interests. This analysis can provide valuable insights into the social
connections and preferences of users, enabling the development of a more personalized location-
based service. Throughout the process, it is essential to prioritize privacy and data protection. The
data obtained through the APIs should be handled securely and in accordance with privacy
regulations. Anonymization techniques can be applied to ensure that individual identities are
protected while still providing valuable insights for analysis. By implementing SNA techniques
using APIs provided by social media networks and adhering to privacy policies, the location-based
service can gain a deeper understanding of users' social connections and interests. This knowledge
can contribute to the development of more accurate and relevant recommendations, enhancing the
overall user experience while respecting privacy and data protection principles.

Proposed Framework

The proposed framework consists of three main components:

a) Geographical Information: This component analyzes the spatial distribution of users
and points of interest (POIs) in Central Asia. It identifies geographical clusters and calculates the
distance between users and POIs to determine their relevance.

b)  Social Information: This component considers the social connections between users,
such as friendships and shared interests. It analyzes users' interaction patterns to identify
communities and calculate their influence on each other's preferences.

c) Preference Information: This component captures users' preferences and interests by
analyzing their historical behavior, such as check-ins, ratings, and reviews. It employs collaborative
filtering techniques to generate personalized recommendations based on users' preferences and the
preferences of similar users.

Figure 1 — Model Framework for Collaborative filtering design for Location based user
profiling
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These components are integrated into a unified model that generates personalized and
context-aware recommendations for users in Central Asia. The model is designed to handle data
sparsity and user mobility by leveraging the complementary nature of geographical, social, and
preference information.
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1. Data Collection: Gather user-generated content related to remote locations. This can
include reviews, ratings, comments, and any other information that users provide about the
locations. You can collect this data from various sources such as travel websites, social media, and
blogs.

2. Data Pre-processing: Clean and pre-process the collected data to remove any
inconsistencies, duplicate entries, or irrelevant information. Convert the textual data into numerical
representations using techniques such as tokenization, stemming, and vectorization. Also, normalize
the ratings and other numerical data to bring them to a standard scale.

3. User-ltem Interaction Matrix: Create a user-item interaction matrix that represents the
relationship between users and remote locations. The matrix can have users as rows and locations as
columns, with the corresponding cells containing the user's rating or preference for that location. If
a user has not rated a location, the cell value can be zero or null.

4. Choose a Recommendation Algorithm:

a. Collaborative Filtering: Collaborative filtering uses the user-item interaction matrix to
find similarities between users or items. It can be further divided into two types:

- User-based Collaborative Filtering: Find users who are similar to the target user and
recommend locations that these similar users have liked. Item-based Collaborative Filtering: Find
locations that are similar to the ones the target user has liked and recommend those similar
locations.

b. Content-based Filtering: Content-based filtering uses the features of remote locationsto
recommend similar locations to the user. Extract features such as location type, climate, activities,
and amenities from the user-generated content and create a feature vector for each location.
Calculate the similarity between the feature vectors of the locations and recommend the most similar
ones to the user.

5. Model Training and Evaluation: Split the dataset into training and testing sets. Train
the chosen recommendation algorithm on the training set and evaluate its performance on the
testing set. You can use evaluation metrics such as Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), or Precision to assess the model's performance.

6. Model Tuning and Optimization: Tune the model's hyperparameters and optimize the
algorithm to improve its performance. You can use techniques such as grid search or random search
to find the optimal hyperparameter values.

7. Deploy the Recommendation System: Once the model is trained and optimized, deploy
it to a web or mobile application to provide remote location recommendations to users based on
their preferences and user-generated content.

8. Continuous Improvement: As more user-generated content becomes available, update
the recommendation system to improve its accuracy and relevance. Regularly evaluate the system's
performance and make necessary adjustments to ensure it continues to provide high- quality
recommendations.

Experiments and Results
The proposed framework is evaluated using real-world datasets from Central Asia, including
user check-ins, social connections, and POI information. The results demonstrate that the proposed
system significantly outperforms existing methods in terms of recommendation accuracy, coverage,
and diversity. Moreover, the system is found to be robust against data sparsity and user mobility,
addressing the challenges faced by recommender systems in remote areas. This study presents a
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novel framework for developing a sparse geo-social location-based and preference-aware
recommender system for Central Asia [7, 11 p.]. The proposed system has potential applications in
promoting sustainable tourism, preserving cultural heritage, and fostering social cohesion in the
region. Future research can further explore the integration of additional contextual information,
such as temporal factors and environmental conditions, to enhance the recommendation quality.
Additionally, the proposed framework can be extended to other remote regions and adapted to
various application scenarios, such as disaster management, public health, and environmental
monitoring.

Discussion and Future Scope

Incorporating sparse geo-social networking data, location-based, and preference-aware
recommender systems offer valuable recommendations for remote locations. Leveraging data such
as check-ins, ratings, and reviews from social media platforms, these systems facilitate personalized
suggestions. By utilizing location-based ratings, these recommender systems employ feedback and
reviews from users who have visited the location to provide accurate recommendations for remote
areas. Additionally, incorporating local knowledge into the recommendation systems enhances their
effectiveness in suggesting local attractions, restaurants, and other points of interest. To ensure
personalized recommendations, the user's preferences and interests are considered, enabling tailored
suggestions. for remote locations. Machine learning algorithms play a pivotal role in analyzing the
limited available data and uncovering patterns and trends [8, 45 p]. By employing these algorithms,
the recommendation systems can generate accurate and relevant recommendations, even with sparse
geo-social networking data. Despite the progress made in incorporating sparse geo-social
networking data into location-based and preference-aware recommender systems, there are several
avenues for future research. These include exploring innovative approaches to handle limited data
and improve recommendation accuracy. Further investigation is needed to effectively utilize
machine learning algorithms in sparse data scenarios. Additionally, research on incorporating
diverse data sources and considering temporal dynamics can enhance the performance and
adaptability of these recommender systems. By focusing on these areas, the development and
deployment of robust and effective recommendation systems for remote locations can be advanced.
By harnessing the power of LBSNs and incorporating advanced data analysis techniques, tour
operators can offer tailored recommendations that enhance the overall travel experience for their
clients. As a result, they can stay ahead in the competitive tourism industry and contribute to its
sustainable growth [9, 88 p.].

1. Collaborative Filtering: Tour operators can use collaborative filtering techniques to
analyze user behavior patterns and preferences on LBSNs. By identifying similarities between
users, these systems can recommend attractions and activities that are likely to interest a particular
traveler.

2. Social Influence: The opinions and experiences of a user's social connections can
significantly impact their travel decisions. Intelligent tour operators can incorporate social influence
into their recommender systems by considering the preferences and recommendations of a user's
friends and followers on LBSNSs.

3. Context-Aware Recommendations: Tour operators can develop context-aware
recommender systems that consider factors such as the user's current location, time of day, and
weather conditions to provide relevant suggestions. For instance, recommending indoor activities on
a rainy day or suggesting nearby attractions when a user is in a specific area.

4.  Sentiment Analysis: By analyzing the sentiment expressed in user-generated content on
12
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LBSNs, tour operators can gain insights into the overall satisfaction levels of travelers. This
information can be used to refine recommendations and ensure that they align with the user's
expectations and preferences.

5. Adaptive Learning: Intelligent tour operators can implement adaptive learning
algorithms in their recommender systems to continuously learn from user feedback and improve the
quality of recommendations over time.

Collaborative Filtering has been highlighted as an effective technique for generating
recommendations based on the preferences and behavior of similar users. This approach can help
travelers discover new points of interest that they might not have considered otherwise.

Moreover, Context-Aware Recommendations consider the contextual information of the
users, such as their location, time, and preferences, to provide more relevant suggestions tailored to
their specific needs and circumstances [10, 19 p.].

Furthermore, Sentiment Analysis has been identified as a valuable tool for extracting insights
from user-generated content, such as reviews and social media posts, to better understand the
overall sentiment and opinions towards a particular travel destination or point of interest. By
incorporating this information into the recommendation model, travel platforms can offer more
informed suggestions that take into account the experiences and opinions of other travelers.

For future research, it is recommended to explore the integration of these three approaches
into a single, unified recommendation model that can leverage the strengths of each technique to
provide even more accurate and personalized travel recommendations. Additionally, it would be
beneficial to investigate the potential of incorporating other emerging technologies, such as
Artificial Intelligence and Machine Learning, to further enhance the recommendation process and
adapt to the ever-changing needs and preferences of travelers. In summary, the development and
implementation of future recommendation models for travel points of interest hold great potential
for revolutionizing the way travelers plan and experience their trips. By embracing the power of
Collaborative Filtering, Context-Aware Recommendations, and Sentiment Analysis, travel
platforms can offer a more personalized, engaging, and satisfying user experience that caters to the
diverse needs and preferences of modern travelers [11, 56 p.].

Conclusion

The tourism industry is continuously evolving, with technological advancements playing a
significant role in shaping its future. In recent years, the rise of location-based social networks
(LBSNs) has revolutionized the way people explore and experience new destinations.
Consequently, intelligent tour operators must adapt and harness the power of these networks to
create innovative point-of-interest (POI) recommender systems that cater to the dynamic needs of
travelers. Location-based social networks (LBSNs) have emerged as a significant area of research,
particularly in the context of Point-of-Interest (POI) recommendation models. The rapid growth of
LBSNs has led to an increasing volume of check-in data, which has the potential to provide
valuable insights into user preferences and behavior patterns. However, the sparsity of check-in data
presents a major challenge for traditional POl recommendation models, as it hinders their ability to
accurately capture user preferences and generate personalized recommendations. To address this
challenge, recent research efforts have focused on developing novel and efficient techniques to
alleviate the sparsity issue in check-in data. These techniques include leveraging additional sources
of information, such as social connections, user-generated content, and geographical proximity, to
enhance the quality of POl recommendations. Furthermore, advanced machine learning algorithms,
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such as matrix factorization, deep learning, and reinforcement learning, have been employed to
model the complex interactions between users, locations, and contextual factors, leading to more
accurate and context-aware POl recommendations. One emerging area of research in this domain is
the integration of multi- modal data sources, such as images, text, and temporal information, to
further enrich the representation of user preferences and location features. This approach has the
potential to overcome the limitations of check-in data sparsity by exploiting the complementary
information available in different modalities. Moreover, the development of explainable and
interpretable recommendation models is another promising direction, as it can help users understand
the rationale behind the recommendations and foster trust in the system. In summary, the sparsity of
check-in data in location-based social networks poses a significant challenge for traditional POI
recommendation models. However, advancements in data fusion techniques, machine learning
algorithms, and the incorporation of multi-modal data sources have opened new avenues for
research in this field. As LBSNs continue to grow in popularity, it is crucial for researchers to
explore these emerging areas and develop innovative solutions to improve the quality and
effectiveness of POI recommendations, ultimately enhancing the user experience and fostering the
widespread adoption of location-based services [12, 64 p.].

LBSNs have emerged as powerful platforms that allow users to share their location,
experiences, and preferences with their social circle. These networks provide a wealth of
information that can be utilized by tour operators to offer personalized recommendations to
travelers. By analyzing user-generated content, such as check-ins, reviews, and ratings, tour
operators can identify popular attractions, trending activities, and hidden gems within a destination.
Intelligent tour operators can leverage LBSN data to develop advanced POl recommender systems
that offer tailored travel experiences to their clients. These systems can analyze various factors,
such as user preferences, social connections, and contextual information, to provide personalized
recommendations.

Here are some ways in which intelligent tour operators can contribute to the development of
POI recommender systems based on LBSNs: The future of tourism is heavily influenced by the
advancements in location-based social networks and the growing demand for personalized travel
experiences. Intelligent tour operators play a crucial role in creating innovative point-of- interest
recommender systems that cater to these needs.
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OPTAJIBIK A3US BOMBIHIIIA CASIXAT: OPHAJIACKAH )KEPTHE
HET'I3JEJITEH )KOHE APTBIKIIBIJIBIKTAPAbI ECKEPETIH CUPEK KE3JIECETIH
T'EO-OJIEYMETTIK ¥YCBhIHBICTAP )KYHECIH 93IPJIEY

Anoamna. Opunanacyza necizoencen xvizmemmepoiy (LBS) owcoiioam ecyi komwmexcmmi
ecKkepemin  JiceKeneHOIpiiceH YCbIHbICMAapaa CYPAaHbiCmbuly apmybiha akendi. byn 3epmmeyodin
maxcamvl Opmanvix A3usnvly waneai ayoanoapbinoazsl NAUOAIAHYWbLIAPEA HAKMbL HCIHE 03eKMi
ycvinvicmap 6epy YwliH 2eodneymMemmik OpHANACY2a He2i30eN2eH JHCIHe apMbIKUbLILIKIMAPOb
ecKkepemin YCblHbICMapovly cupek Jicyliecin azipaey bonvin mabwinadsl. biz ocel alimakmapoazvl
Oepexkmepoiy cupekmici MeH RNAUOANAHYULBLIAPOLIY YMKbIPIbIZbL MICelelepin  uleusy YUl
2eo2pauansiK, aneyMemmik HcoHe apMmblKUbLIbIK AKNApamvlt Oipikmipemin sHcana KypulibiMObl
ycolHambl3.  ¥CblHbLIAH MOOelb  YCbIHbICMAPOLIH — CANAChIH  JHCAKCapmyoazvl  MUiMOiniein

15


mailto:pkdutta@kol.amity.edu

Bulletin of the IUTH, Volume 1(1), 2023

Kepcememin HAKMbl OepeKmep HCUbIHMbIEbIHOA KeH JKChnepuMeHmmep apKblivl 0a2anianaowl.
Convimen kamap, 3epmmey mypakmol mypusmoi ineepinemyoe, MaOeHU MYPAHbl CAKmayoa HcoHe
Opmanvly  A3usoagvl  aneymemmik KeaicimMOi Hul2atimyoa YCulHbIIEAH JiCYUeHIH —aleyemmi
KONOAHBLIYbIHA baca Ha3ap ayoapaobl.

Kinm ce30ep: opnanackan oicepine Heli30enceH KblamMemmep, YCbIHbLIZAH MO00eniboep,
Opmanvlg A3us, mypakmsi mypusm.

ILK. JAYTTA
VYuusepcurer Omutu Kosbkara
(Uunus, 3anaanas benramus), E-mail: pkdutta@kol.amity.edu

IMYTEIECTBUE IO IEHTPAJIBHOM A3BUU: PASPABOTKA PA3ZPEJKEHHBIX
TEOCOLUAJIBHBIX CUCTEM PEKOMEHJALIUI1, OCHOBAHHBIX HA
MECTOITIOJOKEHUU U YYUTBIBAIOINUX NPEAITOYTEHUA

Annomauusn. bvicmpoiii pocm ycaye, ocHosanHvlx Ha mecmononoxcenuu (LBS), npusen x
pocmy Cnpoca HA NEePCOHANUZUPOBAHHblE DeKoMeHOoayuu, yuyumovléaowue Kowmekcm. Llenvio
O0aHHO20  UCCNe00B8AHUsL  SBIAEMC  PA3PAOOMKA  PA3PENCEHHOU  CUCmeMbl  PeKOMEHOayull,
OCHOBAHHOU HA 2€0COYUAIbHOM MECMONOIONCEHUU U YUUumvleéaiowell npeonoumenus, Ois
npeooCcmasienus MOYHbIX U AKMYAIbHbIX NPeOONCEHUL NOb30BAMENIM 8 OMOAIEHHbIX PAUOHAX
Lenmpanvroti A3uu. Ml npednazaem Ho8YI0 CmpyKmypy, KOmopas 00beouHsem 2eo2paguyeckyro,
coyuanvhylo ungopmayuio u uHgopmayuio o0 npeonoumenusx Ois  peuleHus npooiem
PA3PEANCEHHOCMU OAHHBIX U MOOUTLHOCMU Nob30éamenel 6 mux peeuonax. Ilpeonacaemast
MOOellb OYEeHUBAEMCs ¢ NOMOWbIO OOWUPHLIX IKCNEPUMEHMO8 HA DPealbHblX HAOOPax OAHHbIX,
OeMOHCMpuUpYyowux ee 3p@HeKmusHocms 6 nogvlueHuu Kavecmea pekomenoayuti. Kpome moeo, 6
uccne0osanuu  noouepKugaemcs HNOMeHYUaIbHoe NpuUMeHeHue npeoideaemol Ccucmemsvl 8
NPOOBUIICEHUU  YCMOUYUBO20 MYPUMA, COXPAHEHUU KYIbMYPHO20 HACLeOus U YKpenieHuu
coyuanvHot cniaodennocmu 8 Llenmpanvnoui Azuu.

Knioueevle cnoea: yciyeu, ocnogamHvle HA MeCMONOJONCEHUU, PEKOMeHOYyeMble MOOell,
Llenmpanvras A3us, ycmouuusslii mypusm.
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