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Abstract
As urbanization is expected to increase to 85% in the 2080s (Clark, 2020), the complexity of urban systems requires innovative approaches for service evaluation. One of such approaches, smart governance, is defined as participative and citizen-centered decision process (Granier and Kudo, 2016). Citizen centricity approach implies that public opinion is an essential part of evaluation of the city services. One of the key areas which requires citizens opinion is healthcare.  Traditional methods, like web polling used for medical service evaluation, have limitations, including subjectivity and reliability issues. Social media offers a new, cost-effective alternative for collecting public opinion data, providing real-time, comprehensive feedback. The large amount of data on social media can be automatically analyzed with the help of Natural Language Processing (NLP) tools. One of the commonly used type of NLP is Aspect-Based Sentiment Analysis (ABSA). This study utilizes the ABSA tool developed by Yandex.Maps geo-platform to analyze public opinion for healthcare service evaluation in St. Petersburg. We collect aspect-based sentiment scores for selected medical organizations, assign weights to the scores based on public priorities identified through a survey, and integrate the scores into a composite rating to compare it with the rating made by the St. Petersburg Healthcare Committee. The research aims to assess the accuracy, comprehensiveness, and potential benefits of using ABSA over traditional survey methods. Findings indicate that while social media-based ABSA can provide valuable insights, it complements rather than replaces surveys.

Keywords: healthcare, natural language processing, aspect-based sentiment analysis, public opinion, social media














Аннотация
Стремительная урбанизация, которая по прогнозам составит до 85% к 2080-м годам, требует новых подходов к оценке услуг в рамках сложных городских систем. Один из таких подходов, умное управление, определяется как ориентированный на участие и вовлечение граждан процесс принятия решений (Granier and Kudo, 2016). Такой подход предполагает что мнение граждан является важной составляющей  оценки городских сервисов. Одним из важнейших сфер нуждающихся в мнениях граждан является здравоохранение. Традиционные методы, такие как веб-опросы, используемые для оценки качества услуг медицинских организаций имеют ограничения, включая субъективность и проблему надежности. Социальные сети предлагают новую, экономически эффективную альтернативу для сбора данных общественного мнения, предоставляя оперативную и всестороннюю обратную связь. Большие объемы данных в социальных сетях могут быть проанализированы при помощи инструментов обработки естественного языка (NLP). Одним из распространённых видов NLP является аспектный анализ тональности (ABSA). Данное исследование использует готовое ABSA-решение разработанное гео-платформой Yandex.Maps для анализа общественного мнения о качестве медицинских услуг в г. Санкт-Петербург. Мы собрали оценки аспектов с Yandex.Maps для избранных медицинских организаций, присвоили им веса, выявленные через опрос граждан, и затем интегрировали оценки в рейтинг, который был сравнен с рейтингом Комитета по здравоохранению Санкт-Петербурга. Цель исследования — оценить точность, полноту и потенциальные преимущества использования инструментов ABSA по сравнению с традиционными методами опросов. Результаты показывают, что анализ тональности на основе социальных сетей может предоставить ценные инсайты, дополняя, а не заменяя существующие опросы.
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[bookmark: _heading=h.g045qorqx433]INTRODUCTION
A city consists of multiple systems (Akkaya, 2023, as cited in Berry et al., 1964) with their natural environments, transportation networks, functional areas: such as housing, education, and health, and their residents. Urbanization is expected to increase to 85% in the 2080s, while only 45% of the world’s population lived in cities in the 1980s (Clark, 2020). Therefore, many planning studies focus heavily on cities and their residents to make cities more liveable, comfortable, productive, and innovative with different concepts, theories, and models. Various concepts such as smart cities, data-driven cities, and digital cities have been developed recently in parallel to technological advancements. The smart city concept is explained mainly concerning the integration of information and communication technology (ICT) and traditional infrastructure to create cities that are more coordinated, well-performing, and have a high quality of life (Silva, 2018). However, a smart city should be more than a technology layer. A city can only be described as a smart city when it understands cities and citizens, generates agile, long-term or strategic solutions to their problems, discovers potential, meet expectations, and addresses needs. Smart governance is one of the smart city components. Granier and Kudo (2016) define smart governance as a citizen-centered, participative, and practical decision-making process where knowledge and power are transferred to the public.
One of the key areas of urban life is healthcare. Healthcare plays a crucial role in public activities by providing essential services that ensure the well-being and health of the population. Access to quality healthcare is fundamental for maintaining public health, preventing diseases, and managing chronic conditions, which in turn supports economic stability and community resilience (World Health Organization, 2022). Strengthening efficiency in health service delivery for improving the population health and increasing life expectancy is one of the key tasks of the socioeconomic development strategy of St. Petersburg (Social and economic development strategy of St. Petersburg until 2035, approved in 2018). 
People are key stakeholders in healthcare systems (Bruni, 2008). Therefore, their feedback is invaluable for the continuous improvement of healthcare services. According to Simone M. Schneider, 2020, the general public’s healthcare ratings provide a broad and composite assessment of a healthcare system (as cited in Hudak & Wright et al., 2000) and express the public’s support for it. Scholars say these ratings help to assess the ‘subjective’ performance of healthcare systems (as cited in Busse et al., 2013; Busse et al., 2012), and they can drive policy change (as cited in Kohl & Wendt et al., 2004). In some countries, patient satisfaction is one of the determinants of the funding that medical organizations receive (CMS, 2023). 
One of the most popular ways to gather the public opinion are surveys and polls. In recent years, web poling has emerged. It presents a faster and cheaper alternative to traditional paper-based polls (Xuefan, 2021, as cited in Shaeer et al., 2016). In St. Petersburg, web polling is used by the public medical organizations in order to conduct an independent evaluation of their services. The results of the polls are evaluated and then published each year on the official St. Petersburg Healthcare Committee website in a form of rating. However, polling has certain disadvantages, like subjectivity in sample selection, reliability, and accuracy problems (McGregor, 2019). 
Social media is a new alternative way to conduct comprehensive analysis of the citizens’ opinions. It is a source of huge amount of opinion data, which is freely available and shows more comprehensive picture with higher cost efficiency. In past decades, social media-based public opinion (SMPO) analysis has been conducted in various fields, showing high interest and considerable effectiveness (Xuefan, 2021). Using social media as a data source for public opinion collection can subvert some underlying methodological limitations of traditional surveys (Murphy, 2014, Adams-Cohen, 2020). As the content produced by Internet users helps organizations to get valuable data to assess the users’ thoughts and opinions on a specific topic (Janjua, 2021), it can be utilized by public entities to assess the citizens’ opinions about various services quality, particularly in such an important sector as healthcare.
The most common form of data shared on social media is textual data, and it can be analyzed in many different ways. There is a growing set of text classifiers that are built by natural-language-processing (NLP) specialists and linguists to uncover relevant underlying textual patterns (Murphy, 2014). One of the most commonly used applications of NLP is sentiment analysis. It can, as the name implies, examine the emotional tone conveyed by the author in a piece of text. Businesses use sentiment analysis tools to assess the sentiment value of their brands, goods, or services. Customers' emotions/sentiments can be analyzed and evaluated using sentiment analysis software (Dey, 2011).
 Aspect-based Sentiment Analysis (ABSA) is a fine-grained type of sentiment analysis that identifies aspects and their associated opinions from a given text. With the surge of digital opinionated text data, ABSA gained increasing popularity for its ability to mine more detailed and targeted insights (Hua, 2023). This technique divides the text data and defines its sentiment based on its aspects. It analyzes consumer feedback data by correlating emotions to different aspects of a product or service  (Dey, 2011). There is abundance of ABSA tools overseas, but quite modest amount in Russia, which can be due to the smaller amount of research made on sentiment analysis in Russian texts. According to Google Scholar data for 2019, approximately 28,000 papers were published on sentiment analysis of Russian-language texts, compared to around 43,000 publications for English-language texts. Additionally, sentiment analysis in Russian shows relatively low accuracy compared to English, which is attributed to the complex structure of the Russian language (Dvoynikova, 2020).
Still, there are ABSA solutions emerging on the Russian market. One of the examples of existing ABSA tools in a public sector is a customized solution of the Russian Smart City project under the national Digital Economy Program (Smart City, 2023). Some prime examples in a private sector include Brand Analytics and Yandex.Maps. Both provide evaluation by customizable aspects (like cleanliness, waiting time, etc.), which depend on the industry. Yandex.Maps offers free evaluation by a number of aspects, publicly accessible. For the purposes of our study, we chose Yandex, as it is free of charge, and can be easily accessible by the researchers, the service providers, and the public.
This study collected the scores of four aspects’ from Yandex.Maps for 10 medical organizations, randomly taken from the ranking of medical organizations published on the St. Petersburg Healthcare committee website in 2022. These scores were assigned the coefficients in accordance with the conducted survey and integrated into a single rating of medical organizations, which was compared to the rating provided by the St. Petersburg Healthcare Committee. 

[bookmark: _heading=h.3r5ey76n5pri]Research problem
The public healthcare, being one of the most important sectors, requires constant evaluation to spot the existing problems to improve the service. Web polls used by public medical organizations have certain limitations such as subjectivity, reliability, and accuracy issues. This study seeks to explore the potential of NLP tools, specifically ABSA tools, for analyzing the public opinion shared on the social media, to overcome these limitations and provide a more detailed and accurate assessment of healthcare service quality.

[bookmark: _heading=h.ti0vjj5crerx]Research gap
While online content is already in use in the public healthcare sector as a source of data for public opinion, there is a lack of comprehensive research on whether and how ABSA tools can be utilized. There is a gap in understanding how this data can be harnessed to evaluate healthcare services and whether it can aid the existing traditional methods. 

[bookmark: _heading=h.jjqottvbna57]Research question
Can an aspect-based sentiment analysis (ABSA) tool provide insights that align with, complement, or potentially improve upon traditional methods of healthcare service evaluation conducted by the city healthcare committee in St. Petersburg?

[bookmark: _heading=h.hh89td5qui6]Research aim and objectives
The aim of this study is to utilize NLP tool for analyzing social media data to enhance decision-making in the healthcare sector in St. Petersburg. Specifically, the study aims to compare the effectiveness of ABSA with the web polling conducted by the St. Petersburg Healthcare Committee in evaluating public opinion on healthcare services.
To achieve the aim, the following objectives will be pursued:
- conduct a comprehensive literature review to identify use cases of analyzing public opinion on social media with Natural Language Processing (NLP) techniques and tools for decision-making;
- examine the quality of the existing method of healthcare service evaluation used by the healthcare committee in St. Petersburg;
- gather aspect-based sentiment scores from Yandex.Maps for selected medical organizations to identify key themes and areas of concern or satisfaction among the public;
- integrate ABSA scores into a composite rating and compare this rating with that from the St. Petersburg Healthcare Committee;
- evaluate the accuracy, comprehensiveness, and potential benefits of using ABSA over traditional survey methods for public opinion analysis in healthcare.







1. [bookmark: _heading=h.v486b6ylcnbr]LITERATURE REVIEW
The main purpose of this section is to identify areas of prior scholarship to prevent duplication of effort in the future research, reveal the gaps that exist in the literature, and illustrate the capabilities and high potential of social media analysis with NLP techniques. The main criteria for analyzing and comparing literature: 
- most recent studies relevant to smart cities and social media data usage;
- a balanced coverage of available literature;
- adequate number of citations with respect to the date of publication.

[bookmark: _heading=h.64b2beg2sm48]1.1 Defining social media
Social media have been broadly defined to refer to the many relatively inexpensive and widely accessible electronic tools that enable anyone to publish and access information, collaborate on a common effort, or build relationships (Murthy, 2013, as cited in Jue et al., 2010). According to Kaplan & Haenlein (2010), social media is a group of Internet-based applications that build on the ideological and technological foundations of Web 2.0, and that allow the creation and exchange of user generated content. There are two key concepts in this definition which can be seen as characteristics of social media:
1) Web 2.0 represents a platform where content and applications are continuously modified by all users in a participatory and collaborative fashion. 
2) User generated content (UGC) can be seen as the sum of all ways in which people make use of social media (Kaplan & Haenlein, 2010). UGC needs to fulfill three basic requirements (OECD, 2007): 
· it needs to be published either on a publicly accessible website or on a social networking site accessible to a selected group of people;
· it needs to show certain amount of creative effort;
· it needs to have been created outside professional routines and practices. 
These conditions  exclude content exchanged in e-mails or instant messages; replications of already existing content; and all content that has been created with a commercial market context in mind (Kaplan & Haenlein, 2010).  
There is one more characteristic identified by scholars (Obar, 2015):
3) User profiles created for a platform or application designed by a social media service. These profiles typically contain personal information, user-generated content, and social connections, enhancing the interactivity and personalization of the platform. It is worth noting that such data contained in user profiles is sensitive and subject to privacy laws and regulations, which govern how this information can be collected, stored, and used legally (Federal Law of the Russian Federation No. 152-FZ on Personal Data, 2006).
Review platforms are also considered social media because they allow users to create accounts, share their experiences, and interact with other users' content. These platforms include sites like Yelp, Google Maps, TripAdvisor, and Yandex.Maps, etc. In healthcare, popular industry-specific review platforms include Prodoctorov,  Napopravky, Sberhealth, MEDSIDE, Doctu (Markway, 2023).
For the purpose of this study, we chose the geo-service platform which and review platform Yandex.Maps, where users can leave reviews and ratings for various locations and services. This platform allows users to create profiles, share their experiences, and access information about different places. Yandex.Maps is particularly beneficial for research on public opinion for several reasons:
1) Unlike social media platforms like VKontakte, which host a wide range of content types and topics, Yandex.Maps is specifically designed for reviews and location-based information, making the data more structured, relevant and easier to analyze for specific purposes.
2) There are about 40% more reviews for ten randomly chosen medical organizations on Yandex.Maps than on one of the most popular platforms for healthcare review platforms, Prodoctorov, which leaves us with more data for analysis.
3) According to application stores statistics, Yandex.Maps has significantly more uploads than healthcare industry-specific applications. The statistics for Yandex.Maps and industry-specific applications uploads is as follows:
· Yandex.Maps > 100 million on Google Play, > 600 thousand on RuStore;
· Napopravky > 500 thousand on Google Play, > 3 thousand on RuStore;
· Sberhealth > 20 thousand on Rustore.
Other industry-specific review platforms, such as Napopravku, MEDSIDE, and Doctu do not even provide mobile application, which means that they do not reach a huge portion of the potential audience. Mobile devices are used to access the Internet by 92% global (Digital 2023: Global Overview Report) and 91% Russian users (MinTsifry Rossii The Internet in Russia in 2022-2023). Obviously, mobile applications provide more opportunities for user engagement and allow collecting reviews more easily and in larger amounts.

[bookmark: _heading=h.kmvboxdhal4]1.2 Social media as a source of public opinion on healthcare services
The citizen participation is viewed as an essential part of public management and state development. In Russia, engaging citizens in public management is defined as a priority area for enhancing the quality of state governance (Priority activities of the Government of the Russian Federation for the period through to 2024, approved September 29, 2018).
One of the key domains which needs the public feedback is healthcare. Healthcare is defined as a set of organizational measures and processes aimed at maintaining the living standards and health of the population, enabling it to meet its own needs, as well as to foster the socio-economic development of society. For this reason, healthcare is considered one of the key sectors of societal activity, without which the development of civilization would not be possible (Yablonsky, 2019).
Bruni (2008) names 4 reasons why the public engagement is important in health care:
1) First, because the public funds and uses the health care system, citizens are the most important stakeholders of the health care system. Thus, legitimacy and fairness demand that they be at the priority-setting table. 
2) Second, greater involvement of the public in policymaking is in keeping with the principles of democracy. 
3) Third, empowering people to provide input in decisions that affect their lives encourages support for those decisions, which in turn improves the public's trust and confidence in the health care system. 
4) Fourth, public involvement provides a crucial perspective about the values and priorities of the community, which should lead to higher quality, or at least greater acceptance of, priority-setting decisions.
Patient experience is an essential indicator of quality of health care, and may inform health personnel and policymakers about the strengths and weaknesses of health care delivery, and identify areas for improvement (Doyle, 2013). In some countries, patient experience and satisfaction is one of the determinants of the amount of funding a hospital receives from the state entity. For instance, The Centers for Medicare & Medicaid Services (CMS) in the United States uses patient satisfaction as a key metric in its Hospital Value-Based Purchasing (VBP) program. Hospitals are rewarded or penalized based on their performance on a variety of measures, including patient satisfaction scores from the Hospital Consumer Assessment of Healthcare Providers and Systems (HCAHPS) survey (CMS, 2023). In Russia, there was a suggestion in 2021 by The Federal Fund of Compulsory Health Insurance to include patient satisfaction in a list of criteria of the amount of funding distributed among the medical organizations (TASS, 2021). This initiative has not been put into practice yet. However,  the evaluation of the medical services could help to decrease inefficient spending among the public hospitals.
Surveys have long been the most predictive and accurate tools for collecting and measuring opinion. In recent years, the digital transformation has significantly impacted the way citizens interact with state bodies and institutions. This shift has reinforced the transition to digital technologies in interactions between citizens (or business) and state bodies and institutions (Roslyakova, 2023). Traditional paper-based surveys have now evolved into web surveys and web polling, which allow for a broader reach and quicker turnaround times, providing real-time data collection and analysis capabilities (Evans & Mathur, 2005). 
In St. Petersburg, web polling is used by public medical organizations to conduct independent evaluations of their services. The results of these polls are evaluated and then published annually on the official St. Petersburg Healthcare Committee website in the form of ratings. However, polling has certain disadvantages, such as subjectivity in sample selection, reliability, and accuracy problems (McGregor, 2019), which is confirmed by our study. There’s also a possibility of so-called “volunteer” samples (Evans & Mathur, 2005). With “volunteer” samples, people visit websites and proactively sign up to participate in surveys. One of the main issues of “volunteer” sampling is self-selection bias. Participants who volunteer for studies often have specific characteristics or motivations that distinguish them from the general population. For instance, they might be more interested in the research topic, have more free time, or have stronger opinions. Because participants are not randomly selected, the sample may not accurately represent the broader population, leading to skewed results.
As social media users represent more than half of the world’s population (Digital 2023: Global Overview Report) and more than 97% of the Russia’s population (MinTsifry Rossii The Internet in Russia in 2022-2023), it is not surprising that social media’s role in public opinion research is evolving. Social media platforms offer an alternative method to traditional web polling, providing real-time reactions to different socio-economic events. They can cover opinion change more rapidly, thus reacting faster to events, which is almost impossible for surveys. While surveys measures of public opinion are constrained by the scope of the questionnaires and provide little room for spontaneous expressions of opinion, social media expands the societal and collective components of opinions (Reveilhac, 2022). These platforms provide a wealth of user-generated content that can be analyzed to gauge public sentiment and opinions on healthcare services. By utilizing social media, public entities can collect continuous and real-time feedback, which is crucial for timely and effective decision-making.
Furthermore, social media, as a subtype of big data (Couper, 2013), can effectively address the challenges faced by the state management, specified in the Strategy for digital transformation of sectors of the economy, the social sphere, and public administration in Saint Petersburg:
- increasing the efficiency of the state management system through the use of digital technologies for decision-making and interaction between government bodies and citizens, and ensuring the growth of the “digital maturity” level of the industry, including to reduce decision-making times;
- use of “big data” technology in the activities of government bodies, building on their basis the information architecture of state information systems for management decisions. (Saint Petersburg's Strategy for Digital Transformation of the economy, social sphere, and public administration, section 4.5. State Management).

[bookmark: _heading=h.mor02g7i6rsm]1.3 Social media analysis with NLP in public domain
The Internet is rich with information and can represent an efficacious instrument to inform decision-making (Hodorog, 2022). With the available data processing tools, this rich information can be structured to provide decision-makers with the critical information. In order to gain insights into preferences expressed through reviews, the large volume of digital text necessitates automated solutions for identifying, extracting, and classifying subjects and their associated opinions. Natural Language Processing (NLP) is used to automate the identification, extraction, and classification of subjects and their associated opinions from the raw text, handling the large volume of digital content efficiently.
There are many examples of how NLP is being used in various fields in the public domain. All the findings can contribute to the better management of smart cities in various areas. The papers under review cover the following domains:
- crime detection and crime evidence;
- disease outbreak prediction;
- event prediction;
- traffic conditions;
- public health trends and behaviors;
- dissemination of health information;
- online radicalization detection.
Whilst not all of them are directly associated with the field of healthcare, they give us a picture of how NLP can be used to analyze public opinion from social media. NLP helps to deliver meaningful insights from social media with high accuracy and enable predictive analysis for events like disease outbreaks, despite facing challenges with misinformation, content biases, and the dynamic nature of social media (see Appendix A for the main problems and findings). Researches take into account the citizens’ role in smart cities, by studying their sentiments (Abir, 2021), or taking into account their possible reaction to the news (Clément, 2021). 
Having provided a general overview of studies describing the application of social media data (SMD) across various areas of public life, we now turn our attention specifically to those studies with a concentration on healthcare. The examined studies include the following fields:
- pharmacovigilance;
- mental health;
- ophthalmology;
- immunization;
- ethics in health-related research.
The main problems and finding can be found in the Table 1.
Table 1
Problems and findings in papers dedicated to analyzing social media with NLP in healthcare sector
	Author(s)
	Problem/Research question(s)
	Findings/Results

	Golder, S., Chiuve, S., Weissenbacher, D., Klein, A., O’Connor, K., Bland, M., Malin, M., Bhattacharya, M., Scarazzini, L. J., & Gonzalez-Hernandez, G. 
	Assess the feasibility of using social media data (SMD) as an alternative source for pregnancy surveillance for regulatory decision-making.
	SMD provided information on medication intake and birth defects. However, the information obtained cannot replace pregnancy registries.

	Coppersmith, G., Leary, R., Crutchley, P., Fine, A.
	Detect quantifiable signals around suicide attempts, and describe designs for an automated system for estimating suicide risk. 
	The creation of an automated model for analysis and estimation of suicide risk from social media data.

	Cook, N., Mullins, A., Gautam, R., Medi, S., Prince, C., Tyagi, N., Kommineni, J. 
	Reporting the results of using SML (social media listening) to understand patients’ experiences of living with dry eye disease (DED).
	SML approach contributed effectively in generating insights of patients with DED.


	Li, L., Zhou, J., Ma, Z., Bensi, MT, Hall, MA, Baecher, GB.
	Explore the utility of social media data to render quick indication of COVID-19 vaccine acceptance. 
	The national VAI (vaccine acceptance index)  was easily calculated from the number of positive and negative posts. It can be tracked over time to assess changes.

	Ford, E., Shepherd, S., Jones, K., Hassan, L.
	Bring together a comprehensive body of opinion, views, and recommendations to understand relevant ethical issues related to social media data mining.
	Authors recommend improving ethical standards in health-related research by increasing transparency of the purpose of research, data access, and analysis methods.



From the Table 1, we can see the high potential of using SMD in the healthcare sector. However, there are also important considerations to keep in mind while utilizing SMD. first, the studies highlight the need for greater ethical standards when conducting social media data mining research (Ford, 2021). Second, SMD can not always fully replace the existing sources of information, such as medical registries, but rather complement them (Golder, 2019). While data gathered from social media is beneficial, it does not replace conventional methods due to its incomplete nature. Therefore, very often NLP analysis of public opinion on social media does not aim to replace opinion surveys, but aim to provide a broader context for interpreting opinion, which will then serve to improve the quality of survey questions (Reveilhac, 2022). 

[bookmark: _heading=h.hy7wwrcrryaw]1.4 Aspect-based sentiment analysis as a type of NLP
One of the most actively developing types of NLP is sentiment analysis (SA). Its goal is to identify sentiment components within a text (Semina, 2020). A sentiment is basically an opinion that a person expresses towards an aspect, entity, person, event, feature, object, or a certain target (Pang & Lee, 2008). Sentiment analysis enables the examination of the subjective specifics of large volumes of text in a very short time. This capability is applied in many areas of science and industry. This technology is already used for monitoring public opinion, supporting marketing efforts, analyzing news streams, and various types of forecasting (Barkovich, 2023). Influential groups and business organizations, like, Google, Microsoft, SAP and SAS, have designed their own in-house capabilities that support them in decision-making and assist them in developing better business applications to track and predict evolving market trends (Nazir, 2022).
The applications created to analyze social networks have evolved to the point where today they enable companies to carry out two key functions: to obtain information of great interest about their market and customers and to communicate commercial and marketing information, effectively. From this perspective, there are many commercial tools available today, either for purchase or free, that allow companies to approach this new form of bidirectional communication by making intensive use of social networks. Depending on the target market, very large companies have traditionally opted for customized developments and powerful tools that are often provided in conjunction with consulting services. According to the Gartner Group, the main players in this field are IBM, SAS, Microsoft, and SAP Gartner Group Inc, 2021, Blanco, 2021 (Rodríguez-Ibánez 2023). 
Sentiment analysis can be done at various levels: document, sentence, aspects, entities, and events. The document level involves analyzing the entire text, identifying one subject (usually the author), one object, and one overall sentiment. This level is suitable for relatively short texts like tweets or texts with strong sentiment, such as reviews. There are numerous systems operating at this level, employing different approaches. Sentence-level analysis involves dividing the source text into sentences and analyzing each one separately (Semina, 2020).
Aspect-level analysis (ABSA) provides more detailed information about user attitudes not towards the object as a whole, but towards its “aspects” — individual components of the object that can have their own sentiment. For example, in a sentence “Doctors are really professional, but the waiting time in the hospital is too long”, the key aspects to extract are “doctors” and “waiting time”, classified with a positive and negative sentiment, respectively. 
ABSA helps to understand the problem of SA better comparatively, because it directly focuses on sentiments rather than language structure (Nazir, 2022). Identifying sentiment towards aspects rather than the object as a whole is a crucial task in data mining because a text may express positive sentiment towards one aspect but negative sentiment towards another, which is important for some tasks. This level of analysis is complicated by the need to create a list of aspects and then match the identified sentiment with the highlighted aspects. Often, experts manually compile the list, and for subsequent analysis, each aspect may be associated with a list of terms that represent the aspect in the text (Semina, 2020).
One of the most frequently used NLP models currently available is BERT (Bidirectional Encoder Representations from Transformers). BERT-based deep neural language models are widely used for ABSA (Marcacini, 2021, as cited in Song et al., 2019; Zeng et al., 2019; Rietzler et al., 2020; Karimi et al., 2020b;a). It is able to enhance context understanding and offers a pre-trained language model that is quick and simple to modify for a range of downstream uses. There are also pre-trained models accessible in various languages. As a result, BERT has emerged as a game-changer in sentiment analysis, addressing the gaps left by conventional methods and altering the way businesses harness the power of customer sentiment for strategic decision-making and product enhancement (Sayeed, 2023). 

[bookmark: _heading=h.jtoqgnfybg1d]1.5 Aspect-based sentiment analysis tools
Aspect-based sentiment analysis (ABSA) tools have gained significant traction due to their ability to provide detailed insights by analyzing specific aspects of a subject rather than overall sentiment. This chapter explores some of the prominent ABSA tools available, including those specifically used in healthcare. First, we will look at the list of solutions used in various fields:
1) Yandex.Maps is a widely-used GPS and navigation platform in Russia that allows users to leave reviews and ratings for various locations and services. This tool provides aspect-based reviews, which are highly useful for extracting detailed public opinions on specific attributes such as cleanliness, service quality, waiting times, etc. Yandex.Maps uses BERT language model mentioned in the section 1.4, which allows for better search of keywords related to the aspect.

Figure 1
Demonstration of Yandex.Maps ABSA (Yandex.Maps, 2024)
[image: ]
Note. Aspects are evaluated separately from the overall rating and are not integrated into the star rating. Thus, key issues with the service can be easily identified even if the overall rating is satisfactory. Overall positivity/negativity score of the aspect is the average sentiment of all the keywords and phrases related to the aspect. 

2) Brand Analytics is a robust ABSA tool that offers comprehensive solutions for monitoring and analyzing brand sentiment across various digital platforms. The tool provides insights into different aspects of brand perception, helping companies to understand consumer feedback in detail and to make informed decisions based on this analysis.

Figure 2
Demonstration of Brand Analytics ABSA (Brand Analytics, 2023)
[image: ]
Note. The user comment on the picture: “The dress that I ordered on Super-Beauty was delivered really quickly. This dress is sophisticated and of high quality. However, the collection is not full, there is a small selection of clothing”. The aspects below the comment, from left to right: “quality”, “delivery”, “assortment”.

3) MonkeyLearn describes itself as a machine learning platform for text analysis. It allows users to extract data from raw text. For example, users can detect topic or sentiment expressed in texts like tweets, chats, reviews, articles, and more (MonkeyLearn, n.d.).

Figure 3
MonkeyLearn sentiment insights visualization (MonkeyLearn, 2024)
[image: ]

4) Prodoctorov is a specialized tool with ABSA functionality used specifically in the healthcare sector. This platform allows patients to leave detailed reviews and ratings for medical professionals and healthcare facilities. By automatically analyzing these reviews, Prodoctorov provides insights into various aspects of healthcare services, such as doctor-patient communication, treatment effectiveness, and facility conditions.

Figure 4
Prodoctorov sentiment insights visualization for a hospital (Prodoctorov,2024)
[image: ]
Note. Unlike Yandex.Maps, Prodoctorov integrates aspects evaluation into the overall star rating. On the screenshot, the overall star rating consists of two aspects: “clinics” and “doctors”. Each aspect in their turn consists of a number of other aspects, enumerated below. For “clinics”, the following aspects are taken into account: “popularity”, “building and interior”, “equipment and medicine”, “staff attitude”, “comfort”, “waiting time”. For “doctors”, the following aspects are taken into account: “physical examination”, treatment efficiency”, “attitude towards the patient”, “information sharing”, “likeliness to recommend the doctor”.












2. [bookmark: _heading=h.o5jtb1jrx2wz]RESEARCH METHODOLOGY AND RESEARCH APPROACH

The research approach for our study combines qualitative and quantitative data collection and analysis. The key steps of our research include:
1. Describe the existing method of the evaluation of medical organizations (MO), as well as the rating based on this evaluation conducted by the St. Petersburg Healthcare Committee (the Committee), and identify the drawbacks of the rating.
2. Calculate the rating based on the chosen NLP-tool:
- collect scores for different aspects from the chosen NLP-tool;
- conduct a survey to find out public priorities;
- apply linear scoring by assigning weights to different aspects based on the public priorities;
3. Compare the rating based on the NLP-tool to the healthcare committee’s rating.
4. Propose recommendations for healthcare policymakers and administrators on integrating NLP-tools into their evaluation and decision-making processes.
The object of our research is the rating of MO based on the independent evaluation carried out by the St. Petersburg Healthcare Committee.
The subject of our research is an application of NLP-tool (specifically, ABSA) for public opinion analysis on social media.
We used the following research methods in our work:
- analysis of primary data sources (NLP-tool and the Committee’s rating);
- public survey on the priorities while receiving medical care services;
- interviews with the top-managers of the hospitals where the independent evaluation was carried out.

[bookmark: _heading=h.x1b1b3rhfimn]2.1 Description of the independent medical organizations evaluation
In St. Petersburg, the independent evaluation of the quality of services provided by MO is carried out in accordance with Federal Law No. 323-FZ “About principles of citizen's health care in Russian Federation”, dated November 21, 2011. This evaluation is a form of a public control and is carried out with the purpose to provide citizens with the information about the quality of services provided by MO, as well as to improve the quality of the MO operations.  
The evaluation includes assessing the conditions of service provision based on general criteria such as:
- the openness and accessibility of information about the MO;
- the comfort of the conditions under which medical services are provided, including waiting time;
- the accessibility of the services for the disabled; 
- the friendliness, politeness, and competence of the MO staff;
- and patient satisfaction with the services received. 
Each of the criteria consists of three indicators with the assigned weights. Two out of three indicators for the criteria “the openness and accessibility of information about the medical organization” are evaluated by the Public Council, while one criteria is evaluated automatically according to the public answers. The rest of the criteria are evaluated based on the public answers, except for “the accessibility of the services for the disabled” — if no answers are collected for certain questions, the Public Council should assess the conditions provided for the disabled in a hospital. Table 2 presents the rating for a sample of 10 MO.

Table 2
The rating of medical organizations published by the St. Petersburg Healthcare Committee
Medical organization	Total	No.
of questionnaires	Criteria
			Information openness
and accessibility	Comfort,
incl. waiting time	Accessibility for
the disabled	Staff friendliness, politeness,
and competence	Satisfaction with
services
Neuropsychiatric Dispensary № 4	100	1580	100	100	100	100	100
Dermatovenerologic dispensary № 5	100	1315	100	100	100	100	100
Dermatovenerologic dispensary № 7	100	764	100	100	100	100	100
Nevsky dermatovenerologic dispensary	100	1170	100	100	100	100	100
Tuberculosis dispensary № 11	100	713	100	100	100	100	100
Tuberculosis dispensary № 12	100	1030	100	100	100	100	100
Tuberculosis dispensary № 16	100	806	100	100	100	100	100
Tuberculosis dispensary № 4	100	601	100	100	100	100	100
Tuberculosis dispensary № 8	100	1082	100	100	100	100	100
Neuropsychiatric Dispensary № 6	100	613	100	100	100	100	100


The list of medical organizations participating in the independent evaluation are determined by the Public Council, which should not include the representatives from medical organizations, but is able to consult them in the process of conducting evaluation (Federal Law No. 323-FZ, 2011).
 Patients can evaluate a preferred medical organization from the list through the web poll, which is placed in the form of a banner on the Committee’s website as well as on each evaluated organization’s website. The results are published annually on the official website of the St. Petersburg Health Committee in a form of rating.

2.2 Identified drawbacks of the rating based on the independent evaluation

We studied the existing ratings for the years 2020, 2021 and 2020, and also carried out interviews with the top-managers of medical organizations which participated in the evaluation, and found out several drawbacks:
1. Each year, different organizations are evaluated, thus leaving no opportunity of assessing long-term trends and dynamics within specific organizations. Figure 4 contains ratings for years 2021, 2022, and 2020. Highlighted with red color are hospitals, which were evaluated only in one of the three years. Highlighted with yellow color are hospitals, which were evaluated in two years, however, not consecutive ones (see Appendix B for the whole table).
Unfortunately, this limitation is partially caused by the regulations of the Federal Law No. 323-FZ, according to which “the independent evaluation of the services provided by medical organizations should be conducted not more than once a year, but not less than once in three years for each organization”. It provides a loophole for the local authorities to arrange evaluation of different medical organizations each year.  The absence of panel data makes it impossible to track the progress of medical organizations over time. As a result, it is more challenging to implement long-term strategies for quality enhancement.


Figure 5
Medical organizations from the ratings for years 2021, 2022, and 2020
[image: ]

2. After finishing the poll, we attempted to answer the questions the second time from the same device. The attempt was successful. Apparently, the web poll has no IP address identification, which leaves space for dishonest behavior, such as multiple survey-taking by one individual. From the interviews with the hospitals’ top-mangers we learned that indeed, in some medical organizations the staff made several attempts with the poll, because they did not have a required number of answers from patients by the time the results should have been submitted to the Committee. 
3. According to the hospitals’ top-mangers, sometimes the staff intentionally asked to answer the poll’s question the patients which satisfied with the services. This practice skews the results towards positive feedback, which leads to an inaccurate representation of the service quality.
4. The exact period of time during which the results of the poll are collected each year is not clear. The managers of the hospitals we interviewed are not aware of the exact dates either. The lack of transparency in the evaluation process raises a question of the credibility and reliability of the results​​.

2.3 Calculation of the rating based on the NLP-tool

For the purposes of this study, we chose geo-platform Yandex.Maps with an integrated NLP-tool, specifically ABSA-tool. Our choice is motivated by the platform’s popularity, accessibility, and availability of automated aspect-based analysis (also, we outlined the benefits of Yandex.Maps in the section 1.1). 
On Yandex.Maps we collected aspect scores for 34 medical organizations with the score 99,2 and higher according to the Committee’s rating in 2022. A sample is presented in the Table 3 (for the whole table see Appendix C).

Table 3
A sample of data gathered from Yandex.Maps
Medical organization	Aspects
	Attitude	Staff	Specialists	Waiting
time	Health
certificates	Treamtment
quality	Cleanliness
Neuropsychiatric Dispensary № 4	57%	59%	59%	69%	71%	58%	100%
Dermatovenerologic dispensary № 5	67%	70%	80%		-	87%	-
Dermatovenerologic dispensary № 7	49%	59%	60%	36%	-	66%	-
Nevsky dermatovenerologic dispensary	65%	75%	79%	62%	-	84%	-
Tuberculosis dispensary № 11	38%	44%	58%	-	-	-	-
Tuberculosis dispensary № 12	92%	92%	92%		-	-	-
Tuberculosis dispensary № 16	29%	34%	27%	38%	27%		-
Tuberculosis dispensary № 4	-	-	-	-	-	-	-
Tuberculosis dispensary № 8	-	-	-	-	-	-	-
Neuropsychiatric Dispensary № 6	29%	29%	22%	18%	-	-	-


The following aspects were collected: “Attitude”,  “Staff”,	“Specialists”,	“Waiting time”,	“Health certificates”,	“Treatment quality”, “Cleanliness”, “Tests”, “Renovation”, “Equipment”,	“Location”, “Service”, “Food”, “Atmosphere”, “Walking”,	“Massage”. Some MO (as can be seen from the Table 3) have empty spaces for all aspects. The reason is that there are too few reviews for the Yandex.Maps ABSA tool to identify any trends. This is one of the limitations of the tool, as it will not show the evaluated aspects if people left very few reviews (less than around 20 reviews, according to our research).
 The aspects vary depending on the type of the MO and what patients mention in their reviews. For example, if a patient identifies an issue with cleanliness, it will be automatically calculated towards the sore of the aspect “Cleanliness”. We identified the following trends:
1) Most of the MO from the sample have the “Attitude”,  “Staff”,	“Specialists”, “Waiting time”,	“Health certificates”,	“Treatment quality”, as these aspects are the basic for all the types of MO.
2) Some aspects are unique to the MO of a specific type. For example, sanatoriums for children have such aspects as “Service”, “Food”, “Atmosphere”, “Walking”, as these aspects are important specifically for health resorts for children.
3) MO with overall high scores at “Specialist” perform more poorly at the aspect “Waiting time” and “Attitude”. Waiting time, for instance, is one of the indicators of the comfort in the Committee’s rating. We see, that it might be more useful to evaluate this aspect separately, not within a criterion, because people mention it a lot. 
At the next step, we surveyed people about what they prioritize when visiting a hospital.  Respondents were asked to rank three factors in order of importance:
- qualification of medical and nonmedical staff;
- waiting time;
- the attitude of medical and nonmedical staff.
Four aspects with the higher frequency among various MO were chosen for the purpose of formulating three factors: “Attitude”,  “Staff”,	“Specialists”,	“Waiting time”. Two of them were united in one — “Specialist” and “Staff” united into “qualification of medical and nonmedical staff”. According to the responses of 173 people, the ranking is as follows:
1. Qualification of medical and nonmedical staff.
2. Attitude of medical and nonmedical staff.
3. Waiting time. 
Next, we assigned the weights to the factors, in accordance with their ranking, which are presented in Table 4. 



Table 4
Three factors of visiting a MO weighted according to their rankings
Factor	Rank	Points	Weights
Qualification of medical and nonmedical staff	1	3	3/6
Attitude of medical and nonmedical staff	2	2	2/6
Waiting time 	3	1	1/6
Total	6	1


For the ease of calculations, we used the decimal equivalents of the fractions from the Table 4:
1. Qualification of medical and non-medical staff — 0,5.
2. Attitude of medical and non-medical staff — 0,33.
3. Waiting time — 0,16. 
These weighs were multiplied to the scores obtained from Yandex.Maps. We included a sample of 8 MO into our calculations and created a rating, which was compared to the Comittee’s rating for the year 2022. Table 5 includes both ratings.

Table 5
Rating based on aspects versus the Committee’s rating
Medical
organization	Rating based
on aspects	Committee's Rating
Neuropsychiatric Dispensary № 4	59,35	100
Tuberculosis dispensary № 15	43,1	99,8
Dermatovenerologic dispensary № 7	51,68	100
Nevsky dermatovenerologic dispensary	69,87	100
Tuberculosis dispensary № 5	61,08	99,8
Neuropsychiatric Dispensary № 5	38,91	99,8
Tuberculosis dispensary № 16	30,9	100
Neuropsychiatric Dispensary № 6	25,2	100


We can see that the rating based on the aspects obtained from Yandex.Maps significantly differ from the Committee’s rating. The same organizations, which received the highest score with the Committee, have a much lower score in the created rating. For instance, Neuropsychiatric Dispensary № 6 has a score which is 75 points lower than the Committee’s score. These differences might be partially caused by the rating inefficiencies described in the section 2.2., which led to an inflated rating for some MO. We suggest that a more comprehensive approach to evaluating healthcare services is needed, combining both user-generated feedback and formal assessments. 

[bookmark: _heading=h.vuno5imhhur6]2.4 Recommendations

Based on our research, we propose the following recommendations for different entities.
Recommendations for Hospital Top Managers
Yandex.Maps is one of currently a more popular social media platform where patients leave their feedback, when compared to other review platforms for healthcare. The top-managers are advised to use this fact to their advantage and regularly monitor Yandex.Maps reviews to identify specific issues identified in their MO. Aspect-based sentiment analysis integrated in Yandex.Maps can help to quickly determine particular areas of concern and assist managers in making decisions which will improve that area. For example, if the aspect “Waiting time” has a score of 50% and lower, management can investigate and implement measures to streamline patient flow and reduce wait times.
Another point to consider is staff training for improvement of their soft skills. As we found out that MO had generally lower score on “Attitude” compared to “Specialist”, this is an indication that the communicative skills of staff requires improvement.

Recommendations for the St. Petersburg Healthcare Committee
According to the weaknesses identified in the existing process of MO rating creation, we propose several changes, rated from low to high depending on the efforts required, which can be seen in Table 6. We suggest starting from the changes requiring the low effort, which can be easily implemented, and head towards the changes with higher effort, if possible. The changes requiring low effort, if implemented, will already result in a more honest MO evaluation.







Table 6
Changes proposed for the St. Petersburg Healthcare committee
Proposed change	Level of effort required
Establish clear and consistent evaluation periods to ensure data transparency	Low
Evaluate the same MO every year so that the progress of MO can be compared over time	Low
Set an IP address identification for the existing web polling to prevent the distortion of results caused by answers made by the same individuals	Medium
Integrate the Yandex.Maps-based aspect ratings into the existing evaluation framework to provide a more comprehensive perspective of patient satisfaction and service quality	High


Recommendations for The Territorial Fund of Compulsory Health Insurance
In order to stimulate a more fair evaluation of MO, and motivate MO to improve their services, we propose that the evaluation should impact the amount of funding that MO receives each year. St. Petersburg  Territorial Fund of Compulsory Health Insurance  can llocate additional funding to hospitals that achieve high integrated ratings from both the St. Petersburg Healthcare Committee and the Yandex.Maps-based evaluations. This can incentivize hospitals to maintain and improve their service quality.

3. Limitations
While Yandex.Maps offers valuable insights through user-generated reviews and aspect-based sentiment analysis, several limitations must be acknowledged:
- There are issues with sample sizes and representativeness for some MO. Many medical organizations have too few reviews to generate reliable data, resulting in incomplete aspect analysis. Reviews may not represent the general patient population, as those with extreme experiences are more likely to leave feedback, skewing the sentiment.
- the reviews were collected for several years, because Yandex.Maps does not prove the functionality of viewing reviews and aspects for a certain period of time. This limitation can be overcome by either communicating to Yandex.Maps with the request to add a new feature allowing for the time period filtration, or by manual scraping of the review and then analyzing them with the help of the NLP-specialist.
- From the interviews with the hospital top-managers, we also learned that some patients are asked to leave a review, especially if it is obvious that the patients are satisfied with the services; such actions can lead to skewed results, and might require a deeper analysis of the review and an application of special methodologies which spot the outliers.


























[bookmark: _heading=h.v8wfpiz0qhsc]3. CONCLUSION

To overcome the drawbacks of the existing MO rating, we propose social media with integrated ABSA tools for receiving medical services evaluation from patients. Compared with survey polls, social media can yield a better and more comprehensive understanding of public perceptions of special topics in a more scientific manner (Xuefan Dong, 2021)
The review of existing literature underscores the potential utility of social media data in contributing to decision-making across various sectors, most notably in the healthcare domain. 
The overview of the existing researchers proves that social media can serve as a great source of information for decision-making in different areas. The data from social and news media are a useful tool in smart city management as they provide us with an oversight of the situation and help in making informed decisions.
Several studies indicate that social media data can be instrumental in smart city management by providing valuable insights that inform better decision-making.  Furthermore, health, safety, and transportation emerge as priority areas where social media data application warrants focused exploration. Recent findings illustrate that social media data mining can contribute to a variety of health-related fields. 
This research focused on utilizing Natural Language Processing (NLP) tools, specifically Aspect-Based Sentiment Analysis (ABSA), to analyze social media data for evaluating healthcare services. By leveraging the ABSA tool developed by Yandex.Maps, this study collected aspect-based sentiment scores for ten selected medical organizations. These scores were then weighted according to public priorities identified through a survey and integrated into a composite rating.
Comparing the Yandex.Maps-based ratings with those provided by the St. Petersburg Healthcare Committee revealed significant discrepancies, highlighting the potential inefficiencies in the current evaluation system. The differences in ratings indicate that user-generated feedback on social media can provide valuable insights that might be overlooked by traditional methods. However, these findings also suggest that social media-based ABSA should complement, rather than replace, traditional evaluation methods.
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NLP — natural language processing, a branch of artificial intelligence that helps computers understand, interpret and manipulate human language.
Aspect-based sentiment analysis (ABSA) — a text analysis technique that categorizes data by aspect and identifies the sentiment attributed to each one.
Social media — a group of Internet-based applications that build on the ideological and technological foundations of Web 2.0, and that allow the creation and exchange of user generated content (Kaplan & Haenlein, 2010).
Big data — extremely large data sets that can be analyzed computationally to reveal patterns, trends, and associations, especially relating to human behavior and interactions.
Public healthcare — healthcare services provided by the government to its citizens, often funded through taxes and aimed at ensuring public health and well-being.
SMPO — social media-based public opinion. 
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Problems and findings in the reviewed papers
	Author(s)
	Problem/Research question(s)
	Findings/Results

	Zeinab, S., Yung-Cheol, B.
	How to improve the efficiency and security of the DF (digital forensics) analysis of the information shared on social media?
	Integration of NLP techniques improve the performance of digital forensic.

	Hodorog, A., Petri, I., Rezgui, Y. 

	How can we leverage NLP techniques to make sense of the abundant stream of social media data in a smart city context?
	Extraction of meaningful insight from social media by leveraging NLP techniques AWD-LSTM and ULMFiT with 88.5% accuracy. 

	El Azzaoui, A., Singh, S. K., & Park, J. H.
	Predict potential future cases and virus outbreak hotspots based on the users' openly shared data including location and symptoms; detect false information and suppress its spread.
	Analyzing data from social media platforms enabled predicting future outbreaks several days earlier, and scientifically reduce the infection rate in a smart sustainable healthy city environment.

	Nicolasa, C., Kim, J., Chi, S. 
	Characterize the top-down communication efforts of smart city governments based on NLP framework.
	The proposed NLP framework could analyze the top-discourse of smart cities as a reflection of wider political strategies.  Furthermore, this framework analyzed whether communication strategies were appropriately tailored. 

	Muguro, J., Njeri, W., Matsushita, K., Sasakiam M.
	Tackle data shortage on traffic safety, practices, and cultures in the country.  Identify the interlinks between traffic practices and policies using user-generated data to derive an overview of traffic conditions in the country.
	The research identified PSV (public service vehicle), policing, and traffic flow as a triad that accurately summarizes the issues affecting the transport industry in the country and that need urgent attention.

	Adikari, A., & Alahakoon, D.
	Use the publicly available social media conversations to convey citizens' emotions and perceptions.
	A developed AI framework enabled the capture and representation of the emotional pulse of the city. Created an overview of citizens’ emotions related to smart city initiatives.

	Paul, M. J., & Dredze, M. 

	What public health information can be learnt from social networks?
	Using Ailment Topic Aspect Model (ATAM+) the paper explores several aspects of public health, including temporal and geographic impacts on medical wellbeing, and investigations into how the public treats illness.

	Scanfeld, D., Scanfeld, V., EL Larson.
	Understanding the dissemination of health information related to antibiotics through social networks. The authors aim to analyze the content and quality of information shared on social media platform regarding antibiotics, and to explore the potential for using social media platforms to improve public understanding of antibiotic use and resistance.
	1. A significant proportion of the posts on social media platform (45.5%) contained misinformation or misunderstanding about antibiotic use.
2. The majority of posts (52.3%) were related to personal experiences or opinions about antibiotics, while only a smaller proportion (20.7%) shared general information or news articles about antibiotics.
3. Users who provided accurate information about antibiotics had a higher number of followers, which suggests that accurate information has the potential to reach a wider audience through social network.
4. There are several challenges in using social media platforms to disseminate accurate health information, including the prevalence of misinformation and the limited space for providing detailed explanations of complex topics.

	Radinsky, K., Horvitz, E.
	Predicting future events by mining the web, specifically by extracting and analyzing textual content. The authors aim to determine if it is possible to predict various types of events, such as disease outbreaks, riots, and elections, by analyzing the content of web pages.
	1. Temporal patterns in web content could be identified and used to predict future events. For example, the frequency of certain terms related to flu outbreaks increased prior to the actual outbreak, which allowed the system to predict the event.
2. The developed system was able to predict different types of events with varying levels of accuracy. 
3. The authors identified several challenges in predicting future events, including dealing with noisy data, overcoming biases in the content of web pages, and handling the inherent uncertainty of predicting the future.

	Agarwal, S., Sureka, A.
	Detecting online radicalization on social media, specifically identifying users and content promoting extremism and radical ideologies. The authors aim to develop machine learning classifiers to analyze tweets and user profiles to identify radical content and users, which can help governments and law enforcement agencies in monitoring and combating online radicalization.
	Using both user profile information and posts content as features in their classifiers improved the detection performance compared to using either feature set alone.
The study highlights the challenges in detecting online radicalization, such as the dynamic nature of social media content, the large volume of data to be analyzed, and the varying definitions of radicalization.
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Appendix C

	Наименование медицинской организации
	Отношение к клиентам
	Персонал
	Специалисты
	Время ожидания
	Cправки
	Качество
лечения
	Чистота
	Анализы
	Ремонт
	Оборудование
	Расположение
	Еда
	Атмосфера
	Прогулки
	Массаж

	"Психоневрологический диспансер № 4"
	57%
	59%
	59%
	69%
	71%
	58%
	100%
	
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер № 5"
	67%
	70%
	80%
	
	
	87%
	
	
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер № 7"
	49%
	59%
	60%
	36%
	
	66%
	
	60%
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер Невского района"
	65%
	75%
	79%
	62%
	
	84%
	
	75%
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 11"
	38%
	44%
	58%
	
	
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 12"
	92%
	92%
	92%
	
	
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 16"
	29%
	34%
	27%
	38%
	27%
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 4"
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 8"
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	"Психоневрологический диспансер № 6"
	29%
	29%
	22%
	18%
	
	
	
	
	
	
	
	
	
	
	

	"Психоневрологический диспансер № 2"
	52%
	62%
	61%
	53%
	47%
	76%
	
	
	
	
	
	
	
	
	

	"Психоневрологический диспансер № 8"
	22%
	33%
	40%
	16%
	11%
	41%
	
	
	
	
	
	
	
	
	

	"Родильный дом № 13"
	78%
	85%
	85%
	49%
	
	76%
	75%
	55%
	48%
	79%
	38%
	
	
	
	

	"Городская психиатрическая больница № 3 имени И.И. Скворцова-Степанова"
	50%
	55%
	
	50%
	
	59%
	63%
	
	
	
	
	
	
	
	

	"Городская психиатрическая больница № 6 (стационар с диспансером)"
	36%
	43%
	38%
	36%
	41%
	42%
	
	
	
	
	
	
	
	
	

	Детский санаторий "Аврора"
	
	88%
	
	
	
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 15"
	38%
	47%
	49%
	41%
	
	
	
	
	
	
	
	
	
	
	

	"Противотуберкулезный диспансер № 5"
	58%
	63%
	67%
	59%
	59%
	87%
	94%
	
	100%
	
	
	
	
	
	

	"Психоневрологический диспансер № 5"
	33%
	38%
	44%
	47%
	25%
	50%
	
	
	
	
	
	
	
	
	

	"Психоневрологический диспансер № 9 Невского района"
	32%
	43%
	46%
	30%
	34%
	38%
	
	
	
	
	
	
	
	
	

	"Туберкулезная больница № 8"
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Детский санаторий "Березка"
	
	78%
	
	
	
	
	
	
	
	
	
	79%
	97%
	
	

	"Городская психиатрическая больница № 7 имени академика .И. П. Павлова"
	63%
	73%
	
	
	
	77%
	
	
	
	
	
	
	
	
	

	"Диагностический центр (медико-генетический)"
	68%
	84%
	84%
	44%
	
	83%
	93%
	55%
	17%
	100%
	63%
	
	
	
	

	"Детская городская больница № 17 Святителя Николая Чудотворца"
	71%
	76%
	79%
	
	
	82%
	
	
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер № 2"
	48%
	59%
	63%
	41%
	
	68%
	
	58%
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер № 3"
	37%
	50%
	52%
	
	
	59%
	
	
	
	
	
	
	
	
	

	"Родильный дом № 6 им.проф.В.Ф.Снегирева"
	77%
	87%
	87%
	65%
	
	76%
	45%
	56%
	13%
	
	64%
	
	
	
	

	"Санаторий для детей "Детские Дюны"
	
	75%
	
	
	
	
	80%
	
	
	
	
	85%
	85%
	90%
	

	"Детский центр восстановительной медицины и реабилитации № 3"
	87%
	93%
	94%
	77%
	
	90%
	
	
	18%
	
	
	
	
	
	93%

	"Кожно-венерологический диспансер № 11"
	90%
	93%
	92%
	80%
	
	95%
	
	
	
	
	
	
	
	
	

	"Кожно-венерологический диспансер № 9"
	69%
	74%
	76%
	62%
	
	85%
	
	58%
	
	
	
	
	
	
	

	"Городской противотуберкулезный диспансер"
	54%
	61%
	68%
	43%
	25%
	79%
	
	36%
	
	
	
	
	
	
	

	"Николаевская больница"
	26%
	43%
	42%
	22%
	
	41%
	59%
	42%
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CI6 rby3 "[etckas ropoackas nonuknuHuka Ne4s Hesckoro

paitoHa"

CIM6 rbY3 Oetckuin caHaTopuin "Aspopa”

CII6 I'bY3 «I'opoxckast croMaronoruieckas MoJInKInHIKa Ne
3»
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Cr6 r'bY3 "»KeHckas koHcynbTaums Ne 5"

CIM6 rbY3 "MpotusoTy6epkynesHbin aucnaHcep Ne 15"

CI16 I'bY3 «I'oponckas TyGepkynesHas 6onbHuua Ne 2

CI6 NbY3 "KoHcynbTaTMBHO-AUArHoCTM4ECKas MonuknmHmnka Nel
Mpumopckoro panoHa"

CI6 I'bY3 "MpoTuBoTy6epKynesHblii aucnaHcep Ne 5"

CII6 I'BY3 «I'opozackoii TyGepKye3Hblii caHaTopuii
«CocHoBblit bop»

CI6 N'bY3 "Mopopackas nonuknuHmuka Ne109"

CIM6 r'bY3 "MNcuxoHeBponoruyeckuin agucnaxcep Ne 5"

CI16 I'bY3 «Jlerckas ropozckas nonukanauka Ne 11y

CI6 MbY3 "Topoackas nonuknuHuka Ne72"

CIM6 rbY3 "lMcuxoHeBponoruyeckuin aucnaxcep Ne 9
Hesckoro paiioHa"

CI16 I'BY3 «/Jletckas ropozickasi monukanHuka Ne 29»

CI6 NbY3 "Mopogackas NonuknuHuka Nes6"»

CI6 I'bY3 "TybepkynesHasi 6onbHuLa Ne 8"

CI16 I'bY3 «Jlerckas ropozckas nonukanHuka Ne 35»

Cr16 r'bY3 "Cromaronoruyeckas nonuknuHmnka Ne18"

CI6 MKY3 [letckuin caHaTopuii "Bepeska"

CI16 I'bY3 «Jlerckas ropoackas nonukaunuka Ne 44y
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CI16 I'bY3 "BpauebHo-hu3KynbTypHbIN AUcnaHcep
KpacHorsappeiickoro paitoHa"

CIM6 rbY3 "lopopackas ncuxmatpuyeckas 6onbHuua Ne
7 imeHu akagemuka . 1. Maenosa"

CII6 I'bY3 «/lerckas ropozickasi monukianauka Ne 71»

Cr16 I'bY3 "lopoackas nonuknuHmnka Ne122"

CIM6 MKY3 "AunarHocTnyeckunin LEHTP (MEANKO-
reHeTmyeckumn)"

CII6 I'BY3 «JleTckuii ropoackoit MHOronpogpuibHbIit
KJINHUYECKU C"el.["aﬂ"3"p0BaHHBlﬁ LEHTP BBICOKHX
MEAMLUHCKUX TEXHOJIOTUID)

CI6 rbY3 "lopoackas nonuknuHuka Ne3g"

CI6 I'bY3 "[etckas ropoackas 6onbHuua Ne 17
Ceatutens Hukonas Yyaorsopua"

CI16 I'BY3 «JleTckuii roponckoit MHOronpoguIbHbIIT
KJIMHMYECKHii LEHTP BHICOKHX MEAULIMHCKUX TEXHOIOT Uil UM.
K.A Payxdyca»

CI6 I'bY3 "lMopoackas nonuknuHuka Negs"

CIM6 MN'bY3 "KoxHo-BeHeponoruyeckuin aucnaHcep Ne 2"

CII6 I'BY3 «JleTckuii NCHXOHEBPOJIOrHYECKUI CaHATOPHi
«KomapoBo»

CI16 I'bY3 "[leTckas ropoackas nonuknmHuka Ne7"

CI6 rbY3 "lMopoackas nonuknuHuka Ne 87"

CI16 I'bY3 "KoxHo-BeHeponoruyeckui aucnaHcep Ne 3"

CI16 MbY3 "PoaunnbHblii om Ne 6 um.npoch.B.d.
CHerupesa"

CII6 I'BY3 «JleTckuii my/IbMOHOIOTHYECKHii CaHATOPHI
«Camor» A nmupanteiickoro paiiona Cankr-ITerepOypra

CII6 I'BY3 «Jlerckuii canaropuii « ABpopay

CI6 r'bY3 "KoHcynsTaTMBHO-ANArHOCTUYECKMI LIEHTP Ne85"

CI6 Y3 "Canatopuii ansa aeten "[letckue [oHb!"

CII6 I'BY3 «Jlerckuii canaropuii «Criaprak»

CI6 rbY3 "lMopopackas nonuknuHuka Ne120"

CIM6 MNbY3 "[leTckuni LEHTP BOCCTAHOBUTENbHOMN
MEAWNLMHBI M peabunutaumm Ne 3"

CII6 I'bY3 «Onkonoruueckuii aucnancep MockoBckoro
paiiona»

Cr6 rbY3 "lopoackas nonuknuHuka Neg"

CIM6 MNbY3 "KoxHo-BeHeponoruyeckuin aucnaxcep Ne
11"

CII6 I'bY3 «Cromaronoruyeckas nomukanauka Ne 10»

CI6 I'bY3 "lopoackas nonuknuHuka Nes6 "

CI6 I'bY3 "KoxHo-BeHeponoruyeckui aucnaHcep Ne 9"

CII6 I'bY3 «Cromaronorndeckas nonukianauka Ne 11y

Cr6 rby3 "[leTckas ropoackas nonuknuHuka Ne73"
CI16 I'bY3 "Ctomaronornyeckas nonuknuHmnka Ne32"

CI6 I'bY3 "lopoackoi NpoTUBOTYGEpKYNe3HbIN
aucnaxcep”

Cr16 I'bY3 "Hukonaesckas 6onbHuLA"

CII6 I'BY3 «Cromaronoruyeckas nomukanauka Ne 13»

CII6 I'BY3 «Cromaronornyeckas nomukanHuka Ne 15»

CIM6 'bY3 "lMopoacKomn KOHCYNbTaTUBHO-ANArHOCTUYECKNIA LIEHTP

Ne1"

CN6 NreY3 " ertckun caHaTtopuin "ConHevHoe"

CII6 I'bY3 «Cromaronoruueckas nonukianHuka Ne 28
KpacHoceIbCKOro paiionay
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Cr16 rbY3 "[letckasn ropoackas nonuknmnHnka Neg"

CI6 rN'bY3 "Topoackas 6onbHuua CesaToro MpaseaHoro
WoanHa KpoHwTaaTckoro"

CII6 I'BY3 «Cromaronornyeckas nonukannuka Ne 4y

CankT-lMeTepbyprckoe FAY3 "lMonuknuHuka ropoackas
cTomaronornyeckas Ne22"

CI6 NbY3 "KoxHo-BeHeponoruyeckui gucnaHcep Ne 8"

CI16 I'KY3 «Jlerckuii ropoackoii cypooruueckuii eHTpy»

CI6 N'bY3 "lopoackasi nonuknuHuka Ne71"

CI6 NbY3 "KoxHo-BeHeponoruyeckuit gucnaHcep Ne 4"

CII6 I'KY3 «Jlerckuii canaropuii «bepeska»

CI16 I'bY3 "lopoackas nonuknmHuka Ness"

CI6 NbY3 «[AnarHoctuyeckuii LieHTp Ne 7» (rnasHom)
[AANs B3POCIIONO U AETCKOro HaceneHus

CII6 I'KY3 «Jlerckwnii TyOGepkyne3Hslii canaropuii «J{pysxoa»

CI6 rbY3 "[letckas ropoackas NonuknuHmnka Ne49" MyLKMHCKoro
painoHa

CIM6 rKY3 "Xocnmc Ne 4"

CII6 I'KY3 «Jlerckuii TyGepKyie3Hblii caHaTOpHii
«OKemuyxunay

CI6 I'bY3 "Ctomartonoruyeckas nonuknuHmnka Ne 19" MyLukmHckoro
panoHa

CIM6 rbY3 "OHkonornyeckuit aucnaHcep MockoBckoro
paioHa"

CII6 'KY3 «lleHTp BOCCTaHOBUTENILHOTO JleueHus «JleTckas
ncuxuarpusm»umenu C.C.MHyxuHa»
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CIM6 rbY3 "CTomaronornyeckas nonvknuHuka Ne17"

CI16 I'bY3 "MpoTunBoTy6epkynesHblii gucnaxcep Ne 2"

CI6 N'bY3 "lopoackas cTomaTonoruyeckas nonuknuHmnka Ne2"

CI6 MbY3 "[leTckuin NCUXOHEBPONOTMYECKUiA CaHaTopUiA
"Komaposo"

CI6 r'bY3 "[eTckasi ropogckasi NonuknuHuka Ne17"

CIM6 MNbY3 "KoxHo-BeHeponornyeckuin aucnaHcep Ne
10-KnuHuka Aepmartonorum n BeHeponorum'"

CI16 I'bY3 «BBezneHckas ropojckas KIIMHUYecKas G0JIbHALA»

CI6 Ir'bY3 "[leTckasi ropoackasi nonuknuHuka Ne29"

CIM6 NbY3 "PoaunbHblii oM Ne 17"

CII6 I'KY3 «Xocmuc Ne 3»

CI6 M'BY3 «opoacKoii LIeHTp 0XpaHbl PENPOAYKTUBHOTO 340POBbS M

CIM6 I'bY3 "Mopopackas Hapkonornyeckas 6onbHuua"

CI16 I'AY3 «IlonnkianHuka ropoackas cromarojornyeckas Ne
22»

CIM6 rbY3 "[letckas ropoackas nonuknuHuka Ne62"

CIM6 NbY3 "lepuatpuyeckas 6onbHuLa Ne 1"

CI6 rbY3 "[letckas cTomaronoruyeckas nonuknuHuka Ne 4"

CI16 I'bY3 "Mopopckor repuaTpuyeckuii Meauko-
coumanbHbIN LeHTp"

CIM6 MBY3 "MexpaioHHbIi Bpa4yebHO-hU3KyNbTYPHbIN AUcnaHcep
Ne1"

CI6 rby3 "[etckas ropoackas BonbHuua CesTon
Onbru"

000 «JleuebHO-anarHoCTHYECKHii HEHTP MeskyHapoIHOro
MHCTHTYTa GHONIOrHYecKnX ccteM nMenn Cepres bepesuna»

CI6 I'bY3 "lopoackas cTomaTonornyeckas nonuknuHmnka Nes"

CI6 I'Ky3 "Xocnmc Ne 1"

CIN6 IN'bY3 "lopoackast nonuknuHnka Ne77 Heeckoro parioHa"

CI6 Y3 "lopoackas 6onbHuua Ne 28
"MakcumunmaHoBckas"

CI6 rbY3 "CTtomaronornyeckas nonmknmHuka Nesg"

CI6 I'bY3 "lMopoackas 6onbHuua CeaToro
BenvkomyyeHuka leoprus”

CI6 I'bY3 "[etckasi ropogckasi nonuknuHuka Ne44"

CIM6 rbY3 "BpayebHo-hu3KynbTypHbIi AucnaHcep Ne3
(MeXpanoHHbINA)"

CI6 MbY3 KnuHuueckas 6onbHuua Cesatutens Jlykn

rOCYOAPCTBEHHOE YHUTAPHOE MNPEANPUATUE
"BOJOKAHAJ CAHKT-NMETEPBYPTA"

Cr16 rbY3 "CTomaronoruyeckas nonvknuHuka Ne12"

CI16 I'bY3 "[eTckas uHdekumoHHas 6onbHuua Ne 3"

CI6 rbY3 "Ctomatonoruyeckas nonuknuHuka Ne31 Heeckoro
paitoHa"

CI16 I'bY3 "CaHkT-lNeTepbyprckas ncuxuarpuyeckas
6onbHuua Ne 1 um.M.M.KaweHko"

HVY3 «Jlopoxnas kannnyeckas 6onpuuna OAO «PK]»

CIM6 rbY3 "Ctomaronornyeckas nonuknmHuka Ne4"

CIM6 Y3 "lopopackas knuHnyeckas 6onbHuua Ne 31"

CNe Irevy3 "Mropoackas nonuknuHuka Ne17"

CNo6 NBY3 "Mpoackas tvoepkvnesHas oonsHuua Ne 2"
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CI16 I'bY3 "Mopoackas nonuknuHuka Neg7"

CIM6 rbY3 "PogunbHbii aom Ne 1
(cneuran1anpoBaHHbIN)"

CI6 NbY3 "Topoackas nonuknuHuka Ne102"

CI6 I'bY3 "lopoackas 6onbHuua Ne 20"

CI16 I'bY3 «Jlerckas ropozckas bonbauna Cesitoii Onbriny

CI16 I'bY3 "Mopoackas nonuknuHuka Ne19"

Cr6 I'bY3 "lopoackas 6onbHuua Ne 38 um.H.A.
Cemaluko"

CII6 I'BY3 «T'opoackast Gonbuuia Casitoro Benkomyuennka
Teoprusm»

CI6 'bY3 "Topoackas nonuknuHuka Ne37"

CI16 I'bY3 "MexpaiioHHbiIi MeTporpaacko-Ipumopckuii
npoTnBoTy6epkynesHbIi aucnaHcep Ne 3"
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Cr6 r'bY3 "lopopackas nonuknuHuka Ne60 MyLikuHckoro paioHa”

CIM6 MbY3 "lMNcuxoHeBponornyeckuii gucnaHcep
DpyH3EHCKOro paroHa"

CI16 rbY3 "Ctomaronoruyeckas nonuknuHnka Ne29"

CIM6 I'bY3 "[leTckuii MynbMOHOMNOIMYECKNIA CaHaTopuUi
"CanioT" Agmupanrteiickoro paiioHa CaHkT-letepbypra

CatkT-lMeTepbyprckoe MAY3 "lopoackas nonuknuHuka Neg1"

CI6 Y3 "MpotnBoTybepkynesHbii gucnaxcep Ne 17"

CI6 I'bY3 "Topoackas nonuknuHmnka Ne23"

Cr6 roCYAAPCTBEHHOE YHUTAPHOE
NPEANPUATUE MACCAXXUPCKOIO
ABTOMOBW/IbHOIO TPAHCIOPTA

CII6 I'KY3 «Xocmuc Ne 2»

CI6 I'bY3 "Topoackas nonuknuHmnka Ne27"

CI6 r'bY3 "lMocnuTans Ans BETepaHoB BOWH"

CI6 M'bY3 "Topoackas nonuknuHnka Neg9"

CIM6 rby3 "[etckas ropoackas 6onbHuua Ne 2 caaTomn
Mapuu Maraanuhbl"

CI6 IN'bY3 "[leTckas ropoackas ctomaTonornieckas NonuknuHuka
Ne1"

CI6 NbY3 "[letckas ropoackas 6onbHuLa Ne 22"

CII6 I'bY3 «I'opozckasi croMaronornieckast moJIMKInHIKa Ne
33»

CankT-lMeTepbyprckoe FAY3 "lopoackas nonuknuHuka Neg3"

CIM6 MNbY3 "KoxHo-BeHeponornyeckui aucnaxHcep Ne 1"

CI16 I'BY3 «Poxmbhblit om Nel (cnennann3npoBaHHblii)»

CrI6 N'bY3 "lopoackas nonuknuHmuka Ne 32"

CI6 rbY3 "MpotneoTybepkynesHbii gucnaHcep Ne 14"

CI6 rbY3 "lopopackas nonuknmHuka Ne4g"

CIM6 I'KY3 "[leTckuit ropoacKoii CypAonornieckuii
LeHTp"

CIM6 rbY3 "lropopackas nonuknmHuka Ne74"

CIM6 NbY3 "BocCTaHOBUTENBHbIN LIEHTP AETCKON
opToneaun 1 TpaBmaTonorum "OroHek"

CI6 MbY3 "[letckasi ropoackas NONUKNUHMKa Ne11"

CIM6 MNbY3 "Mopoackas AnekcaHapoBckasi 6onbHuua"

CIM6 rbY3 "lMopoackas nonuknuHuka Ne114"

CI6 IN'bY3 "lopoackas nonuknuHmnka Ne3"

CI6 I'bY3 "MopoACKOi KITMHUYECKNI OHKOMOTMYECKIIA
avcnaxcep”

CI6 IN'bY3 "BeeaeHckas ropoackas KnmHuieckas
6onbHuLa"
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CI6 rby3 "[etckas ropoackasn nonuknuHuka Ne3s"

CI16 I'bY3 "KnuHunyeckas peBmaronornyeckas
BonbHuua Ne 25"

CI6 NbY3 "»KeHckas koHcynbTaums Ne18"

CI6 IN'bY3 "[letckas ropoackas knuHuyeckas 6onbHuLa
Ne 5 umenn Huna depoposuya dunarosa"”

CI6 N'bY3 "Topoackas nonuknuHuka Ne106"

CI16 IN'bY3 "KoxHo-BeHeponoruyeckuit aucnaxdcep Ne 6"

CIM6 N'bY3 "Topoackas nonuknuHuka Ne4e"

CIM6 r'bY3 "PoaunnbHblii oM Ne 9"

CI6 N'bY3 "Mopoackas nonuknuHuka Ne78"

CIM6 I'bY3 "LieHTp no npodunakTuke n 6opube co
CIMAA n nHdeKuMoHHbIMM 3aboneBanHnsMn”

CN6 NreY3 «Mopoackasa nonuknuHuka Ne 96»

CNe6 IreY3 "McuxoHeBponormvyeckun aucnadcep Ne 10"
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CI6 I'BY3 "KoHcynbTaTUBHO-AUArHOCTUYECKUI LIEHTP ANs AeTen”

CI6 IbY3 "MyLUKMHCKMiA NPOTMBOTYBEPKyNesHbIii
AvcnaHcep”

CI16 I'bY3 "Ctomaronoruyeckas nonuknuHuka Ne3o"

Cr16 I'bY3 "Ctomaronornyeckas nonuknuHmnka Ne6"

Cr16 rbY3 "PoaunbHbii ;oM Ne 10"

CI16 I'bY3 «/leTckuii ropoa cKoi MHOronpogubHbIN
KMUHUYECKWIA LIEHTD BbICOKNX MEAVLIMHCKNX TEXHONOTUiA
M. KA. Payxdyca»

CI6 I'bY3 "[leTckas ropoackasi nonuknuHuka Ne19"

CI16 Y3 "lopoackas 6onbHuua Ne 26"

CI16 I'bY3 "Ctomaronornyeckas nonuknmHuka Ne13"

CI16 I'bY3 "[leTckuii ropoACcKoi MHOTONPOMUIbHbIN
KIMUHUYECKWIA CneLnanianpoBaHHbIii LIEHTP BbICOKWX
MEANLIMHCKMX TEXHONOrnmn"

CI6 rbY3 "Mopopackas nonuknuHuka Ne22"

CI6 rbY3 "KnuHunyeckas nHgekumoHHas 6onbHuLa M.
C.M. BotknHa"

CI6 I'bY3 "lMopoackas nonuknuHmnka Ne44"

['BY "CaHkT-lNeTepOyprckuin Hay4Ho-
nccneaoBaTenbCKUii UHCTUTYT CKOPOW MOMOLLIY UMEHU
WM. DxaHenuase"

CI16 I'bY3 "lopoackas nonuknuHuka Ne14"

CI6 rby3 "Mopoackas 6onbHuua Ne 9"

CI6 rbY3 "Mopopackas nonuknuHuka Ne21"

CIM6 rbY3 "[leTckas ropoackas nonuknmHmnka Ne71"

Cr16 rbY3 "PoaunbHbii ;oM Ne 16"
CIM6 FAY3 "XOCIMUC (QETCKUM 1 B3POCTIbIN)"

CIM6 rbY3 "lMopoackas nonuknuHuka Ne 111"

CI6 rby3 "lMopoackas 6onbHuua Ne 14"

CI6 'bY3 "KeHckas koHcynbTaums Ned4 MylkuHckoro paiioHa”

CI16 I'bY3 "lopoackas nonuknuHuka Ne4"

FBY3 "CaHKT-| rle'rep6yprcxmw KNUHUYECKUin Haquo-

CI'I6 rKy3 "AMGynaTopm Mapuuucxaﬂ"

CI6 I'bY3 "lMopoackas nonuknuHmnka Ne4s"

CI6 I'Ky3 "[letckuin Ty6epKynesHblii caHaTopuit
"YKemuyxuHa"

CI6 rbY3 "Mopopackas ctomaronoruyeckas nonvknmHnka Ne33"

CI6 rby3 "Mopoackas 6onbHuua Ne 15"
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CI6 rbY3 "Ctomaronornyeckas NonuKknuHmnka Ne28

KpacHocenbckoro paiioHa" CI16 'bY3 [leTckuit caHaTopuii "3se3zouka”
CIM6 IKY3 LieHTp BOCCTaHOBUTENBLHOTO NEeYeHnst
CI6 N'bY3 "Topoackas nonuknuHuka Ne43" "[etckas ncuxuatpus" umenn C.C. MHyxuHa
CIM6 N'bY3 lNopopackort TyGepkynesaHblil caHaTtopuin
CI6 N'bY3 "Topoackas nonuknuHuka Ne63" "CocHosbiit Bop"
CIM6 rbY3 "»KeHckas koHcynbTaums Ne22" CI16 MbY3 "MopoacKoii nepuHaTanbHbIv LeHTp Ne 1"
CI6 MBY3 "MopoACKOi KOXHO-BEHEPONOrUYECKUi
CI6 NbY3 "XKeHckas koHcynbTaums Ne4o" Avcnaxcep"

CI6 r'bY3 "Topopackas nonuknuHuka Ne104" CI6 Y3 "Topopackas MapuuHckas 6onbHuLa"
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CIM6 rbY3 "lMopoackas nonuknuHmnka Ne34" CI6 r'bY3 "McuxoHeBponoruyeckuin aucnadcep Ne 3"

CI6 rbY3 "lMopoackas 6onbHULa CesToi

CIM6 rbY3 "Mopoackas nonuknuHmnka Ne117" npenoaobHoMy4YeHNLbl EnusaBeTbl”
CI6 I'bY3 "lopoackas nonuknuHuka Ne112" CI6 rbY3 "lMopoackas Mokpoeckas 6onbHULA"
CI16 I'bY3 "lopoackas nonuknuHuka Ne25 Hesckoro paiioHa” CI16 MbY3 [leTckuii caHaTopuii "Cnaprak”
CI6 I'bY3 «lopoackas nonuknuHuka Ne 54» CI16 MbY3 "MNcuxoHeBponornyeckuii gucnaxcep Ne 1"
CI6 MKy3 "fetckuin TybepkyneaHblii caHaTopui
CI6 M'BY3 "lopoackas nonuknuHuka Nes2" "Opyx6a"
CI6 rbY3" [letckuit caHatopuii "MuoHep”
CI6 rbY3 "lMopoackas NonuknuHuka Ne75" (NCUXOHEBPONOTMYECKWIA)
CaHkT-TMeTepbyprckoe FAY3 "lopoackasi nonuknuHuka Ne4o" CI6 rbY3 "lMopoackas 6onbHUua Ne 33"
CI6 IN'bY3 "Topoackas 6onbHULa Ne 40 KypopTtHoro
CIM6 rbY3 "lMopoackas nonuknuHmrka Ne30" paiioHa"

CI6 rbY3 "lopopackas MHoronpodunbHas 6onbHuLa Ne
CIM6 rbY3 "lMopoackoit BpauebHO-hn3KynbTypHbI AucnaHcep” 2"

CI6 MKY3 "Mecuxunarpuyeckas bonbHuua CesToro
CIM6 rbY3 "lMopoackas nonuknuHMka Neg1" Hukonas Yyaorsopua"

CI6 IKY3 "MopoacKoy LIEHTP BOCCTaHOBUTENBHOTO

NeYeHusi AeTen C NCUXOHEBPONOTMYECKUMU

CIM6 rbY3 "XeHckas koHcynbTaums Ne33" HapyLieHnamm"
CIM6 rbY3 "lMopoackas nonuknuHmMka Nes1" CIM6 rKY3 "Xocnmc Ne 3"
CIM6 rbY3 "lMopoackas nonuknuHnka Ne39" CIM6 M'KY3 "Xocnmc Ne 2"

CI6 MBY3 "lopoackas nonuknuHuka Negg"
CIM6 rbY3 «lopoackas nonuknuHmnka Ne 118»

CNoé rey3 "Mopoackas nonuknuHuka Ne107"
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CIN6 rbY3 "lMopoackas nonuknuHmnka Ne28"

CIM6 Y3 "lopoackas AeTckasi CTOMaTonornyeckas nonuknuHnka
Ne 6"

CI6 rbY3 "Mopoackas nonuknuHnka Ne93"
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