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SUMMARY: Effective resource allocation for architectural heritage conservation requires reliable and up-to-date 

data to support proper decision-making. This paper proposes a novel methodology for the integration of reviews 

continuously generated by users with expert evaluations aimed at supporting decision-makers, which are based 

on periodic but infrequent site inspections and often fail to capture ongoing issues. This study utilises Natural 

Language Processing (NLP) and Aspect-Based Sentiment Analysis (ABSA) to improve the monitoring and 

management of architectural heritage. By leveraging user-generated content from Google Maps, this approach 

allows the integration of dynamic, real-time feedback into conservation strategies, addressing current limitations. 

The methodology was applied to data concerning a sample of 70 heritage buildings in Italy’s Marche region, whose 

state of conservation has been catalogued by the Central Institute for Cataloguing and Documentation (ICCD). 

The analysis highlighted significant discrepancies between expert evaluation and user feedback. While official 

assessments often miss recent changes or emerging issues, the ABSA-based tool succeeded in capturing insights 

such as recent restoration interventions or unnoticed maintenance needs. This approach introduces a methodology 

for a more inclusive, data-driven decision-making process, allowing resource allocation to be more responsive to 

ongoing conditions. By integrating expert evaluations and public inputs, the proposed methodology allows the 

adoption of more comprehensive perspectives, detecting blind spots in traditional monitoring systems and enabling 

more efficient management of resources. 

KEYWORDS: resources allocation, heritage monitoring, architectural heritage, conservation, user-generated 

content, user perception. 
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1. INTRODUCTION 

The efficient allocation of resources in the conservation of architectural heritage depends on the availability of 

reliable, up-to-date data and information to guide decision-making. Monitoring plays a crucial role in this process, 

providing information to enable responsible stakeholders to plan or adjust intervention strategies based on 

emerging needs (Stovel, 2004). Preventive and planned conservation strategies offer, in fact, a more viable 

alternative to delayed restoration efforts, which often fail to address underlying issues and require substantial 

public funding (Vandesande and Van Balen, 2018). Ensuring the continuity of such operations is thus essential for 

the safeguard of built heritage and for the proper management of financial resources (ICOMOS, 2011). 

Current protocols rely on periodic site inspections or continuous data recording through sensors (Kioussi et al., 

2013), typically conducted by skilled experts within public administrations (D’orazio et al., 2023). While these 

evaluations are fundamental for the assessment of the state of conservation of assets, they often fail to account for 

real-time developments, potentially leading to outdated evaluations and suboptimal resource allocation (Masciotta 

et al., 2021; MiC, n.d.; Rossi and Bournas, 2023).  

Despite the recognised importance of participatory approaches, public perceptions are seldom considered in 

official monitoring processes. Involving the public, however, offers a complementary perspective that can 

highlight overlooked issues or suggest alternative priorities, fostering a more democratic and inclusive approach 

to heritage management (Bai et al., 2023; Council of Europe, 2005; Grcheva and Oktay Vehbi, 2021; ICOMOS, 

1987, 2008, 2011; Li et al., 2020c, 2020a, 2020b; Miller and Murray, 2018; Rosetti et al., 2022; Sanoff, 1999; 

UNESCO, 2011; World Heritage Committee, 2015).  

Social media platforms now serve as a dynamic repository of user-generated content, offering real-time, unbiased, 

unstructured data on public perceptions of heritage sites (Foroughi et al., 2023; Jacoby et al., 2024; Torres-

Gonzáles et al., 2023). Leveraging this data can complement static reports, reduce “blind spots” and make resource 

allocation more responsive to current conditions (Amato et al., 2017; Bai et al., 2021, 2023; Monteiro et al., 2015). 

Bonci et al. (Bonci et al., 2018) underscore the potential of Artificial Intelligence (AI) tools to enhance decision-

making processes and expert assessment, encouraging the use of networked expertise and advanced technologies 

to support bottom-up dynamics. With the advent of Natural Language Processing (NLP) techniques, analysing 

large amounts of unstructured data stored on the internet, such as user-generated content, has now become possible 

(Chowdhury et al., 2021; D’Orazio et al., 2022; Foroughi et al., 2023; Liu, 2015; Quagliarini et al., 2019).  

Recently, NLP has gained fortune in the field of building management and maintenance. For instance, D’orazio et 

al. (D’Orazio et al., 2024) applied NLP algorithms to process 12,000 maintenance requests from end-users for a 

stock of 23 public buildings, using the data to prioritise interventions and demonstrating the effectiveness of these 

tools in resource management. Similarly, Bugalia er al. (Bugalia et al., 2022) applied NLP and Machine Learning 

(ML) to classify worker-reported safety notices from a construction site in Kuwait, highlighting the potential of 

these tools for improving decision-making based on unstructured data.  

Among NLP applications, as suggested by Loyola (Loyola, 2018), one of the most promising technologies for 

managing big data is Sentiment Analysis (SA) (Fang and Zhan, 2015; Liu, 2015). 

SA, or opinion mining, is the computational study of people’s opinions, sentiments and emotions. SA is 

fundamental for leveraging user-generated data online, allowing for sentiment classification (positive, negative, or 

neutral) and more detailed analyses, such as assessing sentiment intensity or, in the case of emotion analysis, 

identifying specific emotions (e.g., joy, anger, fear, or sadness, depending on the model used) (Liu, 2015; Medhat 

et al., 2014). 

SA is commonly applied to measure user satisfaction with products and services; an example is given by 

Chowdhury et al. (Chowdhury et al., 2021) who applied SA to 1152 user reviews of web-based collaborative tools 

developed for the construction sector to include in their performance evaluation users’ feedback. 

Although SA use is expanding in other fields such as politics, healthcare, and, more recently, building maintenance 

and architectural heritage preservation (Liu, 2015; Nazir et al., 2022; Wankhade et al., 2022). 

D’Orazio et al. (D’Orazio et al., 2022) conducted a comparative analysis of the efficacy of various SA techniques 

in processing requests from computerised maintenance management systems for university-administered 

buildings, thereby demonstrating the potential of the tool in prioritising interventions. Valença et al. (Valença et 
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al., 2024) used SA to survey inhabitants of Bairro de Alvalade (Lisbon) regarding façade conditions and found a 

strong correlation between public perception and objective indicators of conservation, such as decay detection via 

multispectral cameras. 

Several studies have furthermore demonstrated the applicability of SA to user-generated content for enhancing 

built heritage management. 

In their study, Amato et al. (Amato et al., 2017) employed SA as a ranking criterion for the Smart Context-aware 

Browsing Assistant for Cultural Environments (SCRABS) tool. This tool is designed to assist users in navigating 

heritage information across a range of heterogeneous data sources, including digital libraries, social networks, and 

other web services. Mendes et al. (Mendes et al., 2022) used VADER (Valence Aware Dictionary for Sentiment 

Reasoning) (Hutto and Gilbert, 2014) to analyse TripAdvisor reviews of two Iberian Peninsula monuments, 

identifying maintenance actions (e.g., scaffolding) as the primary triggers of negative sentiment. Rosin et al. (Rosin 

et al., 2022) applied VADER to reviews from TripAdvisor and Google Business for the Arca Adriatica maritime 

museums network to assess how electronic word-of-mouth (eWOM) could improve management, user experience, 

and marketing strategies. 

Valdivia et al. (Valdivia et al., 2020) conducted Aspect-Based Sentiment Analysis (ABSA) on TripAdvisor reviews 

of three Spanish monuments to detect opinion polarity and focused on results that showed a negative sentiment. 

Further analysis of individual reviews identified the aspects requiring action from cultural managers. 

As user-generated content often contains opinions on multiple aspects within a single sentence, it is crucial to 

detect the target of analysis to ensure reliable results. 

SA can be developed at different levels, specifically at document level to extract the general sentiment expressed 

by a whole document, sentence level to discover whether a single phrase expresses a positive, negative, or neutral 

sentiment, or aspect level. ABSA focuses on identifying exactly what users appreciate or criticise, detecting 

opinion targets within sentences to provide the depth of analysis required for practical applications (Liu, 2015; 

Nazir et al., 2022; Zhang et al., 2023). For instance, in the sentence “Apple is doing well in this poor economy”, 

positive sentiment would be assigned to “Apple” while negative sentiment would be associated with “economy”, 

returning a nuanced sentiment “summary” for the sentence (Liu, 2015). 

ABSA remains a challenging field due to complex linguistic patterns, difficulties in interpreting factual sentences 

that imply opinions, and the lack of sufficient training data for specific domains. Existing systems struggle with 

complex sentences, negation, modality, and accurate opinion target identification. Moreover, each domain requires 

unique lexicons and methods, complicating cross-domain classification accuracy (Liu, 2015; Nazir et al., 2022). 

The introduction of transformer-based pre-trained NLP models such as BERT (Devlin et al., 2019) and RoBERTa 

(Liu et al., 2019) has marked a significant advancement in this field. These models improved specific-design deep 

learning models (Zhang et al., 2023) and revolutionised the world of NLP (Jain, 2022; Pourkeyvan et al., 2024; 

Ravichandiran, 2021). 

BERT, which stands for Bidirectional Encoder Representations from Transformers, was introduced by Google in 

2017 (Devlin et al., 2019). Like other Transformer models (Vaswani et al., 2017), it features an encoder based on 

self-attention mechanisms, allowing it to better capture word relationships and contextual information within 

sentences. Its innovations, including Masked Language Modelling (MLM) and Next Sentence Prediction (NSP), 

have greatly enhanced the model’s ability to understand context. Once pre-trained, BERT can be fine-tuned for 

specific tasks like translation, summarisation, or sentiment classification (Jain, 2022; Pourkeyvan et al., 2024; 

Ravichandiran, 2021). 

These advancements present new opportunities for improving heritage management and decision-making through 

the leveraging of unstructured user-generated content. 

2. RESEARCH AIM 

The present study aims to leverage pre-trained BERT-based NLP models to perform ABSA on user-generated 

content from social network platforms concerning architectural heritage selected from public administration 

records. The primary goal is to develop a standardised methodology for extracting user perceptions specifically 

related to heritage, focusing on architectural aspects such as the physical consistency of the site, its surrounding 
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environment (e.g. gardens), and the possible presence of valuable objects (e.g., furniture, artworks) inside, as these 

may contribute to the overall perception of the asset and its value. These factors were isolated from unrelated 

elements like the building’s function, ensuring the analysis captures the architectural experience more accurately. 

This addresses the current lack of protocols for analysing targeted, topic-specific user feedback. 

The study has twofold objectives, reflected in the following hypotheses: 

▪ Hypothesis 1: ABSA can effectively isolate heritage-specific aspects from user-generated content, 

minimising the influence of non-pertinent factors. This will be demonstrated by comparing the 

distribution of user-assigned ratings on social media, which reflect a global evaluation across multiple 

aspects, with ABSA-derived scores. While the overall perception may show a similar trend, slight 

differences are expected due to ABSA’s focus on architectural aspects. 

▪ Hypothesis 2: Insights provided by the ABSA methodology can enhance existing heritage monitoring 

protocols, supporting experts in detecting criticalities and improving decision-making and resource 

allocation. Discrepancies between expert evaluations of heritage conservation states and ABSA results 

may reveal overlooked issues or areas where public perception offers unique, actionable insights. 

The case study focuses on data concerning historic buildings in the Marche region of Italy, with monuments 

selected from the Central Institute for Cataloging and Documentation (ICCD, “Istituto Centrale per il Catalogo e 

la Documentazione”) records. User-generated content, such as reviews from Google Maps, was collected for 

analysis.  

The ABSA methodology, further detailed in the following sections, involves extracting relevant heritage-related 

words from reviews, segmenting the texts, applying a BERT-based algorithm to analyse sentiment, and calculating 

an overall sentiment score for each monument. 

The paper is organised as follows: Sect. 3 introduces the case study and data sources; Sect. 4 details the proposed 

methodology; Sect. 5 presents the ABSA results and evaluates the hypotheses through comparisons with user-

assigned ratings and official assessments; Sect. 6 provides insights into the potential implications of this research 

for future studies and real-world applications. 

3. CASE STUDY 

The selected case study on which to test the proposed methodology is based on data concerning heritage 

architectures located in the Italian region of Marche. 

Italy is home to a wealth of historic cities and buildings, boasting the largest number of UNESCO heritage sites 

worldwide (UNESCO, n.d.; World Economic Forum, 2020). The region Marche itself is rich in architectural 

heritage, counting more than 1000 monuments, 106 castles, 15 fortresses, thousands of churches and 72 theatres. 

It also has the highest museums-to-population ratio in Italy (Lorenzini et al., 2011; Marche, n.d.). The region 

includes one UNESCO World Heritage site, the historic centre of Urbino (MiC, n.d.), and two UNESCO Creative 

Cities (UNESCO, n.d.): Pesaro for music and Fabriano for crafts and folk art (Letsmarche, n.d.). 

In Italy, the Ministry of Culture (MiC) is the authority responsible for protecting cultural heritage (MiC, n.d.), 

operating through specific peripheral offices (MiC, n.d.; Presidenza del Consiglio dei Ministri, 2021). Among 

these, the Superintendencies for Archaeology, Fine Arts, and Landscape (SABAP, “Soprintendenze Archeologia, 

Belle Arti e Paesaggio”) oversee the conservation and promotion of heritage sites. In the Marche region, the 

SABAP-AN-PU serves the provinces of Ancona (AN) and Pesaro and Urbino (PU), while the SABAP-AP-FM-

MC covers the provinces of Ascoli Piceno (AP), Fermo (FM), and Macerata (MC). These official bodies manage 

heritage conservation on the basis of comprehensive knowledge of the cultural assets in their respective areas of 

competence. 

To manage the extensive number of heritage sites, several platforms have been developed to collect information 

on protected architectures, such as “Vincoli in Rete” (Constraints on the Net) (MiC, DGABAP, ICR, n.d.), “Carta 

del Rischio” (Risk Chart) (MiC; ICR, n.d.), and the “Catalogo Generale dei Beni Culturali” (General Catalogue of 

Cultural Heritage) (ICCD, n.d.). The latter, which stores data in the SIGECweb system (ICCD, n.d.), is particularly 

relevant as it organises information collected by the Central Institute for Cataloguing and Documentation (ICCD) 

(ICCD, n.d.). 
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ICCD is the authority responsible for the collection of data derived from cataloguing campaigns conducted by 

local authorities (superintendence, provinces, etc.) (ICCD, 2023, n.d.), as well as their organisation and control. 

These campaigns document the characteristics of heritage objects, including their state of conservation at the time 

of inspection, a feature that sets the platform apart from others in Italy (Mancinelli, 2018). 

The information is compiled into structured catalogue sheets based on standardised cataloguing systems (ICCD, 

n.d.), which cover not only built heritage but also works of art, archaeological artefacts, musical instruments, 

historic clothing and so on (Mancinelli, 2018). For this study, only “A” sheets (those specific to architecture) were 

considered (ICCD, 2015; Mancinelli, 2018). These catalogued sheets for the Marche region form the initial data 

source for the research, including both administrative data and the architectural objects analysed in the ABSA. The 

complete dataset for Marche’s heritage architecture was downloaded in .json format from dati.beniculturali.it 

(ICCD, n.d.). 

The data were then cleaned to retain only essential information for the study. Irrelevant details, such as land registry 

data or bibliography, were excluded. The final dataset contained the following information for each building: 

unique national identification code (ICCD, 2015; Mancinelli, 2018), denomination, location (latitude and 

longitude), state of conservation, additional notes on the state of conservation (e.g. causes of decay), and the dates 

of both compilation and update of the record. A total of 6835 entries on architectural data were retrieved and used 

as the foundation for the subsequent analysis. 

4. MATERIALS AND METHODS 

The ABSA procedure can be summarised in three main steps: 

▪ Extraction and organisation of user-generated content (Sect. 4.1): user reviews related to the architectural 

sites identified in the case study (from the “A” cataloguing sheets) were collected from Google Maps. 

▪ NLP-based analysis (Sect. 4.2): the NLP tool spaCy was used to detect relevant heritage-related words 

(tokens) within the user-generated texts. These tokens served as “targets” for the ABSA, allowing for the 

identification of relevant sentence segments for further analysis. 

▪ Sentiment Analysis (Sect. 4.3): a BERT-based model was applied to perform SA on the identified text 

segments, which were then aggregated to generate a sentiment score for each heritage object. 

 

These steps will be detailed in the following paragraphs and are illustrated in Figure 1. 

 

Figure 1: Representation of the workflow for the proposed methodology. 

4.1 Extraction of user-generated content 

In the initial phase of the study, architectural sites listed in the ICCD catalogue were selected based on their 

designation as public property, thus ensuring easier access for users. Most of the heritage recorded in the catalogue 

is privately owned, restricting visitor access and, consequently, user-generated content. 
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Google Maps was chosen as the platform for data extraction. It offers a vast repository of user-submitted 

information, including 5-star ratings, optional written reviews, and photos documenting visitor experiences. As 

one of the most popular review platforms, Google Maps has seen significant growth in recent years and has become 

a primary source for real-time information on various locations, including cultural sites (Chen and Chang, 2024; 

Mathayomchan and Taecharungroj, 2020; Murphy, 2018). 

Unlike other platforms, Google reviews are not verified through content control procedures, allowing for the 

inclusion of unfiltered opinions. While this can lead to issues with spam or fake reviews (Liu, 2015) −which can 

be reported and removed if they violate community guidelines (Google, n.d.)− it provides a larger and more diverse 

data set, allowing for a more robust testing of the methodology. 

To match the user-generated content with the catalogued heritage sites, manual searches were conducted on Google 

Maps. The application of automated matching methods proved to be ineffective due to a number of issues, 

including the presence of inconsistent naming conventions (e.g. the use of abbreviations such as “S.” for “Saint”) 

and the occurrence of name changes over time (e.g. the former “bishop's seminary” in Urbino being transformed 

into the “Albergo S. Domenico”). 

Geographic matching by coordinates was also problematic due to errors in the manual entry of latitude and 

longitude in the catalogue. Setting a tolerance radius around mapped points was impractical in historic city centres, 

where buildings are closely spaced, increasing the likelihood of mismatches (see Fig. 2). 

Once the relevant heritage sites were identified, those with user-generated reviews were selected for data 

extraction. Using the Google Chrome extension Instant Data Scraper (UAB Webrobots, n.d., n.d.), information 

from each review was collected, including username, posting date, rating, and review text, which were stored in a 

.json file. To protect user privacy and copyrights, usernames were anonymised and review texts are not presented 

in the original language. 

A total of 70 heritage sites were included in the study, with each having its own .json file. These files were named 

using the unique code from the ICCD’s catalogue sheets (Mancinelli, 2018), allowing for precise matching between 

the two datasets. The complete list of items is provided in the supplementary material (Supp. 1). 

 

Figure 2: Examples of cases of mismatch (red dots refer to ICCD-mapped items, violet dots to Google Maps-

retrieved ones): on the left, the potential error in pairing the objects is due to buildings’ proximity in historic city 

centres, not allowing a match by coordinates; on the right, the impossibility of performing the match is due to the 

different denomination. 

The significant reduction in the number of identified heritage items on Google Maps, from the initial 6835 

catalogued items to 70, can be attributed to two factors. First, the majority of catalogued heritage is privately 

owned, limiting the number of accessible sites. Second, many of the catalogued items are considered “minor” 

heritage, which may not stimulate the public’s interest in visiting the site and leaving a review. This discrepancy 

highlights that the ICCD catalogue includes a broad definition of “heritage”, not always recognised by the general 

public, particularly those without expertise in heritage preservation. Additionally, in accordance with Italian 

legislation, all publicly owned architectural assets that have been in existence for a minimum of 70 years are 



 

 

 
ITcon Vol. 30 (2025), D'Orazio et al., pg. 403 

automatically included on the list of protected properties (D.Lgs. 42/2004 (Bb.Cc.Aa.), 2004) and consequently 

registered in the ICCD catalogue. This regulation increases the likelihood of including more recent heritage (such 

as schools or public offices built around the 1950s), whose value is not always recognised by the general public.  

The use of Google-translated text for SA is a well-established practice in the literature (Foroughi et al., 2023; Li 

et al., 2022; Sergiacomi et al., 2022): in this study, the majority of reviews were written in Italian, while a few in 

other languages were automatically translated by Google to ensure consistency in the dataset. Although 

multilingual SA is possible (Abbasi et al., 2008; Dashtipour et al., 2016; Mountstephens and Quen, 2023), this 

study focused solely on reviews in Italian, either in their original form or translated, to maintain uniformity.  

4.2 Individuation of heritage related words and segmentation of reviews' texts 

This phase of the procedure consists of two sub-steps: identifying heritage-related words in the previously 

extracted review texts and isolating sentence segments containing these words. For this task, the Python library 

spaCy (“Spacy.Io”, n.d.) was employed. 

SpaCy is an open-source NLP library for Python that supports more than 75 languages. The Italian language is 

manageable through the use of specific libraries, such as it_core_news_sm (Explosion, 2024). Among its features, 

it can break sentences into simple units (tokens) and use Part of Speech (POS) tagging to assign labels to each 

token, such as noun, adjective, verb, etc. This facilitates an analysis of the syntactic structure and an understanding 

of the roles that words play in a sentence. 

By combining spaCy with Python’s default Collection module, words functioning as subjects or direct objects 

within the sentences were identified and counted, then ranked from most to least frequent. These words represent 

elements directly associated with expressions of appreciation or dissatisfaction. 

Next, the identified lexical items were manually filtered to retain only those relevant to the heritage domain; an 

example is provided in Table 1. 

Table 1: Example of words (subject and direct objects) retrieved by SpaCy for the church of Portone in Senigallia 

and example of the selection of terms related to heritage. This example was selected for its efficacy in illustrating 

the process of token selection: words related to the building (church, chapel, architecture) were kept, as well as 

terms related to the secondary heritage that may be contained in it (tabernacle, works); other terms such as “pena” 

(sorrow) were kept because of the Italian expressions such as “fare pena” (to suck) or “vale la pena” (it is worth) 

that may appear in sentences. Terms relating to the religious sphere, such as “priest”, “punishment” or “peace”, 

were clearly excluded since they do not concern our interest. 

Heritage building ICCD code List of word (subject and direct object) with frequency (within brackets) – English 

translation by authors 

Parrocchia Chiesa 

del Portone 

1100219443 parish priest (3); church (2); atmosphere (2); title (1); function (1); consideration (1); celebration 

(1); parish (1); theatre (1); lectures (1); vision (1); punishment (1); share (1); chapel (1); 

tabernacle (1); architecture (1); parking (1); works (1); youth (1); favourite (1); confessor (1); 

peace (1); name (1); enchanting (1) 

Selected words 

Building related: church; chapel; architecture 

Works of art/furniture: tabernacle; works 

Users’ expressions: atmosphere; sorrow; favourite; enchanting 

Although it was not possible to establish a universal rule for token selection due to the diverse nature of the 

architecture in question, the following criteria were applied: (i) words related to architectural structures or their 

surroundings (e.g. gardens), (ii) terms referring to historically significant furniture or artworks inside the buildings 

(as they contribute to the overall perception of the site’s value) and (iii) expressions related to visitor actions or 

experiences (e.g. the term “visit,” which helps capture sentences like “worth a visit”). 

Once the tokens were identified and listed for each architecture, they were used to select the relevant segments of 

review texts for SA. Segments were defined as portions of text separated by punctuation marks or conjunctions, 

as these often signal the boundaries of individual thoughts or ideas. 
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Using spaCy on a dataset containing all textual reviews for the heritage sites, punctuation marks and conjunctions 

were identified as separators. This allowed the segmentation of reviews into distinct parts, enabling the 

differentiation between sections related to heritage and other unrelated content (see Table 2). 

Table 2: Example of review texts for the church of Portone in Senigallia. 

Heritage 

building 

ICCD code Selected tokens for the 

individuation of segments – 

English translation by 

authors 

User Example of review – English translation by authors 

Parrocchia 

Chiesa del 

Portone 

1100219443 church; atmosphere; sorrow; 

chapel; tabernacle; 

architecture; works; favourite; 

enchanting 

User_01 Nice place. The church is nice and cosy. There is an 

atmosphere of recollection just entering it. It is a reference 

point for the community. The parish is very active in 

social work. The theatre next door often hosts themed 

conferences. I recommend watching them. It is well worth 

it. 

Selected segments for analysis 

“The church is nice and cosy”; “There is an atmosphere of 

recollection just entering it”; “It is well worth it”   

Segments excluded from analysis 

“Nice place”; “It is a reference point for the community”; 

“The parish is very active in social work”; “The theatre 

next door often hosts themed conferences”; “I recommend 

watching them” 

User_02 7.15 p.m. Sunday Mass. Full of people, priest engaging 

and smart. Singing few and well done. The architecture is 

simple. Outside there lots of parking spaces. 

Selected segments for analysis 

“The architecture is simple” 

Segments excluded from analysis 

“7.15 p.m. Sunday Mass”; “Full of people”; “priest 

engaging”; “smart”; “Singing few”; “well done”; “Outside 

there lots of parking spaces” 

4.3 Sentiment analysis 

Once the heritage-related segments within each review were identified, enabling the application of an aspect-based 

approach, they were subjected to SA using the pre-trained model bert-base-multilingual-uncased-sentiment 

(nlptown, 2020), retrieved from the Hugging Face platform, which offers a wide range of pre-trained models 

(Hugging Face, n.d.). As the name suggests, the model is based on BERT, supports multiple languages (including 

Italian), and does not distinguish between uppercase and lowercase letters. The model was chosen for its ability to 

provide sentiment scores on a 5-star scale, consistent with the ratings given by users, alongside a confidence 

percentage representing the algorithm’s certainty in assigning the score. For the Italian language, using user-

assigned star ratings as the ground truth, the model demonstrated an accuracy of 59%, which rose to 95% when 

the model’s predictions differed by no more than one star from the user’s rating (nlptown, 2020). 

Each review segment was analysed, and a 5-star score was assigned to each. To calculate a single sentiment score 

for the entire review, the average of the segment scores was computed. Once all reviews for a heritage site were 

analysed and individual scores assigned, the overall sentiment score for the monument was determined by 

averaging the scores of all reviews (see Fig. 3). 
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Figure 3: Schematic representation of the process for obtaining a single sentiment score for a heritage architecture. 

Scores of 1 and 2 were classified as negative, 3 as neutral, and 4 and 5 as positive, as the focus was on the overall 

perception of heritage. 

5. RESULTS AND DISCUSSION 

Following the calculation of ABSA scores for all 70 heritage sites included in the case study (presented in Section 

4.1), the results were analysed to assess the validity of the hypotheses defined in Section 2. 

First, the distribution of user-assigned ratings on Google Maps and ABSA-derived scores is compared to evaluate 

hypothesis 1. This comparison aims to highligh differences attributable to ABSA’s ability to isolate heritage-

specific aspects. While overall trends may align, slight discrepancies are expected due to the aspect-based approach 

(Section 5.1). 

Second, ABSA results are compared with expert evaluations of the conservation states of the heritage sites to test 

hypothesis 2. Potential discrepancies between official assessments and user perceptions may highlight overlooked 

issues or criticalities, demonstrating ABSA’s value in enhancing monitoring protocols (Section 5.2). 

5.1 Hypothesis 1: analysing differences between user-assigned ratings and ABSA scores 

The distribution of ratings directly provided by users (user-assigned rating) and the results from the ABSA (ABSA 

scores) were analysed and compared using histograms (Fig. 4). Both graphs show a similar distribution pattern, 

demonstrating the effectiveness of the selected SA model in capturing the overall perception of users from their 

written reviews. A generally positive perception of built heritage emerged, with the majority of ratings at 4 stars. 

However, ABSA results showed fewer 5- and 1-star ratings compared to user-assigned ratings, while 2- and 3-star 

ratings were higher. This discrepancy may be attributed to the aspect-based approach focused specifically on 

heritage, as users may have based their ratings on multiple factors beyond the architectural aspect alone. 

 

Figure 4: Histograms representing the distribution of user-assigned ratings (left) and the distribution of the 

resulting ABSA scores (right). 

Alongside the general evaluation of the entire dataset, a more in-depth analysis categorised the selected heritage 

objects based on their use: directional (4 buildings), fortifications (5), education (4), monuments (1), museums (4), 

productive (1), religious (39), receptive (8), services (1), theatres (2), and private villas (1). The first notable 
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observation from this breakdown is the predominance of religious buildings, particularly churches and 

monasteries, which reflects both their abundance in the region and the strong visitor interest in this type of 

architecture. 

Once again, user-assigned ratings (only those linked to textual reviews, with non-textual ratings excluded from the 

mean) were compared with ABSA results to identify discrepancies (corresponding histograms can be found in 

supplementary material Supp. 2). The most significant discrepancies, where no alignment was observed between 

user ratings and ABSA scores, occurred in the categories of productive, services, and private villas—each 

represented by only one item (Fig. 5). These items are the former Mancini Furnace (“ex fornace Mancini”) in 

Pesaro, the Mail Palace (“palazzo delle Poste”) in Ancona, and Villa Vismara in Pesaro (Fig. 6). 

 

Figure 5: Histograms representing the distribution of ratings directly assigned by users (left) and the distribution 

of the resulting scores of the ABSA (right) for Services, Productive and Private villas categories. 

Starting with the Mail Palace, which had the lowest rating, the shift from a 1-star user rating to a 2-star ABSA 

score can be attributed to the aspect-based approach. However, a closer examination of the text reveals that, even 

when selecting target words (e.g., “war” and “place”), the reviews primarily address complaints about the postal 

service, which is not relevant to this study. 

In contrast, the discrepancies for the Mancini Furnace and Villa Vismara are more complex. Both buildings 

received high user ratings, averaging respectively 4 and 5 stars, while the ABSA yielded more neutral evaluations 

of 3 stars. For the Furnace, there were two reviews: one user gave it a 3-star rating, citing the need for 

redevelopment, while the other, alongside a 5-star rating, described the experience of entering an abandoned site. 

The latter review highlights the appeal of ruins and abandonment, which likely explains the divergence between 

the user’s high rating and the ABSA’s neutral interpretation of the text. 
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For Villa Vismara, three reviews were given, all with 5-star ratings. Upon analysing the textual content, two 

reviews clearly express appreciation, while the third simply asks about the building’s opening status (opening 

issues also appear in another review). The SA model interpreted this question as a neutral, objective statement, 

which led to a lower overall score. The corresponding reviews are presented in Table 3. 

Table 3: Reviews for ex fornace Mancini and Villa Vismara. 

Heritage building User User-assigned 

rating 

Text of review – English translation by authors 

Ex fornace Mancini User_01 5/5 Together with hiddenname01 and hiddenname02, I went to explore the disused 

Mancini furnace. The plants - unfailing brambles - laid siege to the ruins. We do 

not give up and make our way through the thorns and mosquitoes. We reach an 

opening that is not too high, we pass through it and we are inside. 

User_02 3/5 A ruin awaiting targeted redevelopment. 

Villa Vismara User_01 5/5 Private villa, not open to the public. Very beautiful! 

User_02 5/5 Is it open? 

User_03 5/5 Nice place 

 

Figure 6: Left image: the former Mancini furnace, Pesaro, belonging to Productive category; right image: Vismara 

Villa, Pesaro, Private villas category. 

In addition to using histograms for analysing the distribution of average user ratings and ABSA scores for each 

heritage item, boxplots were also employed. These graphs illustrate the distribution of ratings and ABSA results 

for individual reviews, providing insights into the variability and range of evaluations. Both graphs indicate an 

overall positive perception of heritage items, although the ABSA results show a slight tendency towards more 

negative and dispersed outcomes. This suggests that the ABSA tool captures a broader range of opinions, 

potentially less influenced by extreme views compared to user ratings. This observation is supported by the greater 

presence of outliers in the rating graph. A more in-depth analysis, categorised by the destination of use, further 

highlights the wider variability of ABSA results, which tend to skew towards lower scores. Both the general and 

categorised representations are included in the supplementary material attached to this article (Supp. 3). 

5.2 Hypothesis 2: discrepancies between user perceptions and expert judgements 

Final considerations involved comparing user ratings and ABSA results with the state of conservation recorded in 

the ICCD catalogue sheets to evaluate the utility of the proposed methodology in supporting professionals in 

heritage management and detecting criticalities. This comparison allowed for an evaluation of user perceptions 

alongside expert assessments by heritage technicians. 

For the purposes of this analysis, the judgements on the state of conservation, user ratings, and ABSA results were 

grouped into three categories reflecting sentiment polarity (positive, neutral, and negative), without specifying 
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intensity. Classifying the expert judgements, however, was more complex due to the subjective nature of the terms 

used to describe the state of conservation. No standardised guidelines define these terms, making it relatively 

straightforward to distinguish between “good” and “bad” states of conservation, but more challenging to 

differentiate terms like “minor damage” and “discrete”. The adopted classification is detailed in Table 4: Positive 

labels were straightforward, including only “good” and “excellent.” Descriptions indicating ongoing work were 

marked as neutral, as were terms like “discrete”, which did not explicitly convey a positive or negative sentiment. 

The negative category encompassed terms referring to damage and collapse, as well as “bad”, “very bad” and 

“mediocre”. The term “ruin” was also included in this category, interpreted as a synonym for “collapsed” in the 

context of a conservation assessment. However, this interpretation is open to debate, as a ruin may have cultural 

or historical significance and be in an optimal state of conservation despite its dilapidated appearance (Picone, 

2012). 

Table 4: Categorisation into positive, negative and neutral of the ICCD recorded state of conservation, users-

assigned rating and results of ABSA. 

Polarisation Colour ICCD state of 

conservation 

User-assigned rating ABSA score 

Positive Green Excellent 4, 5 

 

4, 5 

Good 

Neutral Yellow Discrete 3 3 

Absence of damage 

Work in progress 

Under renovation 

Negative Red Minor damage 1, 2 1, 2 

Moderate damage 

Medium damage 

Damage of moderate 

level 

Mediocre 

Bad 

Very bad 

Severe damage 

Very severe damage 

Partly collapsed 

Ruin 

Collapse 

Collapsed 

The distribution of heritage into negative, neutral, and positive categories (based on technician-assigned 

judgements of conservation, user ratings, and sentiment scores from the ABSA) was analysed and recorded in 

Figure 7. A quick examination of the data reveals that the most negative assessments come from the catalogue 

reports, where the number of negative evaluations is nearly equal to the positive ones. 

In contrast, the distributions reflecting user perceptions (user-assigned ratings and ABSA results) show a 

significantly more positive outlook, with the majority of items falling into the positive category, far outnumbering 
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the neutral and negative ones. The differences between user ratings and ABSA results, which can be attributed to 

the more nuanced nature of the SA, have already been discussed. 

 

Figure 7: Histograms reporting the distribution of heritage buildings into positive, negative and neutral 

categories, according to Table 4: technician-assigned judgement on the state of conservation (left), user-assigned 

ratings (centre) and resulting score of the ABSA (right). 

Subsequently, the selected heritage sites were geographically mapped based on the coordinates extracted from the 

catalogue sheets, with each site assigned a colour corresponding to both the expert evaluations and user perceptions 

(Fig. 8). 

 

Figure 8: Maps picturing the position of heritage on the regional territory and their corresponding ICCD state of 

conservation (left), rating directly assigned by users (centre) and resulting scores of ABSA (right). Green markers 

represent positive connotations, yellow markers neutral and red markers negative ones, according to Table 4. 

Technician evaluations depict a more negative conservation state, particularly in the southern areas and hinterlands, 

while user ratings and ABSA results portray a generally more optimistic view. The ABSA results, however, show 

greater variability, with more neutral cases scattered across the region, underscoring its ability to capture diverse 

perceptions. 

An analysis of the notes in the “Specific Indications” section (STCO) of the ICCD catalogue sheets, providing 

additional context for the “State of Conservation” (STCC) assessment, revealed that most of the negative cases 

were related to damage caused by the 2016 earthquake in central Italy (Reluis, n.d.). A closer examination of 

individual cases revealed instances where the state of conservation was recorded as negative in the catalogue 

sheets, but user perceptions were found to be positive due to restoration and refurbishment projects carried out 
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after the sheets were compiled or updated. This discrepancy highlights the need for more frequent cataloguing 

campaigns (Fig. 9). 

Conversely, two cases emerged where a positive technical assessment was met with negative user ratings and 

ABSA scores. These cases involved the Mail Palace in Ancona and the city cemetery of Pesaro. In the case of the 

Mail Palace, the negative perception stemmed from the building function, as discussed in the previous Sect. 5.1. 

For the Pesaro cemetery, an analysis of individual reviews revealed reports of structural damage and the need for 

maintenance (Table 5). The corresponding catalogue sheet, dated 2004, further underscores the need for updated 

assessments. 

 

Figure 9: Castel di Luco (di Luco Castle), in Acquasanta Terme (Ascoli Piceno), ICCD code number 1100060612, 

date of compiling 1994, date of updating 2018: the castle under works of repair of damages and refurbishment, 

started after 2018 (left), and the castle today (right). 

Table 5:  Reviews for the city cemetery of Pesaro, selected among the ones pointing at damages in the complex and 

highlighting the necessity of maintenance interventions. 

Heritage building User User-assigned 

rating 

Text of review – English translation by authors 

Cimitero San 

Decenzio 

User_01 1/5 Cemetery in a pitiful condition, the new part needs constant work due to 

infiltrations, not to mention the old one taken by storm by pigeons that defecate on 

so many tombstones, in addition to the poor maintenance (see sinks always 

clogged) 

User_02 1/5 IT IS IN INDECENT CONDITION: ESPECIALLY THE FLOWER PAVILION, 

THE LAST ONE BUILT, WHERE IT STILL RAINS INSIDE: they are the mirror 

of those who govern us, incapable of spending public money: all the last works 

have been resolved with compressed chipboard panels and painted with water-

repellent paints that are already A disgrace of a poorly constructed place with the 

new pavilions in a pitiful state, after the charge they demand for burials there needs 

to be an internal shuttle to reach the various entrances from the many areas that are 

cordoned off due to the risk of falling materials. 

User_03 1/5 Is it open? 

User_06 5/5 Central, expanding but poorly maintained cemetery. The old part is very much in 

decay. 

6. CONCLUSIONS 

The continuous care of architectural heritage, based on a “preventive” rather than “curative” approach (Moioli et 

al., 2014; Della Torre, 2023), and supported by regular monitoring, is of crucial importance for the proper 

conservation of cultural heritage and allocation of resources. 
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This study presents a novel methodology that utilises NLP and ABSA to improve the monitoring and management 

of architectural heritage. By leveraging user-generated content from Google Maps this approach allows the 

integration of dynamic, real-time feedback into conservation strategies, addressing current limitations in traditional 

monitoring protocols that often rely on outdated, static catalogue sheets. By systematically identifying 

discrepancies between expert and user evaluations, this study demonstrates how integrating user-generated 

feedback can inform the prioritisation of restoration efforts and the refinement of conservation strategies. This 

methodology provides a framework for evidence-based decision-making and ensures that resources are allocated 

more efficiently, addressing real-time needs highlighted by public perceptions. 

The case study focused on reviews of 70 heritage architectures in Italy’s Marche region, selected from the ones in 

the General Catalogue of Cultural Heritage, managed by the ICCD. The data were subjected to an ABSA to focus 

specifically on architectural aspects, excluding comments unrelated to the monument itself. 

The first key result of the ABSA methodology showcased an overall positive perception of the architectural 

heritage in the Marche region. In accordance with the hypothesis 1 formulated in Sect. 2, compared to directly 

user-assigned 5-star ratings, the model returned more nuanced perceptions and slightly lower scores. This is likely 

due to the aspect-based approach, as users may have given more “extreme” ratings also based on non-architectural 

factors, while written reviews tend to reflect a broader range of opinions. 

Secondly, an in-depth analysis of specific monuments gave insights on user preferences, such as the appeal of 

ruined or abandoned architectures.  

A novel aspect of this study is the comparison between expert assessments, recorded in ICCD catalogue sheets, 

and user perceptions from online reviews. The comparison thus highlighted discrepancies: in some cases, expert-

assigned negative evaluations were met with positive user feedback, often for sites that had undergone restoration 

following the 2016 earthquake that were not recorded in the catalogue. Conversely, there were instances where 

users complained about damages to assets that had been rated positively by experts in catalogue sheets dating back 

up to 20 years. This analysis underscores the outdated nature of some catalogue records and illustrates how 

discrepancies between expert assessments and user feedback can lead to misallocated resources. For instance, 

funding may have been reserved for earthquake-affected monuments that no longer require attention, while critical 

sites—such as the cemetery noted in this study—remain overlooked despite evident public concern. 

This study introduces a new, straightforward methodology for conducting ABSA on unstructured data from social 

media platforms. The analysed heritage assets were matched to entries in the ICCD catalogue, allowing for a 

comparison of expert and user perspectives. From a technical standpoint, the potential of the model was confirmed, 

and critical gaps in current monitoring strategies were identified, particularly the need for more frequent archiving 

campaigns. Discrepancies identified in the comparison reveal how outdated catalogue records can lead to resource 

misallocation, with funds directed to sites that no longer require attention while more critical assets remain 

underfunded. By integrating ABSA with user-generated feedback, this approach bridges the gap between static 

records and real-time needs, ensuring that restoration priorities better align with evolving public perceptions and 

site conditions, thereby supporting evidence-based decision-making, in accordance with hypothesis 2 (Sect. 2). 

Future research could focus on refining the model, especially in selecting target words and identifying relevant 

text segments. More efficient NLP models could be developed or adapted to better segment text, incorporating 

rules grounded in Italian grammar to enhance precision. Additionally, the development of a system to automatically 

compare catalogue data with user-generated content on platforms like Google Maps is recommended. This could 

involve defining more robust name-matching rules between the datasets, as well as improving coordinates-based 

methods for greater accuracy. Expanding the analysis to other social media platforms, such as TripAdvisor—

designed specifically for visitor reviews and recommendations—could also provide richer insights into public 

perceptions and preferences. 

From a cultural perspective, other than complementing traditional safeguarding efforts and improving the 

efficiency of resource allocation, this methodology promotes a more inclusive, participatory model of heritage 

management, enhancing both conservation efforts and civic responsibility (Petraroia, 2014). 
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