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Abstract


Europe faces a situation where housing represents the main savings for most of the population, while the majority of homeowners are seniors aged over 65. The desire to supplement pensions has led to a growing interest in generating income from these savings, with bare ownership emerging as a notable option. This solution makes it possible to transfer the ownership of the home while maintaining usufruct rights for the duration of the owner’s lifetime. This paper examines the status of bare ownership in the city of Rome by web scraping the house offers published on web portals and segmenting those offered as bare ownership. Machine learning analysis based on neural networks and binary logit regression allows for the observation of the particular behavior of the housing supply in bare ownership; it shows the different intrinsic and extrinsic characteristics that determine this Real Estate segment. The findings highlight the development of a growing market strongly influenced by the location of assets. These findings provide valuable insights for both investors and urban planners regarding changes in urban dynamics processes.
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1. Introduction


Owning a home remains an important aspiration for many European citizens, as it provides a sense of stability and security that can be difficult to replicate through renting. In different European Union (EU) member states, there is significant variation between the number of households living in a rented house and those who own the house they live in. In 2022, the majority of the European population (69 percent) lived in a household that owned its home, and, in all member states except Germany, ownership was the most common condition. The highest shares of the population living in a household owning their home were observed mainly in Eastern European countries—Romania (95 percent), Slovakia (93 percent), Croatia (91 percent), and Hungary (90 percent)—while, in countries with higher levels of social rented housing, the share of tenants was much more significant—Germany (53 percent), Austria (49 percent), and Denmark (40 percent). In Italy, 74.3 percent of the population lives in an owner-occupied home [1]. For Italians, a home is a safe haven, particularly after the experience of COVID-19 (91.9%), and it also reflects their identity and personality (83.1%). Homeownership is not exclusive to the wealthy: among the poorest fifth of households, 55.1% own the home they live in, with the percentage rising progressively to 83.9% among the wealthiest. Italians find reassurance in owning their home (89.7%) and express a desire to help their children or grandchildren purchase their first home (54.5%), as owning property remains the cornerstone of economic and existential security [2].



In addition to constituting the largest percentage of household wealth portfolios, a significant portion of homes in many European countries (among them Italy and Spain) are owned by people over 65 who seek to obtain liquidity from the savings invested during their lifetime in the purchase of a home, either to meet their daily needs, to address the challenges of covering property maintenance costs, or for tax reduction purposes. Through the sale or donation of the bare ownership of their home while retaining the right to remain in the property until their death.



The real estate market is segmented and not perfectly competitive, information on prices, quantities, and characteristics of residential units is often lacking and uneven among different sources of information. Residential property values and, consequently, buying and selling prices, are determined by many factors related to the heterogeneity and spatial fixity of individual residential units. Real estate properties are not homogeneous economic goods [3] and exhibit a dual nature of consumer durables (direct utility) and capital goods (indirect, instrumental utility). In the long run, these values may be correlated with people’s income. Buying a home in bare ownership represents, for the buyer, a “pure” investment, as the purpose is not to acquire the property for direct use but for indirect profitability based on objective comparisons of convenience with alternative investments. Thus, in the bare-ownership market, long-term investors are generally present. In fact, the term “Bare Ownership” refers to the purchase and sale of a property for which the buyer acquires the ownership, but not the right of usufruct in that the seller remains entitled to freely enjoy the benefits associated with the property for life or for a certain period of time, with the obligation to retain the substance of the property. The purchaser will obtain, according to current legislation in many European states, tax relief and gain full ownership of the property at the end of the period of usufruct provided for in the contract or with the natural death of the usufructuary and thus with the consolidation or reunification, in the head of the same person, of the two qualities of usufructuary and owner. It is worth noting that this type of limited ownership can apply to any economic asset, whether it is a movable asset, a corporate share, or a residential, commercial, or industrial property. However, it is generally more commonly associated with residential properties.



The value of the property in bare ownership is determined by the difference between the market value of the dwelling in full ownership and the value of the usufruct, taking into account the characteristics (often referred to in the literature as influencing factors, variables, or attributes) intrinsic (endogenous, structural, specific to the housing unit) and extrinsic (exogenous the housing unit, i.e., related to the context in which it is located) that contribute to its appreciation in the market. In fact, the market value of housing units is represented by the willingness to pay a price in which spatial, geographic, urban, locational, structural, temporal, social, and environmental factors are incorporated that express marginal utility as an implicit price. For this reason, the market value of a bare property can differ significantly from the commercial value of the property in full ownership, not only in cases where the seller is very old.



The market for bare-ownership residential apartments represents a particular market segment, which, although not particularly large, attracts significant interest from buyers and sellers. It is also consistently monitored by real estate buying and selling agencies, banks, and the state, especially for tax purposes.



Over time, more conventional methods of determining the most probable purchase and sale price of real estate, such as those based on hedonic pricing theory and utilizing multiple regression analysis (MRA) and its refinements through the use of Geographic Information Systems (GISs), which enable the identification and evaluation of spatial effects [4] and so-called big data, which facilitates quick access to a large amount of market information, many different methods based on Machine Learning (ML) and Artificial Intelligence (AI) have emerged. All the different variants and combinations of these methods that have been developed over time relate real estate characteristics (independent variables) to house price (dependent variable) and have been studied and applied mainly in relation to residential units in full ownership apartments, and only in rare cases for bare-ownership housing apartments.



The study of bare ownership takes particular interest in the case of Rome due to its ongoing growth as an investment model, as well as its context of population aging. Similarly, it is noteworthy that previous studies specifically related to bare ownership have focused on other Italian cities such as Milan [5] or Naples [6], which serve as a basis for comparative analysis. Thir research focuses on analyzing the characteristics referred to residential condominium units placed for sale in the open market by examining differences between the general housing market with respect to those offered under the bare-ownership model, studying the differences derived from the existence of both intrinsic and extrinsic attributes that constitute it. In the materials and methods section, aspects related to the value of bare-ownership properties, the type of demand and supply of bare-ownership housing units, and a concise overview of the methods used to determine the value of full and bare-ownership housing units will first be explained; subsequently, the methodology and data used for the analysis are first described and then the empirical results are presented. The discussion and conclusion section highlights the main results and suggests potential extensions for future research.




2. Materials and Methods


2.1. Real Estate in Bare Ownership


In the civil codes of several European states (Italy, France, Germany, Spain, the Netherlands, Greece, Switzerland) the regulation of usufruct and bare ownership does not differ substantially [7,8].



In Italy, from the moment the right of usufruct is established, all tax burdens fall on the usufructuary, who must also pay for the ordinary and extraordinary maintenance of the property. However, this is not the case with the right of habitation. The registration tax to be paid at the time of the real estate transaction must be covered by the usufructuary or the owner of the right of abode. This tax is calculated on the value of the property or right at the time of the deed. For such tax purposes, in some European countries (e.g., France, Spain, Italy), to determine the value of the property in bare ownership, there is the application of coefficients of reduction of the “ordinary” market value of the property, established by law in an aggregate manner for the entire nation in relation to the age of the seller and a “preordained” discount rate, which is almost always disconnected to the specific market context in which the apartment is offered for sale/purchase. This implies that, for the estimation of this value for tax purposes, local factors affecting the actual value of the bare property are not considered. It should also be borne in mind that, given the inverse relationship between market value and the discount rate in income capitalization, even small changes (up or down) in the discount rate can result in significant changes in the assessed value. So, the bare-ownership purchase of a property is regarded as a form of speculative investment; for this reason, lending institutions associate it with a higher risk of default and consequently generally require additional guarantees for approving any loan for the purchase of this type of property as well as the presence of a guarantor. The greatest risk for the banks is related to the possible insolvency of the buyer and the inability to recourse to the usufructuary, who cannot be evicted throughout their lifetime. The terms of the mortgage for a bare property are therefore different from those for the purchase of a property bought and sold as a whole. Consequently, the rate charged will almost certainly be variable and is often also of shorter duration and is typically higher than that of a mortgage granted for the purchase of a property in full ownership. Thus, the purchase of real estate in bare ownership can be considered advantageous and attractive, especially for those who can make real estate investments by having sufficient funds available that they do not have to resort to the mortgage, or those who prefer to bear the expense of buying the property with their own assets by installment.



The value of real estate in bare ownership is thus connected not only to the intrinsic or extrinsic characteristics of the residential property but also to the duration of the reservation of enjoyment of the property (usufruct, habitation) in favor of the seller. When this reservation is lifelong (life annuity), the value of the property must be determined considering the life expectancy of the beneficiary of the right. Life expectancy at a given age is the mean additional number of years a person of that age can expect to live, assuming current mortality conditions persist throughout their lifetime [9]. It is calculated using Mortality Tables by age and can vary due to many factors, for example, gender or even environmental background, so it can differ by geographic area. These data are published by the Central Statistical Offices of each state and at the European level by EUROSTAT.



Bennett et al. [10] examined changes in the resident population of London as a mechanism underlying the relationship between house price dynamics and life expectancy. Their study highlighted that, over the period under consideration (2012–19), significant increases in life expectancy had occurred where house prices were already high or in areas where house prices had risen the most. The research also emphasized a strong relationship between house prices and life expectancy, taking into account socioeconomic factors, housing conditions, and the singular characteristics of urban spaces.



Consequently, in determining the most probable market value of the residential property offered in the bare-ownership market, it is necessary to consider not only the characteristics of the property but also the profile of the potential seller and the socio-economic context in which the property is located both from the point of view of spatial characteristics and the profile of buyers and sellers.



However, the value of a residential property in bare ownership will certainly be lower than that of a property in full ownership. This allows the seller to access capital that can help them to continue to meet his and his family’s daily needs, maintain a certain standard of living, or even have the capital to support his children in the purchase of their home or in starting a business. In fact, a seller who transfers their property in bare ownership can benefit from immediate monetary liquidity, or distributed over time, while retaining the right to live in the house in which it is located as well as the right to rent it out and continue to collect the rental income.



A detailed analysis of the theoretical and methodological developments in estimation procedures adopted in real estate valuation to determine the value of residential apartments in full ownership can be found in several articles. These articles, published between 2019 and 2024, conducted a bibliometric analysis of research related to approaches, methods, and models in which HPMs are used from time to time [11], including the Mass Appraisal Models [12,13] and artificial intelligence methods, which are often used in conjunction with more traditional methods as well [14,15]. By contrast, research related to bare ownership remains limited.




2.2. Demand and Supply of Bare-Ownership Properties


In general, the transfer of home ownership in the form of bare ownership is typically carried out by “vulnerable” individuals: elderly, low-income, and/or retired, and in households of one or two people and/or with the presence of people with disabilities who need money to live.



In Italy, according to an analysis carried out by the Tecnocasa Group’s Study Office on bare-ownership sales made in the first half of 2023 by Tecnocasa and Tecnorete affiliated agencies [16], sellers of bare-ownership properties are mostly people living alone. Specifically, 65.5% of sellers are single, widowed, divorced, and separated. In 75.0% of cases, sellers are over 65 years of age. A total of 65.5% of those who sell do so to raise cash, to maintain a certain standard of living, or to meet needs related to advancing age and sometimes to support their children in buying a home. A substantial share (60.7 percent) of bare-ownership purchases and sales is increasingly aimed at investment to be maintained over time (in 2022, it was 58.8 percent). In bare-ownership purchases and sales, the most prevalent property types are two-room, three-room, and four-room apartments, with percentages all hovering around 25 percent. As a result of the advanced age of owners, who often have low incomes and live in dated housing, properties sold in bare ownership predominantly fall into low energy classes (E–F 77.8 percent) and are generally in poor condition. According to the Italian Revenue Agency’s Real Estate Report 2023 (referring to the residential sector), in 2022, bare-ownership transactions in major Italian cities were dominated by Rome (about 34 percent) and were, on the whole, on average, up by +4.7 percent compared to 2021. In 2022, at the national level, they represent a small share (3.4%) of the total number of homes bought and sold slightly higher than in 2021 (+0.4%). A comparable trend is observed in Spain, where bare-ownership purchase and sale transactions grew between 2021 and 2022 by 23.7 percent, reaching 1657; this high growth is nevertheless incipient, representing 0.4 percent of total real estate transactions in the country [17].



As can be seen from an examination of the numerous for-sale ads on the websites of many real estate sales agencies, international and otherwise, some specializing precisely in the buying and selling of this type of residential unit, interest in the sale/purchase of bare-ownership properties, located in both major cities and tourist resorts, is substantial and growing, and comes from both foreign and local investors.



Regarding the market’s supply and demand dynamics, it is worth noting that this situation fits within the growth of the concept of the financialization of real estate [18], a process by which homes are acquired both by companies and individuals for real estate investment purposes [19,20]. Bare ownership is positioned as a long-term option, where it is expected that the discount on the purchase price will cover the investment costs as well as the expected return on capital, potentially transforming a home for the sellers into a financial asset for the buyers. The resulting profitability is highly dependent on political decisions, as changes in fiscal policy directly affect its costs in the short term, and monetary policy can significantly influence changes in housing value.




2.3. Approaches to the Dynamics of Housing Price Formation in the Real Estate Literature


A review of the international literature, carried out on the bibliography search engines Scopus and WEB of science and on the Internet, shows that the market for bare ownership is poorly studied. This gap pertains both to its dynamics related to residents’ life expectancy, the characteristics of properties sold under bare ownership, and comparison with those in full entitlement. In general, articles on this topic deal with legal aspects referring to the rights of bare ownership and usufruct [21,22] or issues associated with the transfer of bare ownership of real estate by “vulnerable” individuals who need to liquidate part of the wealth accumulated in the dwelling house [23].



References to bare ownership are also found in articles dealing specifically with housing taxation and lifetime gifts. In particular, two OECD surveys [24,25] show that, in many countries (Finland, France, Germany, Greece, Hungary, Italy, Luxembourg, Slovenia, Spain, and the United States), real estate gifts are restricted to individuals who own secondary property or those employing strategies such as trusts and the separation of bare ownership and usufruct to donate their primary residence during their lifetime there can be a significant tax advantage because gift taxes apply only to bare ownership (i.e., the value of full ownership minus the value of usufruct) and no further tax applies when the donor dies and the beneficiaries receive full ownership. This implies that donations of bare ownership (while the donor retains the usufruct) could allow households in the middle of the wealth distribution, whose wealth is usually tied to their home (illiquid), to take advantage of inter-vivos donations, which could be easier for wealthier households that usually hold more financial (liquid) wealth.



Among the only authors who specifically addressed the topic of real estate valuation of bare-ownership residential units are Tajani and Morano; these authors proposed the following: (i) In one article, a tool for estimating bare ownership was developed, starting on the same database and referencing the same explanatory variables for the price of bare ownership, two estimation models were implemented, one based on hedonic prices theory and another using artificial neural networks (ANN), in order to compare the respective performance (85 residential apartments located in the Magenta district of the city of Milan sold) [5]. (ii) In two other articles, one focused on a dataset consisting of residential apartments sold in two Italian cities, Naples (150 apartments in the Vomero district) and Rome (Trieste district, 140 apartments), [26] and the other, in which the dataset consisted of 50 apartments sold in the Chiaia neighborhood of the city of Naples [6], a multiple regression analysis was used to estimate the hedonic prices and weights of the explanatory variables, specifying the estimation function of the bare-ownership price and the average depreciation rate determined by the usufruct as well as to compare these coefficients with those established for tax purposes in order to show their agreement or discordance.



On the other hand, there is extensive scientific literature that has investigated the explanatory variables (intrinsic and extrinsic characteristics) that determine the market value of residential properties in their full disposition at the time of their entry into the market. This has been achieved by applying well-established and conventional econometric models based on the application of the Hedonic Price Method (HPM) by Hass [27], further refined for property valuations by Rosen [3] and implemented through the development of several multiple regression analysis (MRA) techniques [28] and also through many different mass appraisal models [12]. This statistical method analyzes and predicts real estate value (dependent variable) on the basis of two or more other relevant attributes (independent variables) referring to the intrinsic and extrinsic characteristics of homes that reflect the preferences of the players in the market. Such models have also been refined over time with the use of GIS, which enables the identification and evaluation of spatial effects, and with the availability of Big Data. Big Data facilitates easy access to a large amount of market information, leading to the development of increasingly popular machine learning approaches and to more accurate analysis and prediction of house prices based on their attributes. The literature also notes that many scholars have been able to integrate the hedonic pricing approach with spatial econometric models [29]. For example, Wittowsky et al. analyzed the most important factors determining house prices in Dortmund (Germany) comparing an ordinary-least-squares regression (OLS) and a spatial lag model and testing which model better explains residential housing prices [30].



Jayantha and Oladinrin (2019) conducted a bibliometric analysis of 269 articles (published between 1970 and 2019) on Scopus, highlighting the significance of the HPM in housing research [11]. Sirmans et al. [31] provided a review of the literature on HPMs published in real estate journals from 2005 to 2021; a total of 252 studies were reviewed highlighting that the real estate modeling is highly diverse. This includes spatial and geospatial autoregressive models, difference-in-difference models, quantile regression, and other advanced techniques.



With the increasing development of Artificial Intelligence (AI) algorithms, Machine Learning (ML), Geographic Information Systems (GISs), and the availability of Big Data, more innovative models have emerged, frequently integrating these tools with traditional approaches.



Numan and Yusoff [15], in their bibliometric review of real estate appraisal methods on Scopus, analyzing papers published on this topic during the period 2019–2023, highlighted that, among the model-based methods, two subcategories can be distinguished: (1) functional form-based models primarily including linear regression (LR) and Geographically Weighted Regression (GWR); (2) non-functional form models, further divided into (2.1) machine learning models, which comprise tree-based models like decision trees (DTs), random forest (RF), Gradient Boosting (GB), and Extreme Gradient Boosting (XGBoost), as well as methods like K-nearest neighbor (KNN), support vector machine (SVM), and (2.2) deep learning encompasses artificial neural networks (ANNs). These are issues that have been explored in more depth in the literature [28,32].



The potential of all these models is widely recognized, but their limitations are equally widely well-known. The shortcomings of conventional models based on hedonic techniques are related to several issues, including problems with specifying the functional form of the dependent variable, spatial heterogeneity, spatial autocorrelation, changes in housing quality, multicollinearity between feature variables, and outlier samples, and heteroscedasticity which can lead to biased estimates and seriously compromise the reliability of the results obtained [12].



Machine Learning (ML) techniques are recognized as having high potential but are often considered “black boxes” in that they do not provide a clear explanation of how the output values were generated and often also how (if) the input variables were chosen, so they produce results that are not always clear in interpretation. Rico-Juana and Taltavull de La Paz point out that predictive ML models, while not always easy to understand, are more accurate in their results because they are able to intercept nonlinear relationships between input and output variables, unlike classical multiple linear regression models, such as Least Absolute Shrinkage and Selection Operator Regression (Rigde) or Least Absolute Shrinkage and Selection Operator (Lasso), which allow easier data processing and interpretation of results, but assume only linear relationships in the models. These authors particularly emphasize that ML models based on neighborhood criteria (e.g., kNN) or on the construction of a single decision tree (e.g., Decision Tree) [33] allow easier and more transparent interpretation of the algorithms, in contrast to those based on multiple decision trees (e.g., Random Forest, XGBoost, and CatBoost) or on artificial neural networks (e.g., Multilayer Perceptron), which rely on algorithms that are more difficult to interpret (black boxes) but generate results that are considered better [34].



At the same time, Hoxha, in examining the efficiency of applying ML techniques in forecasting real estate prices, investigates the prevailing belief in the greater predictive power of neural networks, linear, nonlinear, and artificial (ANNs), highlighting the potential overestimation of their effectiveness [35]. Some authors demonstrate that integrating AI models with traditional forecasting models can, on the one hand, provide appraisers with a more robust set of information on property performance and, on the other hand, assess the impact of environmental externalities on property value [36,37].



Other authors, noting that there is a significantly large number of articles that adopt more traditional machine learning approaches to predict housing prices, neglecting the less popular but more complex models and without analyzing the performance of individual models, have shifted their focus to comparing these approaches [28,36].



This aligns with Numan’s observation [15] that, regarding the wide range of real estate appraisal methods, no single method can be considered superior, as each has its strengths and weaknesses, and, collectively, they demonstrate efforts to improve the accuracy of real estate appraisal performance; in general, traditional methods remain a basis for other approaches, and AI techniques, which are the most commonly used in recent years, are achieving higher levels of accuracy. Moreover, the proposal of explainable artificial intelligence (XAI) seeks to address the problem of “black boxes” caused by difficulties in the interpretability of output data.




2.4. International and Italian Data on Housing Price Formation


In most articles, the different methods are evaluated based on their performance, either through the use of evaluation metrics or by comparing the results obtained by the implemented method with those of other methods; interpretability, availability of data, and evaluation metrics are used in the application of the different methods, often involving comparing them with each other to assess relative performance.



Although most research investigating the influence of various intrinsic and extrinsic factors on real estate market price formation has relied on actual transaction prices, a significant number of studies have utilized data on listing prices gathered from real estate brokerage websites [29,38], and, in some cases, these datasets are combined [39]. These data are often collected from online real estate service platforms, which provide a wealth of information on property listings for sale and rent. This approach is particularly common in countries where access to real estate transaction information is highly restricted (e.g., Italy and Poland) as well as developing nations. Sale prices are often unavailable, difficult to obtain, and/or lack a comprehensive description of a property’s characteristics [39,40,41]. In particular, in Italy, the Revenue Agency, through the Real Estate Market Observatory (OMI) [42], provides semi-annual average valuations for each designated homogeneous territorial area (OMI zone) into which each Italian municipality is segmented, offering a range of value (market and rental) minimums and maximums, expressed per unit of surface area (EUR per square meter), locations by type of property (residential, commercial, tertiary, and industrial), and states of conservation related to ordinary property units. It is possible to consult the valuations based on semester, Province, Municipality, OMI zone, and usage category using the textual search (starting from the first semester of 2006) [43] or the map-based search through the GEOPOI territorial navigation service [44] (limited to the last published semester and only for 7890 municipalities), through which the vector perimeters of the OMI zones can also be downloaded free of charge.



Only since December 2019 has the OMI made available the consultation of data relating to the amounts declared in real estate transactions for consideration, derived from the models for the Unified Compliance of transcription, transfer, and registration of sales deeds, relating to real estate units registered in the Real Estate Cadastre transferred entirely and for ownership rights (therefore, excluding acts in which other types of rights are transferred, such as, for example, bare ownership, usufruct, surface rights, right of habitation, etc.), potentially along with land parcels [45].



Thus, as of 2024, it is possible to view properties sold on a map and consult data from the last five years containing only the main information (category and cadastral consistency) of the individual sold real estate units. Both this significant institutional source (with free access) and other Italian real estate market observatories, which are at least partly different in structure and type of data available, approaches, and methodologies adopted, are developed by research institutes and private organizations (mostly with paid access). Among these can be cited, for example, Nomisma [46]; Scenari Immobiliari [47]; Cresme, [48]; Tecnoborsa [49]; Italian Real Estate Exchange [50]; FIAIP, the Italian Federation of Real Estate Agents, particularly for properties in Turin and its Province [51]; Gruppo Tecnocasa [52]; immobiliare.it [53]. They do not provide specific information about individual properties for which multiple transactions have been carried out over time, nor about the characteristics that define them.



In this context, as observed by Curto and Fregonara (2019) [40], listing prices are crucial pieces of information helping to overcome the lack of transparency and the limits of analyses, and even more so in the absence of a real “organization of information” with analyses based on updated and interconnected databases, according to the principles of interoperability, which make the Italian case particularly difficult to compare with European or international experiences. Furthermore, both in Italy and in Poland, even the data included in notarized sales deeds, although potentially useful as a source of information on real estate prices, are difficult to obtain and, therefore, it is challenging to obtain statistically significant samples of actual sales prices. Moreover, they also have the disadvantage of not offering a detailed description of the characteristics of the individual sold properties. Conversely, online real estate service portals provide access to a large amount of detailed data on properties for sale and rent.




2.5. Urban Variables in the Study of Housing Supply


The mechanisms of property price formation in the real estate market have long been a focus of scholarly investigation. Most studies are based on the hedonic pricing model, which draws primarily on Lancaster’s consumer behavior theory [54]. According to this theory, utility is not derived from the good itself but from its individual attributes. Rosen’s work [3] further demonstrated how the characteristics of a house contribute to its final price, with the combined attributes guiding both buyers and sellers by balancing differences in price compositions. Rosen [3] asserts that market equilibrium prices are determined by the distribution of consumer preferences and production costs. Since consumers have diverse perceptions and behaviors, they imprint their preferences onto housing prices, causing variations in the pricing of individual homes and their attributes. Thus, the process of value addition for each feature is inherently shaped by demand (buyers’ willingness to pay) and supply (sellers’ expected benefits from additional investment costs). The prices expressed through demand and supply reflect the various shadow prices of attributes depending on the focus of the analysis. For equilibrium to be achieved, the market’s hedonic pricing functions must align, provided there is sufficient supply to meet demand.



Most authors, in their studies on housing price formation, consider the influence of intrinsic variables that pertain to the structural aspects of the housing unit, such as (i) surface area; (ii) floor level; (iii) presence/absence of gardens; (iv) presence/absence of terraces; (v) maintenance status, etc. They also examine extrinsic variables that reflect the different contexts in which the real estate assets are situated, including (i) accessibility; (ii) proximity to main road networks and public transport stops; (iii) quality and socio-economic characteristics of the neighborhood; (iv) proximity to public utilities; (v) proximity to urban green spaces, etc. In many cases, studies have demonstrated that locational and spatial factors, in particular, play a significant role in determining housing prices.



Li et al. [55] highlight that, in recent years, housing price formation has become a critical factor to consider for economic development and for determining the quality of life of urban residents [56,57,58]. This is particularly true given the rapid growth, differentiation, and spatial heterogeneity of housing prices, as well as the unequal allocation of resources. They emphasize that understanding the mechanisms driving spatial variations in housing prices is essential for developing scientific housing policies, delineating submarkets, optimizing urban spatial planning, allocating public infrastructure, and balancing spatial resources.



In particular, the presence or absence and/or proximity of green spaces and urban public transport stops, as well as income levels and population density, are significant determinants in housing purchase decisions. These factors influence the mechanisms of property price formation, acting as key elements evaluated by buyers and local real estate market operators during the initial stages of negotiation [59].



Densely populated neighborhoods are generally characterized by the presence of weaker and less affluent segments of the population. These areas often feature a high density of urban settlements, with smaller housing units that, in many cases, face social and safety issues. They also tend to have limited green spaces and reduced accessibility to rail-based public transport. Kuśmierz et al. [60] highlight that the attractiveness of the urban context where a residential property is located is a key factor in regulating apartment price formation. This attractiveness depends on the presence of various infrastructures suitable for meeting the diverse needs of residents. Among these, green spaces and transport accessibility are particularly significant. Since the second half of the 21st century, extensive scientific research has been conducted on these topics, primarily using approaches based on the hedonic price model, which have only recently been supplemented with artificial intelligence tools [61].



Proximity to urban transport stops facilitates individuals’ mobility to workplaces, the city center, and various services (cultural, healthcare, educational, commercial, etc.) located across different parts of the city. Many authors, using a hedonic price approach, have investigated the relationship between housing prices and the presence or distance from a metro station. These studies provide evidence that the ability to reach essential destinations and functions, as well as to engage in specific activities, increases homebuyers’ willingness to pay more for properties with good accessibility [62]. Kuśmierz et al. [60] highlighted that the aspects distinguishing these studies include the timing of the survey in relation to the opening of the metro line, including before or during the metro area’s development [63,64], before and after the line’s opening [65], or after the metro area has already been operational [66,67]. They also noted differences in the type of data used, such as listing prices, transaction prices, or both [68]. Kuśmierz et al., 2023 [60] emphasized that the metro can be regarded as the most convenient mode of transportation due to its connection speed and travel comfort. Furthermore, they underscored the significant role that proximity to a metro station plays in determining residential market prices. This importance is evident both in apartment sale listings and in promotional materials, where proximity to a metro station is highlighted as one of the most important advantages of a given residential investment. The authors of [69] studied the invariant metrics of the effects of park size and distance to public transportation on housing value volatilities in five cities: Boston, Milwaukee, Taipei, and Tokyo.



The literature emphasizes that urban parks in cities provide a wide range of benefits and effects [70,71,72], including (i) environmental improvements such as ecosystem services, pollution reduction (air, soil, and groundwater), heat island mitigation, rainwater management, and biodiversity enhancement, (ii) economic contributions, including energy savings, water balance, increased tourism appeal, and higher property values, and (iii) social benefits, such as promoting mental and physical health, well-being, recreation, stronger social ties, a sense of identity, and crime reduction. Together, these factors have a positive impact on housing prices.



The significant impact of urban green spaces on property prices is highlighted in different studies [39,73]. Crompton [74] conducted a review on this topic, examining 30 cases, and found that in only a small fraction (5 cases) proximity to a park was not a key factor in increasing apartment prices. Trojanek et al. [39] analyzed 1438 housing transactions and listing prices in Poznań, matching the data based on location (street name), dwelling area, and position within the building. Using the hedonic price approach, OLS, GLS, and QR models, they found that urban green spaces within 100 m of a home increased residential prices by 3–4%. However, other studies demonstrated that proximity to a park can also lead to negative externalities, such as reduced property values due to noise exposure, fire risks, poor maintenance, or vulnerability to crime [75,76,77].



Sarkar et al., 2015 [78], using a hedonic price approach, demonstrated that proximity to urban green spaces enhances residential satisfaction, influences housing choices, and shapes property price formation can be attributed to five main factors: (i) the generation of recreational opportunities; (ii) the strengthening of community relationships and the increase in social capital; (iii) health benefits and stress relief; (iv) natural filtration against pollution; (v) mitigation of urban heat islands.



In the literature, this topic has been studied from two main perspectives: large-scale distinctions of green spaces, such as natural reserves or agricultural fields [79,80], and size of and/or proximity to green spaces [81]. Additionally, variations arising from type, accessibility, diversity, and the presence of recreational facilities in green areas have also been explored [82,83,84].



Considering the sections discussed on the role of bare ownership in the real estate sector, the literature review on the supply and demand for this type of property, the identification of the most prominent factors influencing housing supply based on valuation literature, and the definition of the elements found to be most representative in that literature, the subsequent sections focus on analyzing the behavior of the bare-ownership housing supply in the case of Rome.





3. Methodology


3.1. Approach and Structure of the Applied Methodology


The objective of this study is to analyze the extrinsic and intrinsic variables that define the supply of bare-ownership properties. To this end, the specific case of differences in residential real estate (RP) between the general market and the bare-ownership market for the City of Rome has been analyzed. The database used for this study has been obtained from various sources, with Idealista.it being the primary source (see Section 3.2), along with its referencing mapping and access to data from the Comune di Roma (see Section 3.3). The characteristics considered in this study are among those most frequently cited in the literature (Section 2.5) and are most consistent with the settlement development characteristics of the city of Rome and the lifestyles of its inhabitants. In general, it is important to emphasize that the selection of characteristics considered has been influenced by the data available at the micro-zone (urban zone) level and by the fact that buyers and sellers increasingly rely on and are influenced in their choices by the data highlighted on real estate brokerage platforms. However, it should be noted that such data are not uniformly available across different websites. The methods of data collection and the characteristics of the data used are outlined in the following section. As indicated in Figure 1, the Work Process Diagram outlines the stages undertaken from the identification of the problem to the achievement of acceptable results, which are discussed in detail in the corresponding section of this document.



The obtained database has been analyzed using different methodologies in three successive stages. First, descriptive statistical tools have been utilized, followed by an exploratory analysis using artificial neural networks (ANNs), and, finally, a binary logit model has been applied to verify the results. The combination of these models integrates elements that enhance the accuracy of the analysis, contributing to a better understanding of the factors defining the characterization of bare ownership. The descriptive statistical analysis has allowed for the characterization of the main variables in this study. Next, a neural network model has been implemented, with the variable “Bare Ownership” defined as the dependent variable, aiming to analyze the attributes shaping the supply of this property type. Subsequently, a binary logit model has been applied using the same variables to categorize bare ownership. This approach has enabled the identification of the distinct characteristics associated with the target property supply in comparison to the general market. All these analyses are detailed in the following sections of the methodology.




3.2. Acquisition of the Data Sample and Its Intrinsic Characteristics


There are numerous platforms on the Internet for listing apartments for sale or rent which are active across many countries. The advertisements on the most popular websites include a dataset that, in addition to the asking prices for sale and rent, provides descriptions of the properties’ key intrinsic characteristics, albeit with varying degrees of detail and accuracy. However, information on extrinsic factors is typically more limited and less frequently provided. It is worth noting that the expected sale, purchase, and rental prices, while not necessarily reflecting actual transaction prices, can be likened to contract prices in that they are not significantly dissimilar, especially under conditions, such as the current ones, in which the market is essentially stable. Moreover, as highlighted by [85], “in negotiations, asking prices serve as anchors, influencing counteroffers and the final agreement” citing [86,87,88,89]. Idealista.it is an online advertising platform for the sale and rental of real estate with a presence in Spain, Italy, and Portugal. The extraction of the initial dataset has been performed using the Octoparse program, a web-scraping tool that allows one to obtain information automatically from web pages. In January 2023, specific data were collected to develop a table with comparable properties for the city of Rome, initially applying filters related to location (neighborhood), size (40 m2–75 m2; 76 m2–100 m2; 100 m2–125 m2), state of maintenance (good condition; to be renovated), gardens (yes/no), and terraces (yes/no). The web scraping downloads were segmented from the 19 neighborhoods available on Idealista within the A90 freeway, known as the Grande Raccordo Anulare of Rome (GRA), in the case of neighborhoods located on both sides of the GRA; the houses on the outer side have been included. The filtering criteria allowed us to obtain up to 18 URLs for each of the neighborhoods. In this way, it was possible to extract a table with a set of properties with similar characteristics, including the intrinsic variables publicly available on the site, which are most commonly used in the literature. The information obtained included the expected selling price, area of the apartment, floor level, presence of an attic, elevator, garden, terrace, maintenance status, and address. From the information on the houses, it has been possible to identify those offered for sale in the form of bare ownership. Initially, this process generated 339 requests to the website, yielding a total of 5838 properties for sale. A data cleaning process was carried out on the obtained sample, starting with the removal of duplicate property information from the download process. Next, properties listed through multiple simultaneous ads were eliminated, followed by those with incomplete information. This process resulted in a total of 3926 unique properties, which were subsequently filtered to identify those listed as bare ownership (76), which collectively represented almost 2% of the total residential properties for sale considered. This figure is slightly lower than the national average (3.4%).




3.3. Data Enrichment Process Based on the Extrinsic Characteristics of the Properties


The data on the individual housing units downloaded were mapped in a georeferenced manner in relation to the geographic location (address) of the dwelling. The geolocation functionalities of Google My Maps were used for the addresses of the properties. The data were then transferred to QGis to reference railway stops and green areas. This made it possible to correlate the data referring to individual dwellings with socioeconomic and territorial statistical data, available at the level of micro-areas (urban zones), from other public sources, and to obtain other data such as distances to green areas and proximity to stops of rail transport lines. It should be pointed out that, in the case of Rome, the information downloaded through webscraping is associated with the delimitations of neighborhoods defined by Idealista.it, which have different delimitations from those of the OMI and from the administrative subdivision of the municipal territory (into municipalities and urban areas) and the urban areas indicated, to which the data refer. To ensure the uniformity of urban areas where the neighborhoods are situated, demographic and economic statistical data are available by urban zones; these data are sourced from the Municipality of Rome’s website [90] which does not provide statistical data on crime rates, school quality, or family size. Shapefiles provided by the Municipality for these urban zones were imported into QGis, allowing the georeferencing of density data. This made it possible to accurately identify the location of the properties within these specific urban zones. The information required to calculate the distance of each neighborhood from the public transport network was obtained from the Roma Mobilità portal for public transport data. Additionally, the Land Use Map of the Lazio Region was used to gather information regarding urban green areas.



The statistical data related to socioeconomic aspects, such as age, income, or population structure, were obtained from the Municipality of Rome’s website. The most up-to-date data available, from 2020, were used. This information enabled the analysis of the relationship between the intrinsic characteristics of the properties and the socioeconomic context of the different urban areas of Rome. Additionally, data from the municipalities were utilized to identify the specific urban areas in which the properties under study are located.



This resulted in the creation of a final dataset of the residential units, according to their distribution in 106 urban areas, as detailed in Appendix A. The dataset includes a set of variables where intrinsic characteristics cover aspects such as surface area, housing floor, state of maintenance, or the presence of gardens or terraces, while extrinsic characteristics encompass income aspects, neighborhood age, population density, as well as distances to transportation systems and green areas (Table 1).



The data obtained enabled the construction of a cross-sectional sample of the bare-ownership housing supply, providing relevant information on both extrinsic and intrinsic factors for the case study. This approach aimed to analyze the behavior of a market with very limited available literature. The inclusion of a sample comprising 3926 unique properties enhances the robustness of consistency to the results and is suitable for the development of explanatory models, both for training the neural network model and for the binary logit model implemented.



Based on Table 1, it is worth noting that, in the analyses conducted, the extrinsic variable “Urban Area Code” appears as the code (U.A.) listed in Appendix A for each of the urban zones. The U.A. serves as the minimum unit of aggregation for statistical data at the municipal level, enabling the calculation of values for extrinsic factors. Similarly, the names of railway stations are included for each stop in Rome, covering both metro and train stations. This element allows for verifying whether results are concentrated in proximity to specific stations.




3.4. Specification of the Analytical Tools


To achieve the research objective, an initial descriptive analysis was conducted for which the main statistics were obtained, and the results for the most significant elements and neighborhoods were analyzed. This allows for the identification of general patterns and the detection of outliers or anomalies that could influence subsequent stages. Due to its exploratory nature and the transparency of its results, the analysis allows for associating the findings with specific housing typologies or neighborhoods, offering a comprehensive overview of the characteristics defining the bare-ownership supply.



The data were subsequently analyzed using machine learning techniques, a branch of artificial intelligence that focuses on the development of algorithms and models capable of learning from data. The purpose was to predict which of the explanatory variables has the greatest influence on the response variable, using SPSS version 26 statistical software. The model used was that of Artificial Neural Networks (ANNs), specifically, the Multilayer Perceptron (MLP), one of the most widely used machine learning techniques. A supervised learning technique known as backpropagation is used to train this model.



The multilayer perceptron is capable of distinguishing non-linearly separable data. The backpropagation algorithm is based on the gradient descent technique and is used to train a multilayer perceptron (MLP): a type of feedforward neural network consisting of an input layer, one or more hidden layers, and an output layer. This algorithm calculates the gradient of the error function with respect to the network weights and adjusts these weights to minimize the error. This result is achieved by propagating the error backward through the network, starting from the output layer to the input layer, and adjusting the weights according to the magnitude of the error.



To contrast the results obtained from the neural network model, and given that the variable “Bare Ownership” is categorical and dichotomous, a binary logistic regression was conducted. This approach allows for the evaluation of how both intrinsic and extrinsic explanatory variables influence the probability of the dependent variable being classified as “Bare Ownership”. By combining the results of linear and non-linear models, the analysis is further strengthened and gains robustness. To perform the classificatory analysis, the models with which the neural networks would be constructed were first defined, using as the dependent variable the classification of the analyzed property as bare ownership or not. The explanatory variables used are both qualitative and quantitative and represent the variables.



Figure 2 shows the distribution of all properties for sale both on the general market and as bare ownership in the city of Rome for the sample obtained. They are overlaid on the urban zones defined by the Municipality of Rome, a combination that has allowed the association of extrinsic socioeconomic criteria with the intrinsic data obtained during the download. A summary of the information on all urban areas can be seen in Appendix A in Table A1 for intrinsic characteristics and Table A2 for extrinsic ones.





4. Results


4.1. Descriptive Analysis and Statistics


The initial analysis of the data, combined with the results of descriptive statistics, provides an initial understanding of the particularities of bare ownership in the case study, as well as insights into individualized behavior in different urban areas and neighborhoods. It can be seen in Figure 2 that the used sample of residential units for sale in full ownership covers the entire area of Rome, while residential units for sale in bare-ownership conditions are concentrated in specific neighborhoods of the city, being absent in others.



Table 2 shows fundamental statistics for both the general market on the left and the bare-ownership market in the columns on the right. Regarding the intrinsic factors of the property, the only factor showing a variation that could be considered significant is the floor level of the property, which increases from an average of 2.26 in the general market to 2.80 in bare ownership. The rest of the values show small differences, notably, maintenance stands out, which is rated more favorably, and the size of the property, both of which increase for bare ownership. Among the intrinsic factors worth highlighting are the outdoor spaces of the property, such as the presence of a garden and a terrace, which exhibit opposing trends: terraces are less common, while gardens are more frequent in bare-ownership properties. Regarding extrinsic factors, population density stands out, as bare-ownership properties tend to be offered in more densely populated urban areas. The distance to railway stations and green spaces is also notable, with an average reduction of approximately 10% in both cases. Another aspect worth mentioning is the age of the population in the neighborhoods, which might be expected to show a significant difference for bare ownership. However, the sample shows only minor variations, with the percentage of people over 65 years old increasing slightly from 24.9% in the general market to 25.5% in bare ownership.



The previous results can be further developed in an individualized study of the factors. Among the extrinsic results that show the greatest differences, the floor level of the property takes on particular significance, while, in general, 61.81% of the total number of apartments offered are located on the second floor or lower, in the case of the bare ownership, this figure is reduced to 47.95%. This implies that more than half of the properties in bare ownership are situated above the third floor, with a third of them on the fourth floor or higher exceeding the general market by 13.9% and 7.6%, respectively. In contrast with this superior position of the apartments, the only intrinsic element that presents a lower value than expected is the availability of a terrace in the dwelling. For bare-ownership dwellings, this feature is present in 18.42% of cases, compared to 22.87% in the general market. This reduction occurs across properties located on both lower and upper floors.



Among the intrinsic elements, the state of conservation of the house stands out, with a greater tendency towards the subjective consideration of good condition, in accordance with the expectation of use by the current owners. The number of dwellings requiring refurbishment decreased from 34.31% for the general market to 28.95% for bare-ownership properties. However, a different consideration arises regarding the suitability of the dwelling for future uses at the time when the bare ownership acquires full power over the dwelling, both in terms of ownership and use.



With respect to the behavior of the extrinsic variables, the housing offered in bare ownership is located in a total of 45 of the 106 urban areas; this fact not only implies that this type of offer is not made in 57.55% of the urban areas of Rome but also that, in those neighborhoods where it is offered, the average is 1.69 houses. In this case, the supply in 09B “Tuscolano Sud”, 02E “Trieste”, 16D “Gianicolense”, 01A “Centro Storico”, 12C “Torrino”, and 06D “Gordiani” stands out. Since the supply of housing does not occur homogeneously throughout the city, it is important to mention the relative supply alongside the total supply. Urban areas such as 02C “Flaminio”, 01D “Testaccio”, 04G “Conca d’Oro”, 01B “Trastevere”, and 09D “Appio” show the highest proportion of dwellings in bare ownership.



Figure 3 presents information on the supply of bare-ownership housing in relation to several significant elements. Figure 3A shows the distribution of properties for sale under bare ownership across the different urban areas and Municipalities of Rome, which are linked to socio–demographic statistical data. In Figure 3B, all the analyzed bare-ownership properties are shown overlaid on a map where railway stops are identified, distinguishing the Rome metro stops in orange from other railway stops, as well as highlighting the city’s main green areas. Both figures allow for the visualization of the elements that facilitated the collection and processing of the data presented in the Tables in Appendix A and discussed further in the text.



As shown in Figure 3B, the supply of freehold housing tends to concentrate around specific stations. Notably, “Quattro Venti” stands out with five offers, as well as “Battistini”, “Giulio Augusta”, and “Conca d’Oro”, with three offers each. This pattern highlights the uneven distribution of supply, with 51.61% of them having no supply of nearby dwellings in bare ownership. At the same time, the supply of dwellings in bare ownership is located at a shorter distance from the railway stops with respect to the total average, being generally found around these stops. Bare-ownership houses are not evenly distributed across the city; they are concentrated in specific areas in different parts of the city, while, at the same time, they are practically absent in others. This contrast is particularly evident near subway and train stops, demonstrating the strong association with the existence of nearby rail transportation. Furthermore, this connection appears to be linked to specific train stops, reinforcing their role in influencing the distribution of bare-ownership properties. There is a high concentration of housing in the city center, with housing in suburban areas linked mainly to rail stops, reflecting a preference for public transportation and accessibility to housing. Proximity to green areas also emerges as a significant factor, a new extrinsic element of housing associated with a higher prevalence of bare-ownership properties.



From a sociological perspective, the data regarding neighborhoods and urban areas where properties in bare ownership are for sale do not reveal significant differences. Urban areas exhibit a population aged 65 or older that is almost equivalent in neighborhoods with properties in bare ownership and those without in Rome. Specifically, some densely populated urban areas have no properties in bare ownership despite their high percentage of elderly residents. For example, 04B “Val Melaina”, where 28.48% of the population is aged 65 or older, or 16A “Colli Portuensi”, where this figure decreases to 27.51%. Conversely, there are urban areas with properties in bare ownership where the population tends to be younger. Examples include 19D “S. Maria della Pietà”, with only 15.73% of residents aged 65 or older, and 06C “Quadraro”, where this proportion is 18.72%; these data can be observed in Table A2 of Appendix A. A substantial difference is observed in population density, with neighborhoods offering bare-ownership properties having a 21 percent higher density compared to others. Additionally, these neighborhoods have a 9.08% greater foreign population. With respect to population density, these are neighborhoods with a density of 21% higher and with a higher share of foreign population over the total. Finally, the neighborhoods in which the dwellings offered in bare ownership are located have an income level that is 5.19% higher.



Regarding pricing, the results related to price per square meter are in line with expectations, showing a reduction in prices across the neighborhoods. This reduction reflects not only the fact that the properties are offered as bare ownership but also the condition whereby properties in lower-priced neighborhoods enter the market with a higher average discount, which is nearly double, rising from 17% to 31%. Similarly, it is worth noting that this study is based on listing prices, which, although often similar to final sale prices, are subject to market dynamics. Additionally, there is a lower, more professionalized demand in the bare-ownership market, with a greater capacity to identify investment opportunities and negotiate more favorable deals for the buying side.




4.2. Artificial Neural Network


The results obtained correspond to the prediction and classification derived from the application of the MLP model and show the independent variables that most influence the possible values that best describe the bare property market.



The data were transformed into adjusted normalized values to address their non-normal distribution, eliminate bias, and reduce the impact of outliers, which improves the quality of the data and ensures that the model fits the true distribution of the data more accurately. The sample was divided into three partitions, one for training with 61.4 percent, another for testing with 28.8 percent, and another for holdout with 9.9 percent, figures consistent with the available literature.



The architecture of the MLP model comprises several layers, where all neurons in one layer are connected to all neurons in the next layer and transmit information from the input layer to the hidden layers and from the hidden layers to the output layer. In this case, the resulting network consists of an input layer, a hidden layer, and an output layer. The activation function in the hidden layer is the hyperbolic tangent, which introduces nonlinearities into the model, enabling the network to capture more complex relationships between the input variables. The output activation function is the SoftMax function that converts the output values into probabilities that sum to 1, facilitating interpretation as a probabilistic classification.



Next, the cross-entropy error of each of the model samples was evaluated and found to be optimal (Table 3). In this table, it can be seen that these errors are low, indicating that the network has learned effectively from the training data. The network has adjusted its weights to minimize the errors in the predictions.



To validate the performance of the model, the rate of true positives versus the rate of false positives was analyzed. Specifically, the receiver operating characteristic (ROC) curve and sensitivity analysis that evaluates how well the model responds to small variations in the input data were obtained. While these results validate the AUC value of 0.55, they indicate limited class separation capability (Table 4).



Figure 4 highlights the importance of the main variables studied using neural networks, along with their normalized values. The upper axis represents the variable importance, while the lower axis displays the normalized importance. Location, defined by the urban area parameter, emerges as the most influential factor in distinguishing bare-ownership dwellings. Four additional variables—distance to green areas, proximity to train stations, the train station itself, and the floor on which the dwelling is located—exceed 50 percent in importance. This indicates that the most significant factors are predominantly extrinsic, with the floor being the only intrinsic factor that bridges the gap between extrinsic and intrinsic elements. Consequently, features such as price per square meter, dwelling size, number of rooms, condition, and the presence of an elevator are not strong differentiators between properties sold as bare ownership and those sold as full ownership.




4.3. Binary Logistic Regression


In the context of binary logistic regression analysis, an explanatory model was developed where the dependent variable was the categorical variable “Ownership or Bare Ownership”. As outlined in the objectives of this study, the model is designed to explain the factors that influence or do not influence bare ownership. This means its purpose is to analyze and understand rather than predict the behavior associated with bare ownership. The independent variables used were the same as those employed in the Neural Network analysis. To construct the model, it was necessary to apply a logarithmic transformation to the variables “Dist. Railway” and “PM2”, resulting in their values being expressed as “LN_Dist.Railway” and “LN_PM2”. The model was found to be statistically significant, with a global fit of (χ2 = 328.426 with 221 degrees of freedom and a p-value < 0.001. This indicates that, collectively, the independent variables included contributed to explaining the dependent variable (type of ownership) and explained 48.7% of the variance (Nagelkerke R2), suggesting a moderate fit for the model. The independent variables included help explain the dependent variable (type of ownership), with an Exp(B) of 0.59 and an overall accuracy of 98.3%, correctly classifying 3757 cases out of a possible 3760. The individualized results (Table 5) of the variables analyzed are consistent with those obtained in the case of neural networks.





5. Discussion


According to the analysis of the literature and the expectations of human action in economics, the supply of bare-ownership housing exhibits specific patterns that differentiate it from the general housing supply. In this context, and given that it is a supply targeted at long-term investors who allocate their economic resources to owning assets whose profitability will materialize over medium to long time periods, it is worth highlighting the prominence of extrinsic factors related to the property as defining elements of this supply, while intrinsic elements are relegated to a secondary role.



In an environment of rapid growth in this form of bare-ownership housing transactions, it remains a niche market, associated with structured investment strategies that require long timeframes to generate returns. The fact that the supply of bare-ownership housing is more geographically concentrated than the general housing supply seems to reflect expectations regarding assets that can be sold with a relatively modest discount. The results obtained align with this behavior, as the supply is concentrated around the city center, where bare-ownership sales experience a less significant price reduction compared to more peripheral areas. This situation is linked to higher demand and competition for acquiring assets in central areas, while it becomes a less attractive option for sellers in areas where the required discount increases substantially.



When engaging in an investment project like bare ownership, one acquires property without usage rights in the present while securing full ownership for a future date. In this type of acquisition, the extrinsic characteristics of the property, such as location or access to public services, take priority, as they are associated with long-term stability. On the other hand, elements like the number of rooms or the property’s condition are subject to potential modifications in the short term, depending on the investors’ preferences.



The condition of the property is particularly significant, as the acquisition in the form of bare ownership generally entails the continued use of the property by the current owners for periods that can extend over several decades. This implies that these properties must be in a condition that allows them to remain habitable. In this context, the subjectivity of the criteria for determining whether a property is in good condition or requires renovation stands out. Given that this asset is typically used by older individuals, it can be expected that the property may require significant renovation once full ownership is regained, with the aim of increasing profitability by aligning with more modern preferences and standards.



This study has provided results for a sample of 3926 homes for sale in Rome listed on web portals at the beginning of 2022. This is a large sample that allows us to observe the uneven behavior of supply in this investment model for a large area delimited by the Rome ring road, which has an approximate diameter of 20 km. As noted in the literature review, the fact that this is a growing model not only in Italy but also in other European countries provides a basis for comparison with other cities at both national and international levels, as well as an extensive review of the literature related to this real estate investment model.




6. Conclusions and Limitations


The market for buying and selling bare-ownership properties has been expanding in recent years. Although it remains a niche market, it is growing on both the supply and demand sides. On the one hand, sellers are typically older individuals with economic needs, while buyers tend to be investors with significant capital and a focus on long-term investment opportunities. The complexity of analyzing the bare-ownership market, given that the particular characteristics of each home in the real estate market are combined with those of the people who will continue to live in the property, which means that the definition of the price may be more biased than the other characteristics analyzed, among these, the role of the extrinsic characteristics of the property stands out as a key element in the supply of bare-ownership housing.



This article addresses a growing phenomenon that has been underexplored in academic research, providing novel findings that contribute to categorizing this type of housing ownership. These findings support the analysis of urban dynamics from multiple perspectives, including urban planning elements such as the provision of public goods. This study demonstrates that this type of housing supply is unevenly distributed across the city, concentrating in specific areas with a notable prevalence in central neighborhoods. Housing in peripheral areas is mainly linked to train stations, reflecting a preference for public transportation and accessibility. Proximity to green spaces also stands out as a significant element, representing a new extrinsic factor of the property, which is associated with a greater involvement in bare ownership.



As these are long-term investment models based on the expectation of future returns, they are subject to the rules of more professionalized markets where housing is treated as a financial asset. Although this situation may align with the concept of the financialization of real estate, it does not necessarily imply an increased reliance on financial instruments as the asset can be purchased without the need for financing. Being part of a process in which housing becomes a financial asset, we are witnessing the growth of buying and selling models that diverge from traditional market formats.



Regarding the analysis conducted, certain limitations should be highlighted, including the availability of cross-sectional temporal data. The results could be further refined in future studies by employing panel data for the same city or through comparisons between cities. Similarly, potential biases stemming from the reliance on online-listed data should also be considered. The limited academic analysis invites further study in new areas of research, including economic and financial dimensions such as calculating investment returns and incorporating these assets into diversified investment portfolios. In this context, we must consider the periodic costs of housing, including community fees, taxes, and building maintenance. Sociological aspects should also be studied, including the evolution of cities and the trend toward real estate markets where legal entities play a larger role. The fact that this type of contract predominantly occurs in central urban areas could lead to a situation that impacts the housing market in the long term and alters the structure of cities, potentially transforming citizens’ relationships with their homes. This situation, in turn, creates uncertainty regarding the potential for policies that could alter the conditions of real estate ownership, with implications for both fiscal and regulatory frameworks.
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Appendix A


The following includes summary tables of the analyzed urban areas. Intrinsic characteristics are indicated in Table A1, while extrinsic ones are in Table A2.



For Table A1, there are two values for each item, the first value refers to the general market, while the second value represents the bare-ownership properties. The values are referred to as follows: Count represents the total number of properties included in the analysis. Garden indicates whether the property includes a garden, while Terrace shows if the property has a terrace. Condition describes the state of maintenance or overall condition of the property (e.g., new, refurbished, or in need of renovation). Rooms refers to the total number of rooms in the property. Elevator specifies if the building has an elevator. Penthouse identifies whether the property is a penthouse, and Floor indicates the specific floor on which the property is located.





 





Table A1. Presence in percentage of intrinsic characteristics in the studied urban areas.






Table A1. Presence in percentage of intrinsic characteristics in the studied urban areas.

















	U.A.
	Name
	Count
	Garden
	Terrace
	Condition
	Rooms
	Elevator
	Penthouse
	Floor





	01A
	Centro Storico
	63/3
	0/0
	0.33/0.33
	0.7/0.67
	2.73/2
	0.48/0.67
	0.13/0.33
	2.45/1.5



	01B
	Trastevere
	26/2
	0.15/0
	0.12/0
	0.73/1
	3.27/3.5
	0.35/0.5
	0.04/0
	1.81/3.5



	01C
	Aventino
	14/0
	0.36/-
	0.14/-
	0.79/-
	3.21/-
	0.43/-
	0/-
	0.86/-



	01D
	Testaccio
	5/1
	0/0
	0/0
	0.8/1
	3.6/2
	0.6/1
	0/0
	2.2/2



	01E
	Esquilino
	77/2
	0.05/0
	0.21/0.5
	0.64/1
	3.05/3.5
	0.71/1
	0.08/0
	2.32/2.5



	01F
	XX Settembre
	21/0
	0/-
	0.33/-
	0.52/-
	3.33/-
	0.67/-
	0/-
	2.48/-



	01G
	Celio
	5/0
	0/-
	0.2/-
	0.8/-
	3/-
	0.8/-
	0/-
	2.2/-



	02A
	Villaggio Olimpico
	3/0
	0/-
	0/-
	0.33/-
	3.67/-
	0.33/-
	0/-
	2/-



	02B
	Parioli
	36/1
	0.17/0
	0.14/0
	0.86/1
	3.03/3
	0.92/1
	0.06/0
	0.74/1



	02C
	Flaminio
	15/3
	0.07/0.33
	0.07/0.33
	0.4/0.67
	2.8/2.67
	0.87/1
	0.07/0.33
	3.2/4.67



	02D
	Salario
	41/1
	0.12/0
	0.1/0
	0.63/0
	3.29/5
	0.76/1
	0.02/0
	1.45/5



	02E
	Trieste
	80/4
	0.1/0.25
	0.11/0
	0.66/1
	2.99/3
	0.99/1
	0.06/0
	2.91/3.75



	02X
	Villa Borghese
	1/0
	0/-
	1/-
	1/-
	4/-
	1/-
	0/-
	0/-



	02Y
	Villa Ada
	3/0
	0/-
	0/-
	0.67/-
	2.33/-
	1/-
	0.33/-
	1/-



	03A
	Nomentano
	86/0
	0.07/-
	0.19/-
	0.79/-
	3.07/-
	0.86/-
	0.08/-
	2.33/-



	03B
	S. Lorenzo
	42/1
	0.05/0
	0.33/0
	0.62/0
	2.62/3
	0.76/1
	0.17/0
	2.11/3



	03X
	Università
	4/0
	0/-
	0.75/-
	0.75/-
	2.25/-
	0.75/-
	0.5/-
	4.5/-



	03Y
	Verano
	3/0
	0/-
	0/-
	0.33/-
	3.33/-
	1/-
	0/-
	4/-



	04A
	Monte Sacro
	27/1
	0.22/0
	0.07/0
	0.37/1
	2.78/5
	1/1
	0.26/0
	1.85/2



	04B
	Val Melaina
	46/0
	0.22/-
	0.17/-
	0.52/-
	2.98/-
	1/-
	0.07/-
	2.66/-



	04C
	Monte Sacro Alto
	43/0
	0.23/-
	0.12/-
	0.56/-
	2.79/-
	0.98/-
	0.07/-
	1.58/-



	04D
	Fidene
	8/0
	0.13/-
	0.13/-
	0.63/-
	3.25/-
	0.88/-
	0.13/-
	1.57/-



	04E
	Serpentara
	43/0
	0.12/-
	0.37/-
	0.84/-
	2.77/-
	1/-
	0.02/-
	4.09/-



	04F
	Casal Boccone
	25/0
	0.32/-
	0.24/-
	0.8/-
	2.76/-
	1/-
	0/-
	2.64/-



	04G
	Conca d’Oro
	25/2
	0.12/0
	0.04/0
	0.52/0.5
	3.12/4
	1/1
	0.12/0.5
	2.9/4.5



	04H
	Sacco Pastore
	11/0
	0/-
	0.09/-
	0.27/-
	2.91/-
	1/-
	0/-
	3.4/-



	04I
	Tufello
	11/0
	0.18/-
	0/-
	0.27/-
	2.55/-
	1/-
	0.18/-
	2.91/-



	05A
	Casal Bertone
	33/0
	0.03/-
	0.27/-
	0.48/-
	2.73/-
	1/-
	0.06/-
	3.91/-



	05B
	Casal Bruciato
	42/0
	0.12/-
	0.5/-
	0.62/-
	3.36/-
	0.83/-
	0.02/-
	3.04/-



	05C
	Tiburtino Nord
	26/0
	0.38/-
	0.19/-
	0.46/-
	2.92/-
	0.85/-
	0.08/-
	2.88/-



	05D
	Tiburtino Sud
	24/0
	0.29/-
	0.21/-
	0.42/-
	3.08/-
	0.92/-
	0/-
	3.75/-



	05E
	S. Basilio
	30/1
	0.33/0
	0.4/0
	0.8/0
	3.27/3
	0.83/1
	0.03/0
	2.39/1



	05F
	Tor Cervara
	19/0
	0.42/-
	0.47/-
	1/-
	2.74/-
	0.79/-
	0.05/-
	1.63/-



	05G
	Pietralata
	18/0
	0.06/-
	0.39/-
	0.44/-
	2.83/-
	0.94/-
	0.28/-
	4.5/-



	05H
	Casal de’ Pazzi
	46/1
	0.37/0
	0.33/0
	0.74/1
	2.91/3
	0.61/0
	0.07/0
	1.81/2



	06A
	Torpignattara
	100/1
	0.14/0
	0.14/0
	0.63/1
	2.72/3
	0.7/1
	0.05/0
	2.61/4



	06B
	Casilino
	21/1
	0.29/1
	0.14/0
	0.71/1
	3.29/3
	0.62/0
	0.1/0
	2.3/3



	06C
	Quadraro
	41/2
	0.17/0
	0.12/0.5
	0.56/0.5
	2.73/3
	0.49/0.5
	0.02/0.5
	2/2.5



	06D
	Gordiani
	77/3
	0.1/0.33
	0.13/0
	0.53/0.67
	3.1/3.33
	0.94/1
	0.03/0
	3.17/4



	07A
	Centocelle
	101/2
	0.21/0
	0.17/0
	0.6/1
	2.58/2
	0.53/0.5
	0.13/0
	2.37/3.25



	07B
	Alessandrina
	51/2
	0.2/0.5
	0.12/0
	0.53/0.5
	2.69/3.5
	0.25/0.5
	0.02/0
	1.39/0



	07C
	Tor Sapienza
	15/0
	0.27/-
	0.33/-
	0.6/-
	2.53/-
	0.53/-
	0.07/-
	2.6/-



	07D
	La Rustica
	18/0
	0.28/-
	0.39/-
	0.78/-
	3.33/-
	0.39/-
	0.06/-
	1.28/-



	07E
	Tor Tre Teste
	30/1
	0.23/0
	0.13/0
	0.77/1
	3.03/2
	0.83/1
	0.07/0
	2.82/2



	07F
	Casetta Mistica
	8/0
	0.25/-
	0/-
	0.5/-
	2.5/-
	0.13/-
	0/-
	2.25/-



	07H
	Omo
	6/0
	0.17/-
	0.67/-
	1/-
	2.83/-
	1/-
	0/-
	3.67/-



	08A
	Torrespaccata
	12/0
	0.25/-
	0/-
	0.58/-
	3.25/-
	0.75/-
	0/-
	2.25/-



	08B
	Torre Maura
	34/0
	0.41/-
	0.12/-
	0.56/-
	2.85/-
	0.56/-
	0.03/-
	1.78/-



	09A
	Tuscolano Nord
	39/0
	0.21/-
	0.31/-
	0.69/-
	2.87/-
	0.85/-
	0.03/-
	2.38/-



	09B
	Tuscolano Sud
	96/5
	0.2/0
	0.25/0.4
	0.55/0.6
	2.77/3.2
	0.8/1
	0.08/0
	3/3.2



	09C
	Tor Fiscale
	9/0
	0.33/-
	0.56/-
	1/-
	2.67/-
	0.67/-
	0/-
	1.13/-



	09D
	Appio
	29/2
	0.14/0.5
	0.24/0.5
	0.72/1
	2.9/4
	0.83/1
	0.1/0
	2.64/1.25



	09E
	Latino
	27/1
	0.22/0
	0.3/0
	0.7/0
	3.3/2
	0.7/0
	0.07/0
	2.06/5



	10A
	Don Bosco
	68/2
	0.1/0
	0.12/0.5
	0.54/1
	2.9/2.5
	0.96/1
	0/0
	3.94/5



	10B
	Appio-Claudio
	42/1
	0.19/0
	0.14/0
	0.57/1
	2.83/3
	0.76/1
	0.07/0
	2.14/2



	10C
	Quarto Miglio
	33/0
	0.36/-
	0.27/-
	0.67/-
	2.91/-
	0.21/-
	0.03/-
	1.27/-



	10D
	Pignatelli
	24/1
	0.29/0
	0.25/0
	0.71/1
	2.83/4
	0.13/1
	0.04/0
	0.54/−0.5



	10E
	Lucrezia Romana
	5/0
	0.4/-
	0.2/-
	1/-
	2.8/-
	0.8/-
	0/-
	2.8/-



	10F
	Osteria del Curato
	11/1
	0.45/1
	0.27/0
	0.73/0
	2.73/2
	1/1
	0/0
	3.55/3



	10G
	Romanina
	3/0
	0/-
	0.67/-
	0.33/-
	3.67/-
	0.33/-
	0.33/-
	2/-



	10H
	Gregna
	8/0
	0.5/-
	0.13/-
	0.75/-
	3.25/-
	0.38/-
	0/-
	1.42/-



	10L
	Morena
	15/0
	0.27/-
	0.53/-
	0.6/-
	2.87/-
	0.33/-
	0.33/-
	1.61/-



	11A
	Ostiense
	21/0
	0.05/-
	0.05/-
	0.57/-
	3.38/-
	0.71/-
	0/-
	2.1/-



	11B
	Valco S. Paolo
	15/0
	0.07/-
	0/-
	0.53/-
	2.93/-
	0.73/-
	0.07/-
	3.77/-



	11C
	Garbatella
	100/2
	0.1/0
	0.02/0
	0.62/0.5
	2.94/3
	0.78/0.5
	0.01/0
	2.57/1.75



	11D
	Navigatori
	9/0
	0.22/-
	0.44/-
	0.78/-
	3/-
	0.89/-
	0.11/-
	4.81/-



	11E
	Tormarancia
	74/1
	0.26/1
	0.31/0
	0.64/1
	3.09/2
	0.91/1
	0.05/0
	3.14/1



	11F
	Tre Fontane
	17/1
	0.71/1
	0.41/0
	0.88/1
	3.24/2
	0.94/1
	0/0
	3.18/6



	11G
	Grottaperfetta
	31/0
	0.39/-
	0.77/-
	0.94/-
	3.39/-
	0.9/-
	0.1/-
	1.73/-



	11X
	Appia Antica Nord
	4/0
	1/-
	0.25/-
	0.75/-
	3.5/-
	0/-
	0/-
	0/-



	12B
	Villaggio Giuliano
	17/0
	0.29/-
	0.24/-
	0.53/-
	3.06/-
	0.71/-
	0/-
	1.68/-



	12C
	Torrino
	70/0
	0.24/-
	0.14/-
	0.66/-
	2.93/-
	0.9/-
	0.09/-
	3.38/-



	12D
	Laurentino
	52/1
	0.25/0
	0.12/1
	0.77/0
	2.9/4
	0.94/1
	0.02/0
	2.66/3



	12E
	Cecchignola
	22/0
	0.36/-
	0.41/-
	0.77/-
	3.14/-
	0.77/-
	0.18/-
	1.48/-



	12F
	Mezzocamino
	6/0
	0.67/-
	0.33/-
	1/-
	2.33/-
	0.67/-
	0.17/-
	0.67/-



	12G
	Spinaceto
	10/0
	0.2/-
	0.1/-
	0.6/-
	3.3/-
	1/-
	0/-
	2.3/-



	15A
	Marconi
	68/1
	0.09/0
	0.28/0
	0.59/1
	3.03/4
	0.99/1
	0.01/0
	3.96/8



	15B
	Portuense
	58/1
	0.16/0
	0.33/1
	0.66/1
	3.16/4
	0.95/1
	0.12/0
	1.97/4



	15C
	Pian Due Torri
	22/0
	0.18/-
	0.09/-
	0.55/-
	3/-
	0.91/-
	0.09/-
	4/-



	15D
	Trullo
	81/0
	0.22/-
	0.3/-
	0.75/-
	2.95/-
	0.57/-
	0.09/-
	1.8/-



	15E
	Magliana
	22/0
	0.45/-
	0.36/-
	0.86/-
	3/-
	0.73/-
	0.09/-
	2.14/-



	15F
	Corviale
	33/1
	0.33/1
	0.36/0
	0.73/1
	2.85/4
	0.79/0
	0.12/0
	1.58/0



	16A
	Colli Portuensi
	67/0
	0.13/-
	0.33/-
	0.52/-
	2.97/-
	0.84/-
	0.15/-
	1.7/-



	16B
	Buon Pastore
	81/0
	0.11/-
	0.4/-
	0.73/-
	2.93/-
	0.6/-
	0.06/-
	1.78/-



	16C
	Pisana
	23/0
	0.17/-
	0.57/-
	0.91/-
	3.35/-
	0.7/-
	0.04/-
	2.41/-



	16D
	Gianicolense
	75/3
	0.17/0.67
	0.2/0.33
	0.59/0.67
	2.92/3
	0.8/0.67
	0.07/0
	2.12/1



	17A
	Prati
	39/0
	0/-
	0.05/-
	0.51/-
	3.56/-
	0.95/-
	0/-
	2.38/-



	17B
	Della Vittoria
	86/1
	0.07/0
	0.08/0
	0.79/1
	3.08/3
	0.71/1
	0.03/0
	2.52/3



	17C
	Eroi
	53/2
	0.17/0
	0.09/0
	0.7/0
	3.32/3
	0.74/1
	0.06/0
	2.14/2.5



	18A
	Aurelio Sud
	53/2
	0.42/0
	0.21/0
	0.72/0.5
	2.96/2.5
	0.72/1
	0.04/0
	1.42/2.5



	18B
	Val Cannuta
	90/1
	0.29/1
	0.5/0
	0.66/1
	2.88/3
	0.66/1
	0.1/0
	1.69/0



	18C
	Fogaccia
	56/2
	0.34/0.5
	0.43/0.5
	0.71/1
	2.8/3
	0.36/0
	0.09/0.5
	1.13/1



	18D
	Aurelio Nord
	46/2
	0.15/0
	0.39/0.5
	0.61/0.5
	3.04/2.5
	0.91/1
	0.07/0
	2.18/3.5



	19A
	Medaglie d’ Oro
	84/1
	0.11/0
	0.29/0
	0.77/0
	3.04/3
	0.83/1
	0.1/0
	1.6/−0.5



	19B
	Primavalle
	140/2
	0.2/0.5
	0.16/0
	0.62/1
	3.01/2.5
	0.64/0
	0.15/0
	1.68/1.75



	19C
	Ottavia
	42/0
	0.19/-
	0.14/-
	0.69/-
	2.76/-
	0.43/-
	0.05/-
	1.49/-



	19D
	S. Maria della Pietà
	60/2
	0.22/0.5
	0.23/0
	0.85/0.5
	3.28/4.5
	0.47/0
	0.07/0
	1.49/1



	19E
	Trionfale
	44/0
	0.11/-
	0.3/-
	0.66/-
	3.14/-
	0.61/-
	0.07/-
	1.13/-



	19F
	Pineto
	3/0
	0/-
	0/-
	0.33/-
	2.67/-
	1/-
	0.33/-
	3.5/-



	20A
	Tor di Quinto
	19/0
	0.32/-
	0.16/-
	0.58/-
	3.11/-
	0.89/-
	0.11/-
	1.42/-



	20B
	Acquatraversa
	50/0
	0.2/-
	0.1/-
	0.72/-
	2.78/-
	0.86/-
	0.04/-
	1.4/-



	20C
	Tomba di Nerone
	76/0
	0.32/-
	0.2/-
	0.62/-
	3.12/-
	0.62/-
	0.2/-
	1.69/-



	20D
	Farnesina
	36/2
	0.19/0.5
	0.14/0.5
	0.56/1
	3.06/3.5
	0.94/1
	0.06/0.5
	1.57/4.5



	20E
	Grotta Rossa Ovest
	31/0
	0.42/-
	0.26/-
	0.74/-
	2.55/-
	0.68/-
	0.13/-
	1.47/-



	20F
	Grotta Rossa Est
	5/0
	0/-
	0.6/-
	1/-
	1.8/-
	0.8/-
	0/-
	2.8/-



	20X
	Foro Italico
	10/0
	0.4/-
	0.3/-
	0.8/-
	3.3/-
	1/-
	0/-
	0.9/-



	Total
	
	3926/76
	0.19/0.22
	0.23/0.18
	0.66/0.71
	2.97/3.08
	0.75/0.78
	0.07/0.08
	2.27/2.8







Source: own processing.











For Table A2, Dist. Stop refers to the proximity of the property to public transportation stops. Dist. Green measures the distance to the nearest green areas. The population categories are broken down into foreign and Italian. Area refers to the total size of the neighborhood in square kilometers, and Avg. Income represents the average taxable income of the area. 65+ Pop. indicates the proportion of the population over 65 years of age.





 





Table A2. Extrinsic characteristics for the studied urban areas.
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	U.A.
	Name
	Count

(No.)
	Dist. Stop

(m)
	Dist. Green

(m)
	Foreign Pop

(nº)
	Italian Pop

(nº)
	Area

(km2)
	Avg.Income

(€)
	65+ Pop

(Prop.)





	01A
	Centro Storico
	63/3
	822
	154
	5824
	16,734
	3.19
	58,313
	0.26



	01B
	Trastevere
	26/2
	1750
	221
	3730
	9395
	1.81
	36,805
	0.25



	01C
	Aventino
	14/0
	508
	142
	1683
	6416
	1.56
	40,125
	0.25



	01D
	Testaccio
	5/1
	946
	103
	615
	6073
	0.65
	26,319
	0.27



	01E
	Esquilino
	77/2
	340
	155
	8759
	24,140
	3.09
	32,296
	0.24



	01F
	XX Settembre
	21/0
	559
	309
	1808
	6925
	1.40
	40,031
	0.27



	01G
	Celio
	5/0
	810
	162
	661
	3221
	0.68
	37,358
	0.27



	02A
	Villaggio Olimpico
	3/0
	1390
	54
	228
	2404
	1.15
	29,046
	0.26



	02B
	Parioli
	36/1
	618
	160
	4039
	16,783
	2.07
	59,141
	0.25



	02C
	Flaminio
	15/3
	1819
	243
	1091
	10,604
	1.39
	39,163
	0.28



	02D
	Salario
	41/1
	1494
	168
	3334
	21,426
	1.93
	52,126
	0.26



	02E
	Trieste
	80/4
	520
	114
	5587
	45,200
	2.91
	38,834
	0.26



	02X
	Villa Borghese
	1/0
	1217
	8
	198
	404
	1.40
	64,443
	0.24



	02Y
	Villa Ada
	3/0
	585
	24
	130
	706
	2.88
	54,016
	0.25



	03A
	Nomentano
	86/0
	645
	162
	3808
	33,448
	2.91
	36,821
	0.27



	03B
	S. Lorenzo
	42/1
	643
	197
	1449
	7221
	0.52
	21,671
	0.24



	03X
	Università
	4/0
	264
	259
	175
	691
	1.02
	32,061
	0.21



	03Y
	Verano
	3/0
	637
	210
	24
	213
	1.49
	20,484
	0.30



	04A
	Monte Sacro
	27/1
	825
	204
	1841
	13,982
	1.65
	30,119
	0.25



	04B
	Val Melaina
	46/0
	1081
	134
	2571
	31,038
	3.20
	28,655
	0.28



	04C
	Monte Sacro Alto
	43/0
	2772
	133
	2410
	29,992
	2.48
	30,961
	0.26



	04D
	Fidene
	8/0
	718
	333
	2116
	9178
	1.10
	17,517
	0.21



	04E
	Serpentara
	43/0
	1954
	95
	1192
	24,532
	5.60
	22,938
	0.25



	04F
	Casal Boccone
	25/0
	3506
	552
	956
	12,515
	6.04
	25,229
	0.20



	04G
	Conca d’Oro
	25/2
	512
	125
	1896
	16,895
	1.26
	28,252
	0.27



	04H
	Sacco Pastore
	11/0
	502
	78
	1595
	8327
	0.47
	26,004
	0.23



	04I
	Tufello
	11/0
	930
	278
	1297
	11,939
	0.88
	17,862
	0.25



	05A
	Casal Bertone
	33/0
	1019
	240
	1642
	13,519
	1.32
	21,386
	0.25



	05B
	Casal Bruciato
	42/0
	912
	93
	1536
	18,991
	2.53
	21,854
	0.28



	05C
	Tiburtino Nord
	26/0
	856
	100
	1725
	16,907
	3.53
	20,709
	0.26



	05D
	Tiburtino Sud
	24/0
	1095
	145
	1298
	20,678
	2.80
	23,316
	0.30



	05E
	S. Basilio
	30/1
	2819
	132
	1846
	20,820
	6.14
	20,085
	0.21



	05F
	Tor Cervara
	19/0
	1649
	138
	243
	1904
	3.64
	19,085
	0.18



	05G
	Pietralata
	18/0
	696
	160
	1789
	10,870
	2.23
	21,876
	0.27



	05H
	Casal de’ Pazzi
	46/1
	1505
	117
	2719
	21,389
	4.95
	24,849
	0.28



	06A
	Torpignattara
	100/1
	405
	186
	10,692
	35,932
	2.27
	19,954
	0.22



	06B
	Casilino
	21/1
	520
	250
	1262
	8710
	2.00
	22,159
	0.31



	06C
	Quadraro
	41/2
	501
	153
	5729
	14,620
	1.53
	17,278
	0.19



	06D
	Gordiani
	77/3
	588
	113
	5094
	35,134
	1.77
	20,874
	0.26



	07A
	Centocelle
	101/2
	602
	140
	8965
	43,108
	3.07
	18,713
	0.22



	07B
	Alessandrina
	51/2
	924
	143
	3968
	21,126
	3.12
	17,386
	0.21



	07C
	Tor Sapienza
	15/0
	1129
	271
	1842
	10,268
	2.15
	18,325
	0.24



	07D
	La Rustica
	18/0
	615
	218
	878
	8385
	1.80
	18,875
	0.21



	07E
	Tor Tre Teste
	30/1
	2223
	122
	554
	10,044
	1.29
	21,998
	0.27



	07F
	Casetta Mistica
	8/0
	1176
	534
	265
	546
	3.29
	16,810
	0.16



	07H
	Omo
	6/0
	1896
	1107
	436
	1275
	2.81
	18,724
	0.10



	08A
	Torrespaccata
	12/0
	604
	141
	1193
	11,479
	1.75
	20,932
	0.26



	08B
	Torre Maura
	34/0
	664
	372
	3091
	15,590
	2.74
	18,143
	0.22



	09A
	Tuscolano Nord
	39/0
	333
	117
	2428
	18,193
	1.12
	28,310
	0.26



	09B
	Tuscolano Sud
	96/5
	432
	156
	5488
	41,110
	3.18
	26,195
	0.26



	09C
	Tor Fiscale
	9/0
	1227
	203
	403
	1767
	0.94
	18,140
	0.16



	09D
	Appio
	29/2
	702
	226
	3179
	22,625
	1.35
	29,941
	0.26



	09E
	Latino
	27/1
	642
	219
	2138
	19,848
	1.59
	29,233
	0.26



	10A
	Don Bosco
	68/2
	524
	180
	5214
	42,421
	2.31
	21,186
	0.27



	10B
	Appio-Claudio
	42/1
	429
	266
	2627
	25,674
	3.44
	25,534
	0.27



	10C
	Quarto Miglio
	33/0
	1195
	205
	750
	9508
	5.01
	25,730
	0.24



	10D
	Pignatelli
	24/1
	2526
	655
	443
	5951
	1.02
	27,395
	0.25



	10E
	Lucrezia Romana
	5/0
	1121
	210
	482
	4437
	1.72
	22,733
	0.14



	10F
	Osteria del Curato
	11/1
	1224
	66
	813
	16,713
	2.22
	24,335
	0.29



	10G
	Romanina
	3/0
	1852
	1071
	1411
	6904
	2.10
	19,155
	0.15



	10H
	Gregna
	8/0
	2295
	1216
	851
	5768
	2.70
	20,339
	0.19



	10L
	Morena
	15/0
	5114
	3130
	2356
	27,385
	8.81
	22,254
	0.20



	11A
	Ostiense
	21/0
	509
	163
	1513
	6046
	1.07
	22,835
	0.23



	11B
	Valco S. Paolo
	15/0
	550
	83
	898
	6311
	1.57
	23,811
	0.27



	11C
	Garbatella
	100/2
	788
	110
	4485
	37,025
	3.05
	25,786
	0.26



	11D
	Navigatori
	9/0
	1983
	86
	483
	4587
	0.73
	38,857
	0.28



	11E
	Tormarancia
	74/1
	1736
	99
	3490
	29,034
	4.75
	29,653
	0.25



	11F
	Tre Fontane
	17/1
	1494
	54
	1019
	10,054
	1.95
	38,158
	0.26



	11G
	Grottaperfetta
	31/0
	3523
	201
	856
	14,145
	2.96
	32,479
	0.31



	11X
	Appia Antica Nord
	4/0
	2428
	214
	761
	1704
	20.38
	36,194
	0.22



	12B
	Villaggio Giuliano
	17/0
	1319
	216
	968
	8695
	1.44
	33,769
	0.25



	12C
	Torrino
	70/0
	1850
	234
	2025
	36,127
	7.57
	33,787
	0.22



	12D
	Laurentino
	52/1
	2536
	155
	1428
	20,859
	4.87
	27,371
	0.29



	12E
	Cecchignola
	22/0
	3494
	234
	749
	12,996
	11.62
	32,579
	0.26



	12F
	Mezzocamino
	6/0
	3103
	494
	1207
	13,295
	5.27
	28,911
	0.15



	12G
	Spinaceto
	10/0
	5032
	1166
	1976
	21,070
	4.46
	25,127
	0.27



	15A
	Marconi
	68/1
	1064
	225
	6130
	27,599
	1.34
	22,113
	0.24



	15B
	Portuense
	58/1
	1399
	163
	2445
	26,026
	2.37
	26,972
	0.27



	15C
	Pian Due Torri
	22/0
	677
	175
	3368
	20,463
	1.86
	18,782
	0.26



	15D
	Trullo
	81/0
	1426
	249
	3793
	23,094
	6.79
	19,770
	0.23



	15E
	Magliana
	22/0
	1476
	290
	1113
	4156
	11.55
	23,765
	0.10



	15F
	Corviale
	33/1
	3329
	122
	1221
	13,449
	4.69
	20,695
	0.25



	16A
	Colli Portuensi
	67/0
	2097
	193
	3363
	31,803
	3.70
	31,839
	0.28



	16B
	Buon Pastore
	81/0
	2673
	211
	3619
	26,070
	6.74
	24,051
	0.26



	16C
	Pisana
	23/0
	1639
	183
	601
	3896
	7.79
	27,855
	0.16



	16D
	Gianicolense
	75/3
	813
	190
	5999
	45,684
	2.90
	30,207
	0.28



	17A
	Prati
	39/0
	515
	156
	2197
	14,934
	1.76
	42,680
	0.30



	17B
	Della Vittoria
	86/1
	1505
	128
	2237
	22,212
	3.16
	41,216
	0.28



	17C
	Eroi
	53/2
	418
	157
	2273
	16,526
	0.88
	27,807
	0.28



	18A
	Aurelio Sud
	53/2
	645
	197
	3178
	20,527
	2.87
	32,020
	0.28



	18B
	Val Cannuta
	90/1
	987
	204
	5443
	27,185
	7.11
	24,543
	0.23



	18C
	Fogaccia
	56/2
	2426
	309
	4845
	23,242
	4.76
	18,362
	0.21



	18D
	Aurelio Nord
	46/2
	397
	171
	1925
	15,729
	1.33
	28,833
	0.29



	19A
	Medaglie d’ Oro
	84/1
	1186
	142
	3862
	34,102
	4.76
	38,804
	0.27



	19B
	Primavalle
	140/2
	1126
	171
	8075
	45,776
	4.18
	20,967
	0.26



	19C
	Ottavia
	42/0
	624
	187
	2044
	12,534
	5.60
	19,634
	0.23



	19D
	S. Maria della Pietà
	60/2
	2597
	139
	2911
	21,411
	9.97
	18,962
	0.16



	19E
	Trionfale
	44/0
	891
	101
	2473
	13,319
	3.60
	24,697
	0.25



	19F
	Pineto
	3/0
	534
	29
	155
	1680
	1.65
	38,259
	0.31



	20A
	Tor di Quinto
	19/0
	697
	459
	1509
	11,159
	3.96
	39,836
	0.26



	20B
	Acquatraversa
	50/0
	2570
	135
	1066
	8486
	1.38
	45,688
	0.21



	20C
	Tomba di Nerone
	76/0
	3379
	181
	7811
	23,394
	4.84
	27,228
	0.23



	20D
	Farnesina
	36/2
	1293
	285
	2899
	16,129
	2.43
	47,643
	0.25



	20E
	Grotta Rossa Ovest
	31/0
	1194
	235
	747
	1731
	10.88
	37,603
	0.18



	20F
	Grotta Rossa Est
	5/0
	472
	164
	252
	1002
	2.90
	23,577
	0.14



	20X
	Foro Italico
	10/0
	2546
	65
	137
	501
	1.97
	24,348
	0.31



	Total
	-
	3926/76
	1273
	197
	3734
	24,093
	3.59
	28,157
	0.25







Source: own processing.
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Figure 1. Work process diagram. Source: own elaboration. 
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Figure 2. Map of the bare-ownership property offerings over the urban zones of Rome. 
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Figure 3. Spatial representation of the dwellings sold in bare ownership and their relationship with (A) neighborhoods (color) and urban areas (number and letter) as listed in Appendix A; (B) rail transport lines/stations and green areas. 
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Figure 4. Absolute and relative importance of the main variables studied. Source: own processing. 






Figure 4. Absolute and relative importance of the main variables studied. Source: own processing.



[image: Land 14 00144 g004]







 





Table 1. Set of variables used in the analysis.






Table 1. Set of variables used in the analysis.





	
Characteristics/

Variable

	
Unit

	
Description

	
Source






	
Intrinsic Variables




	
Asking price

	
€

	
Price at which the property is listed for sale

	
Idealista.it




	
Gross interior area

	
m2

	
Total interior floor area of the property




	
Number of rooms

	
Count

	
Total number of rooms in the property




	
Floor

	
Count

	
The floor level where the property is located




	
Attic

	
Yes/No

	
Indicates the presence of an attic in the property




	
Elevator

	
Yes/No

	
Indicates whether the building has an elevator




	
Garden

	
Yes/No

	
Indicates whether the property has a garden.




	
Terrace

	
Yes/No

	
Indicates whether the property includes a terrace




	
Maintenance status

	
G/R

	
Condition of the property, well-maintained (G) or requiring renovation (R)




	
Extrinsic Variables




	
Bare property

	
Yes/No

	
Indicates whether the property is sold under a bare-ownership arrangement

	
Idealista.it




	
Urban area code

	
Code

	
The specific urban area code for the property’s location

	
Own Elaborations on Georeferenced Data




	
Distance to green areas

	
m

	
Distance from the property to the nearest green spaces (e.g., parks)




	
Distance to train station

	
m

	
Distance from the property to the nearest train station




	
Train station name

	
Character

	
Name of the nearest railway station




	
Area population

	
Count

	
Total population within the defined area

	
Municipality of Rome’s website 1 (Registry Source Data, processed by the Statistics Office of the Municipality of Rome)




	
Area local population

	
Count

	
Total number of local residents in the area




	
Area foreign population

	
Count

	
Total number of foreign residents in the area




	
Population density

	
Area Pop./m2

	
Number of inhabitants per square meter in the area




	
Shr. of pop. over 65

	
Percentage

	
Proportion of residents aged 65 or older in the area




	
Area average income

	
€/person

	
Average income per person within the area




	
Number of declarants

	
Count

	
Number of individuals reporting income in the area








Source: own data processing and analysis combined with original research findings. 1 The data on the Municipality of Rome can be obtained from https://www.comune.roma.it/web/it/dati-statistici.page (accessed on 22 December 2024).













 





Table 2. Descriptive statistics results (general market n = 3850; bare ownership n = 76).
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General Market

	
Bare Ownership




	

	
Mean

	
Q1

	
Median

	
Q3

	
St. Dev.

	
Mean

	
Q1

	
Median

	
Q3

	
St. Dev.






	
Asking price

	
314,870

	
219,000

	
285,000

	
375,000

	
161,285

	
267,816

	
149,750

	
224,500

	
359,000

	
161,860




	
Gross int. area

	
86.71

	
70.00

	
88.00

	
105.00

	
22.84

	
88.95

	
70.00

	
89.00

	
110.00

	
22.91




	
No. of rooms

	
2.97

	
2.00

	
3.00

	
3.00

	
0.97

	
3.08

	
2.00

	
3.00

	
4.00

	
1.03




	
Floor

	
2.26

	
0.50

	
2.00

	
4.00

	
2.18

	
2.80

	
1.00

	
3.00

	
4.00

	
2.17




	
Attic

	
0.07

	
-

	
-

	
-

	
0.26

	
0.08

	
-

	
-

	
-

	
0.27




	
Elevator

	
0.75

	
-

	
1.00

	
1.00

	
0.44

	
0.78

	
-

	
1.00

	
1.00

	
0.42




	
Garden

	
0.19

	
-

	
-

	
-

	
0.39

	
0.22

	
-

	
-

	
-

	
0.42




	
Terrace

	
0.23

	
-

	
-

	
-

	
0.42

	
0.18

	
-

	
-

	
-

	
0.39




	
Maintenance

	
0.66

	
-

	
1.00

	
1.00

	
0.48

	
0.71

	
-

	
1.00

	
1.00

	
0.46




	
Dist. green areas

	
198

	
83

	
154

	
248

	
248

	
179

	
104

	
158

	
217

	
127




	
Dist.train station

	
1275

	
509

	
953

	
1842

	
1006

	
1142

	
494

	
962

	
1734

	
797




	
Area pop.

	
27,793

	
17,654

	
25,804

	
37,964

	
13,849

	
29,511

	
18,799

	
24,927

	
42,782

	
14,164




	
Area local pop.

	
24,066

	
14,934

	
23,094

	
34,102

	
11,964

	
25,438

	
16,427

	
21,419

	
37,025

	
12,457




	
Area foreign pop.

	
3727

	
1842

	
3179

	
5443

	
2513

	
4073

	
2212

	
3915

	
5587

	
2306




	
Population Density

	
9934

	
5040

	
8113

	
13,610

	
6009

	
12,101

	
7807

	
12,421

	
16,962

	
5702




	
Shr. of pop. +65

	
0.248

	
0.229

	
0.258

	
0.270

	
0.034

	
0.255

	
0.248

	
0.261

	
0.274

	
0.029




	
Area avg income

	
28,128

	
20,967

	
25,786

	
32,296

	
9039

	
29,617

	
21,186

	
27,383

	
33,423

	
10,389








Source: own data processing and analysis.













 





Table 3. Error of the indicated samples and incorrect predictions made.
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	Cross Entropy Error
	Incorrect Prediction





	Training 1
	246.4
	2.2%



	Test
	89.4
	1.5%



	Holdout 2
	-
	1.1%







Source: own processing.













 





Table 4. Metrics of model performance in terms of accuracy, sensitivity, and specificity.
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	Metric
	Value





	AUC
	0.55



	Accuracy
	0.78



	Sensitivity
	0.68



	Specificity
	0.69







Source: own processing.













 





Table 5. Significant variables in the model.
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	Variable
	Sig.
	Exp (B) Odds





	Urban area
	0.002
	1.703



	Railway Stop
	0.001
	1.962



	LN_Dist.Railway
	0.001
	1.094



	LN_Pm2
	0.000
	1.006



	Green Areas
	0.003
	1.003







Source: own processing.
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