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INTRODUCTION

Airbnb connects people who own idle accommodations with those who need temporary accommodation (Zervas, Proserpio, & Byers, 2017). Recognizing the crucial role of pricing [START_REF] Hung | Pricing determinants in the hotel industry: Quantile regression analysis[END_REF], scholars have investigated the factors determining the price of Airbnb accommodations [START_REF] Dolnicar | A review of research into paid online peer-to-peer accommodation: Launching the Annals of Tourism Research curated collection on peer-to-peer accommodation[END_REF][START_REF] Heo | Sharing economy and prospects in tourism research[END_REF]. This research line has been a priority because of the complexity of Airbnb products in terms of listing and host attributes and the non-economic "irrational" host pricing strategy compared to hotel accommodations [START_REF] Li | Agent behavior in the sharing economy: Evidence from Airbnb[END_REF][START_REF] Paulauskaite | Living like a local: Authentic tourism experiences and the sharing economy[END_REF].

Scholars have notably used hedonic function [START_REF] Chen | Consumer valuation of Airbnb listings: A hedonic pricing approach[END_REF][START_REF] Faye | Déterminants des prix des hébergements Airbnb dans les villes françaises[END_REF][START_REF] Li | Agent behavior in the sharing economy: Evidence from Airbnb[END_REF][START_REF] Teubner | Price determinants on Airbnb: How reputation pays off in the sharing economy[END_REF][START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF] because it assesses the value that actors associate with each accommodation characteristic [START_REF] Rosen | Hedonic prices and implicit markets: Product differentiation in pure competition[END_REF]: the value of intrinsic (listing attributes, listing reputation, host attributes, additional services), extrinsic (site attributes), contextual (competition in a tract Airbnb), and rental policy (cancellation policy, rental conditions) elements. These studies have been valuable in assessing the complexity of Airbnb products, the host pricing strategy, and the relationship between Airbnb prices and those of the conventional accommodation industry. However, academics have not used the hedonic method, at least explicitly, as rigorously as required by its founders. Previous studies have partially disregarded some structural and stochastic conditions so that many results are still being debated. Failure to comply with methodological requirements may lead to erroneous estimates of hedonic coefficients in terms of their value and significance. Thus, the relevance of the information provided to market players has so far been questionable.

Several technical issues may explain this potential deficiency in our current hedonic Airbnb models:

• The first concerns the insufficient specification of models, specifically the omission of attributes or biases in their measurement, which provide two sources of endogeneity1 leading to non-convergent OLS estimators [START_REF] Bartik | The estimation of demand parameters in hedonic price models[END_REF]. Thus, the varying number of regressors in previous models (from 5 to over 100) questions their findings. • The second concerns a disregard of market segmentation, whereas applying a hedonic method implies an unsegmented and competitive market [START_REF] Brown | On the estimation of structural hedonic price models[END_REF][START_REF] Epple | Hedonic prices and implicit markets: Estimating demand and supply functions for differentiated products[END_REF]. In terms of tourist preference segmentation, hedonic estimates for the whole market provide only averages with no operational interest. • The third concerns the inappropriate hedonic functional form specification, leading to strong hypotheses about the relationships between price and its explanatory variables [START_REF] Bartik | The estimation of demand parameters in hedonic price models[END_REF]. Most research has arbitrarily selected a semi-log form that can be insufficient in correcting the nonlinearity of relationships leading to incorrect estimates of coefficients.

• The fourth concerns time heterogeneity. Most papers collected data over several months without taking into account cyclical, seasonal, or specific shocks to prices.

Here again, the estimated coefficients may be averages with little operational interest. • The fifth concerns spatial correlation of data [START_REF] Anselin | Spatial regression analysis in R: A workbook[END_REF]. Close prices and/or close attributes may partly define a localized price so that one should consider a possible spatial lag effect to estimate the hedonic coefficients observed at a specific location. However, we are not sure that these technical issues really affect results. Nevertheless, their discussion ensures the relevance of the information provided to the stakeholders. Thus, this article questions the potential technical issues encountered in hedonic functions and explores ways for improvement that we test on a new local sample, the city of Bordeaux, a worldwide urban tourism. 2 Our contribution is not to offer good practice guidance but to provide a discussion baseline in order to better inform stakeholders.

We first discuss the possible inadequacies of the methods used in the literature (1) to describe our research proposals following the same framework as our technical issues. Then, based on the data collected in Bordeaux (2), we estimate different types of corrected models and discuss their efficiency (3). The concluding remarks summarize the most relevant means of improvement and suggest further studies.

LITERATURE REVIEW

Table 1 shows the main hedonic studies of Airbnb prices and their major characteristics. We note that explanative power (Radj²) is rarely explicit, attribute specifications may widely differ, segmentation criteria are rarely tested, functional form specification is very often arbitrarily specified, and structural and stochastic assumptions are rarely tested. In the following sections, we discuss each of these technical problems. We describe how the literature deals with them and offer possible technical solutions.

Table 1

Attribute Specifications

As suggested in the previous literature, the design of an Airbnb hedonic function first requires the identification of six groups of variables even if the variables implemented in each study may be different.

•

Intrinsic variables (or listing attributes [LA]) describing the internal characteristics • Extrinsic variables (or site attributes [SA]) describing the listing environment (neighborhood, accessibility to public transport, centrality) Host attributes (HA) (occasional or professional, race, gender, sexual orientation), which we do not take into account in this study due to French legal constraints (except professional status) An interesting literature review that describes the variables in each category and discusses their estimated effects on Airbnb prices can be found in Cai, Zhou, and Scott (2019, p. 230).

The intrinsic attributes refer to accommodation capacity, facilities, cancellation policies, types of housing, sale conditions, and additional services. Some papers arbitrarily reduce these attributes; others implement a very detailed vector. However, the authors are rarely concerned with the collinearity generated by an exhaustive vector or with the information really reported by restricted vector. To capture all information, an exhaustive vector may be more appropriate if variance inflation factor (VIF) values control collinearity [START_REF] Cai | Price determinants of Airbnb listings: Evidence from Hong Kong[END_REF][START_REF] Faye | Déterminants des prix des hébergements Airbnb dans les villes françaises[END_REF]. Multicollinearity occurs when some explanatory variables are correlated with others, increases the variance of hedonic coefficients, and makes them unstable [START_REF] Alin | Multicollinearity[END_REF]. As a result, coefficients may appear to be insignificant, producing erroneous information. Although multicollinearity is not intended to affect the explanatory power of the model, removing correlated variables from the model can reduce R² and change the coefficients of the other variables.

The extrinsic attributes are different from one study to another. In the global and national studies, only distance to the city center is considered, except for [START_REF] Tang | Space and scale: A study of development intensity and housing price in Hong Kong[END_REF], who implemented neighborhood variables per ZIP code. In more local studies, [START_REF] Cai | Price determinants of Airbnb listings: Evidence from Hong Kong[END_REF] added measures of proximity to shopping areas or tourist attraction areas in Hong Kong, and Yao, Qiu, Fan, Liu, and Buhalis (2019) added a measure of accessibility (proximity to the nearest tube station in London). Yet, as Faye (2019) suggested, it is probably in the location category that the omitted variables generate a large part of endogeneity. A projection of neighborhoods on a multidimensional measurement scale of characteristics is probably more accurate to describe environment. Although centrality and accessibility remain crucial, multicollinearity has to be controlled.

Implementing contextual variables still raises questions because hedonic specification is theoretically limited [START_REF] Brown | On the estimation of structural hedonic price models[END_REF] to the characteristics of goods studied. However, scholars included these variables for exploratory purposes. Densities of Airbnb and hotel offers (by quality level) directly and indirectly measure substitutability, as does rent level by city or neighborhood. However, findings indicate an ambiguous effect because of the overlapping of complementarity and substitutability effects of market conditions on Airbnb's prices [START_REF] Faye | Déterminants des prix des hébergements Airbnb dans les villes françaises[END_REF]. Additionally, contextual variables may be strongly correlated to site attributes so that collinearity control may disrupt their implementation. However, we should try to explore these relationships because of their relevance to the tourism industry and local authorities.

Host reputation mainly refers to the honest description of host attributes for entire homes (EH) accommodations. For rooms it also describes the quality of social interaction [START_REF] Lutz | Consumer segmentation within the sharing economy: The case of Airbnb[END_REF]. Digital marketing studies have focused on these variables, but their implementation remains debatable. Comparing a range of cities, Benítez-Aurioles (2018) revealed the existence of very different signs, values, and significance of coefficients. [START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF] clarified the relationship between these coefficients and price levels using a quantile approach and suggested that the informative role of reputation attributes complements that of price notably for lower price levels. From this perspective, reputation attributes must integrate the vector of characteristics and their analysis requires market segmentation.

Finally, the improvement of our model requires the implementation of all the variables in the six identified categories. We also have to improve their measurement, take into account the collinearities, and correct the explanative power by the number of variables (adjusted R²).

Segmentation Criteria: Some Suspicions about the Status of Certain Variables

A segment is a subgroup of guests whose needs are fairly homogeneous and distinct from other segments. The valuation of their characteristics, or even the characteristics themselves, may be different. A hedonic based on an average regression makes no sense for any segment, requiring an estimation per segment [START_REF] Bartik | The estimation of demand parameters in hedonic price models[END_REF][START_REF] Brown | On the estimation of structural hedonic price models[END_REF]. Four variables considered as attributes in previous studies may be valid segmentation criteria:

• Accommodation types: according to [START_REF] Lutz | Consumer segmentation within the sharing economy: The case of Airbnb[END_REF], low rental costs and social interactions motivate room users whereas EH users are uncomfortable with social interactions. Therefore, host reputation affects users of each type of accommodation differently. In addition, some intrinsic variables are specific to each segment: the number of bedrooms concerns only EH, a lock on the bedroom door concerns room-only accommodations. Even when attributes have the same name (e.g., pool), they are common facilities for room tenants and private for EH tenants. • Housing size of EH: families or groups (using large dwellings) may have very different behaviors from single or couple travelers (using smaller dwellings). • Quality levels may also fulfill segmentation criteria: using quantile regressions, [START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF] and Faye (2019) highlighted significant spreads in hedonic coefficients according to price levels. • Professional hosts (with multiple listings) versus occasional hosts types: [START_REF] Li | Agent behavior in the sharing economy: Evidence from Airbnb[END_REF]; [START_REF] Gibbs | Pricing in the sharing economy: A hedonic pricing model applied to Airbnb listings[END_REF][START_REF] Gunter | Modeling Airbnb demand to New York City while employing spatial panel data at the listing level[END_REF] show a significant positive effect on prices, explained by better information about guest expectations, suggesting a possible segmentation. Market segment identification enables better specification of attributes by reducing their number and increasing their relevance. It also reduces the heterogeneity of guest preferences and host acceptance implying a better stochastic performance of the hedonic function. The segmentation discussion is therefore a preliminary step.

The Selection of the Hedonic Functional Form

The functional form selection implies specific relationships between endogenous and exogenous variables (a linear functional form implies a proportional relationship). An incorrect specification may lead to errors in estimated parameters, minus the explanative power of models. Except for [START_REF] Faye | Déterminants des prix des hébergements Airbnb dans les villes françaises[END_REF], previous studies arbitrarily chose a linear or semilog form without justification. However, the Box Cox method enables us to select the more accurate simple3 functional forms using an optimization algorithm where

= -1 ≠ 0 = ln = 0
For each variable, the optimized value of parameters ( for Y, for exogenous identified a suitable functional form that normalized the variables. However, as [START_REF] Dubé | Spatial segmentation and choice of a functional form for hedonic price modelling[END_REF] noted, the functional form selection is the result of a trade-off between the RESET (Ramsey Regression Equation Specification Error Test) that validates a functional form and the effects of this functional form on stochastic conditions and explanative power. Arbitration between these criteria ensures the appropriate functional form.

Time and Space Effects

Implementing time effects into hedonic models (panel, time-fixed, dummies) generally increases their quality, especially for tourism where trends, cycles, and seasonality are common. Except for [START_REF] Gunter | Modeling Airbnb demand to New York City while employing spatial panel data at the listing level[END_REF], scholars pooled data over several months or years without time considerations. Even punctual data extraction indiscriminately collects listings that are available for rent and those that are no longer available with often out-of-date prices. There is a way to improve this. [START_REF] Tang | Space and scale: A study of development intensity and housing price in Hong Kong[END_REF] were the first to examine the spatial autocorrelation effect of Airbnb prices and found significant spatial-lagged effects. [START_REF] Gunter | Modeling Airbnb demand to New York City while employing spatial panel data at the listing level[END_REF] confirmed this finding using spatial econometrics in New York and Xu et al. (2019) used gw-regression in London. However, these findings concern only some site attributes without consideration of other spatial effects suggested by the Mansky model. Capturing all spatial effects can further improve the performance of the hedonic function.

In summary, the quality of hedonic models is likely to improve through a better specification of attributes (P1), an identification of market segments (P2), a better specification of the functional form (P3), and a consideration of time effects (P4) and spatial autocorrelations (P5). Studies have already attempted to include these technical changes in a scattered manner that we are testing here as a whole.

To discuss our proposals, we assess models according to their quality: explanatory power, suitability of their functional forms, and compliance with structural and stochastic conditions.

Adjusted-R² and Akaike information criterion (AIC) or Nagelkerke-R² assesses the explanative power of OLS and log-likelihood estimates, respectively. A RESET-test assesses the fitness of the functional form (H0: appropriate specification) for which the higher the value of the F statistic (compared to its theoretical value), the less adequate the functional form is. Structural conditions are limited here to collinearity. The maximum value of a VIF is still under debate: greater than 10 is cause for concern, but some authors suggest a more conservative level (2.5), others a more permissive level (5), notably for residential value modelling [START_REF] Dubé | Spatial segmentation and choice of a functional form for hedonic price modelling[END_REF]. We retain an in-between (3.7) to absorb the correlation between two essential variables: the number of bedrooms and the accommodations. A normality test (Jarque-Berra, H0: normality) and a heteroskedasticity test (Breush-Pagan, H0: homoskedasticity) will check the stochastic assumptions. In practice, heteroskedasticity may imply the existence of observation groups (or market segments) with different price variances. The residue normality verifies a correct specification of the model. However, it is not clear that the extent of work is cost-effective in terms of model quality. We test the five proposals on the data collected in Bordeaux to reference the framework4 of the most commonly cited OLS model [START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF].

DATA AND METHODS

We drew data in December 2018 from an open data site (http://observatoire-airbnb.fr/)5 that exhaustively recorded listings in Bordeaux for 2018 (13,991 accommodations; rooms: 21.5%; EH: 78.5%). Data refer to the location (GPS), type of accommodation, type of dwelling, facilities, additional services, rental rules, host reputation, and price. Additional variables in SA and CTA vectors are implemented per IRIS6 (aggregated blocks for statistical information), the smallest urban spatial scale for official statistical information. Bordeaux includes 87 IRISs with a median size of 0.3 sq.km. Figures 1 and2 show the listing density per IRIS respectively for EH and rooms.

Figures 1-2

From the GPS coordinates, we added distances to the center and to public transport (tram and railway stations) and neighborhood profiles. The Airbnb platform produces a neighborhood guide7 suggesting items for profiling that match guests' perceptions (peace and quiet, dining, shopping, loved by residents, artsy, touristy, nightlife, green spaces, great transit, market, tendency). The French census produces appropriate data to describe these profiles per IRIS. The only exception concerns tourism and safety indicators, which we had to figure out. For the first indicator, Bordeaux (a World Heritage city) features more than 80 points of tourist interest throughout the city. We measure the tourist character of an IRIS by the sum of the photos posted on Flickr and Instagram, 8 plus the number of reviews on Tripadvisor of all the tourist attractions included in each IRIS. For the second indicator, because the IRIS safety data is confidential, we made a safety proxy with the number of papers published in the local press 9 including "unsafety" and "district name" terms from 2010 to 2018 [START_REF] Faye | Place: What Do We Know about these Targets of Urban Regeneration Programs?[END_REF]. Appendix Table A displays all neighborhood variables. Their factorial analysis (Table 2) provides six dimensions named historic center, 10 popular residential area, 11 well-off residential area, 12 tourist and shopping area, cultural area, and sports and leisure area. Each one of the 87 IRISs is described by its projections on these dimensions.

Table 2 Furthermore, the LA vector is more detailed concerning facilities, housing types, housing safety, rental conditions, and additional services. Specifically, we add to the HA vector a registration number that ensures the guest of the accommodation legality and we add to the LA vector a variable that indicates the English language of listings. Finally, the CTA vector includes the number of listings, the level of rents, and the number of hotels by quality level per IRIS. This database is therefore more comprehensive than that of previous studies. Table 3 displays all the attributes that readers can compare with former studies detailed in Cai et al. (2019, p. 230).

Table 3 For each observation (i) on each market segment (t), estimated models are
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where T(.) indicates the transformation of the variable specific to each functional form, + , are the estimated coefficients in each category of variables (Table 1), and ε the residue. According to [START_REF] Rosen | Hedonic prices and implicit markets: Product differentiation in pure competition[END_REF], when the functional form selected is linear, β (the marginal rate of substitution between expenditure (p) and a specific attribute) estimates the implicit price paid for this attribute. Estimation of equation ( 1) then yields the implicit prices for each attribute.

RESULTS AND DISCUSSION

8 We do not use geotagging because of the density of some tourist points but crossed queries (#"name of interest"+"Bordeaux") using all orders and spellings. We do not distinguish between resident and tourist images, because guests may value what is loved by residents. However, there are significant ways to improve this method (Paül i Agustí, 2018). 9 https://www.sudouest.fr/archives/. 10 Old habitat with young students and single people living in small apartments with a high turnover rate.
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Working class, family, and cosmopolitan households; tenants living in medium-sized units notably in social housing. 12 Secure and comfortable district for owners, CSP+ or retired, rooted and elderly people living in large housing units.

P1. A more complete vector of variables improves the quality of the hedonic function.

To discuss P1 we compare the quality of the reference model with a more complete attribute specification (model 1). Table 4 highlights the findings. With a similar functional form (semi-log), the explanatory power of model 1 is substantially higher than that of the reference model (from 0.511 to 0.564). The model is less parsimonious, so the statistics of the residue normality and heteroskedasticity tests increase, reducing the quality of the regression. The response to P1 is therefore ambiguous and incites us to work on model 1 to better control the stochastic conditions. Table 4 P2. Taking into account homogeneous market segments improves the quality of the hedonic function.

Here, we adopt an ad hoc decision rule. We do not reject a segmentation if at least two of the three following conditions are verified: the segmentation increases adjusted R² (mean condition), improves the stochastic conditions (variance condition), or generates different attributes' specifications (structural condition).

Compared to the reference model, the accommodation type segmentation (models 2 and 3) shows a higher adjusted R² in the EH segment but an adjusted R² lower in the room segment. Stochastic tests always failed even if their statistics are better for each segment. Attribute specifications are partly different. Therefore, a Room/EH segmentation cannot be definitely excluded.

Models 4 and 5 test the sized segmentation of EH. The explanatory gains are very disappointing; stochastic tests failed even with better statistics and attribute vectors that are similar. That suggests a single hedonic function for EH.

Models 6 and 7 do not reject a segmentation by host type (professional/occasional). The occasional host segment model shows slightly better adjusted R² and the professional host segment clearly outperforms. Stochastics statistics are better even if the stochastic tests always failed and vectors of attributes are partly different.

We confirm the existence differences by price (quality) quantiles, as highlighted by [START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF]. Quantile Regression estimates (model 1) are available on request. However, tests performed on sample partitioning by price level (after hierarchical bottom-up classification and univariate partitioning) do not improve the quality of the models.

The discussion of P2 suggests four market segments: EH rented by occasional hosts (SM1), EH rented by professional hosts (SM2), rooms rented by occasional hosts (SM3), and rooms rented by professional hosts (SM4).

P3. The choice of a more appropriate functional form improves the quality of the hedonic function.

Level (on request) or semi-logarithmic functional forms arbitrarily chosen in previous studies appear to be the least effective (Table 5). The RESET tests do not reject an ln-ln specification in SM1 and a Box Cox specification in SM4. The ln-ln specification in SM2 and the Box Cox specification in SM3, even when rejected, appear to be an optimal second choice with respect to their statistics. We then implement these functional forms to estimate our models.

P4. Taking into account the time effect improves the quality of the hedonic function.

Our one-off data extraction does not allow for a panel approach. However, we observe a large number of not available listings, for which prices may be out-of-date. If time effect works, the regression performances may be better if we consider only available listings, which justifies a panel approach with more suitable data. In Table 4, model 8 is estimated from the only available listings. Compared to model 1, it exhibits a significant gain in hedonic quality, suggesting a time effect.

Finally, we therefore propose estimating a hedonic model by type of available accommodation, taking into account the category of hosts.

Table 5.

P5. Spatial effect improves the quality of the hedonic function.

Spatial models highlight the effect of exogenous variables located in neighborhood, the effect of spatially correlated error terms (omitted variables located in the neighborhood), and the effect of the lagged endogenous variable, which may describe imitating pricing within neighborhoods.

Distance matrix selection has a crucial influence for some authors, less so for others, but all recognize the need to identify this selection by referring to urban specificities. Here, we developed three binary continuity matrixes.13 W1 has a threshold of 300m (median size of the IRIS), W2 has a threshold of 500m (average size of the IRIS and average distance between two tram stops), and W3 has a threshold of 1000m to cover at least two IRISs. For each distance matrix, we normalize the weight matrix for reducing the influence of the neighbors' number on the degree of binding. The line normalization (W) gives more weight to observations with a low number of neighbors, but the normalization by variance-stabilizing coding scheme (S) proposed by [START_REF] Tiefelsdorf | A variance-stabilizing coding scheme for spatial link matrices[END_REF] corrects this bias. Giving less weight to peripheral observations with few neighbors, the W matrix better describes spatial lag for central Airbnb accommodations. S corrects this bias, capturing the existence of differences in spatial behavior at the periphery.

Table 6 exhibits the results. A Moran test fails to reject a significant spatial effect in the OLS model when its p-value < 0.1. Then, we apply the top-down selection process [START_REF] Elhorst | Spatial econometrics: From cross-sectional data to spatial panels[END_REF] to identify the relevant structure of spatial dependency (Box 1). We successively applied LR tests to see if a general model should be restricted (H0) to a particular model from Mansky mixed model to an OLS model. In cases of uncertainty, the selection is based on AICs. The results indicate that spatial effects increase the explanatory power of the models in many cases, especially for SM1.The specification of the models informs us about the spatial dependency. The effects of lagged exogenous and lagged unobserved variables play in very large neighborhoods, whereas the effect of lagged endogenous variable plays in small neighborhoods, but SM2 and especially SM3 are less subject to spatial effects.

Finally, we display the estimation results of the reference model and the best performing models for each segment in Table 7. To enable comparisons among the results, we calculate implicit prices for direct impacts using the method based on mean price (see Box 2). Notes+ -. is the estimate coefficient of attribute j; / 0 is the mean price of each subset ; / 0 L is the mean price of listings without attribute j ; ̅ . is the mean of attribute j ; and . the Box-Cox parameters Table 7 The control of the structural and stochastic conditions suggested by the founders of the hedonic method leads to better results. Compared to the reference model, the models are clearly more explanative (except SM3) and the stochastic conditions, although rejected probably because of the sample sizes (except SM4), are better. In addition, a highly differentiated significance of coefficients and very different spatial patterns appear per segment for which explanations have to be explored.

Accommodation size variables have the expected positive signs (see Cai et al., 2019, for all comparisons). However, if the values of the coefficients are lower in the rooms segments, the implicit price of additional accommodation is higher than in the EH segments. Property types also play differently by segments. B&Bs have a positive impact in the rooms segments, houses in all segments with the logical exception of SM4, lofts in the two occasional segments, and boats only for SM2.

Concerning facilities, results are consistent with the literature but highlight differences per segments with the exception of a pool 14 . Although we expected a positive influence of strict cancellation policy (Benítez-Aurioles, 2018), this impact is not significant for SM3 and negative for SM4, suggesting specific logics for rooms and professionals. Because it is restrictive for guests and involves less management costs for hosts, the minimum length of stay has expected negative effects, except for SM4. Certain additional services (animals, smoking) have expected negative effects, but only on the occasional segments (SM1, SM3), where people may expect a more damaged dwelling. The English language variable is positively valued in the occasional segments, but it is rarer than in the professional segments.

The scarcity effect probably explains the valuation of a key provided by the host on SM2 or 14 However, some results require further explanation given their sign or price level. Some of these are specific to our case study, such as high average quality of B&Bs and low valuation of free parking (low urban density, tram, free or low-cost parking in the streets). Others are less specific to the case study. For short stays and small dwellings, the guests undervalue some facilities (Benites-Aurioles, 2018) or even negatively value those that reduce their living space by allocating space to undesired functions (e.g., cooker [probably in an independent kitchen], work space, children's toys with likely a room dedicated to young children). Finally, the safety attributes should be viewed with caution. Their presence is legally required according to the type of housing, so they may be considered as proxies for other housing descriptors. VIFs fail to control these relationships due to stepwise selection process and a multicollinearity selection process. In France, smoke detectors are compulsory in all dwellings and therefore have no significant influence on price (except in the "all listings" panel, where some unavailable listings were uncompleted concerning these new safety attributes). Safety data sheets are compulsory for public access establishments-for more than 16 people-and have negative effects on the price, reflecting the existence of dormitories or multiple rooms rented under a single identification. Fire extinguishers are compulsory for places larger than 200 sqm, and their positive impact on the price reflects a willingness to pay for the surface area. We nevertheless have maintained these variables, their effects being different according to the national housing legislation.

the 24h/24h entries in SM3. Host attributes and listings reputation estimates are consistent with the literature but their influence depends strongly on the segments. For the first time, the registration number indicates a significant effect only for EH with a positive influence for occasional hosts and a negative one for professional hosts.

Location variables also indicate specific effects per segment, clarifying the results of previous studies (Benítez-Aurioles, 2018; Perez-Sanchez, Serrano-Estrada, Marti, & Mora-Garcia, 2018). As expected, neighborhoods reduce the impact of distance, which plays a negative role only for SM3 (distance to the center), SM4 (distance to the tram), and indirectly for SM2 (distance to the center and to the station). The positive influence of a tourist environment appears only in the segments of occasional hosts, especially for EH. Surprisingly, the influence of a location in the historic center is positive in the EH segments but negative in the Ro segment. The prices of EH are lower in popular neighborhoods, particularly for professionals, but this is not true for the room segment. Finally, we note a positive influence of cultural areas in SM3 but negative in SM4, which may be due to a peripheral distribution of cultural activities. Lag effects are widely consistent with direct impacts. The proximity of cultural and popular areas increases the price in the segments held by professionals (SM2, SM4). However, these two segments differ for the other types of neighborhood: well-off areas have a positive effect on the SM2 prices, a negative effect on SM4 prices, tourist areas have only a negative effect on SM2, and historic centers have only a positive effect on SM4. Furthermore, the price of the EH segment rented by occasional hosts (SM1) is sensitive (negatively) only near the historic center.

Concerning CTA variables, listing numbers and rent levels are systematically removed for multicollinearity considerations. However, their lagged effects (less subject to multicollinearity) reveal a negative indirect impact (competition effect) limited to SM4. Furthermore, the presence of hotels has a significant impact on prices. Competitive effects (negative coefficient) appear in the rooms segments with 3-to 4-star hotels for occasional hosts and 2-to 3-star hotels for professionals. For those, the lagged effects show that with distance, competition becomes complementary for 2-star hotels and a competitive effect appears for 5-star hotels. Complementarity effects (positive coefficient) also play a role with 2-star hotels for occasional hosts and 4-star hotels or aparthotels for professionals. With distance, complementarity becomes competition for aparthotels and complementarity effects disappear for 4-star hotels. For SM1, the complementarity effect plays a role with the highest quality levels and aparthotels. The relationships of competition and complementarity between Airbnb and hotels is therefore different according to the segment under consideration.

Contrary to previous studies [START_REF] Tang | Space and scale: A study of development intensity and housing price in Hong Kong[END_REF], we show all vectors in the spatial models whose lagged significance may appear as statistical artefacts but also suggest the existence of haloes of facilities and services due to imitation/differentiation processes in the competition between hosts or between hosts and the hotels. The significance of the lagged effects of these variables open up an interesting avenue of research

CONCLUSION

Academics have faced the challenges posed by Airbnb development and proposed hedonic functions for estimating a broad set of attributes. It is time to challenge these methods to increase these instruments' robustness and the relevance of information provided to market players on which managerial implications of our research are founded. Five technical means improve the stochastic and structural performances that we test in the not-before-studied city of Bordeaux, a worldwide urban tourism destination.

Our first finding concerns the benefit of an extension of the vector of attributes (P1). This broader specification reveals the significance of some new variables and slightly increases the explanative power but is not sufficient to deal with stochastic issues. P2 examines the relevance of segmentation to deal with listings and preferences heterogeneity as a source of stochastic issues. Given the sample sizes, a cross-segmentation by type of accommodation and host dramatically increases the explanative power, improving the stochastic conditions of the models for EH and rooms rented by professional hosts. However, benefits are very disappointing for SM3. P3 concerns the hedonic functional form, that is, the nonlinearity of the relationship between price and attributes. The results outline the performance of ln-ln or Box Cox forms depending on the segments compared to the semi-log forms usually selected in literature.

P4 concerns the control of time heterogeneity where we distinguish only between available and unavailable listings including out-of-date prices. The results confirm a very pronounced time effect that contributes to a strong increase in explanative power. The last proposal concerns the existence of spatial heterogeneity. With the exception of SM3, each segment presents a particular pattern of spatial dependence. Considering these effects still contributes to the explanatory power of the models and partly to the improvement of their stochastic conditions. Therefore, findings advocate for a nonlinear and segmented spatial panel approach.

However, the tests carried out for each proposal refer to a particular city, which allows a detailed approach, but remain a single case. We should test other segmentation choices, describe time effects with more suitable data, and extend our spatial approach to gwregression. Moreover, the difficulties in improving performance on SM3 open a qualitative avenue to better identify pricings in this segment and link it to the types of actors. SM3 appears as the core of the sharing economy-based accommodation rental where hedonic bid function, assuming a competitive market, fails to describe the mix of market and non-market pricings. 
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Figure 1 .

 1 Figure 1. Number of EH accommodations per IRIS (by quantile)

•

  Contextual variables (or market conditions [CTA]) describing the substitutable offers and demands (hotel offers by quality level, listing density per district, rental price level per district) • Reputational variables (or listing reputation [LR]) describing experiential value (Lyu, Li, & Law, 2019; Young, Corsun, & Xie, 2017): superhost badge, number of reviews, star ratings, host listing counts, host verification, host profile picture, response time, and cancellation rate •

Table 6 Box 1 :

 61 Spatial model selection process

Note: SAC: Spatial Autoregressive Confused SACM : SAC mixed ; SDM: Spatial Durbin Model ; SEM: Spatial Error Model ; SLM: Spatial Lag Model ; SLX: Spatially Lagged X Model; SDEM: Spatial Durbin Error Model.

Table 1 .

 1 Some technical characteristics of hedonic models on Airbnb prices

	References	Airbnb	Sample size	Period	Functional	R² or	Tests of regression hypothesis	Variable categories
		samples	(variable nb)		form	(adj-R²)		
			24,845(5)	December 2012 to				Listings attributes-LA; listing reputation-LR; site attributes-
	Li et al. (2015)	Local (Chicago)		March 2013	Semi-log	0.444	Endogeneity	SA (zip code); host attributes-HA (professional/occasional);
								date
	Dogru & Pekin	Local (Boston)	2,699(20)	January 2015 to	Ln-ln		NS	LA, LR; SA (only distance to center)
	(2017)			September 2016				
							Multicollinearity heteroskedasticity	LA; additional services-AS; HA; rental policy-RP; LR; SA
	Wang & Nicolau	Global (33 world	180,533(25)	June 2015 to	Semi-log		correction; segmentation test (quality-	(only distance)
	(2017)	cities)		February 2016			quantile regression [QR])	
	Chen & Xie	Local (Austin)	5,779(20)		Semi-log	0.712	NS	LA; HA; LR; competition in a tract Airbnb-CTA (hotel rental)
	(2017)							
	Teubner et al.	National (86 German		September 2008 to		(0.395)	Multicollinearity	LA; AS; HA; RP; LR; SA (distance and rent level)
	(2017)	cities)	13,884(22)	November 2015	Level			
	Benítez-Aurioles	Global (44 cities)	497,509(10)	October 2015 to	Semi-log	0.35 (from 0.2 to 0.73	NS	LA; LR, RP
	(2018)			June 2017		according to city)		
	Gibbs et al.	National (5	15,716(16)	June 2016	Semi-log	(0.527)	NS	LA; LR
	(2018)	Canadian cities)						
	Perez-Sanchez	National (4 Spanish	19,578(26)	March 2018	Semi-log	(0.639)	Segmentation test (cluster analysis of	LA; LR; SA
	et al. (2018)	cities)					listings and quality levels [QR])	
								LA; HA; LR; RP; SA (distance to center, to highway,
	Cai et al. (2019)	Local (Hong Kong)	6,474(22)	August 2016	Semi-log	0.64	Multicollinearity	neighborhood characteristics)
	Falk, Larpin, &	National	50,858(39)	2016 to 2018		0.440 (in cities)	N.S. (QR estimates for robustness)	LA (objective and subjective throughout the description); SA
	Scaglione (2019)	(Switzerland		(January and June)	Semi-log			(distance, perceived environment)
		urban/rural areas)						
						EH: (0.557) Rooms:	Segmentation test, functional form test,	LA; AS; RP; SA (distance to center, rent and social
	Faye (2019)	National (93 French	140,000(125)	October 2016 to	Ln-ln	(0.409) varying	multicollinearity, heteroskedasticity,	characteristics by cities); CTA (hotel rent)
		cities)		March 2017		according to city size	normality of residues	
	Lorde & Joseph	12	3,046(36)					LA; HA; LR; SA (characteristics of countries); hosts with
	(2019)	Caribbean countries		August 2017	Semi-log	(0.605)	NS (QR estimates for robustness)	multiple listings
						Spatial error model for	Normality of residues; lagged spatial	LA; HA; LR, SA (neighborhood characteristics); lagged prices
	Tang & Yiu	10 US cities	51,125(12)	November 1-28,	Semi-log	site attributes (0.345);	effects (W not specified)	
	(2010)			2017		spatial lag model for		
						situation attributes		
						(0.324)		
							Fixed-effects spatial Durbin model (with	LA; SA (neighborhood characteristics); HA (professional/
	Gunter et al. (2020)	Local (NY)	32,142(5)	September 2014 to June 2016	Ln-ln	Pseudo R² overall 0.016	power test and collinearity control)	occasional); tourist income; two segments (EH only; Manhattan only)

Table 2

 2 

	. Factor coordinates of neighborhood variables per IRIS (varimax rotation; KMO =
	.697; Cronbach's alpha = .91)

Table 3 .

 3 List of variables per category

		Model	SM1	SM2	SM3	SM4
			Available EH by	Available EH by	Available rooms	Available rooms by
			occasional hosts	professional hosts	by occasional	professional hosts
			(N1=4492)	(N2=616)	hosts (N3=1134)	(N4=114)
		RESET	56.97 ***	15.91***	36.26***	13.18***
		Adj. R²	0.589	0.699	0.362	0.590
	Semi-Log	Breusch-Pagan	502.32 ***	83.69***	220.301***	47.67***
		Normality test	570.54 ***	23.44***	78.18***	4.15
		VIFmax	4.44	3.284	3.4	2.97
		RESET	0.43	12.87***	72.01***	6.97***
		Adj. R²	0.604	0.722	0.356	0.567
	Log-Log	Breusch-Pagan	522.05 ***	117.01***	235.67***	48.24***
		Normality test	591.46 ***	16.25***	83.92***	13.48**
		VIFmax	3.72	2.88	3.198	1.528
		RESET	34.37 ***	14.68***	14.45***	2.012
		Adj.R²	0.558	0.718	0.327	0.612
	Box Cox	Breusch-Pagan	497.12 ***	114.978***	179.20***	25.02
		Normality test	648.459 ***	11.9251***	19.61***	1.87
		VIFmax	3.62	2.957	2.83	2.73
	Notes: ***p < 0.01, **p < 0.05.				

Table 5 .

 5 Structural/stochastic performance of functional forms in each market segment

	EH

Table 6 .

 6 Spatial effect, spatial model specification, and parameter (ρ,λ) estimates per market segment

	Subsets (mean price)	All listings(77.97)	SM1 (82.8)	SM2 (109.1)	SM3 (44.2)	SM4 (52.9)
	Model types	OLS		SDEM (Ww)	SDEM (Ws)		OLS	SDEM (Ws)
	Coeff. and implicit price (IP)	Coeff	IP	Coeff	IP	Coeff	IP	Coeff	IP	Coeff	IP
	Intercept	3.122***		2.225***		2.794***		1.462***		1.336***	
	EH	0.372***	45.06								
	Professional	0.126***	13.43								
	Shared room	-0.298***	-25.77					-0.033*** -24.54		
	Distance to center	-0.02***	-1.56					-0.01***	-2.51		
	Distance to tram	-0.039***	-3.04							-0.011*** -15.20
	Distance to station	0.007*	0.55								
	Historic center	-0.023*	-1.79	0.136***	10.67	0.423***	42.40	-0.01***	-4.00	-0.024*** -19.84
	Popular	-0.037***	-2.88	-0.068*	-6.33	-0.309*** -41.69	0.01**	4.01		
	Well-off	0.039***	3.04								
	Tourist and shopping	0.145***	11.31	0.121***	10.95			0.012**	5.15		
	Cultural							0.015**	10.23	-0.05***	-82.71
	B&B	0.363***	43.76					0.03***	34.76	0.081***	190.57
	Loft	0.299***	34.85	0.229***	25.73			0.05***	70.98		
	Boat	0.388***				0.433*	54.19				
	House	0.147***	15.84	0.064***	6.61	0.155***	16.77	0.024***	24.95		
	Accommodations	0.073***	5.69	0.232***	5.27	0.202***	5.71	0.046***	9.10	0.022***	7.14
	No. bathrooms	0.034***	2.65	0.28***	19.89	0.205***	18.39				
	No. bedrooms	0.18***	14.03	0.628***	33.02	0.661***	46.26				
	Terrace	0.098***	10.30	0.078***	8.11			0.017**	17.83		
	Garden			0.047**	4.81						
	Free parking	0.017*	1.71	0.042***	4.29	0.077**	8.00				
	Sofa bed	-0.08***	-7.69	-0.101***	-9.61						
	Dryer	0.069***	7.14	0.109***	11.52			0.006*	5.68		
	Cable TV	0.076***	7.90	0.064***	6.61	0.052*	5.34				
	Entryphone	0.024***				0.155***	16.77				
	Fireplace	0.075***	7.79	0.071***	7.36			0.01**	9.73		
	Pool	0.188***	20.68	0.221***	24.73	0.351***	42.05	0.029***	32.91	0.061***	82.02
	Jacuzzi	0.177***	19.36	0.161***	17.47			0.034***	41.35		
	Hangers			0.022*	2.22					0.009*	15.85
	Iron	0.037***	3.77	0.037***	3.77	0.191***	21.05				
	Cooker	-0.164***	-5.13			-0.083**	-7.96				
	Coffeemaker	-0.024**	-2.37	-0.032**	-3.15						
	Dishwasher	0.102***	10.74	0.092***	9.64	0.097***	10.19				
	Washing machine	0.034***	3.46								
	Workspace	-0.017**	-1.69								
	Extra pillows	-0.031***	-3.05					-0.009**	-7.83		
	Books/toys for children	-0.063***	-6.11	-0.083***	-7.96	-0.119**	-11.22				
	Baby cot	0.031**	3.15								
	Strict cancellation	0.057***	5.87	0.065***	6.72			0.018***	18.90	-0.018*** -23.17
	Long-term stay allowed					0.058**	5.97				
	Min. length of stay			-0.056***	-1.06	-0.078*** -0.90	-0.012**	-0.43		
	Breakfast	0.051***	5.23	0.033**	3.36	0.12***	12.75	0.012***	11.76		
	Key given by host					0.088***	9.20				
	Luggage service							0.008**	7.78		
	Bed sheets					0.093***	9.75	0.013***	13.39		
	Family-friendly	0.022***	2.22								
	Event-friendly	-0.037**	-3.63							0.026*	61.33
	Animals allowed	-0.062***	-6.01	-0.063***	-6.11			-0.01**	-8.67		
	Smoking allowed	-0.047***	-4.59	-0.042***	-4.11			-0.011*** -9.58		
	English language	0.049***	5.02	0.039***	3.98			0.007**	6.80		
	Fire extinguisher	0.097***	10.19	0.122***	12.98					0.02***	42.15
	Safety data sheet	-0.08***	-7.69					-0.033*** -24.47		
	Smoke detector	-0.031**	-3.05								
	No. reviews			-0.022***	-0.09	-0.067***	-0.34	-0.009*** -0.12	-0.007*** -0.20
	Total rating	-0.022***	-1.72	-0.033***	-0.82						
	Superhost	0.078***	8.11	0.08***	8.33			0.009***	8.99		
	HostID	0.042***	4.29								
	Host listings count	0.003***	0.23			0.066***	0.29			0.012**	2.98
	Registration number	0.058***	5.97	0.064***	6.61	-0.076*** -7.32				
	No. 1-star-rated hotels			-0.084*	-21.36 -0.0364*** -87.7				
	No. 2-star-rated hotels	0.021***	1.64					0.012**	20.34	-0.014** -94.35
	No. 3-star-rated hotels	-0.011**	-0.86					-0.011*** -11.44	-0.024** -38.07
	No. 4-star-rated hotels							-0.008*	-8.69	0.028**	55.38
	No. 5-star-rated hotels	0.02***	1.56	0.054***	16.92						
	No. aparthotels			0.037*	15.25	0.171***	80.67			0.029**	146.7
	No. listings										

Endogeneity has three sources: errors in variables measurements, variable omissions, and simultaneous choices.

Best city to visit (Lonely Planet, 2017).

Due to the number of variables, we do not test quadratic forms.

Three of the twenty-five variables selected by[START_REF] Wang | Price determinants of sharing economy-based accommodation rental: A study of listings from 33 cities on Airbnb.com[END_REF], host picture, required guest's picture, and required guest's verification are not available in our database.

Studies use their own web-crawling tools[START_REF] Teubner | Price determinants on Airbnb: How reputation pays off in the sharing economy[END_REF] or data from open websites (Inside Airbnb, Observatoire Airbnb).

IRIS is a "homogeneous living environment with a population from 1,800 to 5,000" (INSEE, 2020).

https://www.airbnb.fr/locations.

Given the small distances in this intra-urban context, a distance decay matrix is not considered.