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I analyze a real estate agency’s proprietary dataset containing tens of thousands of housing sale and rental transactions in Central London during the 2006-2012 period. I isolate 1,922 properties which were both sold and rented out within a six-month period and measure their rent-price ratios. I find that rent-price ratios are lower for bigger and more central units. These stylized facts are consistent with the user cost formula and reflect differences in maintenance costs, vacancy rates, growth expectations, and risk premia.
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The aggregate ratio between house prices and rents is often used as an indicator of housing market conditions (Shiller, 2007; IMF, 2009). However, little is known about the cross-sectional variation of this ratio at the individual-property level. The relation between individual house prices and rents matters both for households and real estate investors. Housing is the largest asset in homeowners’ balance sheets,1 and rents represent the major expenditure for most renters, amounting to 20-30% of monthly outlays (Genesove, 2003). For investors, rent-price ratios are a fundamental component of housing returns. Differences in rent-price ratios across property types are important for portfolio management (Plazzi et al., 2011). In this paper I study unit-level data on house prices and rents in Central London. I document the existence of systematic differences in rent-price ratios across property types within the same urban area: bigger properties and properties located in more expensive neighborhoods have lower rent-price ratios. My analysis is based on a novel proprietary dataset from a Central London real estate agency. The dataset contains information on achieved prices and rents for tens of thousands of properties, as well as detailed descriptions of property characteristics. The period of analysis, 2006 to 2012, covers the last part of the housing boom, the bust of 2008, and the subsequent recovery.2 The area under study hosts a mix of owner-occupied and private-rented properties, which often lie side by side. Observed prices and rents are the result of genuine market forces, because the UK private rental market is essentially unregulated.3 Central London is on average an expensive area, with a high dispersion of prices and rents, which provides a good source of variation for the empirical analysis. In the main part of the paper I restrict my attention to properties that are both sold and rented out within 6 months. In this way I am able to measure rent-price ratios directly: I have enough observations to focus only on prices and rents observed on the same property at approximately the same time. The empirical analysis starts with some simple bivariate correlations to show the main stylized facts: rent-price ratios are lower for high-value properties; this pattern is visible also within property categories (apartments, houses); rent-price ratios are inversely correlated to floor areas; rent-price ratios are lower in more expensive postcode districts. The second part of the empirical analysis shows regressions of rent-price ratios on a number of characteristics and quantifies the effect of these characteristics on the ratios. The regressions confirm the stylized
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facts. In the last part of the paper I discuss potential explanations for the differences in rent-price ratios. According to the no-arbitrage condition popularized by Poterba (1984), cross-sectional differences in rent-price ratios are due to differences in depreciation/maintenance costs, expected appreciations, or risk premia. Moreover, some of the differences in gross rent-price ratios could be due to differences in the expected duration of tenancies, since the data used in this paper only allows the measurement of gross rent-price ratios. To detect the role of maintenance costs, I estimate the effect on rent-price ratios of adding a bedroom to a property keeping floor area constant. An additional bedroom reflects a higher utilization rate of the property (as in Henderson and Ioannides, 1983) and therefore higher maintenance costs. Consistently with theory, I find that additional bedrooms have a positive effect on rent-price ratios. To investigate the role of vacancy rates, expected appreciation, and risk premia, I restrict my attention to matched properties for which I observe subsequent rental contracts. In this way, I can directly measure the duration of tenancies and the appreciation and volatility of rents. As expected, both the duration of tenancies and rent appreciation have a negative effect on rentprice ratios. In some regressions, also rent volatility has a negative effect on rent-price ratios, possibly because volatile rents encourage homeownership and therefore raise house prices (Sinai and Souleles, 2005). The stylized facts highlighted in this paper are consistent with the well-known empirical regularity of lower rent-price ratios for class-A commercial properties. Also, some of these patterns have been shown for residential properties elsewhere in the UK (Joseph Rowntree Foundation, 1996; Association of Residential Letting Agents, 2012), the US (Garner and Verbrugge, 2009), and Australia (Hill and Syed, 2012). This is the first paper that focuses exclusively on crosssectional differences in rent-price ratios of residential properties and links those differences with property characteristics. The rest of the paper is organized as follows. The first section reviews the relevant literature. The second section describes the data. Next, the main stylized facts are presented. The fourth
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section shows the regression analysis. I then discuss the theories that can explain the main results, and provide some final considerations.



Related literature In the literature, rent-price ratios have been repeatedly measured and studied using aggregate data. For instance, Gallin (2008) uses US city-level data to check if changes in rent-price ratios anticipate future price or rent growth, as predicted by the dividend discount model. In a related paper, Campbell et al. (2009) use the dynamic version of the Gordon growth model to decompose the movements in rent-price ratios of US metropolitan areas into the contributions of expected rent growth, real interest rates, and housing risk premia. In a research focused on historical long-run patterns, Ambrose et al. (2013) analyze the behavior of rent-price ratios in Amsterdam from 1650 through 2005. Due to the lack of data, very few papers have analyzed rents and rent-price ratios at the individual-property level. An important exception is Smith and Smith (2006), who use price and rent data from 10 American urban markets to compute the “fundamental value” of housing (as opposed to the actual value), making assumptions on user costs. In order to build a measure of rent-price ratios they match properties for sale with properties for rent. They obtain 100 matches for every city, and describe one tenth of them as “perfect matches”, as they involve the same or nearly identical properties. Their data are gathered in July 2005. They note that there is dispersion in rent-price ratio between houses in the same urban market, with more expensive houses having in general lower rent-price ratios. In a related paper, Hwang et al. (2006) use micro data on prices and rents from South Korea to test the dividend pricing model. Hwang et al. exploit the high homogeneity of apartments in Seoul and the surrounding areas to compute price-rent ratios and see how they evolve over time. By contrast, in this paper I exploit the heterogeneity of housing units in Central London to shed light on the cross-sectional variation of rent-price ratios. Regarding the analysis of the cross-sectional variation of rent-price ratios, Garner and Verbrugge
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(2009), using answers from the US Consumer Expenditure Survey to compare self-reported rents and house values, find that more expensive properties have lower rent-price ratios. The importance in the U.S. of the mortgage interest rate deduction, and the fact that its effects are more substantial on more expensive properties, provides a convincing explanation for this pattern. However, this pattern is present also in countries where mortgage interest payments are not tax deductible. In a recent paper, Hill and Syed (2012) use micro data from Sydney, Australia, to compare actual rent-price ratios with housing user costs. Using imputation hedonic methods, they also find that more expensive properties have lower rent-price ratios. However, they do not decompose these differences into the contribution of different property characteristics. Finally, it is worth noting that the results presented here are consistent with a few non-academic papers. In the UK, for instance, reports from several sources, such as the Joseph Rowntree Foundation (1996) and the Association of Residential Letting Agents (2012), also show that rent-price ratios are lower for bigger properties (houses vs. apartments) and expensive regions (London vs. the rest of the UK). These reports, however, do not perform econometric analyses of the data and do not attempt to provide a theoretical explanation for these patterns.



Data The main dataset used in this paper comes from John D Wood & Co. (JDW), a real estate agency that operates in London and the surrounding countryside.4 The JDW Dataset includes observations from the Central-Western area of London, corresponding to the local authorities of Camden, Westminster, Kensington and Chelsea, Hammersmith and Fulham, and Wandsworth. These local authorities are shown on the left-hand side of Figure 1. They are responsible for running services such as schools, waste collection, and roads. This area is one of the most densely populated of London: most of the housing stock is made of apartments rather than single-family houses; approximately one fourth of dwellings are privately rented.5 The righthand side of Figure 1 shows the postcode districts included in the JDW Dataset. In the U.K. postal code system, the postcode district represents the first half of the postcode (one or two letters followed by one or two numbers) and corresponds to 10,000 - 20,000 unique addresses.
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Figure 1: London, geographical coverage of the JDW Dataset Notes: The figure shows the London local authorities covered by the JDW Dataset and the corresponding postcode districts: Camden (C), Westminster (We), Kensington and Chelsea (K), Hammersmith and Fulham (H), and Wandsworth (W).



In some specifications of the empirical analysis, I use postcode district dummies to capture the effect of location on house prices. Large real estate agencies such as JDW have valuation teams to keep track of market trends. Agents assemble sale and rental data from their own records as well as from other agencies. Before using the JDW data for the analysis, I perform several cleaning procedures. To remove potential duplicates, every sale or rental contract which refers to the same property and occurs within one month is excluded. This operation has the additional advantage of removing shortterm rental contracts, which are usually more expensive than other rentals and targeted to specific markets (e.g. business travelers and tourists). Moreover, since London houses and flats can also be sold on a leasehold—an arrangement by which the property goes back to the original landlord after the lease expires—I drop all sales of properties with a leasehold expiring in less than 80 years.6 Finally, to avoid outliers, I trim properties whose price or rent is below the 1st percentile or above the 99th percentile of the price or rent distribution for their transaction year.7 Figure 2 shows the quarterly number of transactions for these two groups of observations. The
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Figure 2: Sale and rental contracts per quarter Notes: The figure shows the number of sale and rental observations in the JDW Dataset grouped by quarter. 3000 2500 1500
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Complete Dataset contains 21,012 sales and 48,597 rentals in total. The number of sales varies substantially from one period to another. In 2006, when the market was characterized by rising prices, the average number of quarterly transactions was three times as high as the number of transactions during the 2008 bust. The number of rental contracts, by contrast, appears less volatile from one year to the next, but displays a sharper seasonal pattern: the third quarter has always 50% more transactions than the first quarter. For sales, the first quarter has usually a lower number of transactions, but seasonality is less pronounced. These seasonal patterns are taken into account in the empirical analysis of this paper.



The Matched Dataset



Since properties for sale have usually different observed characteristics than properties for rent, they are likely to differ also along unobserved characteristics. Therefore, analyses of the rentprice ratio that combine random samples of sold and rented properties are likely to suffer from omitted variable bias (Smith and Smith, 2006). This problem is avoided if the sample only includes prices and rents from the same properties measured at approximately the same moment in time.



7



The Matched Dataset contains properties that appear both in the sale and rental datasets, with the sale taking place between 0 and 6 months before the corresponding rental contract. To increase the number of matched observations, I expand the search for matches to the Land Registry, which contains official records of all housing transactions in England and Wales.8 In all datasets properties are uniquely identified by their address. For houses, the address is made of the street name and number. For apartments, the address contains additional information such as floor and unit number. For each property in the JDW Rentals Dataset, the matching algorithm looks for a sale of the same property either in the JDW Sales Dataset or in the Land Registry. Since every record comes with a transaction date, the distance in days between sales and rentals is measured. As there can be multiple sales and multiple rentals for each property, for every sale the algorithm keeps only the closest rental contract. If a rental contract can be imputed to multiple sales, the algorithm keeps only the closest sale. Since prices and rents can diverge over time, it is necessary to keep only rental contracts that were signed shortly after the sale of the property. I choose 6 months as the cutoff distance between the sale and the rental. The chosen window around the sale date is asymmetric as I do not select rental contracts signed a few months before a sale. Table 1 shows that the average property in the Matched Dataset is slightly more expensive than the average property in the Rentals Dataset but less expensive than the average property in the Sales Dataset. Consistently with the composition of housing stock in this part of London, the majority of housing units are apartments. The proportion of apartments and the geographical distribution of properties are similar to the ones in the Rentals Dataset, shown in the last two columns of Table 1. There are more apartments in Rentals than in Sales and the median floor area is larger for Sales. Other studies report similar differences between owner-occupied and rented units. For instance, Glaeser and Gyourko (2007) use the 2005 American Housing Survey to show that “The median owner occupied unit is nearly double the size of the median rented housing unit,” and that rental units are more likely to be located near the city center. Table 1 shows that the median rent-price ratio for the matched properties in the sample is around 5%. Over the period covered by the dataset, rent-price ratios have been declining—the average gross rent-price ratio was 5.8% in 2006 and 4.6% in 2012. This trend is consistent with
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Table 1: JDW Datasets: Summary statistics Notes: Rents are per week. Samples include observations for which all variables, except floor area, are nonmissing. The use of floor plans came late in the British housing market and even now many housing ads (especially for rentals) do not include information on floor area. The complete Sales Dataset has 6% of floor areas missing, the complete Rentals Dataset has 75% of floor areas missing, and the Matched Dataset has 49% of floor areas missing. Matched Dataset Complete Dataset Sales & Rentals Sales Rentals (1) (2) (3) Observations



1,922



21,012



595 650,000 0.05



785,750



Property type (%) Lower-ground apartment Ground-floor apartment First-floor apartment Second-floor apartment Third-floor apartment Fourth-floor+ apartment Multi-level apartment House



0.07 0.12 0.17 0.17 0.11 0.12 0.04 0.20



0.10 0.11 0.12 0.11 0.09 0.15 0.09 0.22



0.08 0.13 0.18 0.15 0.11 0.16 0.06 0.11



Bedrooms (%) 1-bedroom property 2-bedroom property 3-bedroom property 4-bedroom+ property



0.33 0.41 0.16 0.10



0.21 0.38 0.22 0.18



0.36 0.41 0.15 0.07



Apartment block



0.16



0.29



0.31



Median floor area (sqft)



797



1,019



860



Furnished/unfurnished (%) Unfurnished Partly furnished Furnished



0.25 0.34 0.41



Postcode districts (%) NW3 NW8 SW3 SW11 W9 W2 SW5 SW6 W14 W11 SW8 W10 SW10 W1 W8 NW1 SW7 SW1



0.06 0.03 0.07 0.03 0.02 0.10 0.06 0.08 0.03 0.05 0.01 0.01 0.05 0.07 0.06 0.02 0.10 0.14



Median rent Median price Median gross rent-price ratio
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48,341 525



0.24 0.27 0.49



0.03 0.04 0.09 0.04 0.03 0.09 0.04 0.05 0.05 0.04 0.02 0.00 0.06 0.07 0.07 0.03 0.08 0.16



0.05 0.03 0.09 0.04 0.02 0.08 0.04 0.07 0.03 0.05 0.03 0.01 0.04 0.12 0.06 0.02 0.08 0.14



the general fall in interest rates during this period. A possible issue with focusing on matched properties is that the sample of matched properties is not representative of the total stock of housing. It could be that properties bought and rented out immediately are somewhat different from other properties in the market. One way to address this issue is to compare the features of the matched sample with those of the nonmatched sample—as done in Table 1. A second approach consists in re-running the analysis with non-matched properties and check whether results differ, as shown in the Appendix. Results of the analysis on the non-matched properties do not differ from those presented in the main empirical section of this paper.



Stylized facts This section presents some first results on univariate relations between rent-price ratios and a number of variables of interest. The objective is to highlight a few stylized facts before confirming them with multivariate regressions. The results show that rent-price ratios follow a nonlinear pattern, with higher prices corresponding to lower rent-price ratios. This nonlinearity is highlighted also by Garner and Verbrugge (2009), using data from the U.S. Consumer Expenditure Survey, and Hill and Syed (2012), using sale and rental data from Sydney.



Rent-price ratios and property values



Figure 3 plots yields against prices and rents for the Matched sample, including all data points from the 2006–2012 period. The line in Figure 3 represents the moving average of rent-price ratios along the range of prices and rents indicated on the horizontal axis. Two patterns are worth noting. First, there is an inverse relation between rent-price ratios and property values; second, the relation is nonlinear and gets flat for very expensive properties. In the left figure, the line starts at 6% and then gradually declines until it reaches 4% after sale prices of £1,500,000. The same happens after rents of £750 per week. In the presence of measurement error, the correlation between rent-price ratios and prices will
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Figure 3: Gross rent-price ratios in Central London Notes: Dots represent the matched properties in the 2006–2012 sample.
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tend to be negative. For the same reason, the correlation between rent-price ratios and rents will tend to be positive. Hence, the left and the right charts of Figure 3 must be interpreted as representing a lower and upper bound, respectively, of the true relation between rent-price ratios and property values.



Rent-price ratios and property characteristics



Figure 4 shows four univariate relations. The first two charts replicate the analysis of Figure 3 but distinguish between apartments and houses. The same pattern is apparent: rent-price ratios are declining in prices until they reach a value slightly above 1 million pounds. The chart on the bottom left of the Figure shows the relation between rent-price ratios and floor areas: again, the moving average draws a line which is declining and then flat (for properties above 1,000 square feet). In the subsequent regression analysis, postcode district dummies are used to capture the effect of location on house prices. The bottom right of Figure 4 plots the average rent-price ratios against the average sale price for all the Central London postcode districts included in the sample. The relationship between yields and postcode district is noisy but an inverse relation
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Figure 4: Rent-price ratios by type of property Notes: Dots represent the matched properties in the 2006–2012 sample. Charts displaying rents on the horizontal axis (instead of prices) show an equivalent pattern and are not reported.
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is discernible: more expensive districts, such as SW7 and SW3, appear to be associated with lower rent-price ratios. The range of rent-price ratios goes from 4.6% to 5.6%.



Regression analysis I isolate the effect of specific characteristics on rent-price ratios by running the following multivariate regressions on the Matched Dataset: Rent = α + Type β1 + Size β2 + Location β3 + Date β4 . P rice



(1)



The matrix Type contains several dummy variables that characterize the unit: these variables are listed under “Property type” and “Furnished/unfurnished” in Table 1. The matrix
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Table 2: Main regressions Notes: The baseline property is a furnished, ground-floor, 1-bedroom apartment in postcode district W2. The regression in column (5) only uses the observations of the Matched Dataset where floor area is available. The effects of postcode dummies and latitude/longitude are shown in Figure 5.



Multi-level apartment House Part-furnished Unfurnished Apartment block



(1) R/P ratio -0.006∗∗∗ (0.002) -0.007∗∗∗ (0.001)



(2) R/P ratio -0.005∗∗ (0.002) -0.008∗∗∗ (0.002)



(3) R/P ratio -0.005∗∗ (0.002) -0.008∗∗∗ (0.002)



(4) R/P ratio -0.005∗∗ (0.002) -0.008∗∗∗ (0.002)



(5) R/P ratio -0.002 (0.003) -0.001 (0.002)



-0.002∗∗ (0.001) -0.006∗∗∗ (0.001)



-0.002∗∗ (0.001) -0.006∗∗∗ (0.001)



-0.002∗ (0.001) -0.006∗∗∗ (0.001)



-0.002∗ (0.001) -0.005∗∗∗ (0.001)



-0.001 (0.001) -0.002∗ (0.001)



-0.002∗∗ (0.001)



-0.003∗∗∗ (0.001)



-0.003∗∗ (0.001)



-0.002∗∗ (0.001)



0.000 (0.001)



-0.005∗∗∗ (0.001) -0.002 (0.001) -0.001 (0.002)



-0.004∗∗∗ (0.001) -0.001 (0.001) 0.000 (0.002)



-0.005∗∗∗ (0.001) -0.001 (0.001) -0.000 (0.002)



2 bedrooms 3 bedrooms 4+ bedrooms



-0.002∗∗∗ (0.001)



Prime postcode



-0.013∗∗∗ (0.002) 0.002∗∗∗ (0.001)



Floor area (sqft/1000) Floor area squared Apartment floor dummies Postcode dummies Lat./long. polynomial Quarterly dummies, sale date Quarterly dummies, rental date Observations R squared



-0.004∗∗∗ (0.001)



X



X X



X



X



X



X X



X X



X X X



X X



X X



1922 0.155



1922 0.193



1922 0.180



1922 0.175



978 0.210



Standard errors in parentheses ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



Size contains the dummies corresponding to the number of bedrooms listed in Table 1 and, if available, the floor area of the property. The matrix Location contains the dummy variables corresponding to the postcode districts listed at the bottom of Table 1 or, alternatively, a polynomial in the latitude and longitude coordinates of the property. Finally, Date contains quarterly dummies for the date in which the matched property was sold and quarterly dummies for the date in which the property was rented out. Since the distance between the sale and the rental can be as long as six months, the quarters of sale and rental can differ. Because of the seasonality showed in Figure 2, it is necessary to control for both the sale quarter and the rental quarter: if there is a seasonal price effect on rents, it is captured by the quarterly dummies and does not affect the results.9
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Table 2 shows the output of the regression. Apartment floor dummies are never significant and are omitted from the table to simplify the discussion of results. All columns show results from the whole sample of matched properties, except the last column, which shows a regression including only the properties which have information on floor area (corresponding to roughly half of the total sample). Being a multi-level apartment or a house has a negative effect on rent-price ratios, as does being part of an apartment block. All these effects disappear when floor area is included—it is unclear whether the loss of significance is due to the fact that these coefficients account for a size effect, or because the sample of properties with floor area information is much smaller. As expected, being partly furnished or unfurnished (as opposed to fully furnished) has a negative effect on the rent-price ratio, simply because unfurnished units command lower rents. Columns (2) to (4) of Table 2 display the effects of bedroom dummies on rent-price ratios: there is a significant negative effect of having two bedrooms as opposed to one bedroom. This effect is not present for three and four bedrooms properties; however, as shown in Table 1, there are very few properties in the three- and four-bedroom+ categories, potentially explaining the lack of significant coefficients. Column (2) controls for location using postcode district dummies, whereas column (3) uses latitude and longitude polynomials, as in Jackson (1979).10 Results are equivalent in the two specifications; Figure 5 shows the coefficients on postcode dummies and the predicted effect of latitude and longitude. As in the Stylized Facts section, a negative relation between prices in the neighbourhood and rent-price ratios is apparent. In column (4) and in the rest of the paper, to simplify the discussion of results, I divide the postcodes in “prime” and “other” postcodes, where prime postcodes are the six postcodes commonly considered more expensive and prestigious: SW1 (Belgravia), SW3 (Chelsea), SW7 (South Kensington), W1 (Mayfair), W8 (Kensington), and W11 (Notting Hill). The object of interest of this spatial analysis is not the effect of the distance from a specific place (e.g. the Central Business District), but the overall land price gradient in this area of London. The regression confirms the stylized fact that both size and location have a significant impact on rent-price ratios at the individual-property level. On average, 1,000 additional square feet
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Figure 5: Location effects



Postcode dummy coefficient Rent-price ratio regression -.004-.002 0 .002 .004 .006



Postcode dummy coefficient Rent-price ratio regression -.004-.002 0 .002 .004 .006



Notes: The top two charts plot the coefficients on postcode districts derived from estimating equation 1 against the coefficients on postcode districts derived from a hedonic regression of log prices and log rents on the same attributes as in equation 1. The bottom two charts plot the predicted effect of latitude and longitude on rent-price ratios against the effect of latitude and longitude in a standard hedonic regression of log prices and rents.
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Predicted effect of latitude-longitude Rent-price ratio regression -.005 0 .005 .01 .015
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reduce the rent-price ratio by 1%, whereas being in the prime group of postcodes reduces the rent-price ratio by 0.2%. The first two charts of Figure 5 show that the difference in rent-price ratios between two postcodes in the sample can be as high as 1%.



Different time subsamples



The main regression, whose results are displayed in Table 1, covers the whole period from 2006 to 2012, producing an average of all the effects of the different variables on rent-price ratios. By contrast, Table 3 splits the sample of matched properties in two groups: properties sold between 2006 and 2009, and properties sold between 2010 and 2012. The two groups have approximately the same size, although the number of properties for which floor area is available is much greater for the second sample. The signs of the coefficients on different characteristics are the same in both groups. The “house” and “unfurnished” dummies have a significant negative effect in both
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Table 3: Hedonic regressions for different time frames Notes: The table shows the results from running the regression of equation 1 on two subsamples, one including only the years from 2006 to 2009, and the other including only the years from 2010 to 2012. 2006–2009 (1) R/P ratio -0.006∗∗ (0.003) -0.008∗∗∗ (0.002)



2006–2009 (2) R/P ratio -0.004 (0.005) -0.003 (0.003)



2010–2012 (3) R/P ratio -0.003 (0.003) -0.007∗∗∗ (0.002)



2010–2012 (4) R/P ratio 0.000 (0.003) 0.001 (0.002)



-0.002 (0.001) -0.007∗∗∗ (0.001)



0.001 (0.002) -0.004∗∗ (0.002)



-0.002 (0.001) -0.004∗∗∗ (0.001)



-0.002 (0.001) -0.002 (0.002)



Apartment block



-0.002 (0.002)



0.003 (0.002)



-0.003∗∗ (0.001)



-0.001 (0.001)



2 bedrooms



-0.002 (0.001) -0.000 (0.002) 0.002 (0.002)



Multi-level apartment House Part-furnished Unfurnished



3 bedrooms 4+ bedrooms Prime postcode



-0.001 (0.001)



Floor area (sqft/1000)



-0.002 (0.002)



-0.005∗∗∗ (0.001)



Apartment floor dummies Quarterly dummies, sale date Quarterly dummies, rental date



-0.004∗∗∗ (0.001) -0.019∗∗∗ (0.003) 0.004∗∗∗ (0.001)



-0.005 (0.004) 0.001 (0.001)



Floor area squared



Observations R squared



-0.008∗∗∗ (0.001) -0.002 (0.002) -0.002 (0.003)



X X X



X X X



X X X



X X X



993 0.163



329 0.208



929 0.124



649 0.158



Standard errors in parentheses ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



specifications. “Apartment block”, number of bedrooms, “Prime postcode”, and floor area are significant only in the most recent sample. The left-hand side of Figure 2 shows that years from 2006 to 2009 were quite a volatile period for the London housing market, with a two-third drop in transactions. House prices (not shown) followed the same pattern of rapid fall. By contrast, the rental market in the same period was less volatile. The volatility (and therefore the noise) of house prices in 2006–2009 might explain why some of the effects of property attributes on rent-price ratios are more difficult to spot in that period.
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Mechanisms According to the user cost formula popularized by Poterba (1984) the net rent-price ratio can be represented as: Rent∗ = rf + δ − g + m, P rice



(2)



where Rent∗ is net rental income (after taking vacancies into account); rf is the risk-free rate; δ is a risk premium; g is the expected appreciation, and m is a term that combines depreciation and maintenance costs. In a world where no-arbitrage conditions hold, a person must be indifferent between renting one year or entering homeownership, whose “user cost” is the right-hand side of the equation above. Differently from Poterba (1984), this version of the user cost formula does not contain a term for the mortgage interest deduction, because in the UK this tax relief was completely abolished in 2000. Moreover, property taxes are absent from equation 2 because the main local tax in the United Kingdom, the Council Tax, is levied both on renters and homeowners. There are no property taxes levied annually on residential property owners only. The user cost formula helps rationalize why properties have different rent-price ratios: these differences are driven by vacancy rates (which drive a wedge between gross and net rents), m, g, or δ. In other words, larger or better-located properties have lower yields because they are vacant less often, have inferior maintenance costs, inferior risk premia, or higher growth expectations. All these mechanisms could be at work together; the analysis of this section shows which explanations are consistent with the data. Unfortunately, expectations and risk premia are notoriously difficult to estimate, and the JDW Dataset does not record vacancy rates or maintenance costs. I construct proxies for these measures and include them in the main regression. Results are showed in Table 4 and discussed below.



Depreciation and maintenance



The price of a property can be decomposed into two components, land and structure (Davis and Heathcote, 2007); depreciation and maintenance costs depend on structure. Regressions in
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Table 4: Mechanisms Notes: Column (1) shows the results of running the same regression as in column (5) of Table 2 including bedroom dummies. Columns (2) to (4) show the results of running the regression of column (4) in Table 2 only on the sample of matched properties with repeat rents, including variables to account for duration of tenancies, expected appreciation, and risk premia. Column (5) includes all variables and uses the sample of matched properties with repeat rents which have information on floor area. (1) R/P ratio -0.003 (0.003) -0.004∗ (0.002)



(2) R/P ratio -0.005 (0.004) -0.010∗∗∗ (0.003)



(3) R/P ratio -0.005 (0.004) -0.009∗∗∗ (0.003)



(4) R/P ratio -0.005 (0.004) -0.010∗∗∗ (0.003)



(5) R/P ratio -0.008 (0.006) -0.007∗ (0.004)



-0.001 (0.001) -0.003∗∗ (0.001)



-0.002∗ (0.001) -0.007∗∗∗ (0.002)



-0.002∗ (0.001) -0.007∗∗∗ (0.002)



-0.002∗ (0.001) -0.007∗∗∗ (0.002)



-0.001 (0.002) -0.005∗∗ (0.003)



-0.000 (0.001)



-0.004∗∗ (0.002)



-0.004∗∗ (0.002)



-0.004∗∗ (0.002)



-0.000 (0.002)



-0.001 (0.001) 0.006∗∗∗ (0.002) 0.010∗∗∗ (0.003)



-0.001 (0.001) 0.001 (0.002) 0.004 (0.003)



-0.002 (0.001) -0.000 (0.002) 0.002 (0.003)



-0.001 (0.001) 0.001 (0.002) 0.003 (0.003)



-0.002 (0.003) 0.001 (0.004) 0.006 (0.007)



Prime postcode



-0.003∗∗∗ (0.001)



-0.001 (0.001)



-0.001 (0.001)



-0.001 (0.001)



-0.002 (0.002)



Floor area (sqft/1000)



-0.018∗∗∗ (0.003) 0.003∗∗∗ (0.001)



Multi-level apartment House Part-furnished Unfurnished Apartment block 2 bedrooms 3 bedrooms 4+ bedrooms



Floor area squared



0.001 (0.007) -0.002 (0.002) -0.001∗∗ (0.001)



Years btw repeat rentals



-0.016∗∗∗ (0.003)



% appreciation, rent Rent volatility Apartment floor dummies Quarterly dummies, sale date Quarterly dummies, rental date Observations R squared



-0.023∗∗ (0.009)



-0.001 (0.001) -0.025∗∗∗ (0.006) 0.030∗ (0.015)



X X X



X X X



X X X



X X X



X X X



978 0.232



859 0.244



859 0.265



859 0.245



385 0.412



Standard errors in parentheses ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2 show that properties located in better neighborhoods have lower rent-price ratios. This pattern is consistent with the fact that those properties have a higher proportion of their price due to land instead of structure; hence, they have relatively less maintenance and depreciation costs (Hill and Syed, 2012). Table 2 also shows that properties in apartment blocks have lower rent-price ratios, presumably because maintenance costs are inferior due to economies of scale (Linneman, 1985). In this section, I explore an additional way to highlight the role of maintenance costs and depreciation, based on the concept of utilization rate (Henderson and Ioannides, 1983). The intuition is that properties with a higher utilization rate face higher maintenance costs, and therefore yield higher rent-price ratios. One way to proxy for the utilization rate is to regress rent-price ratios on the number of bedrooms and floor area. Conditional on the same floor area, properties with more bedrooms are likely to host more people, and therefore have a higher utilization rate. The first column of Table 4 shows the results of this exercise. When floor area is included in the regression, properties with three or more bedrooms have statistically significant positive coefficients, consistently with the idea that higher utilization rates bring about higher rent-price ratios.11



Vacancy rates



Many properties in the rental dataset appear more than once, consistently with the fact that rental properties have a high turnover and are usually marketed by the same real estate agency. To investigate the role of vacancy rates, expected appreciation, and risk, I restrict my attention to a subsample of the Matched Dataset: properties that have another rental contract after the rental contract that formed the basis of the match. These contracts represent changes of tenants: if the same household stays in the property, the contract is renewed without putting the property on the market and the new contract is not recorded in the dataset. Figure 6 shows that the sample is now reduced to 859 properties. The first column of Table 4 analyzes the effect of the distance (measured in years) between two rentals on the same property. A high number of days indicates a property whose tenants have
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Figure 6: Representation of Matched and Matched+Repeat Rentals Datasets Matched Dataset 1,922 properties



Matched + Repeat Rentals Dataset 859 properties



Sales Rentals Max gap = 180 days



Max gap = 2,360 days



Average gap = 85 days



Average gap = 578 days



stayed for a long period, i.e. a housing unit with a low vacancy rate. Conversely, a low number of days indicates a property whose tenants have stayed for a short period. The coefficients on years between rentals is significant, although not exceptional in magnitude: an additional year of tenancy duration for the average tenants brings a 0.1% reduction in the gross rent-price ratio. This is consistent with long tenancies having a negative effect on gross rent-price ratios, because buyers and investors base their decisions on net rent-price ratios. When tenancy duration is included in the regression, the effect of prime postcode becomes insignificant. This could indicate that part of the reason why better neighborhood are associated with lower average rent-price ratios is a lower turnover of tenants. Moreover, when the measure of tenancy duration is inserted together with other potential explanations such as expected appreciation, risk, and maintenance costs (in column 5 of Table 4), it loses significance. However, the sign and the coefficient stay the same, and it could be that the loss of significance is driven by the low number of data points (385) in the last regression.



Expected appreciation



An empirical validation of the user cost formula requires a measure of expected appreciation, but expectations are intrinsically difficult to estimate. I therefore use actual appreciation, at the individual-property level, as a measure for expected growth. I focus on rent appreciation, rather than price appreciation, because very few repeat sales are available for a sample with a short time coverage. Rent appreciation can differ from price appreciation, but the two are likely to be correlated. For investors with a medium- or long-term horizon, expected rent appreciation 20



is an important determinant of purchase decisions. Table 4 shows that rent appreciation enters the regression with a negative and significant coefficient, consistently with the theory that higher appreciation lowers rent-price ratios. Similarly to the effect of vacancy rates, inserting expected appreciation in the regression makes the coefficient on prime neighborhoods insignificant, hinting to the possibility that buyers in prime areas are willing to accept lower rent-price ratios in exchange of higher appreciation. The effect of expected appreciation remains strongly significant even in the specification of column (5), where all variables are included and the sample is reduced to only 385 properties, implying that expected appreciation is one of the most important determinants of residential rent-price ratios. In terms of magnitude of the effect, an expected 100% annual appreciation lowers the rent-price ratio by 1.6–2.5%.



Risk premia



There are different ways to interpret and quantify the risk involved in owning a property. For investors, the creditworthiness of tenants is a first-order consideration, however it is difficult to measure. The fact that more expensive properties display lower rent-price ratios is likely to depend also on the fact that expensive properties attract richer tenants (as is the case in commercial real estate) and this lowers the probability of default. In this subsection, I focus on rent volatility as a measure of risk because the data allows for a precise estimation of this variable. Rent volatility is of major importance both for investors and consumers who need to choose between owning and renting. In modeling terms, the logarithm of the rent can be thought of as the sum of an aggregate component (indicated by λ) and an idiosyncratic component (indicated by u). Following the literature on repeat sales estimators (Bailey et al., 1963; Case and Shiller, 1989), the log appreciation/depreciation of repeat rentals can be represented as:



Log(RentT ) − Log(Rentt ) = (λT − λt ) + T,t



(3)



where t is the date of the first rental contract, T is the date of the second rental contract, 21



(λT − λt ) represents the difference in the aggregate log indices, and T,t = uT − ut represents the idiosyncratic component in rent appreciation. Case and Shiller (1989) assume that the variance of T,t depends on a constant term and the distance between T and t: 2T,t = α + β(T − t) + ω.



(4)



To evaluate the effect of rent risk on rent-price ratios, I estimate the regressions in equations 3 and 4 and derive a measure of idiosyncratic volatility (ω 2 ) for each property in the Matched Dataset with a subsequent repeat rent. Column (4) of Table 4 shows that this measure of idiosyncratic volatility has a negative and significant effect on rent-price ratios. A standard interpretation of the user-cost formula would predict a positive effect (higher risk should be compensated by higher rents), but this contradiction is solved by considering the possibility of negative risk premia. As noted by Sinai and Souleles (2005), high rent volatility might increase the demand for housing by inducing people to choose homeownership as a way to insure against future rent changes. In places with inelastic housing supply, such as London, this insurance motive results in lower rent-price ratios rather than higher homeownership rates.



Conclusion This paper presents novel findings on house prices and rents at the individual-property level. Rent-price ratios are shown to be lower for bigger properties and properties located in more expensive neighborhoods. To avoid any bias caused by unobserved heterogeneity between sale and rental properties, I restrict the analysis on those properties for which it is possible to observe a sale and a rental during a short time span (6 months). By measuring prices and rents on the same property at approximately the same time, I can regress rent-price ratios on the characteristics of properties and evaluate their effect. In the last part of the paper I employ the user cost formula to explain the stylized facts that I uncover. I divide the potential mechanisms in explanations based on: maintenance costs and depreciation, vacancy rates, expected appreciation, and risk premia. For some explanations, I employ a subset of the Matched Dataset: properties for which I can observe a second rent 22



contract after the one associated with the match. By exploiting repeat rents on the same properties, I can create proxies for vacancy rates, expected appreciations, and volatilities. The results are consistent with the user cost formula: all elements (vacancy rates, maintenance and depreciation, expected appreciation, and risk premia) have a role in explaining the crosssectional variation of rent-price ratios. Understanding the cross-sectional variation of rent-price ratio may be useful in better modeling their movements over time. A potential avenue for future research is understanding the consequences of the analysis presented here, based on micro data, for the macro studies of aggregate price-rent ratios. International institutions such as the IMF and the OECD and publications such as The Economist routinely assess the health of international housing markets by checking the time-series evolution of aggregate price-rent ratios, estimated by dividing nominal house price indices by the rent component of consumer price indices (Girouard et al., 2006). It has been noted that this is an “apples to oranges” comparison because the dwellings in the price index do not match the dwellings in the rent index (McCarthy and Peach, 2004; Smith and Smith, 2006; Hill, 2012). This paper shows that even when this problem is solved, i.e. when price and rent data refer to the same units, there might still be a problem of which units form the basis for these comparisons, because different types of properties are associated with different price-rent ratios.
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Notes



1



In 2008 residential real estate constituted 39% of households’ assets in the U.K. (Survey of Assets and Wealth)



and 29% of households’ assets in the U.S. (Flows of Funds). 2



Differently from many advanced economies and the rest of the United Kingdom, nominal house prices in



Central London are currently higher than in 2007 (the previous peak). 3



The most common form of rental contract, the “assured shorthold tenancy”, leaves landlords and renters



free to renegotiate any rental increase or decrease at the end of the rental period (usually one year). See http://www.direct.gov.uk/en/HomeAndCommunity/Privaterenting/Tenancies/DG_189101 4



http://www.johndwood.co.uk/. John D Wood & Co. was established in 1872 and has now 20 offices: 14



in London and 6 in the countryside. UK real estate agencies provide several services ranging from assistance in selling properties to management of rental units. 5



Appendix Table A1 shows detailed statistics on the area, gathered from public sources. In addition to the



private-rented sector, 30% of the housing stock is rented at subsidized prices by local authorities or housing associations. To be eligible for this type of accommodation tenants are placed in a waiting list and priorities are established on the basis of economic needs. Historically all neighbourhoodsof London, no matter how expensive, have had some social housing in them. However, the private rented market in this area of London is completely segmented away from this social sector, and hence is not influenced by it. This part of the market is not included in the JDW Dataset. 6



Differently from a tenant renting a property, the buyer of a lease can resell the lease; the new purchaser



inherits the lease years left. Leaseholders have the legal right to extend the lease if they wish to (under payment of a premium). Most people exercise this right when the lease has still many years left and the premium is low. Leaseholders pay a “ground rent” to landlords in exchange for management and maintenance of the building. High ground rents are not common, and ground rents do not change for many years. It is commonly believed among real estate practitioners that the price difference between a freehold (i.e., not subject to leasehold) and leasehold property is negligible for leaseholds longer than 80 years. 7



Most residential rental contracts in the UK are “pure” rental contracts with no utilities or other amenities in-



cluded. Providing utilities and other amenities is usually convenient for big condominiums, but in this part of London the average building is a converted house with 5 or 6 flats. Most landlords are small investors (rather than professional or companies) who own 1 or 2 properties for rent. (According to a survey of the rental sector in the UK, 80% of landlords own just one property to rent). The website http://england.shelter.org.uk/get_advice/ renting_and_leasehold/rights_and_responsibilities/tenants_responsibilities, managed by a charity that works in the housing sector, says “Most tenants have to pay the bills for electricity, gas, water and telephone, as
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well as paying council tax and getting a TV licence.” 8



Compared to the JDW Sales Dataset, the Land Registry does not contain important information on housing



characteristics, such as floor area. This is why the JDW Sales Dataset is the preferred data source for the main part of the analysis. 9



In practice, the inclusion or exclusion of rental quarterly dummies has no material effect on the coefficients.



Here I report the specification including those dummies. Other robustness checks have been performed: for instance, including the distance (in days) between the sale of the property and the first rental contract. Again no material differences in the output were noted; results are omitted but can be requested from the author. 10



Geographic coordinates were derived from Google Maps.



11



The age of the building and whether the property has recently been renovated are two other proxies for



maintenance costs. Unfortunately, there are no available data sources on these two variables.
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Appendices Housing Statistics for Central-Western London The first two columns of Table A1 refer to the London local authorities covered by the JDW Dataset (Camden, Westminster, Kensington and Chelsea, Hammersmith and Fulham, and Wandsworth), the third and the fourth columns refer to the whole London area, and the fifth and sixth columns refer to England. The upper panel takes data on sales from the 2011 Land Registry. In England as a whole, houses constitute 81% of sales, whereas they are only half of sales in London, and only one quarter of sales in Central-Western London. The median sale price in Central-Western London is more than two times and a half the median English price. The middle panel takes data on housing tenure from the 2001 Census. Going from England to London and then to Central-Western London, the percentage of owner occupied properties decreases, and the percentage of privately rented properties increases. A quarter of properties in Central-Western London belong to the privately rented market. The percentage of properties rented by a social landlord (either a local authority or a registered housing association) is also higher in London and Central-Western London. The bottom panel takes data on house building from the U.K. Communities and Local Government Department.12 (These data are not available at the local authority level). The figures show that, both in England and London, developers tend to build more flats than houses, compared to the composition of the existing stock. Within flats, most of the building activity is centered on 2-bedroom flats.
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Table A1: General Housing Statistics Notes: The table shows statistics on the housing stock for the part of London covered by the JDW Dataset, for the whole London area, and for England. All data sources are public. Cent.-West London London England # % # % # %



Flats Houses (Median price)



Owner occupied Rented from private landlord Rented from social landlord



1-bedroom flats 2-bedroom flats 3-bedroom+ flats Houses



Sales (Land Registry 2011) 46,832 0.51 44,891 0.49 (£287,000)



121,092 504,909 (£185,000)



0.19 0.81



Stock (Census 2001) 1,675,690 0.58 432,482 0.15 790,371 0.27



13,920,429 1,798,864 3,940,728



0.71 0.09 0.20



New supply (Local statistics 2001–2011) 46,658 0.24 137,006 No statistics 106,506 0.54 413,902 at Borough level 10,433 0.05 14,421 35,237 0.18 879,721



0.09 0.29 0.01 0.61



12,318 4,148 (£480,000)



0.75 0.25



188,191 108,084 132,352



0.44 0.25 0.31



Analysis on non-matched data Consider a regression with the same explanatory variables as in equation 1:



y = α + Type β1 + Size β2 + Location β3 + Date β4 .



(5)



When y is the logarithm of the sale or rental price, equation 5 represent a standard hedonic regression with time dummies. When both sale and rental prices are available, both hedonic regressions can be run, yielding two sets of hedonic coefficients, one for sales and one for rentals. Different coefficients in the price and rent hedonic equations imply an effect of the regressors on price-rent ratios, because Epr − Eps = E(pr − ps ), where pr is the log rental price, ps is the log sale price, and and ps − pr is the log rent-price ratio. Therefore, the difference between the hedonic coefficients on a given property attribute in the rent and price regression produces an effect of that attribute on log rent-price ratios. Table A2 shows the output from running hedonic regressions on log rents and log prices in the Complete Dataset, and derives an implied effect of attributes on rent-price ratios (dispalyed in columns 5 and 6). Houses have significantly lower rent-price ratios, but once floor areas are included, this effect disappears. Similarly to the results presented in the main part of the 30



Table A2: Hedonic regressions Notes: Columns (1) to (4) show the output of hedonic regressions on log prices and log rents in the Complete Dataset. Columns (5) and (6) show the output of hedonic regressions where the dependent variable is either a log price or log rent and the regressions contain a dummy to indicate whether the dependent variable is a rent. The coefficients in columns (5) and (6) refer to the interaction between property attributes and the rent dummy. This is equivalent to computing the difference between the coefficient on log rents and the coefficient on log prices; coefficients represent the effect of property attributes on rent-price ratios. (1) logRent 0.045∗∗∗ (0.008) 0.122∗∗∗ (0.007)



(2) logRent -0.023∗∗ (0.011) -0.010 (0.010)



(3) logPrice 0.041∗∗∗ (0.016) 0.266∗∗∗ (0.015)



(4) logPrice -0.057∗∗∗ (0.010) 0.000 (0.009)



(5) Log R/P Rate 0.005 (0.015) -0.142∗∗∗ (0.014)



(6) Log R/P Rate 0.036∗∗ (0.016) -0.006 (0.014)



0.425∗∗∗ (0.003) 0.828∗∗∗ (0.005) 1.243∗∗∗ (0.007)



0.089∗∗∗ (0.006) 0.121∗∗∗ (0.010) 0.067∗∗∗ (0.015)



0.575∗∗∗ (0.009) 1.062∗∗∗ (0.011) 1.564∗∗∗ (0.013)



0.097∗∗∗ (0.007) 0.053∗∗∗ (0.009) -0.147∗∗∗ (0.013)



-0.147∗∗∗ (0.008) -0.230∗∗∗ (0.010) -0.319∗∗∗ (0.014)



-0.010 (0.009) 0.061∗∗∗ (0.014) 0.198∗∗∗ (0.021)



Apartment block



-0.023∗∗∗ (0.004)



-0.045∗∗∗ (0.005)



-0.110∗∗∗ (0.008)



-0.076∗∗∗ (0.005)



0.084∗∗∗ (0.008)



0.032∗∗∗ (0.008)



Prime postcode



0.249∗∗∗ (0.003)



0.221∗∗∗ (0.004)



0.384∗∗∗ (0.007)



0.293∗∗∗ (0.004)



-0.136∗∗∗ (0.006)



-0.075∗∗∗ (0.007)



Multi-level apartment House 2 bedrooms 3 bedrooms 4+ bedrooms



1.133∗∗∗ (0.012) -0.121∗∗∗ (0.002)



Floor area (sqft/1000) Floor area squared Apartment floor dummies Quarterly dummies Observations R squared



1.559∗∗∗ (0.011) -0.172∗∗∗ (0.002)



-0.407∗∗∗ (0.017) 0.050∗∗∗ (0.003)



X X



X X



X X



X X



X X



X X



48341 0.607



12169 0.810



21012 0.621



19798 0.858



69353 0.948



31967 0.974



Standard errors in parentheses ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



paper, properties in prime postcodes and bigger properties have lower rent-price ratios. When floor area is not included in the regression, properties with more bedrooms have lower rent-price ratios; when floor area is included, the effect of additional bedrooms on rent-price ratios becomes positive—again, this is consistent with the results in the main part of the paper. Differently from the analysis on the Matched Dataset, the analysis on the Complete Dataset reveals that multi-level apartments and properties in apartment blocks have higher rent-price ratios.
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