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Abstract

We present a house price-at-risk (HaR) model that fits the historical developments in 

the Spanish housing market. By means of quantile regressions we show that a 

model including quarterly house price growth, a misalignment measure and a 

consumer confidence index is able to accurately forecast the developments in the 

Spanish housing market up to two years ahead. We also show how the HaR model can 

be used to monitor the downside risk.

Keywords: house price-at-risk, house prices, quantile regressions.

JEL classification: C31, E37, G01, R31.



Resumen

Este artículo presenta un modelo at-risk para el precio de la vivienda que se ajusta a 

los desarrollos históricos observados en el mercado residencial español. Por medio de 

regresiones cuantílicas, mostramos que un modelo que contiene la tasa de crecimiento 

trimestral del precio de la vivienda, una medida de sobrevaloración del precio de la 

vivienda y el índice de confianza del consumidor es capaz de predecir de forma precisa 

los desarrollos del mercado de la vivienda español hasta a dos años vista. Además, 

también exponemos algunos usos potenciales del modelo at-risk para el seguimiento de 

los riesgos a la baja del mercado inmobiliario.  

Palabras clave: house price-at-risk, precio de la vivienda, regresiones cuantílicas.

Códigos JEL: C31, E37, G01, R31.
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1. Introduction 

House Price-at-Risk (HaR) measures aim to identify the accumulation of downside risk in the 

housing market. It consists of forecasting extreme realizations in the left tail of the conditional 

distribution of the house prices (commonly the 5th or 10th percentile) to identify in advance 

whether these extreme realizations correspond to large drops in the housing markets. In this 

paper, we develop a HaR measure adapted to the main features of the Spanish housing market.   

The development of these tools is key for policy makers due to the tight relationship between house 

price dynamics, the general macroeconomic environment and financial stability. Concretely, 

residential investment has accounted on average for almost 7% of GDP and 31% of gross fixed 

capital formation since 2000. Moreover, housing is also an important determinant of consumption 

via wealth effects and as loan collateral. Indeed, it has been well documented that recessions are 

deeper and last longer when house prices fall more and more quickly (Claessens, Kose, and 

Terrones 2012). In addition, more than two-thirds of the nearly 50 systemic banking crises in recent 

decades were preceded by boom-bust patterns in house prices. 

Recently, partly inspired by the Growth-at-Risk framework of Adrian et al. (2019), different 

surveillance institutions have developed their own HaR measures to monitor the accumulation 

of downside risk. The International Monetary Fund (IMF, 2019) developed their HaR model for 

a sample of 22 major advanced economies and 10 emerging market economies where the set 

of conditioning variables include a financial condition index, real GDP growth, credit growth 

and an overvaluation measure. At the European level, the European Central Bank (ECB, 2021) 

has developed a model that includes as explanatory variables the following: the lag of real 

house price growth, overvaluation (the average of the deviation of house price-to-income ratio 

from its long-term average and an econometric model), a systemic risk indicator, a consumer 

confidence indicator, a financial market conditions indicator capturing stock price growth and 

volatility, a government bond spread, the slope of yield curve, a euro area non-financial 

corporate bond spread, and the interaction of overvaluation and a financial conditions index.  

In this paper we propose a model to monitor the Spanish residential real estate market, paying 

special attention to downside risk. In doing so, we identify a set of potential explanatory 

variables based on the literature on vulnerabilities. However, contrary to related papers’ HaR 

models (e.g., IMF, 2019 or ECB, 2021), which study real house prices, we focus on the 
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developments of the Spanish housing market in nominal terms. The reason is because nominal 

developments are particularly binding from a macroprudential angle. Concretely, the evolution 

of the nominal prices is especially important, since on the bank balance sheets, collateral values 

are computed in nominal rather than in real terms. In a similar vein, households make buy/sell 

housing decisions based on the nominal movements of the market.  

For the construction of a HaR model, we use quantile regressions to capture the sensitivity of 

different points of the density function to changes in the explanatory variables. We next employ 

the output of the quantile regressions to fit the forecasted probability density function. Finally, 

we study the out-of-sample (OOS) performance of the different models by means of a Dynamic 

Quantile test (DQT) and focus on their performance at the four-quarter-ahead horizon, which 

is a potentially relevant target from a policy perspective. 

Our results show that a model of HaR estimated using as explanatory variables the quarterly 

growth of the house price index, a measure of the house price misalignment, and the consumer 

confidence index, is able to accurately forecast the developments of the Spanish housing 

market. In addition, we document the historical performance of this model and potential uses 

of the model to monitor the downside risk. 

The rest of this paper is organized as follows. Section 2 describes the model estimation. 

Section 3 and 4 details the explanatory variables and the data. Section 5 explains the model 

selection criteria. Section 6 shows the performance of the selected model and Section 7 

concludes.      

2. Model Estimation 

HaR models are estimated in three steps. First, we estimate the sensitivity of the house price 

index (HPI) at different points of the distributions through quantile regressions. Second, we 

forecast the HPI at different horizons and quantiles. Finally, we estimate the probability density 

function (PDF) at different horizons which enables us to measure the downside risk by 

monitoring the 5th or 10th percentiles of the distribution. Note that the final step is motivated 

by the specific interest in the left tail of the distribution, where it would be difficult to fit a quantile 

regression model due to the small sample size. In what follows, we describe each step in turn. 
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The models are estimated in recursive fashion, where the first estimation window spans the 

period between 1987Q1 and 2002Q1, and the last estimation sample ranges from 1987Q1 to 

2021Q4. 

Quantile Regressions 

Koenker and Bassett (1978) developed the concept of quantile regression, which identifies how 

changes in a set of conditioning variables affect the shape of the distribution of a dependent 

variable at specific quantiles. 

The quantile regression model is defined as 

𝑸𝑸�����𝜏𝜏|𝑿𝑿�� � 𝑿𝑿��𝛽𝛽� , (1) 

where the left-hand side corresponds to the conditional quantile, τ denotes the specific quantile, 

𝑦𝑦��� is the HPI h quarters after the forecast origin t, while 𝑿𝑿� is a vector of predictors, and 𝛽𝛽� is 

the vector of coefficients specific to the quantile. All models contain an intercept and the first lag 

of the HPI, and the additional predictors are all the two-element combinations of the 10 variables 

described in Section 3, leading to 45 models in total. In line with previous studies, we focused 

on the 10th, 25th, 50th, 75th and 90th percentiles (𝜏𝜏 � 0.10, 0. 25, 0.50, 0.75, 0.90) and let the 

forecast horizon range from 1 to 8 quarters ahead (� � 1, 2, 3, 4, 5, 6, 7, 8). At each combination 

of quantiles and horizons, the coefficient vector can be estimated consistently by minimizing the 

quantile-weighted absolute value of errors: 

𝜷𝜷��,�  �  𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
��

�𝜏𝜏 ⋅ 𝟏𝟏������𝑿𝑿����|𝑦𝑦��� � 𝑿𝑿��𝛽𝛽�| � �1 � 𝜏𝜏� ⋅ 𝟏𝟏������𝑿𝑿����|𝑦𝑦��� � 𝑿𝑿��𝛽𝛽�|
�

���
  , (2) 

where 𝟏𝟏 is an indicator function signaling whether the estimated errors are positive or negative. 

The last observation in each recursive window corresponds to T, which ranges from 2002Q1 

to 2021Q4, but for simplicity we omit this index when referring to the parameter estimates. 

Forecasting HPI 

Next, using the beta sensitivities estimated in equation (2), we predict conditional quantiles as 

𝑸𝑸������𝜏𝜏|𝑿𝑿𝑻𝑻�  �  𝑿𝑿�� 𝜷𝜷��,� . (3) 
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Predictive densities 

Finally, we estimated the full predictive density for the different horizons by fitting Jones and 

Faddy’s (2003) skew t-distribution to the conditional quantiles estimated in equation (3) to 

smooth the quantile function and estimate a probability density function. Relative to the 

commonly used symmetric Student’s t-distribution, this skew t-distribution has two parameters 

a and b, which regulate the skewness, and allow for heavy tails. 

We fitted the skew t-distribution by minimizing the squared distance between our estimated 

quantile function 𝑸𝑸������𝜏𝜏|𝑿𝑿�� in equation (3) and the quantile function of the skew t-distribution 

𝐹𝐹���𝜏𝜏; 𝜇𝜇,𝜎𝜎,𝑎𝑎, 𝑏𝑏�, where μ and σ are the location and scale parameters: 

�𝜇̂𝜇,𝜎𝜎�,𝑎𝑎�, 𝑏𝑏�� � argmin
�,�,�,�

��𝑸𝑸������𝜏𝜏|𝑿𝑿�� � 𝐹𝐹���𝜏𝜏;𝜇𝜇,𝜎𝜎,𝑎𝑎, 𝑏𝑏��
�

�
, (4) 

where 𝜇𝜇 𝜇 𝜇 and 𝜎𝜎,𝑎𝑎, 𝑏𝑏 � 0. As a robustness check, we also fitted Azzalini and Capitanio’s 

(2003) skew t-distribution and obtained very similar results. 

COVID-19 Crisis 

To mitigate the impact of the unprecedented economic downturn caused by the recent COVID-

19 pandemic, at forecast origins between 2020Q1 and 2020Q3 we imposed the Banco de 

España’s internal House Price Index prediction on the fitted skew t-distribution as its mode. 

This adjustment is in line with the procedure that the IMF followed to produce its Growth-at-

Risk measure during the pandemic. 

3. Explanatory Variables 

There exists an extensive theoretical and empirical literature on the determinants of house price 

valuations, which link the evolution of the housing market to a wide set of factors such as 

market characteristics, marcrofinancial conditions, economic growth or household income.1 

For the particular case of the Spanish housing market, Martínez Pagés and Maza (2003) show 

that income and nominal interest rates are pivotal explanatory factors, and Gimeno and 

                                                   
1 See Gen (2018) or IMF (2019).
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Martínez-Carrascal (2010) document that disequilibrium in aggregate credit has an impact on 

house prices. Recently, Álvarez and García-Posada (2021) stress the importance of modelling 

housing prices at regional level, estimating a model based on the per capita real income, 

unemployment rate and demographic density.  

Most of the research interest have focused on the central tendency of the house price 

movements. Nevertheless, in recent years, researchers have started to analyse the factors that 

help understanding large housing price declines. In this new framework, factors which are 

directly or indirectly related to the accumulation of vulnerabilities in the housing sector play a 

key role. Concretely, these models employ factors related to the price misalignment in the 

housing market, financial factors, household and macroeconomic conditions as well as 

structural factors to understand future developments in the left tail of the house price 

distribution. To construct a downside risk model for the Spanish housing market, we consider 

the following set of potential explanatory variables, which are summarized in Table 1. 

[Insert Table 1 here] 

House Price Misalignment   

House price misalignment is proxied through a property overvaluation measure relative to 

fundamentals. This measure is key in the analysis of the vulnerabilities in the residential real 

estate (RRE) market. When house prices are on the rise, overvaluation might exacerbate banks’ 

adverse selection problem which may lead to externalities in the downturn and have 

implications for both financial stability and the real economy (see ESRB, 2019). In addition, 

“exuberant” price dynamics and misalignments could signal the formation of price bubbles 

early on, which could also lead to financial instability and deep recessions (Barell et al., 2010). 
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Overvaluation (Overval) is computed through an Error Correction Model (ECM) which compares 

the observed price and the long-term equilibrium relationship between household disposable 

income, mortgage interest rates and fiscal effects.2,3 

Financial factors 

Housing finance is considered the “fuel” of the global financial crisis (Cerutti et al., 2017), which 

caused the largest drop in the housing market witnessed in the last decades. The reason is 

because, before the crisis, booming mortgage markets were supported by rising house prices 

and economic activity. When the bubble burst, the spiral inverted. Falling house prices led to 

household debt overhang and several overleveraged financial institutions found themselves in 
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2 This variable is used in the Financial Stability Report to monitor the vulnerability in the Spanish 
residential real estate market. See, for instance: 
https://www.bde.es/f/webbde/INF/MenuHorizontal/Publicaciones/Boletines%20y%20revistas/Informe
deEstabilidadFinanciera/fsr_spring2019.pdf. The model imposes a one-to-one long-run relationship 
between the logarithm of the nominal house price index and the logarithm of the HICP (Harmonised 
Index of Consumer Prices). 
3 Alternative measures of house price misalignment have been discarded after analyzing their information 
content using the pseudo-R2 proposed by Koenker and Machado (1999).
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Country-Level Index of Financial Stress (CLIFS) for Spain, which is a composite indicator 

provided by the ECB that captures the distress in the bond, stock and foreign exchange 

markets.4 

Macroeconomic and household conditions 

To understand how house price downturns arise, the previous literature developed a

comprehensive macroeconomic framework. In these models, housing crises are a vicious cycle

of GDP and house price declines. When household debt levels are high, further borrowing by 

households in response to income declines makes the collateral constraint bind. Fire sales of 

homes follow, leading to a decline in house prices and further tightening of the collateral 

constraint. As a result, aggregate demand and household incomes drop and another round of 

deteriorating conditions ensues (Deghi et al., 2011). To address this link, we use the changes 

in GDP (GDP). 

Household conditions also play a key role in shaping house price trends since the better their 

economic position, the more they can spend to purchase a house or service a mortgage, 

pushing up house prices. These conditions are captured through the disposable income 

(DI), the unemployment rate (Unemp) and the consumer confidence index (CCI).5 

In addition, the previous literature on house price at risk models mainly focuses on the real 

house price growth. However, from a macroprudential perspective, the evolution of the nominal 

prices is particularly important, since on the bank balance sheets, collateral values are

computed in nominal rather than in real terms. In a similar vein, households take buying/selling 

housing decisions based on the nominal movements of the market. Thus, nominal 

developments are particularly binding from a macroprudential angle. To address for the 

potential impact of pure price pressures, we include the change in the Harmonised Index of 

Consumer Prices (HICP).      

4 See, for example:
https://sdw.ecb.europa.eu/browseExplanation.do?node=9693347#:~:text=CLIFS%20%2D%20Countr
y%2DLevel%20Index%20of%20Financial%20Stress%20(CLIFS)&text=The%20CLIFS%20includes%20
six%2C%20mainly,markets%20and%20foreign%20exchange%20markets.
5 To account for household indebtedness and credit constraints, we experimented with including the
ratio of household credit to disposable income as a predictor, but found this variable to have little
predictive power. In particular, in the dynamic quantile test, models featuring this ratio led to two non-
rejections across quantiles at most.
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Structural factors 

It has been widely documented that demographic developments can raise housing demand, 

thereby increasing price levels (see Girouard et al., 2006). In particular, increases in population 

shares of cohorts of individuals in their thirties potentially boost housing demand by increasing 

the share of the population of household formation age. This variable might be particularly

important in Spain given the great immigration flows registered in Spain. To address for this 

factor, we employ the changes in working-age population growth (Popu).  

4. Data

The House Price Index (HPI) measures the evolution of sale prices of free-priced housing, both

new and second-hand, free from seasonal movements.6 The variable of interest is the quarterly 

annualized average growth (𝑦𝑦���) over different horizons which range from 1 to 8 quarters, 

defined as follows: 

𝑦𝑦��� � log �𝐻𝐻𝐻𝐻𝐻𝐻���𝐻𝐻𝐻𝐻𝐻𝐻� � / �ℎ4� ;ℎ � 1,… ,8. (5)

Figure 1 depicts the relative frequency of (annualized) one- and two-year growth rates of the 

HPI from 1987Q1 to 2021Q4. Although the distributions look similar, the one-year growth rate 

historically presents larger drops. Indeed, Table 2 contains the descriptive statistics of the

annualized HPI quarterly average growth over one- and two-years and the explanatory 

variables described in Section 3.7 Historically, half of quarters grew at rates higher than 5%,

which corresponds to the median of both distributions. Looking at the tails of the historical

distribution, we observe that large increases are more likely than large drops. Indeed, the left

tail of the distribution reveals that a 9.5 percentage decline corresponds to the 5th percentile

of the distribution of the 1-year growth rate, which means that such a decline is expected on 

average, one quarter every 20 years. 

[Insert Figure 1 here] 

[Insert Table 2 here]

6 HPI is seasonally adjusted to abstract from calendar movements.
7 For variables which are estimated on a recursive basis, Table 2 contains the descriptive statistics for 
the last available vintage.
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Figure 2 shows the bivariate association between one-year-ahead house price growth (𝑦𝑦���) 

and current developments in the ten considered explanatory variables, described in Table 1, 

for different parts of the distribution of house price growth. To that aim, we estimate equation 

(2) for the 10th, 50th and 90th percentiles using the whole sample period. The results suggest 

that, in line with previous literature, variables related to fundamental house price valuations and 

vulnerabilities might be informative about downside risks in the Spanish housing market. 

Concretely, we find that higher overvaluations in the housing market, unemployment rates, or 

financial stress have a negative impact on the future developments of the housing market, 

moving the whole density function left. On the contrary, higher credit, lending rates, GDP 

growth, disposable income, consumer confidence or population growth have a positive impact 

on the one-year ahead house prices. Note that the results on credit are not against the previous 

literature but they highlight the slow build-up of the downside risk through credit, since we need 

longer horizons to observe a negative relation between credit and the 10th percentile of the 

distribution.   

[Insert Figure 2 here] 

5. Model selection 

The model selection is based on the formal evaluation of the out-of-sample performance of 

each model we estimated in Section 2. We evaluate 45 different models, which are the result 

of the combination of the 10 predictor variables in pairs of 2. All models also include the lag of 

the HPI quarterly growth. The forecast target dates range from 2002Q1+h to 2021Q4 for the 

h-quarter-ahead forecasts, leaving 80-h out-of-sample periods for forecast evaluation. 

The formal evaluation of the models is conducted by means of a dynamic quantile test (DQT) 

as proposed by Engle and Manganelli (2004). The DQT is a joint test of the independence of 

violations and correct coverage. It employs a regression-based model of the violation-related 

variable “hit”, defined as Hit��� ≡ 1 �𝑦𝑦��� � 𝑸𝑸������𝜏𝜏|𝑿𝑿��� � 𝜏𝜏, which will, on average, be zero 

if conditional coverage is correct (i.e., if on average the proportion of realizations below a 

specific quantile prediction 𝑸𝑸������𝜏𝜏|𝑿𝑿�� is equal to the quantile 𝜏𝜏. A regression-type test is then 

employed to examine whether the “hits” are related to lagged “hits”, lagged forecasts, or other 

relevant regressors (in our case, a constant), over time. Let 𝑍𝑍� denote the vector of regressors 

known at time 𝑇𝑇, forming the matrix 𝑍𝑍. Then the DQ test statistic is given by 
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𝐷𝐷𝐷𝐷� �  ����������������  , (6) 

where 𝛾𝛾� is the ordinary least squares coefficient estimate in the regression of Hit��� on 𝑍𝑍�. 

Under the null hypothesis of correctly calibrated quantile forecasts, none of the explanatory 

variables is significant, and the test statistic asymptotically follows a chi-squared distribution 

whose degrees of freedom equals the dimension of 𝑍𝑍�. Due to the relatively small sample size, 

we included a constant, and the first two lags of the “hits” and the quantile forecasts 

themselves.  

Given the policy-relevance of the one-year-ahead horizon, we focused on evaluating the 

performance of each of the models at h=4, considering each of the 10th, 25th, 50th, 75th and 

90th percentiles. In the next step, we aggregated the results across quantiles by counting the 

number of cases when at the 1% significance level we could not reject the null hypothesis of 

correct calibration. The results of the DQT are summarized in Figure 3, where the models are 

ordered in decreasing order of rejections from left to right. 

[Insert Figure 3 here] 

As we can see, the model featuring the overvaluation measure and the consumer confidence 

index performs particularly well (labeled as “Overval, CCI”), as we could not reject the correct 

calibration of this model’s quantile forecast at any of the quantiles. Furthermore, the 

overvaluation index seems to be the driving factor behind this performance, as the models 

including this variable tend to have the least number of rejections of correct calibration. This 

result highlight the importance of the house price misalignment measures to monitor the 

Spanish residential real estate market in general and the downside risk, in particular. 

Interestingly, the inflation rate does not stand out as a particularly good predictor, as models 

featuring the HICP do not tend to appear in the left hand side of Figure 3 (except the model 

which includes the overvaluation measure in addition to inflation). This could be explained by 

the fact that inflation was low and stable in the recent 10 years or so, and this low variation 

could presumably hinder the predictive power of inflation. 
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6. Predicting House Prices in the Spanish Market 

This section shows the performance of the HaR model for Spain on a historical basis and its 

main characteristics. We also show how this tool would have reacted to the accumulation of 

downside risk during the period 2006 – 2008, and the most recent developments of this 

measure. 

Historical Performance of the HaR Model 

As documented in Section 2, the HaR model is estimated on a recursive basis since 2002Q1 

to appropriately evaluate its out-of-sample performance. Figure 4 depicts the historical 

realization of the house price growth and the forecasted 10th, 50th and 90th percentiles. In the 

interest of comparability, we have synchronized the dates, so that, for every period t we report 

the change in the house price between t-h and t (realization) and the forecasted quantiles at 

time t-h. Panel A presents the results at the 4-quarter-ahead horizon (i.e., h = 4), and Panel B 

reports the outcomes at the 8-quarter-ahead horizon (i.e., h = 8). 

[Insert Figure 4 here] 

We observe that at the beginning of the sample period, which coincided with a period of rapid 

build-up of vulnerabilities, the predicted house price growth at 10th percentile shows a 

significant increase of the downside risk 4 and 8 quarters ahead. In addition, the largest drop 

observed in the Spanish housing market during the period 2010-2012 was captured by the 

10th percentile of the model. However, during non-distress periods realizations commonly fall 

close to the median.   

Sensitivity of the Model 

We next discuss the sensitivity of the different percentiles of the house price growth distribution 

to changes in the variables of the model. To that aim, Figure 5 depicts the impact of the three 

factors of the HaR model previously selected for the 10th, 50th and 90th percentiles of the 

distribution of the house price growth. They correspond to the beta coefficients of equation (2) 

estimated from 1 to 8 quarters ahead using the full sample period: 1987Q1 – 2021Q4. For 

comparability reasons, explanatory variables are normalized using the in-sample mean and 

standard deviation. Results show that current overvaluation considerably pulls down the house 
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price growth prediction at longer horizons. On the contrary, low consumer confidence has a 

sizable impact on the downside risk in the short run. Thus, these to variables enable us to 

monitor the building-up of vulnerabilities in the housing market while the quarterly growth of the 

housing market allows us to capture the most recent market dynamics.  

 [Insert Figure 5 here] 

HaR model around the 2006 – 2008 period 

As previously discussed, the HaR model enables us to monitor the downside risk of the housing 

market. To show the usefulness of this tool, Figure 6 depicts the predicted distribution function 

estimated using equation (4) (that is, after fitting the skew t-distribution) for 4 quarters ahead in 

2006Q4, 2007Q4 and 2008Q4. Note that in this exercise models are estimated using quasi-

real time variables, and thus, the forecasted distribution functions are not equal to the ones 

that we would have estimated in a real-time setting. Concretely, in this work we employ revised 

macrofinancial variables rather than real-time data that was available at that time, which might 

be less informative of the downside risk than later revisions of the data. Thus, we are aware 

that our density forecast might overestimate the information that the policymaker would have 

had at a certain period of time. In spite of this caveat, Figure 6 shows a clear deterioration of 

the future developments of the housing market.    

 [Insert Figure 6 here] 

HaR model in 2021Q4  

We finally show the most recent output of the HaR model, to document the exercises that can 

be carried out to monitor the developments of the housing market. In the interest of brevity, we 

just focus on to the 4-quarter-ahead horizon. Figure 7 depicts the forecasted density function, 

the value of the HaR model at the 10th percentile (HaRq10) and the unconditional 10th 

percentile of the historical distribution. We can see that HaRq10 is well above the unconditional 

10th percentile, showing that the downside risk remains subdued. In addition, by decomposing 

HaRq10 into its components, we can see that the factors related to the vulnerabilities (i.e., 

Overval and CCI) have an almost negligible contribution, and the current HaRq10 is mainly 

driven by the quarterly growth of the house price index (HPI), which captures the most recent 

dynamics of the market, and includes the impact of the recent surge in inflation. 

[Insert Figure 7 here] 
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the future developments of the housing market.    

 [Insert Figure 6 here] 

HaR model in 2021Q4  

We finally show the most recent output of the HaR model, to document the exercises that can 

be carried out to monitor the developments of the housing market. In the interest of brevity, we 

just focus on to the 4-quarter-ahead horizon. Figure 7 depicts the forecasted density function, 

the value of the HaR model at the 10th percentile (HaRq10) and the unconditional 10th 

percentile of the historical distribution. We can see that HaRq10 is well above the unconditional 

10th percentile, showing that the downside risk remains subdued. In addition, by decomposing 

HaRq10 into its components, we can see that the factors related to the vulnerabilities (i.e., 

Overval and CCI) have an almost negligible contribution, and the current HaRq10 is mainly 

driven by the quarterly growth of the house price index (HPI), which captures the most recent 

dynamics of the market, and includes the impact of the recent surge in inflation. 

[Insert Figure 7 here] 
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7. Conclusion

In this paper we propose a model to monitor the developments of the Spanish housing market, 

paying special attention to the downside risk. For that aim, we use as a starting point the 

literature on the vulnerabilities to identify an initial set of variables. Then, we use quantile 

regressions to capture the sensitivity of different points of the probability density function to 

changes in the explanatory variables. The output of the quantile regressions helps us to fit a 

forecasted probability density function, which belongs to the skew t family. We then study the 

out-of-sample performance of the different models by means of a Dynamic Quantile Test (DQT) 

and focus on the performance 4 quarters ahead, which is the potential target from a policy 

perspective. By doing that, we select the model that contains as explanatory variables: i. the 

quarterly growth of the house price index; ii. a measure of the house price misalignment 

(Overvaluation); and iii. the consumer confidence index (CCI).  We finally show the usefulness 

of this tool to monitor the developments of the housing market and, in particular, to identify the 

accumulation of vulnerabilities.   
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Figures and Tables 

   

Figure 1: Frequency Distribution of House Price Growth 
This figure depicts the relative frequency of one-year and two-year quarterly house price 
changes (annualized, in percentage points) over the period 1987Q1 to 2021Q4. 
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Figure 2: Potential Determinants of the HPI Growth Rate 
This figure depicts the association between one-year ahead house price growth (yt+4) and
current developments in the ten considered variables:  Overvaluation (Overval); Credit to GDP
(CreditToGDP); Lending Rate (LendingRate); Country-Level Index of Financial Stress (CLIFS);
GDP growth (GDP); Disposable Income growth (DI); Unemployment (Unemp); Consumer
Confidence Index (CCI); Harmonized Consumer Price Index growth (HICP); and Population 
(Popu). For comparability, dependent and explanatory variables are standardized using their
sample mean and standard deviation. The sample spans 1987Q1 to 2021Q4. Lines show the
estimated relationship between these variables and house prices growth rate at the 10th (red
line), 50th (yellow line) and 90th (green line) percentiles.   
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Figure 3: Summary of the Dynamic Quantile Test 
This figure shows the number of percentiles (out of five in total: the 10th, 25th, 50th, 75th and 90th)
at which we cannot reject the correct calibration of the quantile forecasts of each model (explanatory
variables in addition to lagged HPI growth shown on the horizontal axis) at the 1% significance level.
Better performance corresponds to higher values. 
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Figure 4: Historical realization of HaR Model 
This figure depicts the historical realization of the house price growth and the 
forecasted 10, 50 and 90th percentiles of the HaR model estimated on a recursive 
basis since 2002. Dates are synchronized, so that, for every period t “Realization” 
reports the change in the house price between t-h and t and “Forecast” reports the 
forecasted quantile at time t-h. Panels A and B report the predictions at the 4-quarter-
ahead (i.e., h=4) and 8-quarter-ahead (i.e., h=8) horizons, respectively. The dotted
horizontal lines refer to the unconditional 5th and 95th quantiles of the historical
distribution. 
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Figure 6: Probability Density Function  
This figure depicts the probability density function estimated using equation (4) in 2006Q4,
2007Q4 and 200Q8 for 4 quarters ahead. We restrict the sample to available information at each
period of time.    
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Figure 7: House Price at Risk Model in 2021Q4 
This figure depicts the outcome of the HaR model in 2021Q4 for 4 quarters ahead. In the left panel we 
show the forecasted density function, the predicted 10th percentile (HaRq10) and the unconditional 10th 
percentile of the historical distribution (dashed vertical line). In the right panel we show the decomposition 
of the HaR model at 10th percentile into four components: i. constant (Const); ii. quarterly growth of the 
house price index (HPI); iii. Overvaluation (Overval); and iv. consumer confidence index (CCI). The 
diamond refers to the HaR model’s prediction of the 10th percentile of the HPI. 
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Table 1: Summary of explanatory variables 

Category Variable Description Source

House Price 
Misalignment 

Overvaluation 
(Overval) 

A measure computed through an Error 
Correction Model (ECM) which compares 
the observed price and the long-term 
equilibrium relationship between 
household disposable income, mortgage 
interest rates and fiscal effects. Long-term 
prices are computed on a recursive basis 
since 2002. 

Authors’ 
calculation 

Financial 
Factors 

Credit to GDP 
(CreditToGDP) 

Year-on-year changes in the real bank 
credit to real GDP ratio. 

INE 

Lending Rate 
(LendingRate) 

Mortgage lending rate. BdE 

Country-Level 
Index of Financial 
Stress (CLIFS) 

Stress index based on Duprey et al. 
(2017) which identifies periods of high 
financial stress in the bond, equity and 
exchange rate markets. 

ECB 

Macroeconomic 
and Household 
Conditions 

Gross Domestic 
Product (GDP) 

Year-on-year growth rate in the GDP. INE 

Disposable 
Income (DI) 

Year-on-year growth changes in the 
disposable income. 

INE 

Unemployment 
(Unemp) 

Unemployment rate. INE 

Consumer 
Confidence Index 
(CCI) 

Consumer Confidence Index. OECD 

Harmonised 
Index of 
Consumer Prices  
(HICPI) 

Year-on-year growth changes in the 
HICP. 

INE 

Structural 
Factors 

Population (Popu) 
Year-on-year growth rate of working-age 
population. 

INE 

Notes: INE stands for Instituto Nacional de Estadística (the Spanish National Statistics 
Institute), BdE refers to the Banco de España (the Bank of Spain), while ECB and OECD 
correspond to the European Central Bank and the Organisation for Economic Cooperation 
and Development, respectively. 
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Table 2: Descriptive Statistics 

Units # Obs. Mean Median SD P5 P95 

Annualized HPI Quarterly Growth 

yt+4 % 140 6.73 5.30 9.72 -9.55 22.82 

yt+8 % 140 7.57 5.50 10.07 -8.93 25.18 

House Price Misalignment 

Overval % 140 -0.19 -3.91 20.36 -30.88 46.42 

Financial Factors 

CreditToGDP p.p. 140 1.11 1.11 3.51 -4.60 6.73 
LendingRate % 140 6.59 4.71 4.83 1.96 15.81 
CLIFS - 140 0.12 0.10 0.09 0.04 0.33 

Macroeconomic and Household Conditions 

GDP % 140 5.22 6.57 5.11 -3.43 12.23 
DI % 140 4.94 5.48 4.50 -2.99 11.60 
Unemp % 140 15.21 14.59 4.71 8.63 24.93 
CCI - 140 99.97 100.81 3.08 93.79 103.68 
HICP % 140 2.96 2.94 2.05 -0.62 6.47 

Structural Factors 

Popu % 140 0.66 0.66 0.82 -0.75 2.02 
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