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Abstract

Identifying the impact of credit supply on house prices is challenging due to endogeneity.

In this paper, we explore discontinuities in the �nancing limits of the Brazilian Minha

Casa, Minha Vida (MCMV) � My Home, My Life � program for identi�cation. MCMV is

a large-scale government-sponsored low-income housing program. It establishes limits on

the value of the house eligible for �nancing. We explore both cross-sectional discontinuities

in �nancing limits according to city population and time-series changes in the size of the

discontinuity. We �nd that an exogenous increase in �nancing value of R$25,000 causes

an increase of R$7,600 in house prices, a 7% price increase. We �nd no impact on the

number of �nanced units nor on prices of houses su�ciently away from the thresholds. We

conduct several placebos and robustness exercises to con�rm the validity of our �ndings.

1. Introduction

The increase in real estate prices is an essential part in the making of the 2007 world �-

nancial crisis and, since then, much attention has been given to understanding the primary

drivers of house prices. Several studies have explored the theme in developed markets such

as the US and Europe, with many focusing on the role of credit expansion on prices. In

this respect, Mian and Su� [16] and Favara and Imbs [7] have presented evidence on the

causal e�ect of credit on house prices for the U.S. economy. However, developing markets

have received far less attention. In Brazil, the house price index rose more than sixfold in

ten years 4,while outstanding credit for consumer real estate increased �vefold over the

same period. Identifying what impact, if any, the credit supply can have on house prices

is challenging due to its endogeneity . In this paper, we analyze a program from the

Brazilian government that modi�ed credit constraints for some buyers and sellers, and we

show how these changes are relevant in explaining housing prices.
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The Brazilian federal government developed the �Minha Casa, Minha Vida� (MCMV) �

My Home, My Life � program that targets mainly at low-income families. It o�ers subsides

and easier access to some credit lines with more advantageous than market conditions.

Eligibility for the program depends on household characteristics, and the �nanced unit

must meet certain requirements. For households, the main rules for inclusion in the

program consist of (i) caps on the housing price, and (ii) on the family's income. These

caps are mainly determined based on a set of municipality population thresholds.

Our main hypothesis is that the program allowed many families to access the housing

market and to purchase a home. As in Kermani [12], we assume that in a period of

low-interest rates and credit expansion, households will borrow to frontload consumption,

which increases the demand for houses. Meanwhile, the increase in demand for housing

due to the government program is limited to a speci�c market segment � below the policy

cap � so we expect that the level of house prices in this segment should increase more

when compared to the rest of the market.5 Therefore, to identify the causal e�ect of

credit on prices, we used a discontinuous �nancing rule that allowed us to assess the local

impact of credit restriction on property prices. This �nancing rule exhibited both cross-

sectional and time variation, as it depended on the local population and the program rules

regarding the threshold were revised twice. We use both the presence and the variation

of the discontinuity for identi�cation.

Within each city, in general, the housing market is divided into segments, usually

de�ned by the location, the size, and the quality of the property. The attractiveness of

these characteristics is expected to re�ect on each house's price. The MCMV program

targeted low-income families and should only a�ect prices in other segments (high and

medium income groups) though costs. To quantify the impact of the program in di�erent

ranges, we segment the housing market based on prices.

If we consider that there is a positive correlation between construction costs (due

to land price, cost of labor, and additional factors) and population, we can expect a

relationship between municipality size (population) and the average price of properties in

that municipality. In the absence of other discontinuous policies, as it occurred prior to

the MCMV program launch, there is no reason to expected any initial discontinuity in

this relationship. With the MCMV program launch, one can anticipate the creation of

discontinuities in this relationship, which are likely to be observable by gaps at the speci�c

thresholds de�ned by the program. The discontinuity may appear in prices � re�ecting

the increased demand for houses � and in the number of loans, if there is an increase in

the supply of housing responding to the change in prices.

We develop a discontinuity in di�erences approach[as in 3, 5, 21, for other contexts]6 to

5As spillovers might happen, we consider other market segments in our analysis.
6The authors used discontinuity in population threshold to study the impact of �scal transfer, gender

quotas, and council size.
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identify the causal e�ect of credit on housing prices and we explored the program eligibility

rules de�ned at the municipality level. For cities with a population below 50,000 residents,

transactions were subject to a R$90,000 price cap for program eligibility. At the same

time, cities with population above 50,000 residents were subject to a R$115,000 price

cap. Our primary period of analysis is from October 2012 to December 2014, after the

introduction of the di�erent eligibility caps. During this time, both groups � above and

below the threshold, received incentives, subject only to eligibility caps. The program

additionally speci�ed some required characteristics for inclusion in the program, such as

total area, number of rooms, and minimum quality of the building material used. These

apply uniformly to both groups analyzed.

In the focus market segment, which extends over the range including both caps � units

between R$89,000 and R$116,000, and average prices of R$109,000 - we found a jump in

prices of approximately R$7,800.00, that is: prices are almost 7% higher in the treatment

group. Considering that the di�erence in the cap is R$25,000, we can infer that 32% of this

di�erence is re�ected in price increases. No increase is detected in the number of loans, as

both markets received the program's incentives, although subject to di�erent cut-o� rules.

In market segments that included only one of the caps, for example, housing prices between

R$70,000 and R$95,000, or R$110,000 and R$140,000, there were discontinuities in the

number of loans, showing evidence that the total trades in that segment increased with

the program. Observing the average prices of the municipalities, we found the expected

relation between housing prices and population, without any discontinuities which would

threaten the identi�cation strategy.

To address the possibility of price manipulation, we conducted some robustness exer-

cises looking at houses in the price range we analyzed but not targeted by the program.

In these groups, there is no di�erence in incentives in the control and treatment groups

to manipulate prices.7 Even in these groups, we found the impact.

We also assessed the possibility that increases in quality could have caused the prices

changes. We looked at this question through four di�erent approaches and concluded

that: (i) the change in price was immediate, with no time for changes in the quality of

the property, such as improvements in location or increase in area, (ii) even in low-density

municipalities, where the land supply is relatively more elastic, and prices should be less

impacted by location, we found an impact with the same magnitude as in high-density

municipalities, (iii) rental prices were also higher in our treatment group, controlling for

house quality and features, and (iv) we found a similar impact on house prices when

controlling for quality in a smaller sample of bank re-sale houses.

We conducted additional robustness checks: we performed parametric and non-parametric

7For example, we analyzed the impact on prices in houses bought by families with higher income levels
than the allowed by the program and the impact was also positive.
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estimations with di�erent criteria to de�ne the bandwidth of the estimation. We explored

the variation of the cap through time and conducted a di�-in-di� analysis examining the

period between January 2011 to June 2011, where the cap policy was the same for both

control and treatment groups and we found a similar impact on prices. Regressions were

performed in other loan terms such as maturity, interest rates and LTV, as well as re-

gressions in other municipality variables such as GDP per capita, average income, and

amounts outstanding in saving accounts and we did not �nd any jumps in these vari-

ables. We tested alternative, broader and narrower, de�nitions of market segment and

the impact on prices remained present. We also conducted some placebo tests: (i) on

di�erent thresholds, and (ii) on the same limit but prior to the change in cap between the

municipalities, and no impact was found.

The remainder of the paper is structured as follows: the next section describes the

literature, section three describes the MCMV program, and section four describes the data

used. Section �ve presents our identi�cation strategy, section six shows the main results,

section seven treats some manipulation issues, followed by section eight that explores the

possibility of the increase in prices be a consequence of an increase in quality, section nine

shows the robustness checks and the placebo results, and �nally the last section draws

some conclusions

2. Literature Review

Understanding what drives houses prices is important for many reasons. First, housing

typically represents a large portion of household wealth. Second, construction itself is large

procyclical component of domestic product. Third, household credit and leverage have

been shown to predict macroeconomic instability and crashes.8

The early economic literature approach to real estate markets would typically treatt

properties as any standardized �nancial assets [22]. According to the traditional modelling

in this framework, house prices should be a function of the current rental cost, mortgage

rate after tax deductions, property taxes, and the growth rate of rents and prices. As

demonstrated by Ortalo-Magne and Rady [20] there are two primary frictions incorporated

into more recent frameworks: (i) search and matching frictions in housing markets [2, 25]

and, (ii) credit market imperfections.

Our study �ts within this second proposed alternative framework and is related to

Mian and Su� [17], Adelino et al. [1], Gontijo et al. [8], Kung [15], and Favara and

8For the latter Mian and Su� [18] showed evidence that household leverage was an early and powerful
predictor of the 2007 to 2009 recession. Mian et al. [19] showed that an increase in household debt
to GDP ratio in the medium run predicts lower subsequent GDP growth and higher unemployment.
Krishnamurthy and Muir [14]explored the behavior of credit spreads and their link to economic growth
during a �nancial crises, as well as the relationship between credit expansion and crises, and found strong
evidence that the �rst is a predictor of crises.
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Imbs [7], which studied causal e�ects of credit in prices through di�erent identi�cation

strategies.

The former, demonstrated that a rapid expansion in the supply of mortgages driven

by disintermediation could explain a large fraction of U.S. house price appreciation in the

period analyzed. The identi�cation strategy used in their paper was to use within county

variation across zip codes of supply of mortgage credit that di�ered in latent demand for

mortgages in the mid-1990s.

Adelino et al. [1]used changes in the Conforming Loan Limits (CLL) cap that occurs

every year in United States to analyze the impact of credit restrictions on house prices, and

through a di�-in-di� approach, and by choosing control and treatment groups judiciously

were able to identify the e�ect of credit on prices. For the Brazilian market, in the context

of the country's largest city, which is not present in the current study, Gontijo et al. [8]

used a strategy similar to Adelino et al. [1] to explore changes in a Brazilian policy that

subsidizes credit for houses below a cap, and found a bigger e�ect on prices in Brazil. They

also explored the impact of liquidity on house prices, as the policy allows the borrows to

withdraw money from an account that is otherwise accessible only at retirement. They

found a positive and expressive impact for the São Paulo city market. Our paper expands

the market to cities in all Brazilian regions and is based on sales prices and not asked

prices.

Kung [15]explores the same market as Adelino et al. [1], but in a di�erent period, and

uses a di�erent strategy to de�ne control and treatment groups. He studied the period

after 2008 in which house prices were falling and used the di�erences in the cap change

through cities to de�ne treatment and control groups as well as listing data and not the

selling price. Additionally, Favara and Imbs [7] used the waves of deregulation in the

U.S. between 1994 and 2005, which did not a�ect all mortgage institutions at the same

time. In this respect, they were able to de�ne a treatment and a control group. They

also identi�ed an indirect e�ect of deregulation through credit in an instrumental variable

environment.

The regression discontinuity strategy to identify causal e�ects has been used to study

the credit market, mainly using discontinuities in loan eligibility, generally based on a

credit score rating of consumers, to identify causal e�ects of credit in default rates as in

De Giorgi et al. [6]. Our paper is, to our knowledge, the only one that uses a discontinuity

regression to focus on the causal e�ect of credit on prices. Since our running variable is

each municipality's population, which is not easily manipulated over in a short period of

time, we believe that our identi�cation strategy o�ers additional reliabibility.

3. The Program

Minha Casa, Minha Vida (�My Home, My Life �, MCMV) is a federal government

program aimed mainly at low-income families, managed by the Ministry of the Cities, and
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mostly operated by the Caixa Econômica Federal (CEF), a Brazilian public bank with

the country's largest mortgage portfolio (responsible for more than 75% of the market

share).

The MCMV program provides subsidies and credit to lower income populations. The

program creates special mechanisms to mobilize private sector housing production and

provides for new arrangements of subsidy and �nancing that allows a large range of

income groups to acquire new homes. For households, the main rules to be included in

the program, consist of caps on the unit's price and the family's income. Additionally,

the property must be a new construction. The caps on unit prices are determined based

on the population thresholds of the municipality.

There are three income brackets in MCMV which de�ne the families that are eligible

to participate in the program. For each bracket, the maximum allowance value, income

commitment - (as a consequence, also the maximum value of the monthly payment), the

loan interest rate, and housing cap are de�ned di�erently. The �rst range is comprised

of families with a maximum income of three times the minimum wage. The second is

between three and six times the minimum wage, while the third between six and ten

times.9 Data from PNAD 2011, a yearly household survey in Brazil, estimates that 57%

of households in Brazil are in range I, and 35% of Brazilian families are in either ranges

II or III.

To purchase properties in range I, interested families must enroll in the program, and

then enter a list of di�erent prioritization criteria. Within the same criteria, there are

lotteries. For ranges II and III, families need to prove income and undergo a credit risk

analysis. There is no lottery; if the credit risk is acceptable, funding is granted.

Since the creation of the program in 2009 until 2014 there were some changes in the

rules for borrowers eligible for the program. Those that most interest us for this study are

the changes in the housing prices caps as well as several reclassi�cation of municipalities.

Table 1 shows all changes in the housing price caps since the program launched in 2009

until December 2015. Between 2009 and 2011, municipalities with a population of less

than 100,000 inhabitants, were not explicitly contemplated by the program. They could

receive incentives if it was proven that the city had a large measured de�cit in housing

units. In the second phase of MCMV, between 2011 and December 2015, all municipalities

in Brazil were included in the program, and the caps changed once during this period.

From here on, we will refer to Period 1, the period in between March 2009 and June of

2011, Period 2 from June/2011 to October/2012, and �nally Period 3 from October/2010

to December of 2014. The de�nition of the periods refers to cap changes in time.

The MCMV is a very ambitious program. Until October 2014 � the last government

9Family incomes were calculated in 2009 considering minimum wages, but in the subsequent years,
the minimum wage rose and the thresholds for each range has not necessarily increased in the same
proportion
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data available at the time of writing of this paper, there were 3.648 million housing units

being contracted by the program, with more than R$ 230 billion invested. According to a

study by the IPEA, in 2013 the program was responsible for one third of all new housing

in Brazil, and for every one million reais invested, an additional income of R$744,000 was

generated in other sectors such as construction. Another aspect that should be noted

is that the MCMV Program has only one type of housing solution: the construction of

new units. The main bene�ts for households are access to lower interest rates � less than

half of the market interest rate charged for mortgage loans. For example, in 2012 the

average market interest rate was 10% per year, while the MCMV program was charging

5%, 6%, and 7.1% in ranges I, II and III respectively. Since 2012 Brazilian interest

rates have risen, but those for MCMV program have stayed constant. The household

also receives subsidies and discounts in some fees of up to 100%. On the o�er side,

the developers have many incentives as well. They receive subsidies in interest rates for

construction loans, terms allowing loan repayment only after the housing is completed,

and loan maturity of twenty years. The developers also may pay less in taxes. To have

access to the bene�ts, the developers must present a proposal to the CEF regarding the

company and the CEF then conducts a pre-assessment and authorizes its release and

commercialization. Upon completion of the analysis and veri�cation of the minimum

required marketing, the �nancing agreement is signed for construction. Marketing is done

by construction companies or through the "feirões da CEF- CEF housing fairs�10 . Buyers

may get credit from the CEF to go to the housing fair and purchase a house.

There were some studies evaluating the program. Krause et al. [13] shows that MCMV

is not being primarily guided by the housing de�cit. Their analysis suggests that MCMV

responds to strategies aimed at Brazil's economic growth. They show that the production

of housing units for low-wage families is basically located in cities where land costs are

lower and construction is easier for entrepreneurs. Additionally, in comparing MCMV's

construction aimed at low-wage families with that aimed at middle-wage families, they

�nd that the program is more adherent to the housing demand of the latter, rather than

to the former's housing de�cit.

Teixeira [23] argue that the program has a double intention: to reduce the Brazilian

housing de�cit and to generate income and employment through investments in construc-

tion activity. They measured the impacts of the program on the employment volume of

Brazilian municipalities. The results point to the positive and signi�cant e�ects of the

program, especially in small cities, and in low�skilled, low-paying occupations. We are

not aware of any study that has explored the impact of the program on housing prices.

10an speci�c event to bring together both sides of the market, buyers and sellers
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4. Data

We use data from di�erent sources to conduct the di�erent analyses.

For our main analyses we use data from: (i) the Brazilian Central Bank containing

monthly information of the loan level of all mortgage loans granted in Brazil from Jan-

uary 2011 to December 2014. We have the collateral price, interest rate, maturity, income

bracket, LTV, and the postal code (location) of the house. Unfortunately, property char-

acteristics are not available; (ii) IBGE (Brazilian Institute of Geography and Statistics)

which provided yearly city levels of: population, average income, volume in savings ac-

counts, GDP, number of bank branches, size (area), urban population, housing de�cit,

and price index; (iii) EMPRAPA, which calculated the urban area of all Brazilian cities

in 2005; (iv) Brazilian government data, which provided yearly information regarding

the MCMV program by city, number of units of housing, and subsidy value; (v) Caixa

Econômica Federal (CEF) which provided information about the caps on housing prices

for each city in Brazil; and a database of for house sales in 2016 containing price, location,

and some properties characteristics .

We also conducted a robust analysis using data from PNAD which is a household

survey that provides information about family incomes, rent prices, and property charac-

teristics, as well as other information

4.1. Housing prices

We are interested in proving that better credit conditions impact prices. We therefore

proposed to analyze a discontinuity in a government program that occurs at the population

threshold of 50.000 inhabitants. It would be valuable to assess prices is these locations

prior to the beginning of the program, but unfortunately our database starts in 2011.

The �rst six months of this year is the �rst period in our analysis, in which the policy

was the same for both control and treatment groups 11. Figure 1 plots the kernel density

of price distribution of these groups during this period. The sample of loans plotted are

all mortgage loans granted in Brazil in the control and treatment groups from January

2011 to June 2011. In Figure 1 (a) we restrict the kernel distributions to loans between

R$20,000.00 and R$150,000.00 There is a clear peak at R$80,000.00 which is exactly the

housing ceiling price policy of the period for both groups. It is also clear that there is

a large drop in the density after the peak which suggests that the policy ceiling price is

a restriction for buying a house. The density is larger in our control group as expected,

since there are almost three times more cities is this group. Figure 1 ( b ) has the same

kernel distribution with no price restriction, which shows that there is no other peak in

the distribution.

11The control group is composed by all the brazilians municipalities which population are between
30,000 and 49,999. Are treatment group is composed by all the brazilians municipalities which population
are between 50,000 and 70,000
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Focusing on our treatment group, cities with populations larger than 50,000, and

comparing the prices within the three periods we are analyzing, it is clear that the peak

is moving through time, and exactly matches the policy ceiling of each period. Figure 3

(a)shows the kernel distributions of the treatment group in Period 1 and Period 2. The

larger peak of the density in Period 1 is at R$80,000.00 as shown in Figure 1 but it moves

to R$100,000.00 in Period 2, which is exactly the new ceiling of the policy. Figure (b)

shows the kernel distributions of the treatment group in Period 2 and Period 3, and again

it is evident that there is a new density peak in Period 3, which is at the new ceiling of

R$115,000.00. In �gures (a) and (b) we restrict the kernel distributions to loans between

R$50,000.00 and R$150,000.00. In Figure 19 shows the kernel density of the treatment

group in all three periods in which is possible to note that there is no other peak in any

period above the policy cap. Analogous Figure 2 (a), (b) and Figure 18 shows our control

group, and the conclusions are the same: the density house prices peak moves together

with the policy cap changes and there are no other peaks at other prices.

To reinforce that the density is greater and concentrated in the policy caps for both

the control and treatment groups in all three periods analyzed, we conducted a McCrary

test to identify if there is a continuity of the price variable density function at those points.

We found that there is no continuity at any of the thresholds, neither for the control nor

the treatment groups. Figure 4 shows the results for the control group and Figure 5 shows

for the treatment group.

The analysis of the kernel plots and McCrary test shows evidence that the policy caps

of the program impact the distribution of house prices in both the control and treatment

groups. One question that could arise is the possibility that this may happen due to the

manipulation of the price reported in order that the housing could be included in the

program. Take for example, in a city with a population above the threshold, a house

where the fair price in the second period is R$105,000 and is (i) sold at R$100,000; or

(ii) reported being sold at R$100,000 when in fact it was sold at R$105,000. In both

cases, these would reduce the calculated average housing price in the city in a way that

it impacts our graphical analysis and suggests a false peak in the policy cap. However,

in our quantitative analysis it would reinforce any result that indicates a rise in prices.

Suppose now the opposite, a house for which the fair price is R$90,000 and which is

(i) sold at R$100,000; or (ii) reported being sold at R$100,000 when in fact it was sold

at R$90,000. In the �rst case, the cap change increases the house price which is our

hypothesis. We argue that for (ii) to occur is less plausible since the developer has no

incentive in reporting a higher sold price, since it will have to pay more in taxes. We also

suggest a visual argument that (ii) is not happening, as if this was indeed happening, then

when the cap changes to R$115,000, we would expect that the amount of housing whose

fair prices are between 100,000 and 115,000 would reduce, concentrating all houses at the

new cap, when in actual fact it increases. Other evidence that there is no manipulation
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in reporting a false price above the realized price is that when moving from Period 2 to

Period 3, the density of houses reported below R$80,000 in the control group decreases

and the incentive to increase the reported/sell price in this range does not change during

this period.

5. Identi�cation Strategy

This work aims to quantify the impact of better credit conditions on housing prices.

To do this, we are using the exogenous shock in the credit market caused by the MCMV

program. The program ampli�ed household credit o�ers with housing price restrictions

that varied across municipalities where the di�erence was mainly determined by city

population. We are aware that population in a municipality may a�ect housing prices �

houses in larger cities are more expensive than in small ones - but we believe that this

relationship is continuous; with no jump in any speci�c threshold. In the available data

period, there are four discontinuities in population in two di�erent levels (see Table 1 ).

The table shows the program cap by groups of municipalities since its launch in March

2009 until December 2015. There were two cap updates, one in July 2011, and a second one

in October 2012. We chose to explore the discontinuity in municipalities with populations

of around 50,000. The reason for this is that there were not enough observations at

other population thresholds. The chosen threshold represents approximately 82% of all

Brazilian cities.

We conducted an analysis with two di�erent approaches. In the �rst, we considered

only the period after the 2012 cap change and explored the discontinuity in population. In

the second one we explored the cap change over time and conducted a di�-in-di� analysis.

To estimate the impact of an RDD analysis, some assumptions should hold to establish

the internal validity of regression discontinuity impacts and a causal interpretation can

then be made. As suggested byImbens and Lemieux [11], Hahn et al. [9], Van der Klaauw

[24]The main assumptions are:

Assumption 1: No manipulation in the �assignment variable� In our analysis the as-

signment variable is the municipality population, and manipulation would be a

municipality that, knowing the bene�ts of being part of the program, could manip-

ulate its population to be part of the treatment group. Since the population used to

de�ne the treatment group for IBGE is based on a demographic census conducted

in 2010 - when both control and treatment groups had the same cap policy, this

assumption holds in our analysis. In this case the variation in treatment near the

threshold is randomized as though from a randomized experiment

Assumption 2: There is no other variable changing at the same time as the analyzed

threshold: This assumption is important as it guarantees that the impact on the

outcome comes from the treatment variable. There are two ways to suggest that
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this assumption holds for our analysis: The �rst is conducting a graph analysis and

estimation regressions in order variables to guarantee that there is no jump among

them. This was done for all observable variables, such as GDP per capita, income

level, funds outstanding in savings accounts, number of banks as well as for other

contract terms like interest rate, mortgage horizon, and loan to value. We found no

impact on any of these variables. The second approach was to conduct estimations

including these variables as controls.

Since the program is not compulsory, being above the 50,000 population threshold does

not necessarily mean that the city was looked at.12A city is treated if there is at least one

house bought through the program, and the ceiling price is R$115,00. A city belongs to

the control group if the ceiling price is R$90,000. For these reasons, we designed the RDD

as a fuzzy experiment. The impact of being over 50,000 inhabitants is an intention to be

treated ITT. To calculate the total impact, we used the 50,000 population threshold as

an instrument for treatment.

The MCMV has discontinuities at the city level, but the subsidies are speci�c for

one market, that of low-income housing. Therefore, analyzing the average house price of

cities may bring about incorrect conclusions. Since developers have an incentive to build

more houses for low income households, the average housing price of the city should fall,

while the number of houses for low incomes groups are increasing as are their prices; and

considering this, we restricted our study to the low-income market.

Unfortunately, we do not include property characteristics in our main data. The only

available variable that we can use to de�ne our markets/segments are housing prices and

family incomes. We chose to use housing prices to de�ne the segments in the cities. We

conducted many analyses in de�ning these markets. For the RDD approach, we focused

our results on houses where prices were between R$89,000 and R$116,000, which is just

below the cap threshold of the control group and just above the cap of the treatment

group. We conducted several robustness exercises increasing the range of the market.

The result was maintained.

The main weakness in our strategy is that, as we do not have property characteristics,

there is a possibility that the increase in price is simply an increase in housing quality

- people are now accessing a better market. To address this, we conducted several ex-

ercises on di�erent databases. One, in particular, had the same identi�cation criteria.

We performed a RDD analysis but on a smaller sample of houses that are being resold

12(i) there are few exceptions in the program if the city belongs to a metropolitan area, for example,
it may be in the control group and have a bigger cap (ii) it is possible that in a city has no loans was
conceded through the program for the simple reason that no one demanded it . For the brackets we
are analysing the political party of the mayor has no intervention in the program. The household that
will be granted by the credit is de�ned by a CEF employee, and the risk analysis is made at the CEF
headquarters
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by the CEF13. In this data we have information about property characteristics, including

location. The results of these exercises are presented in Section 8. We also considered

possible manipulation issues in housing prices that could be made by the buyer or the

bank that is granting the loan so we restricted our sample to speci�c groups and the result

is robust. In Section 7 we present the analysis.

6. Main Results

This section shows our main results, we begin by presenting a graphical analysis includ-

ing the classical RDD graphical analysis showing evidence that better credit conditions

impact prices and also the evolution through time of average house prices in control and

treatment groups which is the starting point for the di�erence and di�erence (di�-in-di�)

analysis. We then present the estimation results for both RDD and di�-in-di� estimations,

for the �rst one in parametric and non-parametric methods.

6.1. Graphical analysis of impact on prices of better credit conditions

For the �rst exercise, which identi�es the causal e�ect through a RDD approach,

the analysis was conducted considering only Period 3 of the data, which is all Brazilian

mortgage loans from October 2012 to December 2014 in both the control and treatment

groups.

We start �rst by showing the graphic evidence of the impact we found, (i) evaluating

the Brazilian Central Bank data with information from 1400 cities across Brazil. Figure 6

and Figure 7 provide a visual identi�cation of the ITT e�ect of the di�erence in the ceiling

of housing prices. The discontinuous relation between population and the probability of

being treated permits one to visually identify this e�ect in Figure 6. Figure 7 shows

our main result. In the Figure, the average prices clearly jump in the 50,000 population

threshold and are around R$8,000 higher just after the threshold.

Figure 8 shows the average number of loans granted during the period per city in the

restricted market. The positive correlation between population and average number of

loans observed is expected for obvious reasons - larger cities tends to have more houses.

However, there is no visible jump at the threshold of 50,000. One possible explanation

for the absence of the increase is that both control and treatment groups were in the

MCMV program and buyers and developers had more incentives to go to the market in

both groups. The only di�erence is in the cap of the policy. The incentive to o�er and to

demand houses only di�ers in the maximum value of the house. The greater cap in the

treatment group seems to have impact on the houses prices however it does not seem to

be enough to attract more developers to build new houses.

13Houses in this data are ones that were �nanced by CEF, not necessarily by the MCMV program, and
the household defaulted and the property was taken over by CEF
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Figure 9explores the average housing price and number of loans in the municipalities

in the unrestricted market and as expected, the prices and the number of loans are higher

in larger cities, but there is no visible jump at the 50,000 population threshold nor at any

other point nor in prices nor in number of loans. It seems that the policy impacted only

the low-income market, with no spillover for markets above the average program price.

One reason for this is that we expect that main spillover would happen on the cost side,

implying more expensive land prices, but we evaluated relatively small cities in Brazil,

that are mainly concentrated in less densely urbanized municipality groups, as Table 2

shows. From the graphics we may conclude that the di�erence in the policy increased the

average housing price in a restricted segment of the market, without spillovers to other

markets in the same city.

The second piece of evidence we present is the impact of the policy over time. To

construct the following graphics, we de�ned control and treatment groups using the same

method, but with market considered housing prices between R$80,000 and R$120,00014.

Figure 10 (a) plots the evolution of average housing prices for the control and treatment

groups. In Period 1 there is no statistical di�erence between the housing prices of both

groups, which is the period when the policy cap of the program was the same. In Period 2,

the average house price of the control group starts to fall, and this movement continues in

Period 3, converging at the cap policy of the program for this group which is R$90,000.00.

One possible explanation for the price of the control group being larger in the second

period than compared to Period 3, even though the policy cap is increasing over the same

period, is that the number of loans granted by the program was getting larger through

time, thereby reducing the average price to the cap policy price. For the same reason, the

average house prices of the treatment group increased in each period, and the di�erence

of house prices between the control and treatment groups increased over time. Figure 10

(b) shows the average house prices of cities in the control and treatment groups. In both

groups the average price of houses increased, and there is no statistical di�erence between

both groups in any of the three periods analyzed - which reinforces the RDD graphical

analysis results.

6.2. RDD estimation results

To con�rm the jump in the threshold that we found in the graphical analysis presented

and to quantify the impact of better credit conditions on prices, we conducted parametric

and non-parametric estimations based on regression discontinuity design methodology. In

this section we present the results of the estimations conducted.

14The reason to amplify the market is that since we are analyzing loans that were granted from 2011
to 2014, we need to incorporated all the caps of those periods.
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6.2.1. Parametric Results

Considering the fuzzy characteristic of the treatment group discussed in Section 5, we

conducted a standard two stage least square estimation. The �rst stage estimates the

probability of being treated and the second, the impact of being treated on house prices.

We used the 50,000 population threshold as the instrument of the treatment. The validity

of the instrument is based on the hypothesis that city housing prices in the period of 2012

to 2014 did not impact the municipality population of 2010, which seems very reasonable.

Equation 1shows the �rst stage estimation, where the 50,000 threshold is a dummy

variable equal to one if city i has more than 50,000 inhabitants, and zero otherwise. Ti

is a dummy variable equal to one if the city i is treated and zero otherwise.We restrict

the sample to municipalities with between 30,000 and 70,000 inhabitants. The restriction

eliminates municipalities that are too far from the threshold and are not comparable in

terms of house prices. Since this was an arbitrary decision, we used many other ranges

and the results holds.

Ti = α0 + λ1150kThres. + f1(Popi) + εi (1)

Equation 2 shows the second stage of the estimation, where Yi is the outcome. In

our results we show the outcome as the average price of houses in di�erent markets,

the number of loans, the average interest rate, loan to value of the contract, maturity,

GDP per capta, income , outstanding safe account per municipality among others.We are

mainly interested in the result of the outcome as average prices in the restricted market.

Yi = α + β0Ti + f(Popi) + ηi (2)

Impact on prices Table 3 shows the result of the parametric estimation for the

average price in the restricted market. The reduced form is reported in Column-01, and

other columns include di�erent controls. In all speci�cations, the impact of being treated

is positive signi�cant, and is approximately R$7,850.00. The estimation result suggests

that houses in municipalities just above the de�ned population threshold are on average

R$7,850.00 more expensive than houses in municipalities just below the threshold, and

this impact is due to the di�erent cap. The inclusion of controls does not a�ect the

impact of the treatment as expected. Since the di�erence in cap between the treatment

and control groups is R$25,000.00, our results suggest that for every increase of R$100 in

the policy cap for house prices, there is an increase of R$32 in the average house price in

the market.

In Table 4the estimation of the impact is replicated in larger markets. The table

shows the parametric result of the estimated impact of being treated on average house

prices. The di�erence between the columns is the range of house prices included in the

estimation. Column 1 shows the result for the restricted market. Column 2 shows the
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result for the market that includes loans granted to buy houses whose prices are in the

range between R$80.000 and R$120.000. Column 4 shows the result for the market that

includes loans granted to buy houses whose prices are in the range between R$70.000 and

R$130.000. Finally, Column 5 includes all loans granted in the municipalities, excluding

only outliers - house prices above R$3,000,000. The result suggests that the impact of

being treated is larger in the restricted market, but there are spillovers for other markets.

Nonetheless, the spillovers vanish when analyzing the entire market; no impact on prices

was found. The treatment variable was positive and signi�cant in estimations (1) to (4)

but was insigni�cant in estimation (5).

Impact in the number of loans Table 5 shows the second stage result of the

parametric estimation for the outcome Yi as the average number of loans in a market in

a municipality. In di�erent columns, di�erent markets are considered. In Column 1, the

result for the restricted market is shown. Column 2 shows the result for the market con-

sidering loans granted for buying houses whose prices were in the range between R$80,000

and R$120,000. Column 3 shows the result for the market considering loans granted for

buying houses whose prices were in the range between R$70,000 and R$130,000. Column

4 shows the result for the municipality, excluding only outlier houses. In all regressions,

the result of the treatment variable is negative and insigni�cant. The result suggests that

the di�erence in the ceiling of the housing price between treated and non-treated cities

appears to have no incentive in constructing more houses.

6.2.2. Non Parametric Results

In the parametric estimation, we have also conducted several robustness exercises in

de�ning the treatment and control groups, where there is always the possibility of the

decision taken having an impact on the results. To discard this possibility and avoid

model misspeci�cation, we also estimated all equations using non-parametric methods

that choose control and treatment groups by an optimization process to produce a con-

sistent estimation.

The non-parametric estimation eliminates any functional form assumption, and per-

forms a series of regressions within an interval- the bandwidth- weighting observations

that are closer to the threshold that divides the control and treatment groups. The

main decisions are how to de�ne the bandwidth and what regression to perform on the

bandwidth � the smaller the interval more likely to be closer to linear.

In our analysis, we conducted both linear and local polynomial estimators using a

triangular kernel. We also considered and tested di�erent methods for choosing the band-

width, (i) IK - proposed by Imbens and Kalyanaraman [10] and (ii) the CV method

proposed by [ludwig2007does] . The �rst relies on a procedure based on the actual data

that balances the degree of bias and precision by minimizing a function that considers
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both bias and precision, while the latter, known as the cross-validation procedure tailored

for the RDD design, minimizes the squared error of predicted vs. observed outcomes

of observations near but out of the range of the bandwidth. We also estimated robust

con�dence intervals as suggested by Calonico et al. [4] .

The results of the non parametric estimations are in Table 6 as it can be veri�ed that

for both non parametric methods, the results of the parametric estimation holds. The �rst

stage result shows that, for both methods, being above the 50,000 population threshold

is positive and signi�cant to explain the probability of being treated by the program.

The second stage results con�rm the parametric estimation results and states that being

treated, increases house prices by approximately R$6,900.00. We also conducted a non-

parametric estimation for the number of loans and the result was insigni�cant, as it was

for the parametric method.

6.3. Di�-in-di� results

The second approach to estimate the causal impact of better credit conditions on

prices was conducted by a di�erence-in-di�erence analysis. The rationale is to explore

the cap changes over time. Contrary to RDD analyses that compare similar cities at the

same moment, di�-in-di� allows the comparison of the same city in di�erent moments.

In the available period, there were three di�erent caps for cities above the population

threshold of 50,000.00. Three di�erent di�-in-di� analyses were conducted; all with the

same control and treatment groups, but with di�erent time windows. The three periods

analyzed were: (i) between January/2011 and July/2011, (ii) between August/2011 and

Oct/2012, and (iii) after Oct/2012. In the �rst period there was no di�erence in the

policy ceiling between control and treatment groups, in the second the di�erence was

R$20,000.00 and in the third period the di�erence increased to R$25,000.00

The control group in all estimations were composed of cities with populations between

40,000 and 50,000 and the treatment group of cities with populations between 50,000 and

60,000. We also estimated larger and smaller control and treatment groups and the results

hold. Figure 10 shows control and treatment groups during the three periods studied, and

the estimated equations were:

Priceji := βj0 + βj11T + βj21CapChangeji + βj31Treat·CapChangeji + controlsji + εji (3)

where j = 1, 2, 3 and i = city

For the the �rst period analysis, j = 1 , and Cap_Change1=1 for loans granted

between 07/2011 and 06/2012 and Cap_Change1=0 for loans granted between 01/2011

and 06/2011. The estimation explores the impact on average prices for the �rst change

in cap. For the second period analysis, j = 2 and Cap_Change2=1 for loans between

01/2013 and 12/2014 and Cap_Change2=0 for loans between 07/2011 and 06/2012. The
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estimation explores the impact on average prices for the second cap change. Finally, the

third analysis, j = 3 and Cap_Change3=1 if the loan was granted between 01/2013 and

12/2014 and Cap_Change3=0 if the loan was granted between 01/2011 and 06/2011. The

estimation explores the impact on prices from having no di�erence in cap (�rst period)

and the largest di�erence in cap (third period).

The dependent variable is the semi-annual average price of all loans granted in one

city, whose property value is between a speci�c range. We also conducted the analysis

on quarterly data and the results hold. The controls included in all estimations were the

same as those included in the RDD analyses, and the results are robust to their exclusion.

Summary results are presented in Table 7. Only βj3 , which is the impact of the measure,

of each equation is reported.15. Each line shows the result of the estimated parameter βj3.

The �rst line TreatmentCapChange1 considered the �rst change in the cap that occurred

in June 2011. The second line TreatmentCapChange2 considered the second change in

cap that occurred in October 2012. Finally the third line TreatmentCapChange3 consid-

ered the di�erence between the �rst and the last period analyzed. The di�erent columns

show di�erent range of the sample, increasing the size of the market being analyzed.In

the �rst column the sample includes loans granted to the treatment and control groups

to buy houses in the range of house prices between R$89,000 and R$116,000. Column 2

shows the result for the sample that includes loans granted to the treatment and control

groups to purchase houses in the range of house prices between R$80,000 and R$120,000.

Columns 3 to 5 show the results for the sample that includes loans granted to the treat-

ment and control groups to buy houses in the range of house prices between R$70,000

and R$130,000. In Column 4, controls considering loan terms such as LTV, interest rates,

and mortgage horizons were included. In Column 5 municipality speci�c controls were

added. The results con�rm Figure 10. In the �rst line, β13 the parameter relative to

Treatment∗CapChange1 is insigni�cant, there is no statistical di�erence of the increases
is housing prices between Period 1 and Period 2. On the contrary, both β23 and β33 that

compares Period 2 and Period 1 with Period 3 respectively are positive and signi�cant.

7. Manipulation issues

In general, when using a RDD approach to identify causality, it is necessary to prove

that there is no manipulation in the running variable, guaranteeing that assumption 01

holds. In the case presented here, it is easy to argue that it is impossible to manipulate the

population of a city over such a short period of time. Additionally, the number used for

the policy is an estimation based on the 2010 Brazilian National Census. As a robustness

exercise, the McCrary test and the kernel density estimation, presented in Figure 11 ,

corroborates the argument that there is no manipulation issue in the running variable.

15{All the other controls have the expected signal}
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On the other hand, since what can be observed is the valuation price of the bank that

is granting the loan and not the selling price, it is possible that CEF agents could be

changing the price of the house by, (i) increasing the price to give the household a bigger

loan, or (ii) decreasing the evaluated price so the household can meet loan eligibility

requirements. The histograms and kernel density estimations presented in section 4 show

no evidence of the �rst of these scenarios. Moreover, two exercises were done to discard the

possibility of pricing manipulation being responsible for the impact found in prices. Two

restricted groups were created in which the manipulation incentives were the same for the

control and the treatment groups analyzed here. The restricted groups were composed of

loans that were not eligible for the program but were in the municipalities of our control

and treatment groups.

The �rst restricted group created was composed of loans with interest rates higher

than the policy maximum limit. The interest rates of loans granted within the program

from 2012 to 2014 were at a maximum 7.2% per year rate. In the restricted sample only

loans granted with interest rates higher than 8.0 were analyzed. The second restricted

group created was based on family income - only loans granted to high income individuals

were considered. The maximum allowed in the policy was 10 minimum wages, and for

the restricted sample, the selection was made considering family income higher than ten

minimum wages.

There are di�erences in average prices in both restricted groups in the restricted mar-

ket. Figure 12 and Figure 13 shows the RDD plots for both groups. The results of the

parametric estimation was omitted but con�rms the graphs. In both groups the impact

is positive and signi�cant. If our results were due to manipulations by CEF agents, we

should not �nd any impact in the restricted samples, as there is no bene�t for manipula-

tion that is di�erent from control and treatment groups.

8. Housing quality

Up to now, we have argued that house prices were impacted by better credit conditions.

The main consideration regarding the results is whether the observed increase in average

prices of homes in the municipalities just above the threshold could simply be the result

of the impact of better credit conditions on prices or that a group of people had access

to a new market with better homes. In other words, the veri�ed increase in prices could

be the consequence of an increase in the quality of the houses. That is, there was not a

price increase, but rather a migration to a di�erent market, with higher quality houses.

The question was: Did housing quality increase more in cities in which prices increased

more?

Unfortunately, in the BCB data there is no information regarding property character-
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istics or location16. To address these questions, four exercises were conducted.

In the �rst one, the sample was restricted to the period just after the cap change. The

hypothesis in this exercise is that the properties were already constructed, and therefore

it would not be possible to a�ect the quality. The impact found was lower, but still large.

The di�erence in cap was responsible for an increase of R$ 5,224.00. The RDD plot of

this exercise is in Figure 14 (a), where we omitted the estimation results that con�rmed

the graphic analysis. As a placebo exercise, Figure 14 (b) restricted the period to the

�rst semester of 2011, a period in which there were no di�erences in the program between

control and treatment groups - as expected there is no jump in the 50,000 population

threshold.

The second exercise conducted, considered the city density in two di�erent forms:

(i) restricting the sample to low density municipalities where land prices should be less

of an issue, and (ii) controling prices by city density. The idea behind this is that if

the housing price is changing due to a change in quality, the impact in prices should

be much higher in municipalities where land prices have a greater impact on the �nal

housing price, and this should be in high density cities. Considering this in the analysis,

the impact of the treatment should be lower17. The results are presented in Table 8

and Table 9.Table 9shows that the inclusion of the area as a control does not a�ect the

treatment impact, indeed it increases it. Table 8 shows the estimation results in the

restricted samples. Considering the urban area, the impact was contrary to what was

expected - the treatment impact is higher in high density municipalities. In the other

measure there is no di�erence in the impacts.

The third exercise was conducted using an alternative database from PNAD. PNAD

is the National Household Sample Survey and until 2013 it was conducted annually 18.

For the proposed exercise, data before and after the government program were used.

Although the survey does not identify the municipality, it is possible through weights and

probabilities of municipalities to identify the population.

A di�-in-di� analysis was conducted, with the same control and treatment groups of

our main analysis. The control group was cities with populations between 40,000 and

50,000 and the treatment group, cities with populations between 50,000 and 60,000. We

used information from PNAD in di�erent years prior to the di�erentiation of the ceiling

policy between the control and treatment groups ( 2006, 2009, and 2011) and the 2013

data to analyze the period in which the ceiling policy was di�erent between the groups.

PNAD did not allow us to infer the housing price, and therefore, in order to identify the

16Meanwhile, in the group of cities analyzed are considered small, a good location means a house near
downtown.

17two di�erent measures of density were considered, the �rst is the traditional one that divides the
population by the area, the second one only the urbanized area was considered as well as only the urban
population. The measurement of urbanized area was the one calculated by EMBRAPA

18excluding in years that CENSO happens - e.g 2010



20

housing market that should be impacted by the government policy, family income was

used. The restricted market for this analysis is houses whose owner has a family income

lower than the policy cap in 2013. The reduced-form estimated model is described by the

following equation:

Yi := β0 + β11Treatment + β21Y ear2013 + β31Treatment·Y ear2013 + controlsi + εi (4)

Where Y may be the number of rooms, number of bedrooms, number of bathrooms,

time to commute, rent price, and other variables that may explain housing quality. The

estimations for housing characteristics as dependent variable, restricted to the low income

family group, were conducted and in none of the tested variables was the di�-in-di�

variable signi�cant, which led to the conclusion that no evidence was found that the

program improves housing quality more in cities where the cap is higher. In estimating

the impact on rent prices, we found that the parameter that measures the e�ect of the

policy is positive and signi�cant and it indicates that even while controlling for housing

characteristics, there is a higher price increase in the treatment group when compared to

the control group. The hypothesis here is that rent prices are higher in municipalities

where housing prices are higher. Since we have not found any impact in the number

of new houses between the control and treatment groups, it is reasonable to expect the

spillover to the rent prices.

The fourth exercise conducted was exploring the data of the o�er of housing prices

regarding properties that were taken over for loan non-payment. The data was available

on the CEF website in 2016 and if a household was interested in buying the property

he/she had to go to a bank and deposit 5% of the value o�ered. The �rst person with an

acceptable credit rating to be granted a loan, could buy the house. In this data, housing

characteristics information such as area, number of rooms and address are available.

The analysis conducted here is closely related to the one conducted in our main RDD

analysis; estimating the impact of the policy through the RDD analysis. The main di�er-

ences are: the inclusion of housing characteristics and the distance to downtown as con-

trols; the increase of the restricted market to properties between R$50,000 and R$130,000;

as well as the unit of estimation: In this exercise we use the unit of observation as the

housing unit and not the city. The latter is essential in allowing us to consider new

controls. 19 The RDD conducted in this data is also a fuzzy experiment, and was also

conducted in two stages. The �rst stage is the same as presented in equation 1, the second

stage is presented in the following equation:

19It was necessary to increase the restricted market since this database is smaller.
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Y = α + β0Ti + f(Popi) + θ PropertyCharaci + ηi (5)

Where Y are the o�er price, the property area and the distance to downtown. For

o�er prices the expected signal of T is positive and signi�cant while for the other two,

area and location, are expected to be insigni�cant. The estimation results are in line

with what was expected. The RDD plots are presented in Figure 15 . Table 10 presents

the results of the parametric estimation for Y = Ln(Offer_price) . The �rst column is

the reduced equation. Column-02 to Column-06 show the IV results, including controls.

Column-03 has the same controls available in the main result presented in section 6.

The inclusion of the variable of location does not impact the treatment parameter. As

the other characteristic controls are included, the impact of the policy increases. For

this data, di�erences in quality do not explain the di�erence found in prices due to the

discontinuity of the cap.

Table 11 presents the result for Y = Ln(Area(meters)) the controls included that are

the same as that for price, and the result suggests that the treatment e�ect is insigni�cant

in all speci�cations except (5), where the impact is negative - contrary to the argument

that higher prices are increasing quality. The di�erence in cap does not cause an increase

in housing area. Table 12 presents the result for the distance to downtown. In all speci-

�cations, the treatment is positive, showing that houses in those cities are located in the

more undesirable places.

All four exercises conducted go against the hypothesis that the increase in price is an

increase in housing quality. The housing price increase seems to be a direct transfer from

the government to the o�er industry.

9. Robustness and Placebo exercises

Several robustness exercises were conducted to assure that the results are reliable.

All RDD plots shown were also done considering more �exible polynomials and di�erent

methods to de�ne the bins and found that the jump persisted in all methods tested.

Non-parametric estimation was conducted on larger markets and the results were robust,

always positive and signi�cant, although the impact magnitude becomes smaller in bigger

markets. We also conducted non-parametric estimations with the average number of

loans as the outcome and the results of the parametric estimation held. Parametric and

non-parametric estimations were conducted considering the outcome as all observable

contract terms and some municipality characteristics. The municipalities characteristics

were GDP, GDP per capita, average income, amount in saving accounts, and the number

of bank agencies. Figure 16 and Table 13 show some of these results. In all equations the

treatment variable was insigni�cant, con�rming the results found in the graphic analyses.

Other markets completely above or below the caps were investigated as well. The
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results were those expected. For example, the market for houses whose prices are between

R$120,000 and R$200,000, are not directly a�ected by the MCMV policy. We found no

di�erent impact on prices or on loan numbers in the treatment group compared to the

control group. The results are the same for the housing market whose prices are between

R$30,000 and R$70,000.

Two types of placebos were tested: (i) a di�erent threshold de�ning control and treat-

ment groups within the same period of our main analysis; and (ii) the same threshold but

during a di�erent time period when the cap in both the control and treatment groups

were the same at R$80,000. In all placebos, the graphic analysis, as well as the parametric

estimation concludes that there is no impact on the housing prices in being treated.

10. Conclusion

In this paper we used a very rich database, including all mortgage loans in Brazil

from 2011 and 2014 and used two di�erent identi�cation strategies that produced a very

similar result. Our study is most related to Favara and Imbs [7] and we are able to extend

their results to the Brazilian case. We believe that this paper contributes not only to

corroborating that credit does have an impact on prices, but also sheds light on some of

the e�ects of a large-scale program in Brazil.

Our analysis concluded that prices are higher in cities with better credit conditions.

When comparing cities just above and below the 50,000 population threshold, which

de�nes a discontinuity in the cap on house prices for the MCMV program, we found that

a di�erence of R$25,000 in cap caused an impact on prices of R$7,800. The di�erence is

not explained by di�erent loans terms, housing quality, or other city characteristics. We

also concluded that these cap di�erences did not increase the number of loans. Our results

are robust in larger markets and di�erent methodologies. The results are maintained and

very similar in RDD analyses, both in parametric and non-parametric estimations, and

also considering the timing of the cap changes using a di�-in-di� approach.

Many robustness checks were done by changing the period of analysis and the threshold

de�ning our control and treatment groups. Di�erent dependent variables, using di�erent

index prices, saw consistent results. Some placebos were tested and in any regression the

result was signi�cantly positive.
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Figure 1 � Period 1 : Housing Prices Distributions

(a) Restricted Kernel Distribution
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(b) Kernel distribution
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The �gure plots the kernel density of price distribution of the control and the treatment
group. The control group is composed by all the Brazilian municipalities which
population are between 30,000 and 49,999. Are treatment group is composed by all the
Brazilians municipalities which population are between 50,000 and 70,000. The sample
of loans plotted are all mortgage loans granted in Brazil in control and treatment groups
from January 2011 to June 2011. In Figure a we restrict the kernel distributions to loans
between R$20,000.00 and R$150,000.00 It has a clear peak at R$80,000.00 which is
exactly the housing ceiling price policy of the period for both groups. It is also clear
that there is a large drop in the density after the pick which suggest that the policy
ceiling price is a restriction to a buy a house. The density is larger in our control group
as expected since there are almost three times more cities is this group. Figure b is the
same kernel distribution not restricted in prices, it shows that there is no other peak in
the distribution. Source:Central Bank of Brazil and IBGE
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Figure 2 � Housing Prices Loan: Control Group - Cities with population between 30,000

and 50,000

(a) Period 1 and Period 2 - Same caps in
both periods
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(b) Period 2 and Period 3 - Change in Cap
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All the Kernel plotted are house prices of the control group, composed by all the
Brazilians municipalities which population are between 30,000 and 50,000. It was
de�ned three di�erent periods for the analysis. Period 1 is composed by all mortgage
loans granted in Brazil from January 2011 to June 2011; Period 2 is composed by all
mortgage loans granted in Brazil from July 2011 to September 2012; Period 3 is
composed by all mortgage loans granted in Brazil from October 2012 to June 2013. In
�gures (a) and (b) we restrict the kernel distributions to loans between R$10,000.00 and
R$150,000.00. Figure (a) shows the Kernel distributions of the control group in Period 1
and Period 2. The larger pick of the density in Period 1 is on the R$80,000.00 as showed
in Figure 1 and it do not change in Period 2, the density becomes larger once the policy
increases the number of municipalities granted by the program. Figure (b) shows the
Kernel distributions of the control group in Period 2 and Period 3, it is evident a new
density pick in Period 3, which is in the new ceiling of R$90,000.00.
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Figure 3 � Housing Prices Loan: Cities with population between 50,000 and 70,000

(a) Period 1 and Period 2 - Di�erent caps
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(b) Period 2 and Period 3 - Change in Cap
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All the Kernel plotted are house prices of the treatment group, composed by all the
Brazilians municipalities which population are between 50,000 and 70,000. It was
de�ned three di�erent periods for the analysis. Period 1 is composed by all mortgage
loans granted in Brazil from January 2011 to June 2011; Period 2 is composed by all
mortgage loans granted in Brazil from July 2011 to September 2012; Period 3 is
composed by all mortgage loans granted in Brazil from October 2012 to June 2013. In
�gures (a) and (b) we restrict the kernel distributions to loans between R$50,000.00 and
R$150,000.00. Figure (a) shows the Kernel distributions of the treatment group in
Period 1 and Period 2. The larger pick of the density in Period 1 is on the R$80,000.00
as showed in Figure 1 but it moves to R$100,000.00 in Period 2, which is exactly the
new ceiling of the policy. Figure (b) shows the Kernel distributions of the treatment
group in Period 2 and Period 3, again it is evident a new density pick in Period 3, which
is in the new ceiling of R$115,000.00.
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Figure 4 � McCrary test for house prices distribution: Control Group

(a) Control Group - Period 1
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(c) Control Group - Period 3

0
.0

00
5

.0
01

.0
01

5

0 50000 100000 150000 200000

The �gure plots the McCrary test results for the control group, which is composed by all
the Brazilians municipalities which population are between 30,000 and 49,999.00 . In
Figure (a) it test the discontinuity in the density of house prices on R$80,000.00 , the
sample is in the Period 1 - loans granted by January 2011 to June 2011 - where the cap
policy was R$80,000.00. The �gure shows a large discontinuity on the point and the
result is statisticlly signi�cant. Figure (b) shows the same test conducted on Period 2 -
composed by all mortgage loans granted in Brazil from July 2011 to September 2012 -
the result is kept, with a higher density in the cap policy. Figure (c), restricted in
Period 3, shows the McCrary test for discontinuity in the density of house prices on R $
90,000.00 which is the cap policy of Period 3. The result is again positive for a
discontinuity and statistically signi�cant
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Figure 5 � McCrary test for house prices distribution: Treatment Group

(a) Treatment Group - Period 1

0
.0

00
05

.0
00

1
.0

00
15

.0
00

2

0 50000 100000 150000 200000

(b) Treatment Group - Period 2

0
.0

00
05

.0
00

1
.0

00
15

.0
00

2
.0

00
25

0 50000 100000 150000 200000

(c) Treatment Group - Period 3

0
.0

00
2

.0
00

4
.0

00
6

0 50000 100000 150000 200000

The �gure plots the McCrary test results for the treatment group, which is composed by
all the Brazilians municipalities which population are between 50,000 and 70,000.00 . In
Figure (a) it test the discontinuity in the density of house prices on R$80,000.00 , the
sample is in the Period 1 - loans granted by January 2011 to June 2011 - where the cap
policy was R$80,000.00 for this group. The �gure shows a large discontinuity on the
point and the result is statistically signi�cantly. Figure (b) shows the McCrary test for
discontinuity on R$100,000.00 and it was conducted on Period 2 - composed by all
mortgage loans granted in Brazil from July 2011 to September 2012 - the result is
positive for a discontinuity and statistically signi�cant. Figure (c), restricted in Period
3, shows the McCrary test for discontinuity in the density of house prices on
R$115,000.00 which is the cap policy of Period 3. The result is again positive for a
discontinuity and statistically signi�cant
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Figure 6 � Probability of being Treated
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The �gure plots the probability of being treated as a function of the municipality
population. For all Brazilian municipalities below 100,000 of population, a city is
considered treated if there is at least one house bought through the program in buckets
II or III, and the ceiling price is R$115,00. A city is not treated if the ceiling price is
R$90,000. There is a clear jump in the 50,000 threshold. Source:Central Bank of Brazil
and IBGE

Figure 7 � Discontinuity in Population Threshold

(a) Average house prices per city population - C
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The �gure plots the RDD �gure with municipalities population as the running variable
and average house prices calculated by a local polynomial point estimator. The sample
includes all mortgage loans which prices are between R$89,000.00 and R$116,000.00,
from October 2012 to December 2014. Average house prices from R$100,000.00 to R$
130,000.00 Source:Central Bank of Brazil and IBGE
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Figure 8 � Impact of the cap di�erence in number of loans in the restricted market
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The �gure shows the average number of loans granted during the period per city. The
sample includes all Brazilian loans granted from October 2012 to December 2014 in both
control and treatment groups. The positive correlation between population and average
number of loans observed is expected for obvious reasons - larger cities tends to have
more houses. However, there is no visible jump in the threshold of 50,000. One possible
explanation for the absence of the jump is that both control and treatment groups were
in the program MCMV, and buyers and developers had more incentives to go to the
market, the only di�erence is in the cap of the policy. Source: Central Bank of Brazil
and IBGE
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Figure 9 � Impact of the cap di�erence in the average housing prices and number of loans

in the municipality

(a) Housing Prices
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(b) Average number of loans
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The Figure shows the impact of the cap policy on the average house price (Figure (a))
and number of loans of the municipalities (Figure (b)) , not restricted in the the range
of house proces directly a�ected by the program. As expected, the prices and the
number of loans are higher in bigger cities, hovewer there is no visible jump in the 50k
threshold or in any other point neither in prices or in number of loans. It seems that the
policy impacted only the low income market, with no visible spill over for markets above
the average program price.
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Figure 10 � Dif in Dif analysis: Average housing price for control and Treatment groups-

January 2011 - Dez 2014

(a) Segment of houses with loans between R$80,000
and R$120,000
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Figure (a) plots the evolution of average housing prices for control and treatment groups
in the segment of houses composed by granted loans between R$80,000 and R$120,000.
In Period 1there is no statistically di�erence between the house prices of both groups,
which is the period when the policy cap of the program were the same. At Period 2 the
average house price of control group starts to fall, and this movement continues in
Period 3, converging to the cap policy of the program for that group which is
R$90,000.00. One possible explanation for the price of the control group be larger in the
second period when compared to Period 3, even though the policy cap is increasing at
the same period is that the number of loans granted by the program is getting larger
trough time. For the same reason, the average house prices of the treatment group
increases in each period, and the di�erence of house prices between control and
treatment groups increases trough time.
Figure (b) plots the average house prices of cities in control and treatment groups. In
both groups the average price of houses are increasing, and there is no statistically
di�erence between both groups in any of the three periods analyzed - which reinforce
the RDD graphical analysis results.
Source: Central Bank of Brazil and IBGE
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Figure 11 � McCrary Test for population
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The �gure shows the result of the McCrary test for continuity of the density distribution
of municipalities across the population. From the �gure it is clear that there is no
discontinuity on the running variable, as expected - once population in a municipality is
not an easy variable to be manipulated in the short run. Source: IBGE
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Figure 12 � Impact in prices for loans with interest rate bigger than 8%

(a) Restricted Market
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(b) Average of all markets in the city
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The sample includes mortgage loans which prices are between R$89,000.00 and
R$116,000.00 and the interest rate of the loan was grater than the maximun allowed by
the program, suggesting that there was no better credit conditions for the loans in the
sample, and it was granted between October 2012 and December .Figure (a) shows that
the average house prices of the treatment group in the restricted segment is larger when
compared to the control group even for buyers that are not impacted by the program.
Figure (b) shows that this di�erence in price by groups vanish when assessing the
average of house prices in the city do not restricting to the segment that are most
a�ected by the program
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Figure 13 � Impact on prices for High income people

(a) Restricted Market
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(b) Average of house prices in the city
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The sample includes mortgage loans which prices are between R$89,000.00 and
R$116,000.00, the buyer has income bigger than ten minimum wages, and it was granted
between October 2012 and December 2014.Figure (a) shows that the average house
prices of the treatment group in the restricted segment is larger when compared to the
control group even for buyers that are not impacted by the program. Figure (b) shows
that this di�erence in price by groups vanish when assessing the average of house prices
in the city do not restricting to the segment that are most a�ected by the program.
Source: Brazilian Central Bank and IBGE



37

Figure 14 � Impact on prices in the short run

(a) First six months of the new cap of
R$115.000,00 for the treatment group
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(b) First semester of 2011
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The sample in this �gure includes all mortgage loans which prices are between
R$89,000.00 and R$116,000.00. Figure (a) restrict the period between November 2012 to
June 2013, it shows that even in the �rst semester of Period 3 there were already
di�erence between the average prices of control and treatment groups; Figure (b)
restrict the period to the �rst semester of 2011, period in which there were no di�erences
in the program between control and treatment groups, as expected there is no jump in
the 50.000 threshold.
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Figure 15 � CEF Sample: RDD graphics
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The �gure use data of the o�er of housing prices regarding properties that were taken
over for loan non-payment in CEF. The data was available on the CEF website in 2016.
Figure (a) shows that there is a jump in average house prices in the 50,000 population
threshold . Figure (b) shows no jump in the average area of houses. Figure (c) shows
that the distance to downtown increases with population, but there is no jump in the
50,000 population threshold. Although the distance increases it increases few meters on
average.



39

Figure 16 � Other variables

(a) GDP per capita

0
10

00
0

20
00

0
30

00
0

40
00

0
G

D
P

 p
er

 c
ap

ta

0 20000 40000 60000 80000 100000
Population

(b) Average Income
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The �gure shows other variables that probably a�ect house prices, and looks for a a
discontinuity in the 50,000 population threshold, as it can be seeing there is no
signi�cant jump neither in Figure (a) that shows GDP per capta nor in Figure (b) that
shows the average income of the municipality. The sample includes all cities from
control and treatment groups, and data is from 2013. Source: IBGE

Figure 17 � Placebo - Threshold in 30k
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The �gure shows a placebo test for a discontinuity in the 35,000 population threshold,
as it can be seeing there is no jump is the placebo discontinuity. The sample includes all
mortgage loans which prices are between R$89,000.00 and R$116,000.00, from October
2012 to December 2014
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Table 1 � The program: Caps(R$) considering the municipality characteristics

March of 2009 June of 2011 October of 2012 N. of cities

MAs: SP, RJ and BSB 130,000 170,000 190,000 133
Population >1 million 100,000 150,000 170,000 24
Population >500.000 100,000 130,000 145,000 9
Population >250.000 and in MAs 80,000 130,000 145,000 699
Population >100.000 80,000 100,000 115,000 97
Population >50.000 80,000 100,000 115,000 237
All other municipalities 80,000 80,000 90,000 4365

Note: The table shows by groups of municipalities the program cap since its launch in March 2009 to

December 2015. There where two updates in caps, one in July 2011 and the second one in October

2012. The main classi�cation criteria is the population of the municipality. In this paper we analyze

cities which population are below 100,000, representing approximately 82% of all Brazilian cities

Table 2 � The program: Caps(R$) con-

sidering the municipality characteristics

Control Treatment

First quantil 14.45 7.24
Second quantil 41.59 49.34
Third quantil 41.89 38.16
Fourth quantil 0 1.32
Fifth quantil 2.06 3.95

Note: The urban density quantiles were

calculated based on the ratio of the

Brazilian urban population of 2010 of

IBGE and the EMBRAPA calculation

of urban area for Brazilian cities of

2005. Both control and treatment

groups are mainly in quantiles II and

III of urban density, and have approx-

imately similar distributions between

quantiles
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Table 3 � RDD parametric results: Dependent variable: Average price for the restricted market

No IV (1) (2) (3) (4)

Treatment 7753.190*** 7895.628*** 7862.508*** 8199.754***
(976.51) (982.41) (969.49) (964.00)

50k threshold 6121***
(736.37)

Population 0.013 0.024 0.018 0.017 0.021
(0.02) (0.02) (0.02) (0.02) (0.02)

Population2 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000)

Mortgage Horizon -0.571** -0.457
(0.28) (0.28)

Interest rate 66.179*** 63.629***
- -0.04 -0.05

Value in safe accounts 0
(0.000)

Average income 0
(0.000)

MCMV Total expendure 0.000***
(0.000)

MCMV N. of units -4.222***
-0.75

Constant 108981*** 109146*** 108438*** 113813*** 113029***
(368) (457) (2980) (2964) (3231)

Income controls No No No No Yes
R 0.185
N Observations 1400 1400 1400 1400 1400

Note: The table shows our main result, the impact of being treated on average prices in the restricted
market. Column (No IV) is the reduced form. Column (1) and (2) includes population control in
di�erent functional forms, Column (3) includes contract term controls and Column (4) add mu-
nicipality controls and income controls. Equations of Column (1) to Column (4) are estimated by
two stage least square. The population was centralized in 50,000.The sample includes all Brazilian
loans granted from October 2012 to December 2014 in both control and treatment groups in the
restricted market. The coe�cient of the treatment variable is stable to the inclusion of controls,
positive and signi�cant in all speci�cations

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.
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Table 4 � RDD parametric results: Y = Average price for di�erent restricted market

Y = Average price of housing between (R$) 89.000 and 116.000 80,000 to 120,000 70,000 and 130,000 <3,000,000

Treatment 7895*** 6730*** 6445*** -1768
(982) (1041.80) 1364 6779

Population 0.02 0.038** 0.052** 0.650***
(0.02) (0.02) 0.02 0.11

Population2 0.000* 0.000** 0.000** 0.000
(0.00) (0.00) 0.00 0.00

Constant 108,438*** 106,859*** 107,360*** 165,927***
(457) (484.93) 543.82 3149.76

N. of observation 1400 1402 1408 1421

Note: The table show the parametric result of the estimated impact of being treated in house aver-
age prices. The sample includes all Brazilian loans granted from October 2012 to December 2014
in both control and treatment groups. The population was centered in 50,000. The di�erence be-
tween Columns are the range of house prices included in the estimation. Column 1 shows the result
for the restricted market, which is composed by loans granted to buy houses which prices are in
the range between R$89.000 and R$116.000. Column 2 shows the result for the market that in-
cludes loans granted to buy houses which prices are in the range between R$80.000 and R$120.000.
Column 3 shows the result for the market that includes loans granted to buy houses which prices
are in the range between R$70.000 and R$130.000. Finally, Column 4 includes all loans granted
in the municipalities to buy houses, excluding only outliers - house prices above R$3,000,000.00.
The result suggest that the impact of being treated is larger in the restricted market, but there are
spillovers for other markets. Nonetheless, the spillovers vanishes when analyzing the entire market,
no impact on prices was found

Table 5 � Number of granted loans

Y=Average number of loans 89.000 and 116.000 80,000 to 120,000 70,000 and 130,000 <3,000,000

Treatment -0.357 -7.244 -19.202 -32.489
(13.35) (15.59) (18.36) (27.65)

Population 0.002*** 0.003*** 0.004*** 0.007***
(0.000) (0.000) (0.000) (0.000)

Population2 0.000*** 0.000+ 0 0.000**
(0.000) (0.000) (0.000) (0.000)

constant 87.3*** 112.3*** 146.8*** 262.1***
(6.21) (7.25) (8.54) (12.84)

N. of observations 1400 1402 1408 1421

Note: The table shows the second stage result of the parametric estimation for the average number
of loans granted in a municipality. In the di�erent Columns di�erent markets are considered. In
Column 1, the result for the restricted market is showed. Column 2 shows the result for the market
considering loans granted for buying houses, which prices were in the range between R$80,000 and
R$120,000. Column 3 shows the result for the market considering loans granted for buying houses,
which prices were in the range between R$70,000 and R$130,000. Column 4 shows the result for the
municipality, excluding only outlier houses. In all regressions the result of the treatment variable
is negative and insigni�cant. The sample includes all Brazilian loans granted from October 2012
to December 2014 in both control and treatment groups. The population was centered in 50,000
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Table 6 � Non parametric estimations

BW Selection CV IK

First Stage T=f(D)
Conventional (d - beta) 0.76474 0.73233
p-value 0.000 0.000
Robust
(p-value)

0.000 0.000

Second stage: Price=g(T)
Conventional error 6958.7 6366.3

0.000 0.000
Bias-corrected 5970.1 5806.5

0.000 0.001
Robust error (p-value) 0.005 0.031

BW local poly (h) 29509 19982
BW bias (b) 29509 20535
rho (h/b) 1 0.983
NN matches 3 3
Kernel Type Triangular Triangular

Note: The estimation were done to the restricted mar-
ket.The table shows the result of the non-parametric
estimation, for both �rst and second stage and for
the two methods of bandwidth selection. The stan-
dard errors showed are both standard and robust.
The �rst stage result shows that, for both methods,
being above the 50,000 population threshold is posi-
tive and signi�cant to explain the probability of be-
ing treated by the program. The second stage re-
sults con�rm the parametric estimation results, and
states that being treated increases house prices in
approximately R$6,900.00. The sample includes all
Brazilian loans granted from October 2012 to De-
cember 2014 in both control and treatment groups

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors
in parentheses.
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Table 7 � Average price of housing between (R$)

89.000 and 116.000 80,000 and 120,000 70,000 and 130,000 70,000 and 130,000 70,000 and 130,000

Treatment_CapChange 1 392 -218 532
(660) (820) (928)

Treatment_CapChange 2 6402*** 6165*** 2833***
(492) (573) (1006)

Treatment_CapChange 3 6801*** 5941*** 4707*** 4441 *** 3856***
(707) (805) (1414) (1418.01) (1405.96)

Contract terms No Yes Yes
Municipality controls No No Yes

Note: The table shows the result for the di�erence in di�erence procedure conducted as a robustness check. Each line shows the result of
the parameter estimation for the interaction between the two dummies: being treated and being observed after the cap change. The �rst
line TreatmentCapChange1 considered the �rst change in the cap that occurred in June 2011. The second line TreatmentCapChange2
considered the second change in cap that occurred in October 2012. Finally the third line TreatmentCapChange3 considered the dif-
ference between the �rst and the last period analyzed. The di�erent columns show di�erent range of the sample. In the �rst Column
the sample includes loans granted to treatment and control groups to buy houses in the range of house prices between R$89,000 and
R$116,000. Column 2 shows the result for the sample that includes loans granted to treatment and control groups to buy houses in the
range of house prices between R$80,000 and R$120,000. Columns 3 to 5 show the results for the sample that includes loans granted
to treatment and control groups to buy houses in the range of house prices between R$70,000 and R$130,000. In Column 4 controls
considering loan terms such as LTV, interest rate and mortgage horizon are included. In Column 5 municipalities speci�c controls are
added. For the second and third analysis in all conducted regressions the impact was positive and signi�cant. For the �rst cap change
there was no signi�cant impact between control and treatment groups.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.

Table 8 � Changes in caps considering the municipality density

Lower density Higher density
Total area Urban area Total area Urban area

Treatment 5686** 8531*** 5749* 5060***
2217 2661 3110 1384.29

Population 0.054 0.013 0.122 0.031
0.11 0.06 0.07 0.04

Pop^2 0 0 0 0.000**
0 0 0 0

Constant 107139*** 120696*** 111236*** 117759***
1213 5529 1041 3846.6

State No Yes No Yes

Note: The table shows the result of the exercise splitting the
main sample in Lower (Columns 1 and 2) and Higher densities
(Columns 3 and 4), considering both municipality total area
(Column 1 and 3) as well as municipality urban area (Columns
2 and 4). The result suggest that there is no di�erence on the
impact of the treatment when considering municipalities with
lower or higher density considering total area, and the im-
pact is greater is lower density municipalities when consider-
ing urban area density. In all regressions the period analyzed
was from October 2012 to December 2014 in both control and
treatment groups

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in paren-
theses.
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Table 9 � Ln(Price) - Municipality density as controls

(1) (2) (3)

Treatment 7895*** 8091*** 8390***
-982 -917 -930

Population 0.018 0.019 -0.005
-0.02 -0.02 -0.02

Population^2 0.0*** 0.0*** 0.0***
0 0 0

Ln(urban_area) -318.9*
-184.2

Density 5.522***
-1.01

Constant 108438*** 117720*** 110128***
-457 -4113 -5670

State Yes Yes

N. of observations 1400 1384 1385

Note: The table shows the second stage result of the in-
clusion of municipality density controls and the sen-
sibility of our main result. The �rst column is our
main result, in Column 2 the size of the urban area
is included as a control. As expected the greater the
city the higher the house prices. In Column 3 the
municipality density is included as a control, and it
is positive and signi�cant as expects. However, nei-
ther the inclusion of the municipality area or the
municipality density reduces the impact of our main
result, on the contrary is increases. All regressions
were parametric regressions and The sample includes
all Brazilian loans granted from October 2012 to De-
cember 2014 in both control and treatment groups

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors
in parentheses.
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Table 10 � CEF Sample- Ln(Price)

(1) (2) (3) (4) (5) (6)
1 2 3 4 5 6

β / SE β / SE β / SE β / SE β / SE β / SE
50k threshold 0.132***

(0.044)
Treatment 0.167** 0.196*** 0.259*** 0.294*** 0.284***

(0.072) (0.073) (0.071) (0.069) (0.095)
Population 0.000 −0.000 0.000 −0.000 −0.000 −0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Pop2 0.000*** 0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
ln_MCMV 0.011 0.043*** 0.057*** 0.074***

(0.012) (0.012) (0.013) (0.018)
Units MCMV −0.000*** −0.000*** −0.000*** −0.000***

(0.000) (0.000) (0.000) (0.000)
distance −0.000 −0.000 −0.000 0.000

(0.000) (0.000) (0.000) (0.000)
ln_area 0.266*** 0.271*** 0.298***

(0.027) (0.029) (0.042)
Dist. avail −0.056*** −0.046** −0.039**

(0.019) (0.019) (0.019)
Housing Characteristics 0 0 0 0 1 1
Observations 1264 918 917 864 768 405
R2 0.054 0.012 0.035 0.127 0.156 0.169
Ftest

Note: The table shows the result of the parametric estimation for house prices. In all column
the dependent variable is the Ln(Price)of the house. Column 1 shows the result of the reduced
form, without the intrumental variable. Column 2 to Column 5 show the second stage results,
including controls to the equation. Column 6 is restricted to the sample that the information of
distance were available. In all speci�cation the treatment variable was positive and signi�cant,
suggesting that houses that were being o�ered above the 50k population threshold were more ex-
pensive, even if controlling for all observable housing characteirstics including area and location.
All other controls had the expected signal, when signi�cant. The sample used was available at
CEF website in december 2016.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.
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Table 11 � CEF Sample- Ln(Area-meters)

(1) (2) (3) (4) (5) (6)
1 2 3 4 5 6

β / SE β / SE β / SE β / SE β / SE β / SE
50k threshold −0.057

(0.057)
Treatment −0.136 −0.129 −0.129 −0.159* −0.082

(0.090) (0.091) (0.091) (0.086) (0.114)
Population 0.000 0.000* 0.000 0.000 0.000** 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Pop2 −0.000** 0.000 0.000 0.000 0.000 −0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
ln_MCMV −0.112*** −0.101*** −0.099*** −0.099*** −0.086*** −0.111***

(0.013) (0.015) (0.015) (0.015) (0.015) (0.021)
Units MCMV 0.000** 0.000*** 0.000*** 0.000*** 0.000** 0.000*

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
distance −0.000 −0.000 −0.000 −0.000

(0.000) (0.000) (0.000) (0.000)
Dist. avail 0.007 −0.030 −0.037 −0.037 −0.002

(0.020) (0.023) (0.024) (0.024) (0.024)
Housing Characteristics 0 0 0 0 1 1
Observations 1084 864 864 864 768 405
R2 0.095 0.053 0.055 0.055 0.118 0.171
Ftest

Note: The table shows the result of the parametric estimation for house area.In all column the de-
pendent variable is the Ln(Area-meters)of the house. Column 1 shows the result of the reduced
form, without the intrumental variable. Column 2 to Column 5 show the second stage results,
including controls to the equation. Column 6 is restricted to the sample that the information of
distance were available. In all equations the impact of being treated is insigni�cant to explain
house area. Both houses just above or below the thrshold of city population have on average the
same area, when controling for observable characteritics.The sample used was available at CEF
website in december 2016.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.
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Table 12 � CEF Sample- Ln(Distance-km)

(1) (2) (3) (4) (5)
1 2 3 4 5

β / SE β / SE β / SE β / SE β / SE
50k threshold 2.479*

(1.283)
Treatment 4.195** 4.612** 4.612** 3.977*

(2.004) (2.113) (2.113) (2.194)
Population −0.000 −0.000 −0.000 −0.000 −0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Pop2 −0.000 −0.000** −0.000** −0.000** −0.000*

(0.000) (0.000) (0.000) (0.000) (0.000)
ln_MCMV 0.663** 0.916*** 0.655* 0.655* 0.770**

(0.274) (0.317) (0.342) (0.342) (0.388)
Units MCMV 0.000 −0.002** −0.001** −0.001** −0.001**

(0.000) (0.001) (0.001) (0.001) (0.001)
ln_area −2.944*** −2.944*** −2.956***

(0.815) (0.815) (0.989)
Housing Characteristics 0 0 0 0 1
Observations 590 372 342 342 289
R2 0.100 0.051 0.080 0.080 0.085
Ftest

Note: The table shows the result of the parametric estimation for house distance to
downtown.In all column the dependent variable is the Ln(Distance-km)of the house
and the municipality downtown. Column 1 shows the result of the reduced form,
without the intrumental variable. Column 2 to Column 6 show the second stage re-
sults, including controls to the equation. In all speci�cations the results shows that
being treated increases the distance to the municipality downtown in approximatdly
4%. The sample used was available at CEF website in december 2016.

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parentheses.
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Table 13 � Impact of the policy in the loan contract terms

Y = Mortgage Horizon LTV Interest Rate

Treatment 0.854 40.947 -0.017
-2.21 -91.56 -0.02

Population 0 -0.001 0.000**
0.000 0.000 0.000

Population2 0.000 0.000 0.000
0.000 0.000 0.000

Constant 7.9*** 10324*** 0.7***
-1.03 -42.63 -0.01

N. Obs. 1400 1400 14000

Note: The table shows the result of the parametric esti-
mation of di�erent contract terms and the impact of be-
ing treated on them. Column 1 shows the result for the
mortgage horizon, being above the established threshold
and having access to extra credit do not have any impact
on the average mortgage horizon. Column 2 shows the
results for the Loan to value of the loan and Column 3
for the interest rate. The impact of being treated is in-
signi�cant in all other observables contract terms

* p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in
parentheses.
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12. Appendice
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Figure 18 � Housing Prices Loan: Control Group - Cities with population between 30,000

and 50,000 - All periods
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�gure shows the Kernel density of the treatment group in all three periods, it shows that
the peak is moving through time, and matches exactly the policy ceiling of each period.
It is also possible to note that there is no other peak in any period above the policy cap.

Figure 19 � Housing Prices Loan: Treatment Group - Cities with population between 30,000

and 50,000 - All periods

kd
en

si
ty

 H
ou

se
 P

ric
e

0 100000 200000 300000 400000 500000
House Price

Period 01 Period 02 Period 03

�gure shows the Kernel density of the treatment group in all three periods, it shows that
the peak is moving through time, and matches exactly the policy ceiling of each period.
It is also possible to note that there is no other peak in any period above the policy cap.
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