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Abstract

At the beginning of 2024, the median price of a house sold in the United States
reached $420,000. That is $100,000 more than four years ago, before the Covid-19 crisis.
Inflation and rising interest rates are often blamed for this rise in prices. However, it turns
out that many other factors play an important role in the dynamics of house price
variations. Therefore, this paper aims to analyze the impact of socio-economic variables,
and variables specific to the real estate market environment to determine what drives

house price dynamics in the U.S.

Two methods are used to address this issue: OLS and VAR. The results of the OLS
indicate that house prices rise in response to an increase in consumer sentiment and the
number of new houses starts, but falls in response to an increase in the rent price index.
Seasonality also plays an important role, accounting for almost 2/3 of the variance in
house prices. The VAR shows similar results, but adds depth by including the temporal
dynamics between variables and reveals that the house price variable is strongly
influenced by its past values. The latter indicates that a rise in prices is often followed by

a downward trend, as illustrated by the predictions made for the year 2024.
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INTRODUCTION

Real estate is well known as one of the most profitable long-term investments,
continually increasing in value over the years, making owners and investors enthusiast.
Nevertheless, what about first-time buyers who are simply looking for a home for their
family? Moreover, is it still possible for those with modest incomes to afford
accommodation in 20247 Four hundred twenty thousand dollars is the median?! price of
homes sold in the U.S. in the first quarter of 2024. Following the Covid-19 recession, house
prices experienced the fastest growth on record. In 4 years, the median house price has
risen by $100,000, making access to housing much more difficult for certain social classes.
Although the U.S. economy has experienced growth and recession, with numerous
variations in economic indicators such as inflation, interest rates, etc. the real estate
market has never been so unaffordable. Therefore, "What drives housing price dynamics
in 20247" is the research question guiding this study. Through this question, we examine
the variables that influence house prices from near and far, as well as the dynamic
temporal relationships between them. Therefore, this study aims to understand the
underlying relationships and trends impacting price variation, enabling readers to gain a

more informed view of market dynamics.

My motivation for delving into the complex subject of the real estate market stems
from a personal experience during my exchange in Chicago. The daunting task of finding
affordable accommodation, where a room in a shared, off-campus apartment costs around
$1,200 or more per month, was a stark reality. The high cost of living, coupled with
prohibitively expensive rents and apartment prices, prompted me to embark on this

research journey to find answers to my own questions.

This work is divided into different parts. The literature review begins by explaining
the fundamental workings of the real estate market, defining and describing the market's
composition, exploring the externalities of housing, and examining the housing market's

role in society, the economy, and the environment.

! The median price of homes sold is calculated over a given period and is an indicator of price trends. It
means that 50% of homes were sold at a price below the median and 50% at a price above.



It then provides a historical perspective on the U.S. real estate market, discussing
significant events and their impacts. The section concludes with an analysis of the current
economic situation in the U.S., highlighting key economic indicators and concepts. The
quantitative analysis part outlines the objectives of the empirical study. It introduces the
analytical approach, specifically the use of the Ordinary Least Square (OLS) method and
Vector Auto-Regressive models, and details the structure of the analysis. It also describes
the data used and the collection process. This is followed by a detailed description of the
methodology used. The third section presents the empirical results obtained using the
OLS and VAR models, while the fourth section provides an in-depth examination of the
results, concluding with a discussion of the study’s limitations and recommendations.
Finally, the conclusion summarizes the findings and their contribution to answering the

research question.



PART I: LITERATURE REVIEW

CHAPTER 1: HOW THE REAL ESTATE MARKET WORKS

1. Definition and composition of the market

The real estate market is characterized by exchanges, transactions, and activities
related to selling, purchasing, managing and renting real estate. Demand is highly varied,
and many different types of property are listed, including houses, lands, apartments,
commercial, residential, industrial, and social buildings. The market is thus made up of
actors and factors influencing the dynamics of real estate supply and demand (Leung,

2023).

The dynamic of the market is based on three major interdependent stages, each
with its own distinct components. All play a role in determining the price of a property.

As illustrated in Figure 1, these stages are inputs, production (supply), and demand.

INPUTS PRODUCTION DEMAND
Labor PRICING Landlords PRICING Renters
Land [ Developers —— Homeowners

Infrastructure Builders (Population and
Finance Homeowners Income)
Materials Investors

Figure 1 - How the real estate market works (Source: Green & Malpezzi, 2003)

Housing services are determined first and foremost by inputs, which are then
associated with production and supply agents. Housing prices represent a crucial piece of
information for producers who use them to adapt the supply of housing. When house
prices rise, this means that demand for housing is also increasing, and this situation is
profitable for producers, who can build more. Conversely, when prices are lower, this is a
sign of oversupply or low demand, which puts the brakes on construction. However, these
production costs are also based on input costs. Input suppliers can also adapt to the
housing prices perceived on the market. An increase in housing prices is an opportunity

for suppliers, who are encouraged to produce more to meet the demand.



These relative prices are therefore a good indicator for regulating the balance
between supply and demand. Indeed, the dynamic is that when prices rise, suppliers and
producers are more tempted to produce to meet growing demand, which could eventually
be stabilized if supply were to exceed demand. The increase in demand can be justified by
an increase in population/migration, but also by an increase in income, which plays a

major role in property acquisition.

The real estate market is a relatively attractive sector, and is considered as a
competitive market in the U.S. and many other countries. Indeed, apart from the financial
requirements, the barriers to entry for housing production activities are low, making the
idea of a real estate market monopoly? unlikely (Green & Malpezzi, 2003). However, the
input market may prove less competitive due to a concentration of land ownership in
certain regions and associated government regulations that could reduce the supply of

available land and, therefore, increase its cost.

2. Externalities of housing

Regulations and externalities are an important consideration in the real estate
market. An externality is a benefit (positive externality) or a cost (negative externality),
that neither the consumer nor the producer perceives. Green & Malpezzi (2003) illustrate
this model by considering a market made up of identical housing units, not subject to
regulation. In Figure 2, this equilibrium between supply S1 and demand D1 is represented
by point A. This equilibrium represents a socially efficient, private market. However, if
negative externalities are introduced, such as environmental changes or congestion,
social costs will increase and the supply curve will shift upwards, S2. As equilibrium A is
no longer socially optimal (quantity too high for a price too low), public intervention is
necessary to re-establish a socially optimal equilibrium, represented at point B. This
intervention can take the form of either S3 supply regulation or the introduction of a tax.
This optimal tax is equivalent to the difference between the social cost and the private

cost (B-C), and will therefore internalize the externality.

2 "Privilege (de jure or de facto) enjoyed by an individual, a company or a public body to manufacture or

sell certain goods or services alone to the exclusion of all competitors”. (Larousse)



53, Regulated

Supply 52, Supply based on Social Cost

(Private Cost + Externalities)

S1, Supply based on Private Cost

Price per House

D1, Demand

Quantity of Houses

Figure 2 - Regulation and taxation under the presence of an externality (Source: Green & Malpezzi, 2003)

While external costs are a significant factor in the real estate market, it is important
to recognize that external benefits are equally prevalent. These benefits, which are
essentially advantages to society, can manifest as an increase in the value of neighbouring
properties, an enhancement in infrastructure, or a boost in safety. In the graph above,
positive externalities could be depicted by a shift of the demand curve to the right
(upwards). As these benefits accrue to society, they augment social demand compared to

private demand D1, presenting opportunities for growth and improvement.

3. The role of housing market in the society, economy and environment

There are many benefits for society, but even more for the country's economy. As
explained above, real estate has an important social role to play, as it is a necessity in
terms of consumption. It, therefore, has a positive and significant social impact. Real
estate, the lifeblood of mankind and society, is also an object of ownership, management,
and market turnover. Indeed, this sector is a major asset in terms of stimulating economic
growth. The initial investments generated in the real estate market are substantial,
triggering major changes in terms of supply and demand and providing a positive
macroeconomic development dynamic (Laskowska & Torgomyan, 2009) . These
investments stimulate numerous industries such as construction, architecture, financial
services and, above all, they generate a good number of jobs in these different fields, thus

stimulating the economy.



Furthermore, past generations have carried out building work, enabling present
and future generations to live decently, but beyond that, they have created the wealth and
heritage of every country. On a global scale, in 2022, residential real estate had a value of
$287.6 trillion, while GDP reached $100.6 trillion (Dcarrick, 2023). These figures show

that global property is indeed a source of worldwide wealth.

From an environmental point of view, although much progress has been made in
sustainable construction and green energy, many negative impacts are still present. These
include the consumption of natural/energy resources, greenhouse gas emissions, waste

production and the disruption of ecosystems.

Although the real estate market contains negative externalities, mainly from an
environmental point of view, it plays an essential role in the country's economy and
society. For this reason, the following section focuses on the dynamics of the US real estate

market.



CHAPTER 2: HISTORY AND GENERAL DYNAMICS OF THE U.S. REAL ESTATE MARKET
1. Overview of the U.S. real estate situation

The U.S. real estate market is one of the indicators of the country's economic health.
Over the years, it has experienced a number of shocks caused by various socio-economic
factors. Today, the real estate market is experiencing an unprecedented surge in prices.
As Figure 3 shows, the median price3 of a house in the U.S. has risen from $150,000 in the

2000s to almost $450,000 in 2024.

Median Sales Price of Houses Sold for the United States
between 1995 and 2024
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Figure 3 - Evolution of the median sales price of houses for the U.S. (Source: Federal Reserve Bank of St.

Louis4)

As observed in Figure 3, prices are not linear and undergo significant upward and
downward variations. Since the real estate market is closely linked to the financial market
and the broader economic system, it suffers consequences when a country faces financial
difficulties or recessions. To understand the trends behind these significant price
variations, it is important to examine the factors and historical data that have influenced
the market in previous decades. For this reason, the dynamics behind the various crises

in the U.S. real estate market are discussed below.

3 The median price of homes sold is calculated over a given period and is an indicator of price trends. It
means that 50% of homes were sold at a price below the median and 50% at a price above.

4 U.S. Census Bureau and U.S. Department of Housing and Urban Development. (2024). Median Sales Price
of Houses Sold for the United States [MSPUS]. FRED, Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/MSPUS
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2. The Panic of the 1800s

This era has been marked by the presence of strong peaks and busts in the real
estate market. This first crisis began in 1837 due to the bursting of the land bubble, the
fall in cotton prices, and, above all, speculative lending standards. This caused the stock
market to rise, prompting banks to suspend payments and loans. This recession lasted
seven years and increased the unemployment rate to 25%. In 1849, new lines of credit
were finally established thanks to the gold rush, enabling banks to grant loans again

significantly (Stevens, 2024).

After a few years of financial stability, a new crisis took root in the U.S. in 1873,
causing a global economic impact. This time, the crisis was caused by massive investment
to expand the railroad. This over-investment in stocks and securities, again triggered by
speculation, not only led to the collapse of many banks, but also placed heavy demands on
the remaining banks. As a result, access to loans was restricted, household incomes fell,
and housing demand declined. This low demand increased competition in the housing

market, which in turn led to a fall in prices (Stevens, 2024).

3. The Great Depression of 1929

The Great Depression began in the U.S. in 1929, and is the longest on record today.
Over the course of a decade, the Great Depression plunged the entire world into an
economic crisis with far-reaching consequences. There were many reasons for this,
starting with the stock market crash (Wall Street), triggered by the bursting of the
speculative bubble created by rising share prices and excessive speculation. This was
followed by bank failures, reducing available liquidity and curbing all types of financing.
Interest rates at foreign central banks climbed in the wake of the gold standard, causing a
slowdown in domestic spending. Add to this the fact that, before the onset of the crisis,
industrial production had been reduced, as had consumer demand due to rising consumer

indebtedness (Richardson, 2013).

The real estate market was hit hard by the stock market crash. Property values
plummeted, as did demand for bank loans. A property bought in 1920 was worth only
56% of its initial value 20 years later (Nicholas & Scherbina, 2012).



In 1960, the market finally recovered and prices stabilized. However, the market
was overtaken by inflation, which rose from 2% to 6% between 1960 and 1965, causing
real estate prices to almost double (Schulman, 2022). Due to legislation that reduced the
monitoring of bank financing, prices continued to rise until the end of the 1990s. This
significantly increased demand for real estate collateral and credit, leading to a savings
and credit crisis. The result was a rise in interest rates and a decline in new housing

construction (Stevens, 2024).

4. The Housing Bubble of 2008

The global financial crisis was triggered by numerous dislocations and deviations
from fundamental values in the housing market. Before the onset of the crisis, excessive
speculation in real estate prices led buyers to invest in the property market. A large
number of mortgage loans, not requiring strict repayment conditions, were granted to
households with a poor credit score (see Appendix 1). When banks raised lending rates
from 1% in May 2004 to 5.25% in January 20075, numerous defaults were recorded, and

property prices plummeted. This is the subprime crisis (Sidaway, 2008).

The subprime crisis led to a tightening of banks' lending policies, which, in turn,
reduced demand in the real estate market as many mortgage applications were turned
down. Prices continued to fall. As observed in Figure 3, between January 2007 and January

2009, the median value of a house fell by $50,000.

International financial institutions had invested in U.S. real estate assets. The fall
in real estate prices impacted asset values, leading to substantial investment losses and
even bankruptcies of financial institutions, as in the case of Lehman Brothers®. As a result,

buyer and investor confidence plummeted, leading to a worldwide economic contraction.

This phenomenon, observed just before the crisis, is known as the Housing Bubble.

5 Board of Governors of the Federal Reserve System (US). (2024).Federal Funds Effective Rate [FEDFUNDS].
FRED, Federal Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/FEDFUNDS

6 Wiggins, R., Piontek, T., & Metrick, A. (2014). The Lehman Brothers Bankruptcy A : Overview. Social
Science Research Network. https://doi.org/10.2139/ssrn.2588531
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The term "bubble" is defined as a significant rise in the price of an asset over a short
period of time, followed in most scenarios by a significant fall in price (Contessi &
Kerdnunvong, 2017). Schiller adds to this definition, noting that this price rise attracts
many investors who spread their enthusiasm, thereby attracting more investors from all
social classes. In the rush and excitement, many speculative investments are then made,
even if it means forgetting the real value of the investment. This overvaluation is often
observed when the asset price exceeds its fundamental value. When valuing an asset in
the real estate sector, it is useful to compare the housing price index with the housing rent
price index, which is called the Price-to-Rent Ratio. If the house price index is over the
rent one, it means that the asset is overvalued and vice versa. The reliability of this theory
can be assessed by comparing the two types of index over a period marked by crises, as

illustrated in Figure 4.

Growth rate of Home Price Index and Rent Price Index

2%

2

Mensual Growth Rate
! {=1

ES

2%
2005 2010 2015 2020 2025
Time
Series — CPl-Rent of Primary Residence in US city avg — CPI-Owner's equi. Rent of Residences in US city avg — S&P US National Home Price Index

Figure 4 - Growth rate of Home Price Index and Rent Price Index in the U.S. between 2002 and 2024

(Source: Federal Reserve Bank of St. Louis)

In Figure 4, "CPI- Rent of Primary Residence in U.S. city avg’" is a measure to
evaluate the changes in rental prices for primary residences and "CPI - Owner's equi. Rent
of Residences in U.S. city avg8" represents the price an owner would have to pay if he were

to rent out his home.

7U.S. Bureau of Labor Statistics. (2024). Consumer Price Index for All Urban Consumers: Rent of Primary
Residence in U.S. City Average [CUSRO000SEHA].FRED, Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/CUSRO000SEHA

8 U.S. Bureau of Labor Statistics. (2024). Consumer Price Index for All Urban Consumers: Owners' Equivalent
Rent of Residences in U.S. City Average [CUSROO00SEHC]. FRED, Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/CUSRO000SEHC



https://fred.stlouisfed.org/series/CUSR0000SEHA
https://fred.stlouisfed.org/series/CUSR0000SEHC

11.

In both cases, these measures can be used to assess fluctuations in rental costs over
time. Given that housing expenses and rent account for 34% of the consumer price index
(Dolan, 2024), these two indicators are relevant for understanding the trend behind the
real estate market prices. These are compared with the “S&P U.S. National Home Price

Index®”, which provides a general trend in U.S. house prices.

As shown in Figure 4, two opposing trends can be observed. The first trend runs
from 2002 to 2006, during which the growth rate (GR) of the housing sales price index far
exceeded the growth rate of the rental price index. The second trend is from 2007 to 2010,
when the growth rate of the sales price index falls below the growth rate of the rental
price index. These opposing movements point to the potential presence of a real estate
bubble and its collapse. In addition to speculative investments and unstable monetary
policy, other factors must be considered to detect a bubble: the deviation of economic

fundamentals.

A deviation from fundamental values thus marked this real estate bubble. It began
with excessively risky and irresponsible financing practices and loan allocations, based
on excessive confidence in the growth of the real estate market. Additionally, regulatory
oversight of the market had become lax, allowing access to financing to all types of
households and provoking an unusual increase in housing demand. This phenomenon
was exacerbated by interest rates approaching 1% set by Federal Reserve Board
Chairman Alan Greenspan, a rate that deviated from the safety standard and encouraged
risky mortgage borrowing (Baker, 2008). In fact, according to John Taylor, the federal
funds rate should have been based on income, GDP and asset price inflation, and thus

reached 3% to avoid creating a bubble (Taylor, 2009 cited in Harnaga, 2021).

This economic contraction triggered a global financial crisis, with rising interest
rates, negative economic growth rates and political instability plunging the economies of

various countries into recession.

9 S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller U.S. National Home Price Index
[CSUSHPINSA]. FRED. Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/CSUSHPINSA
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5. The Covid-19 Crisis

The Covid-19 crisis had a double effect on the real estate market, both negative and
positive. On the one hand, many tenants found themselves in default, mainly due to a
slowdown in their economic activity, putting many landlords at risk of defaulting on their
mortgage repayments. The value of the housing debt, which was relatively stable before
the crisis, increased by almost 2 trillion dollars between the end of 2018 and the end of
2021 (see Appendix 2). Rescue plans have been put in place to avoid eviction. Between
January 2021 and November 2021, over 3.2 million households received emergency
financial assistance. The rate of unpaid rent fell from 1 in 5 people in January 2021 to 1 in

7 people in November 2021 (Center on Budget and Policy Priorities, 2022).

On the other hand, the real estate market has remained fairly stable. Between 2019
and 2020, prices remained virtually unchanged, encouraging investors to buy. Indeed, the
crisis has spared many wealthier households, demand for housing and the number of new
builds has increased (Florida Invest, 2020). During this period of relatively low interest
rates, people took the opportunity to buy larger homes, allowing them to work from home
and adapt to the restructuring measures (Friedman, 2021). However, by the early 2021s,
supply was no longer able to keep up with excessive demand, caused in part by borrowing
rates approaching 3%, and property prices rose sharply. The median property price rose

from $338,000 in the fourth quarter of 2020 to $413,000 in the first quarter of 2022.

The U.S. real estate market is heterogeneous, and can vary according to geographic
and demographic factors (see Appendix 3). However, according to Li & Zhang (2021),
markets in different states tend to move in the same direction and be influenced by more
or less the same factors (see Appendix 4). The years 2021 and 2022 are characterized by
the fastest rate of price growth in 15 years, for both small and large cities (Friedman,

2021).

From these various events, we can see that fluctuations in supply and demand,
speculative bubbles, external economic shocks and changes in lending rates and

legislation are all factors influencing variations in property market prices.
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CHAPTER 3: THE CURRENT ECONOMIC SITUATION IN THE U.S.

1. Overview of economic indicators

The recession linked to the Covid-19 crisis will have lasted just two months in the
US, starting in March 2020 and ending in April 2020. This recession was intense, but also
the shortest in the post-World War II era. Indeed, by May 2020, the economic recovery

was already underway.

Due to the many restrictions imposed during the pandemic, real GDP fell
drastically by 9% during the recession. However, in the first quarter of 2021, thanks to
the easing of restrictive measures, the economy recovered, reaching a higher GDP than
before the recession, with a growth rate of 5.2%10in Q1 2021 (compared to the previous
period), against a growth rate of 4.6% in Q3 2019. Inflation caused a slight decline in 2022,
slowing GDP growth. Nonetheless, GDP growth remained stable at around 3.5% by the
end of 2023 (Center on Budget and Policy Priorities, 2024).

GDP and the unemployment rate are closely linked. Indeed, Okun's Law defines an
underlying relationship between these two variables; a 1% increase in the unemployment
rate decreases GDP by 2%. However, many economists recognize that there is no exact
magnitude for this relationship, and that the percentage change in GDP may also be
impacted by other variables such as capacity utilization or hours worked. In its study, the
Federal Bank of Kansa City asserts that there is indeed a negative correlation between the
two variables, but that periods of economic instability can disrupt this trend (Knotek,
2007). Despite this, the study concludes that slower economic growth goes hand in hand

with higher unemployment.

In the second quarter of 2020, the unemployment rate reached 14.8%, with an

increase of 11% between February 2020 and April 2020.

10 J.S. Bureau of Economic Analysis. (2024). Real Gross Domestic Product [A191RL1Q225SBEA]. FRED.
Federal Reserve Bank of St. Louis; https://fred.stlouisfed.org/series/A191RL1Q225SBEA
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However, by January 2022, the unemployment rate had returned to its pre-Covid

value, hovering around 4% and now varying between 3.5 and 4%?11,

As previously mentioned, GDP has been impacted by inflation trends. The year
2021 was characterized as a high-inflation year, with CPI rising to 7.1%, even reaching an
8.5 % year-over-year rate in March 2022 (Martin, 2022). The last time inflation was this
high was in the 1980s, when it reached almost 12%. This inflation rate is a far cry from
the Federal Reserve's 2% target, and is mostly justified by the high post-pandemic
demand for goods and services, which was complicated to satisfy by supply problems, and

further accentuated by the rise in energy prices in June 2022.

2. Theyear 2022, the year of the market correction

In an attempt to curb inflation, in March 2022, the Federal Reserve changed its
monetary policy by raising short-term interest rates and reducing long-term assets
(Center on Budget and Policy Priorities, 2024). The aim was to contain inflation while
keeping unemployment relatively low. Figure 5 illustrates the change in interest rates and

its impact on inflation (CPI).

Evolution of the CPI and the Federal Funds Effective Rate
between 2019 and 2023 in the US
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Figure 5 - The impact of rising interest rates on CPI (Source: Federal Reserve Bank of St. Louis)

11 .S. Bureau of Labor Statistics. (2024). Unemployment Rate [UNRATE]. FRED. Federal Reserve Bank of St.
Louis; https://fred.stlouisfed.org/series/UNRATE
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Raising interest rates to reduce inflation is a common technique well known to
economists, often used by central banks or the Federal Reserve (U.S.) to stabilize the
economy. Indeed, by raising interest rates, the cost of borrowing will also rise, thereby
reducing demand. Supply will find itself in excess of demand, exerting downward
pressure on prices. This, in turn, will reduce inflation and restore economic equilibrium
between supply and demand (Matheson, 2019). Within one year, this rise in interest rates
reduced inflation by almost 6% between June 2022 and June 2023 (from 9.1% to 3%). By
the end of 2023 and early 2024, inflation remained relatively stable at around 3.5%.

3. Housing Affordability Index

This change in monetary policy was beneficial for inflation, but less favourable for
the real estate market. Indeed, with housing prices rising sharply, it is becoming
increasingly difficult for first-time buyers and those with low incomes to buy a home. With
a current median sale price of $439,716 and a national 30-year average mortgage rate of
7.1%, homes are becoming less and less affordable, and the number of homes sold in May
2024 fell by 1.2% year-on-year (Redfin, 2024). To assess housing affordability, an index
taking into account house prices, median income and mortgage interest rate is calculated

over time, as illustrated in Figure 6.

U.S. Fixed Housing Affordability Index
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Figure 6 - U.S. Fixed Housing Affordability Index from 2020 to 2024 (Source: YCharts'?)

12 YCharts. (2024). U.S. Fixed Housing Affordability Index Monthly Analysis : Monthly Report on Housing
Affordability. YCharts. https://ycharts.com/indicators/us fixed affordability index
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This Housing Affordability Index (HAI) is calculated from a number of factors
depending on the country's economic situation. Ji & Kim (2006) present the formula as

follows (See Appendix 5 for detailed calculation):

HAI = (MEDINC/QINC) * 100 (1)

MEDINC represents the Median Family Income and QINC is the Qualifying Income
that can be interpreted as “Necessarily income to qualify for a loan for the median priced
home” (Li & Kim, 2006). When the HAI equals 100, it means that a median-income family
has just enough income to afford a mortgage on a median-priced home. When the index is
greater than 100, a median-income family has more than enough income to afford a
mortgage on a median-income home. In this case, if the index falls below 100, as in April
2024, when the HAI equals 95.90, it means that the family's median income can only cover
95.90% of the mortgage!3. Whereas before March 2022, buying a home was an option for
median-income households, this investment has turned out to be a luxury, evolving
unstably over time. This index is a good indicator of the economic health of the real estate

market.

In conclusion, the U.S. economy has demonstrated an impressive post-Covid
rebound capacity; however, the challenges of inflation and housing affordability highlight
the complexity of maintaining a stable economic equilibrium. Inflation has been brought
under control thanks to the intervention of the Federal Reserve, but despite this change
in policy, persistent difficulties in the real estate sector are reflected in the fall of the
housing affordability index from 2022 to 2024. For this reason, the following section
provides a quantitative analysis to determine which factors have a significant influence

on house price variations.

13 The mortgage has a loan-to-value ratio of 80%, with the remaining 20% to be paid in cash or monthly
instalments.
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PART II: QUANTITATIVE ANALYSIS

CHAPTER 1: ANALYSIS OBJECTIVE

This analysis aims to determine the factors driving the housing price dynamics in
the U.S. Two methods, the Multiple Linear Regression (MLR) and Vector Autoregressive

(VAR) model, both based on the software R are used to carry out this analysis.

1. The Multiple Linear Regression and the Vector Auto-Regressive model
approach
The MLR captures the effect of several independent variables on a dependent

variable for observations (i). Its equation is defined as follow:

Vi = Bo+ Bixi1 + -+ Bpxip t € (2)

Where y;represents the dependent variable with i the observations index. B;
represents the estimation coefficient and x;; the independent variable with j= 1,.,p.
Residuals, represented by ¢€;, are the prediction errors. Graphically, this model is depicted
as a point cloud, with y as the observed values and x as the predicted values, with a
straight line running through it. To ensure that this straight line is as close as possible to
the points in the cloud, the ordinary method of least squares (OLS) is used. OLS is used to
estimate the linear regression coefficients that will be used to determine the relationships
between the variables (Mestiri, 2021). This technique minimizes the squared error, i.e.
the sum of squared deviations between observed and predicted values, and is expressed

as follows:

B=&"X)"1XTy (3)

Where ,@ is the vector of the estimated coefficients, X and XT are, respectively the
matrix of the independent variables and its transpose and y is the independent variable.
The inverse of the bracket’s content, multiplied with y and the transpose of X, returns the
coefficient that minimizes the squared error, providing a more robust regression model

(Candelon, 2023).



18.

Consequently, this MLR method is useful for determining the relationships
between variable observations, but it does not account for the time factor and past values

in the model. This is why the VAR method is used to complete the analysis.

This econometric VAR model captures the dynamic interdependencies between
multiple time series (Zivot & Wang, 2003). Indeed, the current and future value of a
variable is determined by its past values, as well as the past values of the other variables
in the model. For this reason, variables are referred to as endogenous or exogenous. An
endogenous variable's values are determined by its own past values and the past values
of other variables, and are therefore dependent on each other. Conversely, an exogenous
variable adds information to the VAR model through its past values, but these past values
do not influence the exogenous variable itself, only the endogenous variable. Many
economists and researchers use this model to understand dynamic relationships and
make predictions. The VAR model is thus composed of simultaneous equations that are

autoregressive and include p time lags. Its equation is as follows:

VAR(p) =y = A1ye1 + -+ Ay, + CD 1y (4)

Where y, represents the set of K endogenous variables, y; = (V1¢,-+, Yktr--» Yrt)
for k = 1,..,K and p represents the lags. Ai are the coefficient matrices represented
under the form of (K x K) fori = 1,..,p and u; is a K-dimensional white noise process
with a time-invariant positive definite covariance matrix, [E[ut, ut’] = Yut. Finally, C with
dimension (K x M) is the coefficient matrix of potentially deterministic regressors and Dt
is a column vector (M x 1) composed of the suitable deterministic regressors, such as a

trend, a constant, or seasonal variables (the constant vector also written as c¢;)(Kotzé,s.d).

This model is appropriate for analysis because housing prices can be influenced by
many variables and exhibit certain dynamics, whether in the short or long term. The real
estate market is relatively volatile and as discussed in part 2, "History and general
dynamics of the U.S. real estate market", external and unpredictable shocks can modify
price trends over a period. It is therefore relevant to analyze the model's structural shocks

in order to understand the underlying dynamics.
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Storrie (2019) used a VAR model to determine the implication of monetary policy
and global supply of saving in the determination of a U.S housing bubble. She concluded
that shocks in the federal funds rate and in the capital inflows were good determinants of
house prices but that the mortgage or delinquency rates have no influence on the house
prices. In their paper on the factors driving housing price dynamics in China, Bian & al.
(2014) also used a VAR approach. Among the many endogenous variables tested in their
model, they highlighted three dominant ones: productivity, savings glut and policy

stimulus.

Therefore, the VAR model appears fairly consistent in determining the impact of

various socio-economic variables on house prices.

2. Analysis structure

The analysis is broken down into several stages. It begins with identifying potential
causal variables for housing price and the data preparation of these variables. Next, a
stepwise regression through a backward-elimination is performed. This is followed by the
various steps required to create the VAR model, including numerous hypothesis tests to
verify the reliability of data. Once the VAR model has been estimated, the Granger
causality test and forecasts are performed to complete the analysis. Then, structural
shocks in the model are identified using the distance covariance method, and the impulse
response function (IRF) via the moving block bootstrap is performed. Finally, the

interpretation of the results will enable answering the research question.
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CHAPTER 2: DATA

The literature review identified numerous potential causal variables, whether
related to economic fundamentals or variables directly linked to the real estate market.
The variables selected are all not seasonally adjusted and are presented in quarterly data

format. The period studied extends from Q1 2009 to Q4 2023.

1. Data collection

1.1.  S&P CoreLogic Case-Shiller U.S. National Home Price Index

According to the paper published by S&P Dow Jones Indices (2024), the S&P
Corelogic Case-Shiller Index Home National Prices "measures the value of single-family
housing within the United States". This index is calculated on the basis of the repeat sales
method, i.e. it uses the sale prices of the same properties at different periods to assess
prices variation over time. The index is composed of house prices for each of the nine U.S.
census divisions!4, and is weighted according to the economic importance of the regions.
For ease of reading, this variable will be referred to as “Housing Price" throughout the

analysis

1.2.  Monthly Supply of New Houses in the United States
The variable represents the ratio between the number of new homes for sale
entering the market and the number of new homes sold. It, therefore, indicates the time
(expressed in months) that a new home for sale would remain on the market, given the

number of new homes sold.

1.3.  New Privately-Owned Housing Units Started: Total Units
This refers to the number (in thousands) of new buildings (single-family homes,
duplexes, and apartment blocks) that have been started, and are privately owned. This
indicator can testify to the country's economic health, reflected in the confidence
consumers and businesses have in the economy. For simplicity, this variable will be

referred to as "New Owned Houses" in the analysis.

14 The United States is divided into 4 census regions (West, Midwest, Northeast, and South), each
encompassing 9 divisions and several states.
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1.4.  Delinquency Rate on Single-Family Residential Mortgages, Booked in
Domestic Offices, All Commercial Banks
The delinquency rate is an indicator measuring the proportion of late residential
mortgage loans or payments recorded at all commercial banks. In most cases, the
delinquency threshold is exceeded after 30 days. This is an indicator of the economic
health of the real estate market. Excessive delinquency can lead to substantial losses,

which are reflected in market prices.

1.5.  Charge-Off Rate on Credit Card Loans, All Commercial Banks
The indicator measures the loss incurred on credit card loans that banks consider
irrecoverable. A high charge-off rate slows economic growth because it causes losses in
the banking sector, which could rebound by tightening its credit policy and limiting access

to loans.

1.6.  Mortgage debt’s value
This represents the total value of mortgages taken out by households to buy
residential property. A significant increase in debt can signal repayment difficulties and

economic weakness.

1.7. Homeowner Vacancy Rate in the United States
This indicator represents the proportion of vacant homes for sale in relation to
owner-occupied homes. An increase in this rate is synonymous with an increase in the
level of supply, which could potentially exert downward pressure on market prices. This

indicator is widely used to assess the market's supply-demand balance.

1.8.  Consumer Price Index for All Urban Consumers: Rent of Primary
Residence in U.S. City Average
This measure evaluates changes in rental prices for primary residences. Given that
expenditure on housing and rents accounts for 34% of the consumer price index (Dolan,
2024), this indicator is relevant for assessing changes in market prices. An increase in
rents could be due to an increase in the cost of real estate and investments. This variable

will be used as the "Rent Price Index" in the analysis for ease of reading.
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1.9.  Housing Market Index
This index assesses builder confidence in the real estate market. The index is
calculated on the basis of three criteria: current sales conditions for single-family homes,
sales expectations within six months and, finally, potential buyer traffic. A weighted
average of these three components is used to assess the condition/health of the real estate

market. A high index indicates high builder confidence in housing demand.

1.10. Producer Price Index by Industry: Cement and Concrete Product
Manufacturing
This measure is used to assess the cost of products used in the construction of
producer-supported buildings. In this case, cement and product manufacturing are

evaluated, and are generally considered as determining factors in housing prices.

1.11. University of Michigan: Consumer Sentiment
Measure consumer confidence in the country's economy, as well as in their

financial situation and purchasing power (Leblanc & al, 2009).

1.12. Economic and Financial Indicators
- Consumer Price Index (all items)
- 10-Year Breakeven Inflation Rate
- Market Yield on U.S. Treasury Securities at 10-Year Constant Maturity
- 10-Year Treasury Constant Maturity Minus 2-Year Treasury Constant Maturity
- Federal Funds Effective rate
- 30-Year Fixed Rate Mortgage Average in the United States
- Real Gross Domestic Product per Capita
- Unemployment Rate and

- Gross Domestic Product

These variables are indicators that play an important role in determining the

economic growth and could influence the housing price increase.



2. Data visualization
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Figure 7 - Representation of the evolution of each variables from Q1 2009 to Q4 2023 in the U.S.

All data, with the exception of the Housing Market Index and the Mortgage debt’s

value, were collected on the Federal Reserve Bank of St. Louis website!> (see Appendix 6

for detailed sources). Housing Market Index data was found on the National Association

of Home Builders Websitel¢, and the mortgage debt data were collected on the Federal

Reserve Bank of New York Websitel7.

15 Federal Reserve Economic Data | FRED | St. Louis Fed. https://fred.stlouisfed.org/
16 National Association of Home Builders. (2024, 15 mai). NAHB/Wells Fargo Housing Market Index (HMI).
NAHB. https://www.nahb.org/news-and-economics /housing-economics/indices/housing-market-index

17Federal Reserve Bank of New York. (2024). Household Debt and Credit Report. FEDERAL RESERVE BANK
Of NEW YORK. https://www.newyorkfed.org/microeconomics/hhdc


https://fred.stlouisfed.org/
https://www.nahb.org/news-and-economics/housing-economics/indices/housing-market-index
https://www.newyorkfed.org/microeconomics/hhdc
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3. Data preparation

Data preparation is a crucial step. This will enable us to work on data that is both
usable and relevant to our analyses. Indeed, as raw data are collected via different
databases and sites, they may be of different scales and formats. This preparation aims to
upgrade the databases so that the comparison between them is as reliable and decisive as

possible. To be able to work on these data, they must be converted into time series.

3.1.  Stationarity test

The first step in data cleaning is to check that the data are stationary. A time series
is considered stationary if it is independent of time and therefore respects these three
statistical properties: a constant mean, variance and covariance (see Appendix 7 for the
stationarity properties) (Candelon, 2023). Data stationarity improves the reliability of
predictions based on stable properties of the series, notably by reducing correlation
within the series. Eliminating trends or seasonality is relevant for analyzing underlying
and fundamental dynamics. Stationarity is evaluated with the Augmented Dickey-Fuller
test, which detects the presence of a Unit Root (Candelon, 2023) that would make the

series non-stationary. The hypotheses are as follows:

Ho : The time series is not stationary

Hi: The time series is stationary

To reject the null hypothesis and, therefore, conclude that the series is stationary,
the test p-value must be below the critical threshold of 0.05. If it is higher, a difference
must be applied to the time series until a p-value below the critical threshold is obtained.
In addition to this difference, each series is converted to logarithmic form, which

attenuates the effects of extreme values and thus stabilizes the variance.

3.2.  Normality test
The normality test determines whether the time series follows a normal
distribution, and is therefore important for eliminating extreme values in the series that

would cause the data to deviate from the normality curve (Candelon, 2023b).
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With normally distributed residuals, coefficient estimators will be unbiased and
linear, enabling more robust predictions with a more precise confidence interval. A

Jarque-Bera Test is performed on each time series under the hypotheses:

Ho : Residuals are normally distributed

Hi : Residuals are not normally distributed

If the test's p-value is less than 0.05, the results are not normally distributed,
indicating the presence of extreme values. It is, therefore, imperative to detect and replace
these. Once the extreme values have been removed, the test's p-value will be greater than

0.05, so the residuals will be normally distributed.

4. Dummy variables

As previously mentioned, the data used are all not seasonally adjusted. This means
that the data take into account seasonal variations, such as changes linked to the season,
the weather, etc., which occur every year on a recurring basis. To understand the
dynamics behind variations in a variable, it is therefore important that this effect of
seasonality is neutralized. Adjusting data for seasonality is, therefore, a smoothing
method that offers a clearer view of underlying trends without considering seasonal
variations (Majaski, 2022). To capture this seasonality, dummy variables can be added to

the regression model.

A dummy variable is a binary variable with a value of 1 or 0, used to indicate the
presence (1) or absence (0) of a categorical effect having a potential impact on the result
of aregression. The number of dummy variables is determined by the number of levels of
the variable. In the case of quarterly data, three dummy variables are included in the
model, rather than four (see Appendix 8 for the illustration). Indeed, it is not necessary to
include a dummy variable for each category, as this would result in perfect
multicollinearity between the variables. This would cause the matrix to become singular
and impossible to invert, making it impossible to estimate the model’s parameters

(Grotenhuis & Thijs, 2015).
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CHAPTER 3: METHODOLOGY
1. The Multiple Linear Regression

1.1.  Stepwise Regression

Stepwise regression is an iterative, step-by-step technique for building a
regression model by focusing on the judicious choice of independent variables. Starting
with a set of candidate variables, it follows a systematic process of adding or deleting
these variables, assessing their statistical significance at each stage. This method relies on
examining each candidate variable individually, often through analysis of the t-statistics
associated with their coefficients. In this way, the model develops in a structured way,
aiming to maximize the statistical relevance of the variables retained in the final model.

(Smith, 2018).

There are three types of stepwise regression: the forward-selection, the backward-
elimination, and the bi-directional elimination. In this analysis, a large number of
independent variables have been selected and therefore represent good candidates for
the model. This is why the backward-elimination method is the most appropriate. This
regression method starts with a group of independent variables and eliminates the least
statistically significant variables one by one. The process stops once the most significant
variables for the multiple regression model have been determined. In addition, the akaike
information criterion (AIC) is also calculated to measure the accuracy of a statistical
model's validity. Minimizing this criterion enables the penalization of models with too

many variables and the avoidance of overlearning (Kanyongo & Ezugwu, 2023).

1.2.  Misspecification tests

Once the right model has been determined, it is important to subject the residuals
to various misspecification tests. The first one is the multicollinearity test. Indeed, a high
correlation between variables can influence the estimation of coefficients in the
prediction model and bias the results. This is why a Variance Inflation Factor (VIF) test is
carried out. The VIF is therefore an index that quantifies the increase in variance of a
regression coefficient when subjected to collinearity between the explanatory variables
(James & al, 2017). The minimum threshold for a VIF is one, and according to Allison Paul

(2024), the maximum acceptable is 2.5, corresponding to an R-squared of 0.60.
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However, the authorities do not define a threshold limit; some author say that a
maximum of five is acceptable and other consider ten as the threshold. Therefore, the
threshold is usually determined according to the variables and results. It is preferable that
the VIF values lie within the same range and have no outliers. Another way to check
multicollinearity is to perform a correlation matrix, which returns results between -1 and
1. Values within the interval [-1:0] indicate a negative correlation between variables
(variables influence each other in the opposite direction) and between [0:1] indicate a
positive correlation between variables (variables influence each other in the same
direction). Once the multicollinearity has been checked, the model's residuals must also

satisfy a number of conditions.

Indeed, residuals are supposed to be random continuous variable and follow a
White Noise process, meaning that they are normally distributed, homoscedastic and not
autocorrelated (see Appendix 9 for detailed mathematical approach and hypothesis

tests). If the model meets these conditions, it is considered robust and its results reliable.

2. The VAR Model

2.1. VAR model estimation
As a reminder, the VAR model and its equation (4) are explained in the part 6.1
“Analysis objective”. To estimate a VAR model, a matrix containing the variables of
interest must be defined. In this case, the matrix used will be the one returned by the

stepwise regression performed previously.

Determining the number of lags is an important step in building a VAR model. The
lags indicate how many lags the model will rely on to estimate the regression. The most
reliable model can be determined by testing different lags and observing the behaviour of
residuals and the AIC. It is important, however, not to overload the model with an
excessive number of lags or variables, as this could weaken the accuracy of coefficient
determination. Formula (5) shows a decomposed VAR(p) model with K =2 variables and
p =2 lags.

Y1, t] [ ] n [an a12] Vi,t-1 ] [an a12] [yl,t—z] N [uu] (5)

Ye = Yot QAz1 Azl LY2t-1 Az1 Q21 Y2t-2 Uyt
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As it is observable in the above formula, the more variables and lags there are, the
more coefficients there are (a;.), and so the model becomes heavier and the precision of
the coefficients weaker (Zivot & Wang, 2003). Once the adequate number of lags is
determined, it is important to check if residuals follow a White Noise process (see
Appendix 9 for the mathematical notation). Then, the AIC can be used to separate two VAR

models with White Noise residuals.

2.2.  Granger causality

Once the VAR model has been estimated, a Granger causality test between the
Housing Price variable and the other variables can be performed. The granger causality
test determines whether a variable Y can be caused by the past data of a variable X in
addition to the past data of Y. In this case, the past and present data for X contains
information relevant to the prediction of future data for Y that is not contained in the past
or present data of Y (Diks & Panchenko, 2006). For a bivariate stationary time series
process {(Xt,Yt)}with t EZ and i = 1,..,p, with p the maximum number of lags to be

considered in the model, the formula is written as follows:

Yt = (XO + a’lyt_l + a’zyt_z + + ath_p + ﬁlxt_l + ﬁth_z + + :BpXt—p + ut (6)

Where Y; are the Y values at time ¢, Y;_; and X;_; are respectively the past values
of Y and the past value of X until lag p, a, is the intercept, @; and f5; are respectively the
coefficients of the past values of Y and X and finally, u; is the error term (Candelon,

2023c). This model estimation is tested under the following hypothesis:

Ho:p1=pz2=..=pp=0(Xtdoes not Granger-cause Yt)
Hi:any Bi # 0 (Xt Granger-cause Yt)

Therefore, the variable X is considered granger causal when the test’s p-value is

below the 0.05 significance level.
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2.3. VAR forecast
The VAR forecast will make it possible to predict the variables contained in the
VAR model, so that influential dynamic relationships are taken into account in the

prediction. The prediction model is mathematically represented as follow:

h-1 (7)
Vern = ALy + Z Afugip—;

1=0

Where h represents the number of periods to be predicted (Zivot & Wang, 2003).
The prediction of this kind of model is commonly used by professionals such as investors
or managers to help them make decisions. Indeed, this prediction will enable them to
address economic or financial risks by knowing via which causal variable these risks may

be created and therefore to adapt the response in function.

Prediction accuracy is assessed using Mean Absolute Error (MAE) or Mean
Absolute Percentage Error (MAPE). These two indicators assess model prediction errors
by measuring the deviation of mean absolute values between observations and
predictions (see Appendix 10 for the mathematical formulas). Although these indicators
are relevant, Chicco & al. (2021) argue that the R-squared coefficient of determination is
less limited than MAE and MAPE. A negative R-squared indicates poor model
performance, whereas an indicator between 0 and 1 indicates good performance. The
higher the R-squared, the more variance of the dependent variable is explained by the
model. On the other hand, the MAE, which is expressed in real terms, can sometimes be
complicated to interpret, especially if the prediction data is relatively small. MAPE has the
same problem: if the actual values are very close to zero, MAPE, which is expressed as a

percentage, may turn out to be very high, or even infinite.

3. The Structural VAR

3.1.  Definition
Knowing the immediate effect of a shock in a model is an essential step in

performing tests such as the impulse response function, which will be described further.
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As the VAR model relies on the past values of variables to define dynamic
relationships, it is unable to capture the immediate relationships between them. For this
reason, the SVAR model can be used to analyze shocks, as it can modulate contemporary

relationships directly.

The SVAR model focuses primarily on the variance-covariance matrix, defined and
illustrated in equation (4). This matrix is composed on its diagonal of the variances of the
endogenous variables and the covariances of the errors around this diagonal. The
covariance matrix of a VAR model is of interest in this case, as it is composed of
information on the contemporaneous effects each variable has on another. To be able to
perform a SVAR, an independent component analysis using distance covariance will be

used (Mohr, 2020).

3.2.  Independence-based identification of SVAR models build on distance
covariances (DC) statistic
To identify the structural matrix (B) in the SVAR model, independence-based
identification uses the distance covariance (DC) statistic. DC is a non-parametric measure
that evaluates the dependence between the two variables in such a way as to highlight the
most independent structural shocks. This will enable us to identify the underlying

structure of the relationships between the variables. (Moneta & Pallante, 2022).

These structural shocks are therefore contained in the B matrix, and the aim is to
decompose the covariance matrix of the errors, ), u;, in BB’ if the vector of structural
shocks (&;) contains at most one Gaussian shock 18 (Lange & al, 2023). The equation for

the SVAR model is shown below:
Ve =C+AYe 1+ o+ Apyep + B (8)
3.3.  Sign pattern

To identify shocks contained in matrix B, it is important to define a sign pattern,

corresponding to the restrictions imposed on shocks.

18 Random variation/disturbance following a normal distribution (Karamé, 2013)
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These sign restrictions make it possible to impose a direction on variable

responses to certain shocks, whether positive (+1) or negative (-1).

The signs imposed are based on economic theory and ensure that shock responses
are consistent with empirical observations and theoretical expectations (Antolin-Diaz &
Rubio-Ramirez, 2018). A restriction can also be equal to 0, when we wish to cancel out the
contemporaneous effects of a shock on a variable. NA can also be considered as a
restriction when the sign cannot be determined via economic theory but we still don't

want to cancel the effect of the shock, so we note it as a missing value (Kuma, 2018).

3.4.  The Impulse Response Function
Once the Structural VAR has been defined, the IRF can be performed. The IRF
illustrates the impact of a shock in one variable (the impulse) on the other variables in the
model (the response). In stationary processes, over time, the shocks present in the model
are not expected to be permanent, and the system is expected to converge toward a new
equilibrium (Eric, 2021). To be able to represent the IRF, a moving block bootstrap will

be carried out, in order to calculate the confidence intervals.

3.5.  Moving Block Bootstrap
The classic Bootstrap involves estimating the distribution of a sample by dividing
it into randomly drawn sub-samples. Statistics of interest (variance, mean, etc.) are then
calculated iteratively on each subsample. Once the statistics have been calculated, the
observations from the sub-samples are returned to the dataset for re-sampling. These will
then provide an empirical distribution of statistics that can subsequently be used to make
inferences. This method assumes that the data are independently and identically

distributed, which is not the case in our analyses (Dei, 2022).

The Moving Block Bootstrap works in the same way as the classical method, but
takes into account the dependent relationships between observations. It samples blocks

and maintains the dependency structure within them.
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PART III: RESULTS

CHAPTER 1: EMPIRICAL RESULTS
1. The Multiple Linear Regression results

This section presents, the results of the R-based analysis (See Appendix 15 for the
entire R-code). First, the data have been adapted to meet the criteria of stationarity and
normality. Then, stepwise regression via the backward-elimination can be performed, and

the results are presented in Table 1.

Table 1 - Stepwise regression coefficients with Housing Price as dependent variable

Variables Estimate p-value Level of significance!?
Intercept -0.032242 2.41e08 ok

New Owned Houses 0.075047 0.001116 ok

PPI (cement/product manuf.) -0.400611 0.070983

Consumer Sentiment 0.070673 0.044200 *

Rent Price Index - 3.559955 0.000132 ok

Q1 0.036914 9.32e07 ok

Q2 0.049808 1.10e-06 ok

Q3 0.035789 6.08e05 ok

The model has a p-value of less than 2.2e-1¢ and indicates that seven variables have
a direct impact on determining the value of the house price. As can be seen, the three
dummies (Q1, Q2 and Q3) are all three significant, meaning that seasonality is indeed
present in the model and has a significant positive and determining impact on housing
price variations. It is therefore important that seasonality is captured through the dummy
variables, so that the other variables in the model have a real and significant impact,
without seasonality representing a constraint for the analyses. Here, the regression is a
Log-Log Model, meaning that both the independent and dependent variables have been
converted to logarithmic form, and so interpretations are made in terms of percentage

change.

19 Significance code level of R : “***” 0.001, “**” 0.01, “*” 0.05, “.” 0.1, “ “ 1. The threshold is set at 0.05 and
means that the maximum error is set at 5% and that there is a 95% chance that the difference is not due to
chance.
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A 1% increase in the variables of New Owned Houses and Consumer sentiment
increases Housing Price by 0.075% and 0.071% respectively. Conversely, when the
logarithmic value of the variables PPI cement and Rent Price Index increases by 1%, the
price decreases by 0.4% and 3.56% respectively. However, the PPl cement seems no
longer significant, as its p-value exceeds the 5% significance threshold, and is therefore
no longer considered to impact house price determination. Finally, the model has an R-
squared of 0.83, meaning that 83% of the variance of the dependent variable Y (Housing
Price) is explained by the independent variables X, with only 17% of the variability

unexplained.

Once the regression model has been determined, it is important to check for
multicollinearity between the variables, to ensure that this has no significant influence on
the model. For this purpose, a VIF test was conducted and the results are presented in

Table 2:

Table 2 - VIF values of the stepwise regression model
NewHouses PPIcement ConsSent RentPrice Q1 Q2 Q3
3.326 2.126 1.188 2.319 2.510 4.440 3.683

There are no obvious multicollinearities between the variables, so the choice of
independent variables is reliable. A final step to check reliability and make sure that the
model is robust is to ensure that the residuals are indeed White Noise. The
autocorrelation and homoscedasticity tests both have a p-value greater than 0.05,
meaning that the null hypothesis is rejected and that the residuals are homoscedastic and
uncorrelated. Model residuals also appear to follow a normal distribution (See Appendix

11 for the QQ plot).

Having verified that the residuals are White Noise, we can conclude that our model

is robust and reliable. The equation of the model is presented as follows:

yi = —0.0032 + 0.075x;; - 0.4006x,; + 0.0707x5; — 3.560x,; + 0.0369xs;
+ 0.0498x4; + 0.0358x,; + € 9)
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Where yi is the Housing Price, and x;, x5, x3, X4, X5 , X6, x; represent the New

Owned Houses, the PPl cement, the Consumer Sentiment, the Rent Price Index, the

dummies Q1, Q2 and Q3, respectively. This multiple linear regression is shown in Figure

8:

Observed values
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Figure 8 — Multiple Linear Regression Graph of yi

The dotted red line, drawn using the OLS method, best intersects the scatterplot in

the middle. Both the homoscedasticity and linearity of the residuals are observed, with no

particular trend and random distribution around zero on the horizontal axis. The dotted

red line represents yi, the equation of the MLR, and the dots around it represent the

coordinates between each predicted value and each observed value, meaning that the

space between this point and the line is the error €; of the model. The points are close to

the line, deviating only slightly, indicating the regression model is robust.

Once the linear regression has been conducted, it is interesting to consider the

significant variables with the addition of the time factor (past values), using the VAR

model.
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2. VAR Model results

To address the seasonality of the variables, an alternative approach was adopted.
Since using dummy variables is not appropriate for VAR20 (problem of singularity of the
matrix making it non-invertible and therefore unusable in a regression, see equation 3), a
method consisting in removing the seasonality component from each variable was used.
To test whether this method is reliable and robust for further analysis, an MLR was
performed on these newly seasonally adjusted data, in order to determine whether this
regression model was the same as the regression model obtained with the presence of the
dummy variables. Appendix 12 illustrates the regression results (made using the stepwise
regression method via backward-elimination) and confirms that the variables New
Owned Houses, Consumer Sentiment and Rent Price Index significantly determine house

prices.

The multicollinearity between the variables is illustrated in Figure 9:

1
. 08 The multicollinearity between
Housing Price

s variables is low in any

combination, allowing the
0.4

matrix to be used for building

the VAR model. Several VAR

Rent Price Index

r0.2

models were tested in order to

02 identify the most efficient and

New Owned Houses

L o4 reliable one. This model must

have residuals that follow a
o e White Noise process and the

lowest AIC.

Figure 9 - Multicollinearity matrix of the VAR model’s variables

According to the various tests, the VAR model with 4 lags, VAR(4), seems to be the

most appropriate, and its results are presented in Table 3.

20 MLR treats variables independently, whereas VAR treats inter-dynamic relationships linked to past values
of endogenous variables. Significant multicollinearity can therefore be observed between the past values of
the variables, rendering the matrix non-invertible due to (almost) exact linear relationships.
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Table 3 - Estimation results for the equation of Housing Price variable

Lag Variable Estimate Standard Error p-value Signif. Level
Housing Price -0.923786 0.1521506 5.58e07 ok
Rent Price Index -1.694890 0.9897142 0.095406
New Owned Houses 0.0808482 0.0202912 0.000316  ***
Consumer Sent. 0.1257176 0.0278218 6.47e05 ok
Housing Price -1.200962 0.1824285 1.16e07 ok
Rent Price Index -0.800336 1.2425467 0.523587
New Owned Houses -0.062152 0.0228703 0.010047 *
Consumer Sent. -0.005823 0.0326834 0.859588
Housing Price -0.748858 0.1719574 0.000106  ***
Rent Price Index -1.731955 1.1066210 0.126312
New Owned Houses  0.004546 0.0241314 0.851620
Consumer Sent. 0.0349250 0.0319559 0.281692
Housing Price -0.453932 0.1393998 0.002462 **
Rent Price Index -0.235904 0.9672614 0.808701
New Owned Houses -0.043933 0.0237081 0.072081
Consumer Sent. -0.000389 0.0331011 0.990683
Constant 0.0003719 0.0014119 0.793733

Residuals standard error 0.008549
Adjusted R-Squared 0.7229
p-value 1.468e-08

As observed in Table 3, the higher the number of lags, the fewer variables are
involved in predicting house prices. In lag 1, apart from the Rent Price Index, the other
variables seem to be influential. The relationships weaken as lags increase, ending with
Housing Price as the only significant variable at lag 4. Housing Price coefficients are
negative at every lag, indicating that an increase in past Housing Price values has a
negative impact on current prices. This suggests that an upward trend is often followed
by a downward trend. New Owned Houses and Consumer Sentiment move in the same

direction, and both have positive coefficients.
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This means thatinlag 1,a 1% rise in New Owned Houses and Consumer Sentiment
increases Housing Price by 0.08% and 0.12% respectively. Additionaly, the R-squared is
0.72, indicating that 72% of the Housing Price variance is determined by the model, which

is relatively high.

To ensure the reliability of the VAR model in explaining price trends, a Granger
causality test was performed. The results indicate that the three variables are indeed
Granger-causal, meaning Housing Price can be explained by its past values and the past

values of these three variables.

A forecast can then be replayed to observe the future price trend when influenced
by the causal variables. This prediction is carried out over one year (4 periods) and is
illustrated in Figure 10:

Forecast of Housing Price - VAR(4)
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Figure 10 - Forecast of Housing Price through the VAR(4) model with 95% confidence bands

In this graph, the Housing Price forecast is represented by the dotted blue line and
the confidence intervals are represented by the red dotted line. This confidence interval
represents the range within which the predicted values should lie 95% of the time. As

seen in Figure 10 and in Table 4 below, it follows the trend of the central prediction line.

Table 4 - Forecast value of Housing Price - VAR(4)

Period Value

1 0.006202649
2 0.011869720
3 -0.016641139
4 -0.011394010
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The forecast values suggest prices will rise during the first 2 periods, followed by

a downward trend, confirming the conclusions from Table 3. Appendix 13 shows price

trends between Q1 2022 and Q1 2024, with prices rising at the start of 2024, as in the

previous forecast.

3. VAR shocks identification

To complete the analysis, an IRF was performed to understand the impact of a

shock on the variables. Before this can be done, the VAR shocks need to be identified. The

first step was to estimate the B matrix through the distance covariance method, with the

results found in Appendix 14.

Once the B matrix was identified, sign restrictions were added. Under restrictions

on parameters values, the solution complies with the following requirements:

Cons_sent,
New_houses;
Rent_price;
Housing_price;

(10)

With the vector of structural shocks, &, = (e£5, e, €]?, £/*)" ~ N(0,I). The sign

restriction was determined on the basis of the following economic theory:

- Consumer sentiment (University of Michigan Index) mainly reflects households'

own financial resources. It includes plans to purchase goods, personal financial

resources, but also their perception of short/medium-term economic health.

Positive consumer sentiment reflects good financial health, and encourages

consumers to buy more and invest in real estate. This will stimulate demand and

drive up house prices. In response to this growing demand, the number of new

builds will increase to balance the market (Balcilar & al, 2023).

- As far as new construction is concerned, recent research has proven that the

theory of supply and affordability does indeed apply to the real estate market.
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An increase in supply would slow rents and free up more affordable vacant units
(Holder, 2023). This theory can also apply to the housing sales prices. When supply
exceeds demand, prices are reduced to correct market equilibrium. However, an
increase in housing construction is a sign of a growing economy, which has a

positive impact on consumer sentiment.

- According to Hui & Zheng (2011), the volatility of purchase prices is greater than
that of rental prices, and the correlation between rental and purchase is time-
dependent. However, rent does have an impact on the sale price, as the amount of
rent can reflect the value of the property - this is called the Income Approach
(Hargrave, 2024). Conversely, the rise in the value of housing and its purchase

price will push rents up to offset costs.

- Finally, according to Iacoviello (2005), who used data from a VAR (interest rates,
GDP, house prices) on real estate and the business cycle, an increase in the price of
housing would reduce consumption. Indeed, this reduces households' budget for
their other expenses, which has a negative impact on consumer sentiment. An

increase in rent would have the same impact.

After identifying the shocks, moving block bootstrap for IRFs of identified SVARs
can be performed. The results of this bootstrap indicate that the joint occurrence of the
specified shocks is equal to 20.625%. This percentage means that one-fifth of the
bootstrap estimates respect the sign restrictions imposed by the model on the different
shocks at the same time. The sign restrictions are therefore not all respected

simultaneously in the model.

Single shocks, shocks in Consumer Sentiment, New Owned Houses, Rent Price
Index and Housing Price, appear in 54.8%, 57.4%, 61.3% and 67.37% of all bootstrap
samples, respectively. Based on the sign restrictions imposed, single-occurrence shocks
therefore seem to have a greater impact than when they are joined (Lange & al, 2021). For

a better visualization of the shocks on variables, the IRFs are shown in Figure 11:
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Figure 11 - Impulse response function based on 800 bootstrap replications with 68% confidence bands

In Figure 11, each column represents an impulse, and each row represents a

response variable. The four graphs on the last row represent the impact of each shock on

the Housing Price variable. The shocks to Consumer Sentiment and New Owned Houses

seem to provoke a positive response, while the shock to the Rent Price Index seems to

have a negative initial impact on Housing Price. A shock to Housing Price seems to have a

positive initial impact, falling drastically after the first period. Each variable eventually

converges towards a new equilibrium, taking 10 periods for some and 20 for others.

These observations align with the theory explained in the methodology by Eric (2021) in

section 2.5.4.
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CHAPTER 2: RESULTS INTERPRETATION

Based on the graphs in Figure 7, some preliminary analyses can be made. Indeed,
some variables seem to have the same graphical trend as the Housing Price Index. Among
these variables, New Owned Houses, Mortgage Debt's value, Rent Price Index, PPI Cement
Index, HMI, Consumer Sentiment Index, Income and GDP seem to be trending upwards
over time. Conversely, variables such as Monthly Supply of New Houses, Delinquency
Rate, Charge-off Rate, Vacancy Rate, and Unemployment Rate appear to be on a
downward trend. Other variables, such as the different rates, show much less marked
trends. The results of the MLR and the VAR will enable us to determine whether these

variables are really significant in terms of price variations.

Firstly, the Multiple Linear Regression indicates that six variables (including three
dummy variables) are significant. The most significant variables are the dummy variables,
indicating that Housing Prices appear to be rising in every quarter. The second quarter,
Q2, is the most influential (strongest price rise) and suggests that the spring period is
favourable for real estate transactions. Indeed, spring is often a sign of good weather
conditions, which can be a good incentive to put your home up for sale (more pleasant
move, more attractive garden, positive buyer sentiment...). Since real estate activity is
highly seasonal, it is more attractive for sellers to sell in spring, while buyers might find
slightly lower prices during the summer, winter, or autumn seasons (Beaunieux, 2024).

However, the difference remains minimal.

As for the other significant variables, a rise in Consumer Sentiment appears to
drive up Housing Price. Indeed, positive sentiment can signal favourable economic
conditions, such as income growth or a slow-down of the inflation, boosting consumer
confidence and, encouraging real estate investment. Demand for housing will be
stimulated, and prices will rise in response. This growing demand can be linked to the
variable "New Owned Houses", which represents the number of private homes under
construction. New homes seem to be attracting a large number of buyers, driving up
prices. The last influential variable is the Rent Price Index, which indicates that an
increase in rental prices would reduce Housing Price. This observation may seem counter-

intuitive at first glance, but it is actually quite realistic.
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An increase in rental prices can be justified by an increase in the cost of living
(inflation). In this case, buying a home could become even less affordable, as the ability to
save would decrease. The number of people able to afford a property purchase would fall,

and with it, the price of a home.

Secondly, when the past values of the variables are taken into account in the
analysis, certain similarities appear. The variables granger causal to house prices are New
Owned Houses, Consumer Sentiment and the Rent Price Index. Although only the
Consumer Sentiment and the New Owned Houses seem significant mainly in period 1, the
dynamic of the VAR model seems to confirm that of the MLR. An increase in the past value
of New Owned Houses and Consumer Sentiment in the previous period seems to have a
positive impact on current house prices. The impact of these two variables is short-lived.
However, the impact of past values of the Housing Price variable on itself seems more
significant and long-term. This may suggest a trend whereby a rise in house prices in the
past is often followed by a fall (market correction). These different trends are confirmed
by the shocks imposed on the model. Housing Price respond positively to a shock in
Consumer Sentiment and New Owned Houses, indicating that when consumers are
confident about the economy and their finances, and that the market is stimulated by new
construction, house prices tend to rise directly. In contrast, the initial response of Housing

Price to a shock in the Rent Price Index is rather negative.

Both the MLR and VAR models highlight the significant role of Consumer
Sentiment, the New Owed Houses and the Rent Price Index in determining real estate
prices. The VAR model adds depth to the analysis by demonstrating the temporal
dynamics and short-term impact of these three variables, while emphasizing the ongoing
influence of past Housing Price values on future forecasts. These insights are crucial and

must be considered when making decisions in the real estate market.
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PART IV: DISCUSSION

CHAPTER 1: FINAL INSIGHTS INTO THE DYNAMICS OF U.S. REAL ESTATE PRICES IN
2024 BASED ON EMPIRICAL ANALYSIS AND LITERATURE REVIEW

"What drives housing price dynamics in 2024?" is the research question that
served as the guiding thread throughout this study. The literature review, combined with

the results of the empirical analysis, provided an in-depth answer to this question.

In U.S. in 2024, housing affordability is a major issue. The Housing Affordability
Index was below the acceptable threshold, meaning that median income was no longer
able to cover the purchase of a median-priced home. The perpetual rise in inflation until
2022, followed by rising interest rates, exacerbated this situation. By the end of 2023 and
early 2024, inflation had stabilized, incomes continued to rise and the unemployment rate
remained low. With these factors combined, consumer confidence in the country's
economy and finances returned, leading to a rise in consumer sentiment. This confidence
stimulated the real estate market and increased demand for housing. As a result, new
construction began to meet the growing demand. However, with insufficient supply

available, house prices continue to rise.

Seasonality plays an important role in explaining housing price variations, with
spring being the most propitious season for real estate transactions. However, price
variance is also strongly explained by the rental price index, which has an inverse trend.
Falling rents are a good incentive to increase house prices, as the ability to save increases,

and demand to buy will follow this increase as well.

An upward trend in house prices is often followed by a downward trend, typically
caused by market correction. The analyses indicated that consumer sentiment, new
housing construction, rent prices, and house prices themselves exhibit temporal
dynamics with housing prices. The shocks caused by these variables confirm the
immediate positive impact of Consumer Sentiment and New Owned Houses on Housing

Price, driving up market prices.
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CHAPTER 2: ANALYSIS LIMITATIONS

One limitation of this study is its sample size. Each variable is defined in quarterly
data, which means that the sample for each variable comprises 57 observations. This is
relatively small for robust analysis, but the various statistical tests were carried out
successfully. Indeed, tests of significance, misspecification, residual diagnosis and level of

fit (R-squared) prove that the model is nevertheless reliable and robust.

Another limitation concerns the frequency of the observations. Some variables
were only available in quarterly format and others in monthly format, necessitating
conversions. Monthly data were transformed into quarterly based on a 3-month average.
Although quarterly data is less precise than monthly data due to aggregation, numerous

empirical studies have relied on quarterly data, making it a reliable source for analysis.

Seasonality is another significant limitation. As demonstrated in the multiple linear
regression analysis, this seasonality has a decisive impact on house price variations.
However, for reasons of multicollinearity, this seasonality could not be included in the
VAR. The method used to remove seasonality from variables was simplistic, and other
more suitable and precise techniques could also be adopted. Despite omitting the
seasonality component, the VAR model results are conclusive and reveal true temporal

dynamic relationships.

This study focuses on national data and does not account for the heterogeneity of
the real estate market. This heterogeneity can be felt regionally, with economic,
environmental conditions and dynamic supply and demand varying according to
state/region. Policies and regulations can also be local, with laws and taxes varying
according to local conditions. Cultural and demographic disparities can also influence
housing prices. Although the housing market is highly heterogeneous, numerous studies
have been carried out on a national scale. Leblanc & Bokreta (2009) used the OLS method
to analyze the U.S. real estate market using the S&P Case-Shiller index, as well as a wide
range of national data. Vargas-Silva (2008) examined the dynamic between monetary

policy and the U.S. real estate market, using a VAR model on national data.
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Finally, the restriction of signs in the VAR shock identification model was relatively
complex. Some signs could not be identified and were marked by NA in the matrix. This
may have made the model less efficient, justifying why only one-fifth of bootstrap

iterations could be estimated with all shocks at the same time.

CHAPTER 3: RECOMMENDATIONS

The first recommendation for a more in-depth analysis would be to increase the
sample size, either by taking a wider observation period, or by selecting only monthly

data. This would offer greater analytical precision and capture short-term variations.

An analysis including regional data (by state or metropolis) could reflect price
variations in specific regions, providing more targeted insights. Adding local economic
indicators to these analyses could further enhance the accuracy and understanding of
price fluctuations. This approach would help identify the most influential indicators by

region, allowing for more tailored decision-making.

Given the importance of consumer sentiment in this study, a more detailed analysis
of the variables influencing it could be beneficial. Indeed, many factors have an impact on
consumer confidence, such as economic growth, income growth, inflation and many
others. An analysis via OLS or VAR could explain the variables influencing consumer

sentiment in 2024, providing deeper insights.

Then, to improve the accuracy of shock identification in the VAR model, it would
be interesting to review the sign restriction configuration and test different models. Other

identification approaches not using sign restriction can also be implemented.

Finally, performing a more sophisticated and advanced deseasonalization method
could capture the seasonality component more accurately. The X-13ARIMA-SEATS, for
example, is a package developed by the U.S. Census bureau to evaluate the quality of
seasonal adjustment and the predictive performance of a model's non-seasonal
components (ARIMA). It is very powerful and widely used for seasonal adjustment (Sax &

Eddelbuettel, 2018).
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PART V: CONCLUSION

In conclusion, in the light of my various research projects, the dynamics behind
variations in house prices in the U.S. are of great interest and the subject of numerous
scientific papers. After analyzing 20 variables likely to impact the real estate market, only
three proved significant. Specifically, through OLS analysis, Consumer Sentiment, the
number of new private construction starts, and the Rent Price Index (along with
seasonality) were found to significantly impact house prices. To complete these analyses,
a VAR model was run, revealing a certain temporal dynamic between Housing Price, New
Owned Houses and Consumer Sentiment on lag number 1. As past Housing Price values
have a strong influence on current values, combining all significant VAR variables shows

that price predictions increase over two periods and then decrease.

Given these results, the market appears to be experiencing a series of rises
followed by constant falls, suggesting a cyclical component. These variations can be
explained using a shock identification model, which reveals that a shock in consumer
sentiment and the number of new builds would provoke a positive response in house
prices, while a shock to the Rent Price Index would provoke a negative price response.
However, several limitations to these analyses exist, notably in the data composition and
shock identification. Future studies and analyses should address these limitations to

improve the accuracy and robustness of the results obtained.
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APPENDIX

Appendix 1 - Credit score ranges and explanation

Credit Score | Rating Description

Ranges

<580 Poor Below the average of score of U.S consumers and
demonstrates to lenders that the borrower may be a risk

580 - 669 Fair Below the average score of the U.S consumers, though
many lenders will approve loans with this score

670 - 739 Good Near or slightly above the average U.S consumers and
most lenders consider this as a good score

740 - 799 Very Good Above the average U.S consumers and demonstrates to
lenders that the borrower is very dependable

800+ Exceptional | Well above the average score U.S consumers and clearly

demonstrates to lenders that the borrower is an

exceptionally low risk

Source: myFico, 2018

Appendix 2 - Evolution of the Mortgage debt’s value in the U.S. from 2009 to 2024

Debt's amount (trillion SUS)
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Appendix 3 - Median Home Price by State in 2024
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Appendix 4 - Housing price trend changes between January 2010 and December

2023 in seven U.S. cities

S&P CoreLogic Case-Shiller Home Price Index in 7 U.S. cities
between 2010 and 2023
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All the databases are available on the following source:

Federal Reserve Economic Data | FRED | St. Louis Fed. https://fred.stlouisfed.org/

S&P CoreLogic Case-Shiller Home Price Index database source for each city

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller CA-Los Angeles Home
Price  Index [LXXRSA]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series /LXXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller NY-New York Home
Price  Index |[NYXRSA]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/NYXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller TX-Dallas Home Price
Index [DAXRSA].  FRED. Federal = Reserve  Bank of St Louis.
https://fred.stlouisfed.org/series/DAXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller AZ-Phoenix Home Price
Index [PHXRSA].  FRED. Federal = Reserve  Bank of St Louis.
https://fred.stlouisfed.org/series/PHXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller IL-Chicago Home Price
Index [CHXRSA].  FRED. Federal = Reserve @ Bank of St Louis.
https://fred.stlouisfed.org/series/CHXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller FL-Miami Home Price
Index [MIXRSA]. FRED. Federal Reserve Bank of St Louis.
https://fred.stlouisfed.org/series/MIXRSA

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller GA-Atlanta Home Price
Index [ATXRSA]. FRED. Federal Reserve Bank of St Louis.
https://fred.stlouisfed.org/series/ATXRSA

Appendix 5 - Housing Affordability Index (HAI) Computation

PMT = MEDPRICE * 0.8 * (IR/12) * [(1+IR/12)]360 / {[1+(IR/12)]360 -1 } (1)
MINC = PMT * 4 (2)
QINC = MINC * 12 (3)

HAI = (MEDINC/QINC) * 100 4)


https://fred.stlouisfed.org/
https://fred.stlouisfed.org/series/LXXRSA
https://fred.stlouisfed.org/series/NYXRSA
https://fred.stlouisfed.org/series/DAXRSA
https://fred.stlouisfed.org/series/PHXRSA
https://fred.stlouisfed.org/series/CHXRSA
https://fred.stlouisfed.org/series/MIXRSA
https://fred.stlouisfed.org/series/ATXRSA
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PMT = Monthly Mortgage Payment

MEDPRICE = median price of existing single-family homes
IR = Interest Rate

MINC = necessary monthly income.

MEDINC = Median Family Income

QINC = Qualifying Income

In (1), 0.8 represents a 80% Loan-to-Value ratio. In general, the loan represents 80% of
the value of the property, and the remaining 20% is paid in the form of cash or a personal
contribution. In (2), the proportion of income required to pay the interest and principal
of the mortgage is 25%. In (3), a multiplication by 12 is performed as the 30-year effective

interest rate (Fixed) and the Adjust Rate Mortgage are calculated on an annual basis.

Source: Li & Kim, 2006

Appendix 6 - Databases from the Federal Reserve Bank of St. Louis

All the databases are available on the following source:

Federal Reserve Economic Data | FRED | St. Louis Fed. https://fred.stlouisfed.org/

Database source for each variables

S&P Dow Jones Indices LLC. (2024). S&P CoreLogic Case-Shiller U.S. National Home
Price Index [CSUSHPINSA]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/CSUSHPINSA

U.S. Census Bureau and U.S. Department of Housing and Urban Development. (2024).
Monthly Supply of New Houses in the United States [MSACSRNSA]. FRED. Federal
Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/MSACSRNSA

U.S. Census Bureau and U.S. Department of Housing and Urban Development. (2024).
New Privately-Owned Housing Units Started: Total Units [HOUSTNSA]. FRED. Federal
Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/HOUSTNSA

Board of Governors of the Federal Reserve System (US). (2024). Delinquency Rate on
Single-Family Residential Mortgages, Booked in Domestic Offices, All Commercial
Banks [DRSFRMACBN]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/DRSFRMACBN
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https://fred.stlouisfed.org/series/CSUSHPINSA
https://fred.stlouisfed.org/series/MSACSRNSA
https://fred.stlouisfed.org/series/HOUSTNSA
https://fred.stlouisfed.org/series/DRSFRMACBN
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Board of Governors of the Federal Reserve System (US). (2024). Charge-Off Rate on
Credit Card Loans, All Commercial Banks [CORCCACBN]. FRED. Federal Reserve Bank
of St. Louis. https://fred.stlouisfed.org/series/CORCCACBN

U.S. Census Bureau. (2024). Homeowner Vacancy Rate in the United States
[RHVRUSQ156N]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/RHVRUSQ156N

U.S. Bureau of Labor Statistics. (2024). Consumer Price Index for All Urban Consumers:
Rent of Primary Residence in U.S. City Average [CUUROO00OSEHA]. FRED. Federal
Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/CUURO000SEHA

University of Michigan. University of Michigan: Consumer Sentiment [UMCSENT].
FRED. Federal Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/UMCSENT

Baker, Scott R., Bloom, Nick and Davis, Stephen ]., (2024). Equity Market Volatility
Tracker: Monetary Policy [EMVMONETARYPOL]. FRED. Federal Reserve Bank of St.
Louis. https://fred.stlouisfed.org/series/EMVMONETARYPOL

Freddie Mac. (2024). 30-Year Fixed Rate Mortgage Average in the United States
[MORTGAGE30US]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/MORTGAGE30US

Organization for Economic Co-operation and Development. (2024). Consumer Price
Index: All Items: Total for United States [CPALTT01USQ657N]. FRED. Federal Reserve
Bank of St. Louis. https://fred.stlouisfed.org/series/CPALTTO1USQ657N

U.S. Bureau of Economic Analysis. (2024). Real gross domestic product per capita
[A939RX0Q048SBEA].  FRED. Federal @ Reserve Bank of St Louis.
https://fred.stlouisfed.org/series /A939RX0Q048SBEA

U.S. Bureau of Labor Statistics. (2024). Unemployment Rate [UNRATENSA]. FRED.
Federal Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/UNRATENSA

U.S. Bureau of Economic Analysis. (2024). Gross Domestic Product [NA000334Q)].
FRED. Federal Reserve Bank of St. Louis. https://fred.stlouisfed.org/series/NA0003340Q

U.S. Bureau of Labor Statistics. (2024). Producer Price Index by Industry: Cement and
Concrete Product Manufacturing [PCU32733273]. FRED. Federal Reserve Bank of St.
Louis. https://fred.stlouisfed.org/series/PCU32733273
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Board of Governors of the Federal Reserve System (US). (2024). Federal Funds Effective
Rate [FEDFUNDS].  FRED. Federal = Reserve Bank of St Louis.
https://fred.stlouisfed.org/series/FEDFUNDS

Board of Governors of the Federal Reserve System (US). (2024). Market Yield on U.S.
Treasury Securities at 10-Year Constant Maturity, Quoted on an Investment Basis
[GS10]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/GS10

Federal Reserve Bank of St. Louis. (2024). 10-Year Treasury Constant Maturity Minus
2-Year Treasury Constant Maturity [T10Y2YM]. FRED. Federal Reserve Bank of St.
Louis. https://fred.stlouisfed.org/series/T10Y2YM

Federal Reserve Bank of St. Louis. (2024). 10-Year Breakeven Inflation Rate
[T10YIEM]. FRED. Federal Reserve Bank of St. Louis.
https://fred.stlouisfed.org/series/T10YIEM

Appendix 7 - Stationarity properties, Mathematical interpretation
Given Z: (t = 1,2,3,.,T) is a stochastic time series,
If:
E(Zt) = constant for all t
Var(Z:) = constant for all ¢
Cov(Z, Zek) = constant for all t and all k # 0
=>» Z:does not depend on time and is said stationary

If one of the three conditions is violated, the series is said to be non-stationary.

Source: Candelon, 2023

Appendix 8 - Dummy variables illustration

In the case of the quarterly data, 3 dummy variables are added to the regression model:

Q1 Q2 Q3 The dummy variable Q4 is not necessary, as the presence
1 0 0 of one category automatically indicates the absence of the
0 1 0 other. This means that if the category is neither Q1, nor

0 0 1 Q2, nor Q3, then it will automatically be Q4.



https://fred.stlouisfed.org/series/FEDFUNDS
https://fred.stlouisfed.org/series/GS10
https://fred.stlouisfed.org/series/T10Y2YM
https://fred.stlouisfed.org/series/T10YIEM
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Appendix 9 - White Noise residuals properties and the hypothesis tests

e ¢, represents the residuals and is a random continuous variable
e Mean(e;) =0 > centered
o Cov(e&s €4—;) =0 fori=1,..,t 2 no autocorrelation or autocovariance
o Durbin-Watson test
» Ho:residuals autocorrelation = 0 (No autocorrelation)
» Hi:residuals autocorrelation > 0 (Autocorrelation)
e ¢, follows a normal or Gaussian distribution
o Analysis through a Q-Q plot
e ¢, the variance of ¢, is not evolving with time = homoscedasticity
o Breusch-Pagan Test
» Ho:constant error variance (Homoscedasticity)

» Hi:errorvariance evolving with time (Heteroscedasticity)

Source: Candelon, 2023

Appendix 10 - MAE and MAPE formulas

m m
1 1O Y- X
MAE = —Z|Xi— Y, | MAEP = _Z
m L, m&l Ty,
L= 1=

X; represents the predicted values and Y; the actual values with i =1,..m

Source : Chicco & al, 2021
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Appendix 11 - Q-Q plot of the stepwise regression residuals

Q-Q Plot of residuals

0.02

0.00

Standardized Residuals

-0.02

Theoretical Quantiles

The normality of the residuals means that, on average, the model predicts the observed

value. In the graph above, the points oscillate around the line and show no outliers, which

means that residuals are normally distributed.

Appendix 12 - Stepwise Regression on seasonally adjusted data

Variables Estimate p-value Level of significance?!
Intercept -0.001863 0.35010

New Owned Houses 0.064185 0.01877 *

PPI (cement/product manuf.) | - 0.345597 0.12505

Consumer Sentiment 0.070884 0.04814 *

Rent Price Index -3.38018 0.00034 ok

The model has a p-value of 6.679e-%5 and an R-squared of 0.32. When comparing the two

models, the R-squared of the model containing the dummies is equal to 0.83, which means

that seasonality plays an important role in price determination, over and above the other

significant variables.

21 Significance code level of R : “***” 0.001, “**” 0.01, “*” 0.05, “.” 0.1, “ “
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Appendix 13 - S&P CoreLogic Case-Shiller U.S. National Home Price Index
(Seasonally adjusted data)

S&P CorelLogic Case-Shiller U.S. National Home Price Index from Q4 2009 to Q1 2024
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The first quarter of 2024 ends on the line, and it clearly indicates a rise in prices.

Source: Federal Reserve Bank of St. Louis, 2024

Appendix 14 - Results of the estimated B matrix via the distance covariance method

(unique decomposition of the covariance matrix)

Variables/shocks | cs nh rp hp

Consumer sent. 0.049355996 |-0.004848828 | 0.008737373 | 0.0037239068
New O. Houses -0.011071053 | 0.070536300 | -0.005186886 | -0.007245310
Rent Price Index | -0.000570244 | 0.000182324 | 0.001364941 | 0.0002758993
Housing Price 0.001045176 | 0.000477847 |-0.003838461 | 0.0075515157

Shocks are represented in the first row and signify:

- c¢s: ashockin the Consumer Sentiment variable
- nh:ashockin the New Owned Houses variable

- rp:ashockin the Rent Price Index variable
- hp: ashock in the Housing Price variable

Estimates represent the value and the direction of a shock to a variable
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Appendix 15 - R code

##Data preparation and cleaning----------=--==-===mmm oo
## Time series transformation

Housingpeice.ts <- ts(Housingprice$CSUSHPINSA, start = 2009, frequency = 12)
CPI.ts <- ts(CPI$CPALTT01USQ657N, start =2009, frequency= 4)

Mortgage.ts <- ts(Mortgage$SMORTGAGE30US, start = 2009, frequency = 52)
revenu.ts <- ts(Revenu$A939RX0Q048SBEA, start = 2009, frequency = 4)
supplyhouse.ts <- ts(Supplyhouse$MSACSRNSA, start =2009, frequency = 12)
unemployment.ts <- ts(Unemployment$UNRATENSA, start = 2009, frequency = 12)
GDP.ts <- ts(GDP$NA000334Q, start = 2009, frequency = 4)

newHouse <- ts(new_house$HOUSTNSA, start = 2009, frequency =12)
PPI_cement.ts <- ts(PPI_ciment$PCU32733273, start = 2009, frequency =12)
Delinquency.ts <- ts(Delinquency$DRSFRMACBN, start = 2009, frequency =4)
chargeoff.ts <- ts(chargeoffSCORCCACBN, start = 2009, frequency =4)
debt_mo.ts <- ts(debt_mo$ Mortgage(trillion$)’, start = 2009, frequency =4)
vacancy.ts <- ts(vac$RHVRUSQ156N, start =2009, frequency = 4)

cons_sent.ts <- ts(cons_sent$UMCSENT, start =2009, frequency =12)

HIM.ts <- ts(HIM$ Housing Market Index’, start =2009, frequency =12)

rent.ts <- ts(rent_prim$CUURO000SEHA, start =2009, frequency =12)
fedfund.ts <- ts(fedfund$FEDFUNDS, start =2009, frequency =12)

yield10.ts <- ts(yield10$GS10, start =2009, frequency =12)

Minus2.ts <- ts(Minus2$T10Y2YM, start =2009, frequency =12)

inflation.ts <- ts(inflation$T10YIEM, start =2009, frequency =12)

##Conversion to Quarterly data

Housing1 <- aggregate(Housingpeice.ts,nfrequency = 4, FUN = mean)
Mortgagel <- aggregate(Mortgage.ts,nfrequency = 4, FUN = mean)
supplyhousel <- aggregate(supplyhouse.ts,nfrequency = 4, FUN = mean)
unemployment1 <- aggregate(unemployment.ts,nfrequency = 4, FUN = mean)
CPI1 <- head(CPl.ts, 60)

Revenul <- head(revenu.ts, 60)

GDP1 <- head(GDP.ts, 60)
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newhousel <- aggregate(newHouse,nfrequency = 4, FUN = mean)
PPIciment1 <- aggregate(PPI_cement.ts,nfrequency = 4, FUN = mean)
Delinquency1 <- head(Delinquency.ts, 60)

chargeoff1 <- head(chargeoff.ts, 60)

debt_mo1 <- head(debt_mo.ts, 60)

vacl <- head(vacancy.ts, 60)

cons1 <- aggregate(cons_sent.ts,nfrequency = 4, FUN = mean)
HIM1 <- aggregate(HIM.ts,nfrequency = 4, FUN = mean)

rentl <- aggregate(rent.ts, nfrequency =4, FUN =mean)

fedfund1 <- aggregate(fedfund.ts, nfrequency = 4, FUN =mean)
yield1 <- aggregate(yield10.ts, nfrequency =4, FUN =mean)
Minus1 <- aggregate(MinusZ2.ts, nfrequency =4, FUN =mean)

inflation1 <- aggregate(inflation.ts, nfrequency =4, FUN =mean)

#Datframe for each series
Housing1_df <- data.frame(Time = time(Housing1), Value = as.numeric(Housing1))
Mortgagel_df <- data.frame(Time = time(Mortgagel), Value = as.numeric(Mortgage1))

supplyhousel_df <- data.frame(Time = time(supplyhousel), Value =
as.numeric(supplyhousel))

unemployment1_df <- data.frame(Time = time(unemployment1), Value =
as.numeric(unemployment1))

CPI1_df <- data.frame(Time = time(CPI1), Value = as.numeric(CPI1))
Revenul_df <- data.frame(Time = time(Revenul), Value = as.numeric(Revenul))
GDP1_df <- data.frame(Time = time(GDP1), Value = as.numeric(GDP1))

newhousel_df <- data.frame(Time = time(newhousel), Value =
as.numeric(newhousel))

PPIciment1_df <- data.frame(Time = time(PPIciment1), Value =
as.numeric(PPIciment1))

Delinquency1_df <- data.frame(Time = time(Delinquency1), Value =
as.numeric(Delinquency1))

chargeoffl_df <- data.frame(Time = time(chargeoffl), Value = as.numeric(chargeoff1))
debt_mo1_df <- data.frame(Time = time(debt_mo1), Value = as.numeric(debt_mo1))

vacl_df <- data.frame(Time = time(vacl), Value = as.numeric(vacl))
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cons1_df <- data.frame(Time = time(cons1), Value = as.numeric(cons1))

HIM1_df <- data.frame(Time = time(HIM1), Value = as.numeric(HIM1))

rentl_df <- data.frame(Time = time(rent1), Value = as.numeric(rent1))
inflation1_df <- data.frame(Time = time(inflation1), Value = as.numeric(inflation1))
fed1_df <- data.frame(Time = time(fedfund1), Value = as.numeric(fedfund1))
yield1_df <- data.frame(Time = time(yield1), Value = as.numeric(yield1))

minus1_df <- data.frame(Time = time(Minus1), Value = as.numeric(Minus1))

# Graph creation

plotl <- ggplot(Housing1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Housing
Price Index (S&P)") + ylab("Index")

plot2 <- ggplot(supplyhousel_df, aes(x = Time, y = Value)) + geom_line() +
ggtitle("Monthly Supply of New Houses") + ylab("Months")

plot3 <- ggplot(newhousel_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("New
Owned Houses") + ylab("Units")

plot4 <- ggplot(Delinquency1_df, aes(x = Time, y = Value)) + geom_line() +
ggtitle("Delinquency Rate") + ylab("Rate %")

plot5 <- ggplot(chargeoffl_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Charge-
off Rate") + ylab("Rate %")

plot6 <- ggplot(debt_mo1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Mortgage
Debt's value") + ylab("$Trillions")

plot7 <- ggplot(vacl_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Vacancy
Rate") + ylab("Rate %")

plot8 <- ggplot(rentl_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Rent Price
Index") + ylab("Index")

plot9 <- ggplot(HIM1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Housing
Market Index") + ylab("Index")

plot10 <- ggplot(PPIcimentl_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("PPI
Cement Index") + ylab("Index")

plotl1 <- ggplot(cons1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Consumer
Sentiment Index") + ylab("Index")

plot12 <- ggplot(CPI1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("CPI") +
ylab("Index")

plot13 <- ggplot(inflation1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("10Y
Inflation Rate") + ylab("Rate %")

plot14 <- ggplot(fed1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Fed Funds
Eff. Rate") + ylab("Rate %")
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plot15 <- ggplot(yield1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Market
Yield 10Y Const.") + ylab("Rate %")

plot16 <- ggplot(minus1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("10Y Treas.
Const -2Y") + ylab("Rate %")

plotl7 <- ggplot(Mortgagel_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("30Y
Mortgage Rate") + ylab("Rate %")

plot18 <- ggplot(Revenul_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("Income")
+ ylab("Rate %")

plot19 <- ggplot(unemployment1_df, aes(x = Time, y = Value)) + geom_line() +
ggtitle("Unemployment Rate") + ylab("Rate %")

plot20 <- ggplot(GDP1_df, aes(x = Time, y = Value)) + geom_line() + ggtitle("GDP") +
ylab(" $Millions")

grid.arrange(plot1, plot2, plot3, plot4, plot5, plot6, plot7, plot8, plot9, plot10, plot11,
plot12, plot13, plot14, plot15, plot16, plot17, plot18, plot19, plot20, ncol = 4)

###Test of stationarity and normality--------------==--m oo
##inflation

adf.test(inflation_OK)

inflation_OK <- diff(log(inflation1)) #1 diff

jarque.bera.test(inflation_OK)

tsoutliers(inflation_OK)

inflation_OK[1] <- 0.05131213 #normally distributed

##fedfund

adf.test(fedfund_OK)

fedfund_OK <- diff(log(fedfund1), differences =2) #2 diff
jarque.bera.test(fedfund_OK)

tsoutliers(fedfund_OK)

fedfund_OK[44] <- -0.1505947

fedfund_OK[45] <- -0.3121664

fedfund_OK][52] <- -0.1429896 #normally distributed

##yield



adf.test(yield_OK)

yield_OK <- diff(log(yield1), differences =2) #2 diff
jarque.bera.test(yield_OK)

tsoutliers(yield_OK) #normally distributed

##Minus
adf.test(Minus_OK)
Minus_OK <- Minus1
jarque.bera.test(Minus_OK)

tsoutliers(Minus_OK)#normally distributed

##Rent price Index
adf.test(rent_OK)
rent_OK <- diff(log(rentl), differences =3)#3 diff

jarque.bera.test(rent_OK) #normally distributed

##Consumer sentiment

adf.test(cons_OK)

cons_OK <- diff(log(cons1)) #1 diff -> Stationary
jarque.bera.test(cons_OK) # Normally distributed
tsoutliers(cons_OK)

cons_OK[45] <- 0.0001292664

##House index Market

adf.test(HIM_OK)

HIM_OK <- diff(log(HIM1)) #1 diff -> Stationary
testl <- ur.df(HIM_OK, type="trend", lags=0)
summary(testl) #p-value <0.05, no trend

test2 <- ur.df(HIM_OK, type="drift", lags=0)
summary(test2)

jarque.bera.test(HIM_OK) #Normally distributed



tsoutliers(HIM_OK)
HIM_OK[45] <- 0.03580768
HIM_OK[46] <- 0.01323719
HIM_OK[1] <- 0.02453564
HIM_OK[55] <- 0.01550063
HIM_OK[6] <- 0.02253858
HIM_OK[54] <- 0.02926556
HIM_OK[59] <- 0.03617324
HIM_OK[12] <- 0.04241913
HIM_OK[14] <- 0.03658934

boxplot(HIM_OK, col=brewer.pal(n = 7, name = "RdBu"))
boxplot.stats(HIM_OK)$out
test_mort <- rosnerTest(HIM_OK, k = 7)

test_mort$all.stats

##Housing prices

adf.test(Housing_OK)

Housing_OK <- diff(log(Housing1), differences =3) #-> Stationary
jarque.bera.test(Housing_OK) #Normally distributed

#Test for trend or seasonnality of our dependent variable

testl <- ur.df(Housing_OK, type="trend", lags=0)
summary(testl) #p-value <0.05, no trend

test2 <- ur.df(Housing_OK, type="drift", lags=0)

summary(test2) #p-value <0.05, no seasonnality

#Homeowner vacancy rate
adf.test(vac_OK)
vac_OK <- diff(log(vacl), differences =2) #1 diff stationary

jarque.bera.test(vac_OK) #normally distributed
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#Mortgage debt rate
adf.test(debt_mo_OK)
debt_mo_OK <- diff(log(debt_mo1), differences =2)#2diff -> stationary

jarque.bera.test(debt_mo_OK)#normally distributed

##Charge-Off Rate on Credit Card Loans

adf.test(chargeoff_OK)

chargeoff_OK <- diff(log(chargeoff1), differences =2) #2 diff -> Stat ok
jarque.bera.test(chargeoff_OK)#Normally distributed

##Delinquency Rate on Single-Family Residential Mortgages
adf.test(Delinquency_OK)
Delinquency_OK <- diff(log(Delinquency1), differences =2) #2 diff -> Stat ok

jarque.bera.test(Delinquency_OK)#Normally distributed

##Producer price index : cement and concrete product manufacturing
adf.test(PPIciment_OK)

PPIciment_OK <- diff(log(PPIciment1), differences = 3) #-> Stationary
jarque.bera.test(PPIciment_OK) #Normally distributed

## New privately-owned housing units
adf.test(ne_house_OK)
new_house_OK <- diff(log(newhousel)) #1 diff -> Stationary

jarque.bera.test(ne_house_OK) #Normally distributed

##Gross Domestic product

adf.test(GDP_OK)

GDP_OK <- diff(log(GDP1)) #1 diff -> Stationary
jarque.bera.test(GDP_OK)#Normally distributed

## Mortgage rate
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adf.test(Mortgage_OK)

Mortgage_OK <- diff(log(Mortgagel), differences = 2) # 2 diff -> SStationary
jarque.bera.test(Mortgage_OK)

tsoutliers(Mortgage_OK)

boxplot(Mortgage_OK, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Mortgage_OK)$out

test_mort <- rosnerTest(Mortgage_OK, k = 3)

test_mort$all.stats

Mortgage_OK <- replace(Mortgage_OK, 53,0.001014214 )

Mortgage_OK <- replace(Mortgage_OK, 55,0.005665669 )

Mortgage_OK <- replace(Mortgage_OK, 18,0.010101749 )#Normally distributed

##Supply of new houses

adf.test(Supply_OK)

Supply_OK <- diff(log(supplyhousel), differences =2) #2 diff -> Stationary
jarque.bera.test(Supply_OK)#Normally distributed

##unemployment rate

adf.test(Unemployment_OK)

Unemployment_OK <- diff(log(unemployment1)) #1 diff -> Stationary
jarque.bera.test(Unemployment_OK)

tsoutliers(Unemployment_OK)

Unemployment_OK[44] <- 0.0356967

Unemployment_OK][45] <- -0.2243844

Unemployment_OK][46] <--0.1336796 #Normally distributed

## Consummer Price Index

adf.test(CPI_OK)

CPI_OK <- diff(CPI1) # 1 diff -> Stationary
jarque.bera.test(CPI_OK) #Normally distributed

## GDP per capita (revenu)



adf.test(Revenu_OK)

Revenu_OK <- diff(log(Revenul)) #1 diff -> Stationary
jarque.bera.test(Revenu_OK)

tsoutliers(Revenu_OK)

Revenu_OK[44] <- 0.007579346

Revenu_OK][45] <- 0.008102533

Revenu_OK][46] <- 0.010977976 #Normally distributed

##Conversion to the same number of observation
CPI_OKK <- tail(CPI_OK, 57)

Housing OKK <- tail(Housing_OK, 57)
mortgage_OKK <- tail(Mortgage_OK, 57)
revenu_OKK <- tail(Revenu_OK, 57)
supply_OKK <- tail(Supply_OK, 57)
Unemployment_OKK <- tail(Unemployment_OK, 57)
GDP_OKK <- tail(GDP_OK, 57)
new_house_OKK <- tail(new_house_OK, 57)
PPIciment_OKK <- PPIciment_OK
Delinquency_OKK <- tail(Delinquency_OK, 57)
chargeoff OKK <- tail(chargeoff_OK, 57)
debt_mo_OKK <- tail(debt_mo_OK, 57)
vac_OKK <- tail(vac_OK, 57)

cons_OKK <- tail(cons_OK, 57)

HIM_OKK <- tail(HIM_OK, 57)

rent_OKK <- tail(rent_OK, 57)

fedfund_OKK <- tail(fedfund_OK, 57)
yield_OKK <- tail(yield_OK, 57)

Minus_OKK <- tail(Minus_OK, 57)
inflation_OKK <- tail(inflation_OK, 57)
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### Creation of dummy variables-------=-==--m oo
quarters <- rep(1:4, length.out = length(Housing_OKK))

dummyQ1 <- ifelse(quarters == 1, 1, 0)

dummyQ?2 <- ifelse(quarters == 2, 1, 0)

dummyQ3 <- ifelse(quarters == 3, 1, 0)

# Data preparation for OLS

data <- data.frame(
Housing = as.numeric(Housing_OKK),
CPI = as.numeric(CPI_OKK),
Mortgage = as.numeric(mortgage_OKK),
Revenu = as.numeric(revenu_OKK),
Supplyhouse = as.numeric(supply_OKK),
Unemployment = as.numeric(Unemployment_OKK),
GDP = as.numeric(GDP_OKK),
NewHouse = as.numeric(new_house_OKK),
PPIciment = as.numeric(PPIciment_OKK),
Delinquency = as.numeric(Delinquency_OKK),
ChargeOff = as.numeric(chargeoff_OKK),
DebtMo = as.numeric(debt_mo_OKK),
Vacancy = as.numeric(vac_OKK),
Consumer_sentiment = as.numeric(cons_OKK),
HIM = as.numeric(HIM_OKK),
Rent = as.numeric(rent_OKK),
FEDFUND = as.numeric(fedfund_OKK),
YIELD = as.numeric(yield_OKK),
Minus =as.numeric(Minus_OKK),

Inflation =as.numeric(inflation_OKK),

Q1 = dummyQ1,
Q2 = dummyQ?2,
Q3 = dummyQ3
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##Multiple linear regression----------=--=--=--mmmm oo

model <- Im(Housing ~ CPI+ Mortgage+HIM+ Revenu +Unemployment+ GDP+
NewHouse+ Supplyhouse+ Vacancy+

PPIciment+Delinquency + DebtMo+ Consumer_sentiment+ Rent+ FEDFUND+
YIELD + Minus+ Inflation +Q1+Q2+Q3, data = data)

summary(model)

plot(model)

###Stepwise regression : Backward-elimination--------------==--=-m-cm oo
model_step <- step(model, direction="backward")

summary(model_step)

plot(model_step)

##4# Misspecification tests------------==-mm-mmmmm oo
#VIF values
vif <- vif(model_step)

print(vif)

#no autocorrelation

dw_test2 <- dwtest(model_step)
print(dw_test2) #p-value > 0.05 no correlation
#homoscedastic

bp_test2 <- bptest(model_step)
print(bp_test2)#p-value =0.8255

residuals_corr <- residuals(model_step)

# Normality
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qqgplot <- ggplot(data = data.frame(residuals_corr), aes(sample = residuals_corr)) +

stat_qq() +

stat_qq_line() +

ggtitle("Q-Q Plot of residuals") +
xlab("Theoretical Quantiles") +
ylab("Standardized Residuals") +

theme_minimal()

print(qqgplot)

plot(model_step)

### Multiple Linear regression graph------------=--mom oo
data_ts <- data.frame(
Date = as.Date(time(Housing_OKK), origin = "2009-10-01"),
Housing_OKK = as.numeric(Housing_OKK),
new_house_OKK = as.numeric(new_house_OKK),
PPIciment_OKK = as.numeric(PPIciment_OKK),
rent_OKK = as.numeric(rent_OKK),
cons_OKK = as.numeric(cons_OKK),
dummyQ1 = as.numeric(dummyQ1),
dummyQ2 = as.numeric(dummyQ2),
dummyQ3= as.numeric(dummyQ3)
)

linear_model <- Im(Housing OKK ~ PPIciment_OKK + rent_OKK + new_house_OKK+
cons_OKK+ dummyQ1+ dummyQ2+ dummyQ3, data = data_ts)

summary(linear_model)

data_pred <- data.frame(

Date = data_ts$Date,
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Observed = data_ts$Housing_OKK,

Predicted = predict(linear_model)

)

ggplot(data_pred, aes(x = Predicted, y = Observed)) +
geom_point() +
geom_abline(slope = 1, intercept = 0, color = 'red’, linetype = "dashed") +
labs(title = "Observed vs. predicted values graph”,
x = "Predicted values”,
y = "Observed values") +

theme_minimal()

## VAR model-----------mm oo oo
### Seasonality adjustment--------=mmmmmm oo

#First we have to remove the seasonality and then testing the normality

D_inflation <- (decompose(inflation_OKK))
Seas_inflation <- inflation_OKK - D_inflation$seasonal
plot(Seas_inflation)

jarque.bera.test(Seas_inflation)
tsoutliers(Seas_inflation)

boxplot(Seas_inflation, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_inflation)$out

test_mort <- rosnerTest(Seas_inflation, k= 1)
test_mort$all.stats

Seas_inflation[44] <- 0.004055122

#

D_Minus <- (decompose(Minus_OKK))

Seas_Minus <- Minus_OKK - D_Minus$seasonal
plot(Seas_Minus)

jarque.bera.test(Seas_Minus)



#

D_yield <- (decompose(yield_OKK))
Seas_yield <- yield_OKK - D_yield$seasonal
plot(Seas_yield)
jarque.bera.test(Seas_yield)
boxplot(Seas_yield, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_yield)$out

test_mort <- rosnerTest(Seas_yield, k= 1)
test_mort$all.stats

Seas_yield[44] <- -0.002244211

#

D_fed <- (decompose(fedfund_OKK))
Seas_fed <- fedfund_OKK - D_fed$seasonal
plot(Seas_fed)

jarque.bera.test(Seas_fed)

#

D_rent <- (decompose(rent_OKK))
Seas_rent <- rent_OKK - D_rent$seasonal
plot(Seas_rent)
jarque.bera.test(Seas_rent)

#

D_vac <- (decompose(vac_OKK))
Seas_VAC <-vac_OKK - D_vac$seasonal
plot(Seas_VAC)
jarque.bera.test(Seas_VAC)

#

D_HIM <- (decompose(HIM_OKK))
Seas_HIM <- HIM_OKK - D_HIM$seasonal
plot(Seas_HIM)
jarque.bera.test(Seas_HIM)
tsoutliers(Seas_HIM)

boxplot(Seas_HIM, col=brewer.pal(n = 8, name = "RdBu"))



boxplot.stats(Seas_HIM)$out
test_mort <- rosnerTest(Seas_HIM, k = 5)
test_mort$all.stats

Seas_HIM[55] <- 0.02765893
Seas_HIM[16] <- 0.02397975

Seas_HIM[9] <- 0.02038256

Seas_HIM[3] <- 0.01668464

Seas_HIM[54] <- 0.01300412

#

D_cons <- (decompose(cons_OKK))

Seas_cons <- cons_OKK - D_cons$seasonal
plot(Seas_cons)

jarque.bera.test(Seas_cons)

#

D_debt <- (decompose(debt_mo_OKK))

Seas_Debt <- debt_mo_OKK - D_debt$seasonal
plot(Seas_Debt)

jarque.bera.test(Seas_Debt)

#

D_Chargeoff <- (decompose(chargeoff OKK))
Seas_Chargeoff <- chargeoff_OKK - D_Chargeoff$seasonal
plot(Seas_Chargeoff)
jarque.bera.test(Seas_Chargeoff)
tsoutliers(Seas_Chargeoff)

Seas_Chargeoff[8] <- 0.02043148
Seas_Chargeoff[9] <- 0.09832780
Seas_Chargeoff[46] <--0.22891283

#

D_Delinquency <- (decompose(Delinquency_OKK))
Seas_Del <- Delinquency_OKK - D_Delinquency$seasonal
plot(Seas_Del)

jarque.bera.test(Seas_Del)
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tsoutliers(Seas_Del)

Seas_Del[45] <- 0.03881408

#

D_PPI <- (decompose(PPIciment_OKK))
Seas_PPI <- PPIciment_OKK - D_PPI$seasonal
plot(Seas_PPI)

jarque.bera.test(Seas_PPI)

#

D_NH <- (decompose(new_house_0OKK))
Seas_NH <- new_house_OKK - D_NH$seasonal
plot(Seas_NH)

jarque.bera.test(Seas_NH)

tsoutliers(Seas_NH)

boxplot(Seas_NH, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_NH)$out

test_mort <- rosnerTest(Seas_NH, k = 1)
test_mort$all.stats

Seas_NH[43] <- 0.1884337

Seas_NH[44] <- 0.22410797

Seas_NH[23] <- 0.11953191

#

D_Unemp <- (decompose(Unemployment_OKK))
Seas_Unemp <- Unemployment_OKK - D_Unemp$seasonal
plot(Seas_Unemp)
jarque.bera.test(Seas_Unemp)
tsoutliers(Seas_Unemp)

boxplot(Seas_Unemp, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_Unemp)$out

test_mort <- rosnerTest(Seas_Unemp, k = 2)
test_mort$all.stats

Seas_Unemp[45] <--0.03911342
Seas_Unemp[49] <--0.03553068



Seas_Unemp[44] <--0.03260887
Seas_Unemp[48] <--0.02993945
Seas_Unemp[43] <--0.02820016

Seas_Unemp[1] <--0.02609046

#

D_Suplly <- (decompose(supply_OKK))
Seas_supply <- supply_OKK - D_Suplly$seasonal
plot(Seas_supply)

jarque.bera.test(Seas_supply)
tsoutliers(Seas_supply)

boxplot(Seas_supply, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_supply)$out

test_mort <- rosnerTest(Seas_supply, k =4)
test_mort$all.stats

Seas_supply[45] <- 0.006371235
Seas_supply[51] <--0.004361467
Seas_supply[44] <--0.013084975
Seas_supply[52] <--0.005117328

#

D_Revenu <- (decompose(revenu_OKK))
Seas_revenu <- revenu_OKK - D_Revenu$seasonal
plot(Seas_revenu)

jarque.bera.test(Seas_revenu)
boxplot(Seas_revenu, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_revenu)$out

test_mort <- rosnerTest(Seas_revenu, k = 2)
test_mort$all.stats
Seas_revenu[49]<-0.01550094

#

D_Mortgage <- (decompose(mortgage_OKK))
Seas_Mortgage <- mortgage_OKK - D_Mortgage$seasonal
plot(Seas_Mortgage)
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jarque.bera.test(Seas_Mortgage)

#

D_CPI <- (decompose(CPI_OKK))

Seas_CPI <- CPI_OKK - D_CPI$seasonal
plot(Seas_CPI)

jarque.bera.test(Seas_CPI)
tsoutliers(Seas_CPI)

boxplot(Seas_CPI, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_CPI)$out

test_mort <- rosnerTest(Seas_CPI, k = 3)
test_mort$all.stats

Seas_CPI[44] <--0.002667501

Seas_CPI[23] <--0.043442676

Seas_CPI[43] <- -0.068586313

#

D_Housing <- (decompose(Housing_OKK))
Seas_Housing <- Housing_OKK - D_Housing$seasonal
plot(Seas_Housing)
jarque.bera.test(Seas_Housing)
boxplot(Seas_Housing, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_Housing)$out

test_mort <- rosnerTest(Seas_Housing, k = 1)
test_mort$all.stats

#

D_GDP <- (decompose(GDP_OKK))

Seas_GDP <- GDP_OKK - D_GDP$seasonal
plot(Seas_GDP)

jarque.bera.test(Seas_GDP)
tsoutliers(Seas_GDP)

Seas_GDP[43] <- 0.023246393

Seas_GDP[44] <- 0.009165272

Seas_GDP[47] <- 0.01203956
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Seas_GDP[49] <- 0.01153046

boxplot(Seas_GDP, col=brewer.pal(n = 8, name = "RdBu"))
boxplot.stats(Seas_GDP)$out

test_mort <- rosnerTest(Seas_GDP, k = 2)

test_mort$all.stats #Granger causality

###Testing of the seasonality------------=-==mm oo
#]I realized these tests on each variables and all of these were conclusive
library(seastests)

test <- isSeasonal(Housing_OKK)

print(test) #TRUE = meaning that data before transformation contained seasonality
test <- isSeasonal(Seas_Housing)

print(test) #FALSE = meaning that there is no more seasonality

# Decomposition of the data
decomposed_data <- stl(Seas_Housing, s.window="periodic")

summary(decomposed_data) #Seasonal component = 6.3% (57.9% before the
transformation)

H### VAR matrix creation------=--==-eeomemmmm e e

#Check to see if we obtain the same regression model with seasonally adjusted data as
with the dummy method

model2 <- Im(Seas_Housing~ Seas_Chargeoff+Seas_cons+Seas_CPI+ Seas_Debt+
Seas_Del+ Seas_fed+

Seas_GDP+ Seas_HIM+ Seas_inflation+ Seas_Minus+ Seas_Mortgage+ Seas_NH+

Seas_PPI+ Seas_rent+ Seas_revenu+ Seas_supply+ Seas_Unemp+ Seas_VAC+
Seas_yield)

Model_step2 <- step(model2, direction="backward")

summary(Model_step2)
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#We obatin the same regression model

#We will use the variables contain in the regression to make the VAR model

#check of the multicolinearity between variables

varmatrix_OKK <- cbind(Seas_cons,Seas_NH, Seas_rent,Seas_Housing )

#multicollinearity check

corr_matrix <- cor(varmatrix_OKK)

colnames(corr_matrix) <- c("Housing Price"”, "Rent Price Index",
"Cons. Sentiment")

New Owned Houses",

rownames(corr_matrix) <- c("Housing Price", "Rent Price Index", "New Owned Houses",
"Cons. Sentiment")

corrplot.mixed(corr_matrix, lower = "number"”, upper = "ellipse", tl.cex = 0.7, tl.col =
"black")

### VAR estimation-------=----m-eecmmmm oo oo
#Determination of the maximum number of lags that we can use

VARselect(varmatrix_OKK,lag.max = 20,type="const")

##Lag 5
varmodelp5 <-VAR(varmatrix_OKK,p=5 ,type = "const")

serial.test(varmodelp5) #p-value=0.5159, No autocorrelation
arch.test(varmodelp5) #Homoscedastic, p-value =0.8282
normality.test(varmodelp5) #p-value =0.2749 so normally distributed
##--> white noise

AIC(varmodelp5) #-1101.538

summary(varmodelp5)

#Lag 4
varmodelp4 <-VAR(varmatrix_OKK,p=4 ,type = "const")
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serial.test(varmodelp4) #p-value=0.9388, No autocorrelation
arch.test(varmodelp4) #Homoscedastic, p-value = 0.7323
normality.test(varmodelp4) #p-value= 0.2369 so normally distributed
##--> white noise

AIC(varmodelp4) #-1143.593

summary(varmodelp4)

#the VAR(4) seems the be the best model, the residuals are more robust and the AIC is
lower.

### Granger causality of the model-------------=---msm e

var_names <- colnames(varmatrix_OKK)

for (var in var_names) {
if (var != "Seas_Housing") {
granger_test <- causality(varmodelp4, cause = var)
cat("\nGranger causality test for", var, "causing Seas_Housing:\n")
print(granger_test$Granger)
}
}

# The three variables are Granger-causal to Housing prices

###Forecast VAR model--------=--m-mm oo oo oo e
forecastVAR4 <- predict(varmodelp4, n.ahead=4, ci = 0.95)

forecastVAR4

plot(forecastVAR4)

par(mfrow = ¢(3, 2), mar =c(2, 3, 1, 2), oma = ¢(0, 0, 2, 0))
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par(mfrow = ¢(1, 1))

accuracy(varmodelp4$varresult[[1]])

#Values too close to zero and small to estimate accuracy via MAE and MAPE

#Insertion of the Seasonaly adjusted data of house price until Q1 2024 to see if the
forecast is right

LastPRICE <- read_csv("C:/Users/marie/OneDrive/Bureau/MASTER 2/Memoire
IMMO/DATA/lastPRICE.csv")

lastprice.ts <- ts(LastPRICE$CSUSHPISA, start =2009, frequency =12)
lastpricel <- aggregate(lastprice.ts,nfrequency = 4, FUN = mean)

lastprice_OK <- tail(lastpricel, 9)

lastprice_OKK <- plot(diff(log(lastprice_OK)))
par(mar =c(5, 5, 4, 2))

plot(
lastprice_OK,

main =" S&P CoreLogic Case-Shiller U.S. National Home Price Index from Q4 2009 to
Q12024",

xlab = "Time",

ylab = "Index",
col = "blue",
lwd = 2,

cex.main = 1.5,
cexlab=1.2,

cex.axis = 1.1

)

grid(col = "lightgray"”, Ity = "dotted")
par(mfrow = c(1, 1))

/Y



x1 <-id.dc(varmodelp4)

summary(x1)

# Impulse response analysis with confidence bands

signrest <- list(c = ¢(1,1,NA,1), nh = ¢(1,NA,-1,-1), r =c(-1,NA,-1,1), p =c(-1,1,1,-1))
bb <- mb.boot(x1, b.length = 8, nboot = 800, n.ahead = 30, nc = 1, signrest = signrest)
summary(bb)

# Plotting IRFs with confidance bands
ok <- plot(bb, lowerq = 0.16, upperq = 0.84)
print(ok)

hd.cv.1 <- hd(x1, series = 4)
plot(hd.cv.1)

87.
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