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Abstract

Seasonality has traditionally shaped the U.S. housing market, with activity peaking in
spring-summer and declining in autumn-winter. However, recent disruptions, particularly
those following COVID-19, raise questions about shifts in these patterns. This study
analyzes housing market data (1991-2024) to examine evolving seasonality and regional
heterogeneity. Using Housing Price Index (HPI) data, inventory, and sales data from
the Federal Housing Finance Agency and U.S. Census Bureau, seasonal components are
extracted via the X-13-ARIMA procedure, and statistical tests assess variations across
regions. The results confirm seasonal fluctuations in prices and volumes, with recent
shifts toward earlier annual peak (March—April) and amplified seasonal effects. Regional
variations align with differences in climate and market structure, while prices and sales
volumes exhibit in-phase movement, suggesting thick-market momentum behaviour. These
findings highlight key implications for policymakers, realtors and investors navigating
post-pandemic market dynamics, offering insights into the timing and interpretation of
housing market activities.

Keywords: housing market; seasonality; statistical tests; structural change; regional variation

1. Introduction

Seasonality is a well-documented feature of housing markets. In the United States,
home prices and sales volumes typically increase during the spring and summer months
and decline in the fall and winter [1]. These cyclical patterns, often referred to as “hot” and
“cold” seasons, have traditionally been attributed to factors such as weather conditions,
the school calendar, and the timing preferences of buyers and sellers. Understanding
these patterns is not merely of academic interest; it holds practical value for optimizing
household real estate decisions and guiding industry practice [2]. For instance, sellers often
achieve higher prices and faster transactions during the spring surge in demand, while
buyers may benefit from greater bargaining power during the winter slowdown.

However, recent disruptions, particularly those stemming from the COVID-19 pan-
demic, have introduced new uncertainty to housing seasonality [3]. The pandemic and its
associated economic shocks disrupted traditional market behaviour, leading to unseasonal
surges or delays in housing activity during 2020 [4]. By 2021-2022, analysts observed that
some established seasonal patterns had either weakened or shifted, with housing demand
reaching historic highs and lows in atypical months. These changes raise a critical ques-
tion: have the long-standing seasonal rhythms of the U.S. housing market fundamentally
evolved in the post-pandemic period?
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Additionally, regional disparities in housing cycles have become more pronounced.
Variations in climate, regional economic conditions, and migration trends mean that one
region’s “spring boom” may occur at a different time of year than another’s [5]. De-
spite these observations, systematic research on how seasonality has shifted across U.S.
regions in the wake of the pandemic remains limited. Existing studies largely focus on
pre-2020 patterns or narrow aspects, such as seasonal adjustment methods or single-city
dynamics, leaving gaps in understanding the broader regional and temporal impacts of
recent disruptions [6-8].

Against this background, this paper addresses the following research questions:

(1) Has the timing and intensity of seasonal peaks and troughs in the U.S. housing market
changed in the post-pandemic period?

(2) How do the magnitude and timing of seasonality differ across major U.S. regions with
distinct climatic and market conditions?

(3) To what extent do these seasonal shifts align with broader structural changes in
housing market dynamics?

This study seeks to address these gaps by providing a comprehensive analysis of
U.S. housing market seasonality with a particular focus on the post-pandemic period and
regional heterogeneity. Specifically, we quantify how the timing and intensity of seasonal
peaks and troughs have shifted following the pandemic and assess the extent to which
the magnitude of seasonality varies across regions. These findings are crucial, as uneven
shifts in seasonality could have significant implications for housing affordability, inventory
management, and policy effectiveness at the regional level.

In summary, this study makes three key contributions. First, it identifies a forward
shift in the timing of seasonal housing market peaks after the COVID-19 shock, reflecting
an earlier onset of the “hot season” in many regions. Second, it provides a detailed
comparison of seasonal patterns across U.S. regions over recent decades, offering insights
into the geographical heterogeneity of these changes. Third, it documents how post-
pandemic seasonality interacts with market structure and climate, thereby informing
forecasting practices and housing policy. Methodologically, this study leverages a large
dataset of monthly housing indicators (prices, inventory, and sales) spanning 1991 to
2024. Seasonal components are extracted using the X-13ARIMA-SEATS decomposition,
and formal statistical tests and panel regression analyses (including region-by-season
interactions) are conducted to validate the presence and variation of seasonality. These
findings enhance our understanding of evolving market dynamics and provide actionable
insights for policymakers, real estate professionals, and market participants navigating the
post-pandemic U.S. housing market.

The remainder of this paper is structured as follows. Section 2 reviews the literature
on housing market seasonality, post-pandemic shifts, and regional heterogeneity. Section 3
describes the data sources and empirical methods, including the X-13ARIMA-SEATS
procedure and panel regression framework. Section 4 presents the main results on seasonal
patterns, regional differences, and robustness checks. Section 5 discusses the implications
of the findings for forecasting and housing policy. Section 6 concludes and outlines avenues
for future research.

2. Literature Review
2.1. Seasonal Patterns and the Thick-Market Effect

Early studies demonstrated that housing markets exhibit predictable seasonal cy-
cles [9-11]. Prices and transaction volumes tend to peak in spring and summer, followed
by a decline in fall and winter. These patterns have been attributed to factors such as
weather, school calendars, and buyer-seller preferences [12]. A critical insight from these
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studies is the “thick-market effect,” which explains how heightened activity during peak
seasons reinforces itself [13]. Increased buyer density improves sellers” bargaining power
and accelerates inventory turnover, creating a self-reinforcing loop of rising prices and
transaction volumes during peak periods.

Empirical evidence supports this dynamic, revealing that housing markets deviate
from classical supply-demand mechanisms during peak seasons. For instance, Novy-
Marx [14] showed that seasonal price-volume increases reflect a shift in the entire supply-
demand equilibrium, rather than a simple price adjustment. While these findings provide
a strong theoretical foundation, much of this research focuses on pre-2020 patterns and
assumes stable seasonal dynamics over time. Few studies have investigated whether
recent disruptions, such as the pandemic, have altered these established mechanisms or
whether seasonal peaks have shifted temporally [15]. This study builds on these theoretical
frameworks by exploring how seasonality has evolved in both timing and magnitude in
the post-pandemic era.

2.2. Post-Pandemic Changes in Seasonality

The COVID-19 pandemic introduced unprecedented disruptions to housing mar-
ket seasonality, challenging traditional cyclical patterns. McNamara [16] finds that since
2020, the U.S. housing market has exhibited amplified seasonal amplitudes, with stronger
price growth during high-demand months and steeper declines during low-demand peri-
ods. Such deviations have exposed limitations in standard seasonal adjustment models
(e.g., X-12/X-13), which may under-correct for the intensified fluctuations observed post-
2020. For example, the summer surges and winter lulls of 2020-2021 were far more
pronounced than in previous years, likely reflecting pandemic-induced shifts in consumer
behaviour, economic uncertainty, and policy interventions.

Moreover, recent studies suggest that the timing of seasonal peaks has shifted [17].
Traditional market activity typically reached its zenith in May or June; however, analyses
of post-2020 data indicate that peak activity now occurs earlier, often in March or April.
This shift may be attributed to changes in buyer urgency, greater adoption of technology
facilitating year-round market participation, or lingering effects of the pandemic that
reshaped housing demand patterns [18]. While these studies highlight significant changes,
they often focus on national trends and lack a comprehensive analysis of how these shifts
vary across regions. To address this gap, this research examines both the timing and
amplitude of seasonal changes across different U.S. regions using updated data from
1991 to 2024.

2.3. Regional Heterogeneity and Drivers of Seasonality

Seasonality in housing markets is not uniform across regions, with significant ge-
ographic variation influenced by local climate, economic conditions, and demograph-
ics. Budikova et al. [19] documented that colder regions, such as the Northeast and
Midwest, exhibit more pronounced seasonal swings, while warmer areas, such as the
South Atlantic and Pacific Coast, experience milder fluctuations. These findings under-
score the importance of region-specific seasonal adjustments to accurately capture local
housing cycles.

In addition to geographic factors, transaction composition and behavioural dynamics
play a critical role in shaping seasonal patterns. Hattapoglu [20] observed that during peak
seasons, a higher proportion of transactions involve larger homes or those in desirable
neighborhoods, driving average prices upward. Behavioural preferences also reinforce
these trends; for instance, Roed Larsen [10] identified a persistent “December discount”
in Norwegian housing markets, where thin winter markets lead to lower prices. Similar
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dynamics are evident in the U.S., where peak-season activity amplifies both prices and
volumes, reflecting a self-reinforcing demand cycle.

Despite these insights, the literature remains fragmented in its treatment of regional
variation, with most studies focusing on single-city or national-level analyses. Furthermore,
little attention has been given to how local seasonal patterns have evolved in the wake
of the pandemic. This study addresses these gaps by systematically analyzing regional
differences in seasonal intensity and timing, providing new evidence on how one region’s
“off-season” can coincide with another’s peak. By quantifying these interactions, this
research contributes to a more nuanced understanding of housing market seasonality
across geographic and temporal dimensions.

3. Materials and Methods

This study employs a quantitative approach to examine seasonal patterns in the U.S.
housing market, focusing on post-pandemic shifts and regional heterogeneity. The analysis
is based on monthly housing market data spanning 1991-2024, with seasonal components
isolated using statistical decomposition methods. This section outlines the research design,
data sources, and analytical techniques used to address the research questions.

3.1. Data Sources and Variables

The study utilizes publicly available, high-frequency housing market data from the
U.S. Census Bureau and the Federal Housing Finance Agency (FHFA). The dataset spans
January 1991 to December 2024, covering critical economic events such as the 2008 financial
crisis and the COVID-19 pandemic. Table 1 shows the data descriptions and sources.

Table 1. Data Sources and variables.

Variable

Description Source Purpose

Housing Price Index (HPT)

Houses Sold

Houses for Sale

Median Sale Price

Average Sale Price

Months’ Supply

Construction Stage Data

Regional Price Data

Type of Financing

FHFA House Price Index

Captures overall price trends and
seasonal fluctuations in the
housing market.

Reflects demand intensity and
transaction volumes.
Evaluates market supply and its
seasonal variations.
Provides insights into typical
buyer and seller behaviour while
minimizing sensitivity to outliers.
Complements the median price
by providing additional context
on price distribution.

Weighted repeat-sales index
measuring changes in
single-family home prices.
Monthly data on the number
of new houses sold.
Monthly inventory of
available houses for sale.

Federal Housing Finance
Agency (FHFA)

U.S. Census Bureau
U.S. Census Bureau

Median price of houses sold in US. Census Bureau
a given month.
Average price of houses sold

A . U.S. Census Bureau
in a given month.

Ratio of inventory to sales,
indicating how long the
current inventory would last
at the current sales rate.
Categorization of houses as
“under construction,”
“completed,” or “not started.”

Measures market balance and
highlights the “hotness” of the
market during different seasons.

Derived from “Houses Sold”
and “Houses for Sale”

Provides insights into supply-side
dynamics and construction timing
relative to seasonal demand.
Enables comparison of seasonal
trends across different U.S.
regions.

Explores buyer behaviour and
financing trends in response to
market changes
Provides a long-term view of
housing price fluctuations and
seasonality.

U.S. Census Bureau

M‘e dian and avera'ge' §ale U.S. Census Bureau
prices by census division.
Includes FHA loans, VA loans,

. . . U.S. Census Bureau
and conventional financing.

Comprehensive house price
index series measuring
single-family home values.

Federal Housing Finance
Agency (FHFA)
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For prices, we use the FHFA House Price Index (HPI), which is available at a monthly
frequency from 1991 to 2024. In addition, we draw on the U.S. Census Bureau’s “Seasonal
Indexes Used to Adjust Housing Units Sold and For Sale”, which provide seasonal factors
for new houses sold and for sale. These Census seasonal indexes are only published
from January 1997 onwards, so analyses based on this series (Figure 1) cover the period
1997-2024, whereas the HPI-based decomposition spans 1991-2024.
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Figure 1. Seasonal indices for houses sold, houses for sale, and months’ supply in the United
States, 1997-2024. Seasonal indices are normalised to 1 as the yearly mean; axis tick marks indicate
index values.

3.2. Analytical Framework
3.2.1. Seasonal Decomposition Using X-13ARIMA-SEATS (U.S. Census Bureau,
Washington, DC, USA)

To isolate and analyze the seasonal components, the study employs the X-13ARIMA-
SEATS methodology (Figure 2), a widely used time-series decomposition technique de-
veloped by the U.S. Census Bureau. This method decomposes each time series into
three components:

Xe =T+ S+ I 1)

where X; represents Trend-cycle, representing long-term movements; S; is seasonal compo-
nent, capturing predictable intra-year fluctuations and I; represents the irregular compo-
nent, accounting for random noise.

By separating these components, the method ensures a structured understanding
of the cyclical patterns in the housing market. The X-13ARIMA-SEATS process involves
several key steps, including pre-adjustment to remove outliers and calendar effects, fitting
a Seasonal Auto-Regressive Integrated Moving Average (SARIMA) model, and performing
diagnostic checks such as the Ljung-Box Q-test to confirm the randomness of residu-
als [21]. This decomposition enables the study to distinguish real seasonality from random
noise effectively.
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Seasonal Component, Sl Ratio

Figure 2. Example of Seasonal Component.

For each series, X-13ARIMA-SEATS is implemented through an underlying reg ARIMA
model. In line with standard practice, we use the built-in automatic model selection
procedure of X-13ARIMA-SEATS to choose the SARIMA specification ARIMA(p, d, q)
(P, D, Q)12. The procedure evaluates a set of candidate models using information criteria
and residual diagnostics and selects the specification that provides an adequate fit while
avoiding over-parameterisation. To enhance transparency and reproducibility, Table A1l
reports the selected SARIMA orders (p, d, q, P, D, Q) for all series used in the seasonal
decomposition. The regARIMA models and the X-13ARIMA-SEATS specifications are
estimated using the seasonal package in R, which provides a direct interface to the official
U.S. Census Bureau X-13ARIMA-SEATS program.

We rely on the X-13ARIMA-SEATS procedure for seasonal decomposition for
three main reasons. First, X-13ARIMA-SEATS is the standard method used by official
statistical agencies, including the U.S. Census Bureau, for seasonal adjustment of monthly
and quarterly economic indicators. It combines the classical X-11 filters with ARIMA
modelling and SEATS signal extraction, allowing for the joint treatment of trading-day
effects, moving holidays and outliers within a regARIMA framework. This makes it par-
ticularly well suited for macroeconomic series such as house prices and inventory, where
calendar effects and shocks are non-negligible. Second, the method produces additive
decompositions with interpretable seasonal indices that are directly comparable to the
seasonal factors published by the Census Bureau, which is important for aligning our
results with existing practice and policy-oriented applications. Third, X-13ARIMA-SEATS
is implemented in widely used open-source software (e.g., the seasonal package in R),
which facilitates replication and transparency of our analysis.

Alternative decomposition techniques, such as STL (Seasonal-Trend decomposition
using Loess) and state-space or unobserved components models, could also be applied.
STL provides a highly flexible, nonparametric decomposition that is robust to certain types
of outliers and allows the seasonal component to evolve smoothly over time, but it does
not incorporate an explicit stochastic model for the series and is less tightly linked to
standard forecasting frameworks. State-space and unobserved components models offer
a unified probabilistic representation of trend, cycle and seasonality, but require stronger
modelling assumptions and a more complex estimation setup, which would substantially
increase the computational and expositional burden of our multi-series, multi-region analy-
sis. In this paper we therefore prioritise the X-13ARIMA-SEATS approach, which strikes
a balance between flexibility, interpretability and comparability with official housing statis-
tics, and we view extensions based on STL or state-space models as a promising avenue for
future research.
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Before seasonal decomposition, all HPI series are transformed using the natural
logarithm. Preliminary unit-root diagnostics on the log-level series indicate that they
behave as integrated processes with seasonal components, which is consistent with the
behaviour of many macroeconomic price indices. In the X-13ARIMA-SEATS framework,
non-stationarity is handled by the regARIMA component through appropriate differencing.
We therefore allow the automatic model-selection routine to choose SARIMA specifications
of the form ARIMA(p, d, q)(P, D, Q)12, so that both non-seasonal (d) and seasonal (D)
differences are estimated as needed. For all series used in this paper, the selected models
include one non-seasonal and one seasonal difference, i.e., ARIMA(p, 1, q)(P, 1, Q)12; the
exact specifications for each Census division and for the national series are reported in
Table Al. X-13ARIMA-SEATS residual diagnostics, including Ljung—Box tests for residual
autocorrelation and spectral tests for residual seasonality, do not indicate remaining non-
stationarity after differencing, suggesting that the extracted seasonal components are based
on well-behaved stationary errors.

3.2.2. Statistical Tests for Seasonality

To formally validate the presence and significance of seasonality, this study employs
multiple statistical tests. The parametric F-test is used to assess whether monthly variations
in housing prices and sales turnover are statistically significant. This test evaluates the
null hypothesis that all monthly means are equal, with a significant F-statistic indicating
strong seasonality. To account for potential non-normality in the data, the nonparametric
Kruskal-Wallis test is also employed. This test ranks observations across months and eval-
uates whether distributions differ significantly without assuming normality. Additionally,
a two-way ANOVA is conducted to examine interactions between months (seasonal effects)
and years (long-term trends), providing insights into whether seasonal patterns evolve
over time. The study also applies a Bai-Perron multiple structural break test (Section 3.2.4)
to detect structural breaks in seasonality. This procedure generalises the classical Chow test
and allows for multiple unknown break dates. This test identifies whether key economic
events, such as the 2008 financial crisis or the COVID-19 pandemic, have caused significant
shifts in the seasonal structure of the housing market.

3.2.3. Regression Analysis for Regional Variations

To quantify regional differences in seasonal patterns, we estimate a panel regression
model using region fixed effects and interactions between the seasonal index and regional
indicators. The dependent variable is the non-seasonally adjusted House Price Index (HPI)
for region i in month t. The key explanatory variable is the seasonal index SI_t obtained
from the X-13ARIMA-SEATS decomposition, which captures the intensity of seasonal
fluctuations at each point in time. The baseline specification is given by:

Y_it = B_0 + B_1 Seasonality_t+ Y _r p_2r Region_ir + Y_ P3,(Seasonality; x Region;,) + &t (2)
r

where Yj; denotes the non-seasonally adjusted HPI in region i at time t, Seasonality_t is the
common seasonal index, Region_ir is a set of regional dummy variables that equals 1 if
region i belongs to Census division r and 0 otherwise (with one division omitted as the
reference category), and ¢_it is the idiosyncratic error term. The coefficients _2r capture
time-invariant differences in average price levels across regions, while the interaction terms
B_3r measure how the effect of Seasonality_t on Yj; differs across regions relative to the
reference division.

Regional dummies are operationalized at the level of U.S. Census divisions. Specifi-
cally, we construct a set of binary indicators Region;, for each division (e.g., New England,
Middle Atlantic, East North Central, etc.), omitting one division as the reference group
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to avoid perfect multicollinearity. The inclusion of this full set of division dummies is
equivalent to estimating a model with region fixed effects, allowing us to control for unob-
served, time-invariant regional characteristics such as climate, long-run housing stock, and
structural differences in price levels. For brevity, Table 2 reports only the coefficients on
the Seasonality_t x Region_ir interaction terms; the regional dummy coefficients f_2r are
included in the estimation but omitted from the table.

Table 2. Regression results.

Term Estimate Std. Error t-Value p-Value

Seasonality x RegionEast North Central —8.72 2.45 —3.56 0.000 ***
Seasonality x RegionEast South Central 5.42 2.99 1.82 0.007
Seasonality x RegionMiddle Atlantic —241 2.71 —0.89 0.373
Seasonality x RegionMountain —0.34 2.25 —0.15 0.88
Seasonality x RegionNew England —3.41 2.37 —1.44 0.15
Seasonality x RegionPacific -3.17 2.52 -1.25 0.21

Seasonality x RegionSouth Atlantic 7.76 2.65 2.93 0.003 **

Seasonality x RegionWest North Central —5.26 2.40 -2.19 0.029 *
Seasonality x RegionWest South Central 0.60 2.77 0.22 0.828

Note. Data source: HPI data, 1991-2024. Model fit: multiple RZ =0.190, adjusted R? =0.187; F(19, 4030) = 49.87,
p <0.001; AIC =47,181.1; BIC = 47,313.5. * p < 0.05, ** p < 0.01, *** p < 0.001.

Model fit is assessed using the coefficient of determination (R?) and information
criteria, namely the Akaike Information Criterion (AIC) and the Bayesian Information
Criterion (BIC). For the baseline specification, the model achieves a multiple R? of 0.190
and an adjusted R? of 0.187, with an overall F-statistic of 49.87 on 19 and 4030 degrees
of freedom (p < 0.001). The corresponding information criteria are AIC = 47181.1 and
BIC = 47313.5, indicating that the regressors are jointly highly significant and that the
specification provides a reasonable fit to the data. These statistics are also reported
in Table 2.

Although our main regressions are specified at the level of Census divisions, which
represent relatively large and heterogeneous regions, spatial dependence across neigh-
bouring divisions could still be a concern. To assess this, we computed a global Moran’s I
statistic on the region-level regression residuals using a contiguity-based row-standardised
spatial weights matrix, in which adjacent Census divisions are assigned positive weights
and non-adjacent divisions receive zero weight. The resulting Moran’s I statisticis I = —0.64,
with an expected value of —0.125 under spatial randomness and a p-value of 0.97 for the
test of positive spatial autocorrelation, indicating no evidence of residual spatial clustering
at the division level. Given the small cross-sectional dimension and the absence of strong
residual spatial dependence, we do not estimate more complex spatial autoregressive
models and instead focus on the fixed-effects panel regression framework.

3.2.4. Structural Break Analysis

To examine whether the seasonal component of the U.S. housing market exhibits struc-
tural breaks over time, we apply a Bai-Perron multiple structural break test, which generalizes
the classical Chow test. Specifically, we estimate a piecewise-constant mean model for the
aggregate seasonal index SI_t obtained from the X-13ARIMA-SEATS decomposition,

SIt:]/lj+ut/ t:T{]71}+111T]1 j:1/---,m+1, (3)

where p_j denotes the regime-specific mean in segment j, u_t is an error term, and T_j are the
unknown break dates to be estimated. We allow up to five potential breaks (m_max = 5) and
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select the number of breaks using the Bayesian Information Criterion (BIC). The breakpoints
are estimated using the breakpoints() function from the strucchange package in R.

To formally test the null hypothesis of no structural break (m = 0) against the alternative
of at least one break (m > 1), we compute a sequence of Chow-type F-statistics using the
Fstats() function and apply the supF test via sctest(). The resulting statistic is supF = 783.71
with p-value < 0.001, which strongly rejects the null of a stable seasonal pattern over the
sample period. See Table A2 for the full set of partitions.

4. Results
4.1. Evidence of Seasonality

The analysis reveals clear and significant seasonal patterns in the U.S. housing market.
Using the X-13ARIMA-SEATS methodology, distinct cyclical components were identified
in key market indicators, including the Housing Price Index (HPI), the number of houses
sold, and the inventory of houses for sale.

Figure 3 illustrates the seasonal component of the HPI. Prices exhibit predictable
fluctuations, with peaks consistently occurring during the summer months (June-August)
and troughs during the winter months (December—February). The seasonal index for the
HPI remains above 1.005 from April to August, reflecting increased market activity during
these months, while it falls below 0.995 in December and January, indicating a slowdown
in market activity.

Seasonal Component, Sl Ratio

r‘#_&%\

0.985 0.990 0.995 1.000 1.005 1.010 1.015
1

Figure 3. Seasonal Component of the Housing Price Index.

Similarly, the seasonal components of “Houses Sold” and “Houses for Sale” show
analogous patterns. Transaction volumes rise sharply from early spring and peak in the
summer before declining steadily in the fall and reaching their lowest levels in winter.
Inventory levels follow a similar seasonal trajectory, with higher availability in spring and
summer and reduced supply during winter months. These findings underline the existence
of strong seasonality across multiple dimensions of the housing market.

4.2. Statistical Validation of Seasonality

To formally validate the observed seasonality, several statistical tests were conducted.
As reported in Table 3, the F-test results demonstrate significant monthly variations across
all key variables. For instance, the F-statistic for the HPI is 61.63 (p < 0.001), indicating sub-
stantial differences in monthly means. This confirms that housing prices are not uniformly
distributed throughout the year, but instead follow a systematic seasonal pattern.
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Table 3. Statistical results.
Test Type Test Term df Sumsq Meansq Statistic p-Value
. Parametric F-Test - - - - 61.63 <0.001 ***
Seasonality Tests Nonparametric
- - - - XH%
Kruskal-Wallis 31191 <0.001
Month 11 4788.18 435.29 22.41 <0.001 ***
Two-Way ANOVA Year 33 2,837411.60 8598217 442658  <0.001 **

(HPI)

Residuals 360 6992.66 19.42 - -

% < 0.001.

The Kruskal-Wallis test, a nonparametric alternative to the F-test, further corrob-
orates these findings. With a test statistic of 311.91 (p < 0.001), the Kruskal-Wallis test
confirms that the monthly distributions of housing prices and transaction volumes differ
significantly. Importantly, this test does not assume normality in the data, making it partic-
ularly robust for variables like “Houses Sold,” which may be affected by outliers or non-
normal distributions.

The results of a two-way ANOVA provide additional insights. Both the main effects
of Month (p < 0.001) and Year (p < 0.001) are statistically significant, indicating that sea-
sonal patterns persist across years but vary in magnitude. Furthermore, the significant
Month x Year interaction term (p < 0.001) suggests that the intensity and timing of seasonal
fluctuations have evolved over time, as detailed in the next section.

4.3. Evolution of Seasonal Patterns

The analysis indicates a notable shift in the timing and intensity of seasonal patterns
in recent years. Figure 1 highlights changes in the seasonal peaks and troughs for housing
sales activity. Historically, the peak in housing sales occurred in May or June. However,
in the post-2020 period, this peak has shifted to earlier months, such as March and April.
Similarly, inventory recovery, which traditionally began in March, now starts as early as
January or February.

The variable “Months’ Supply” provides further evidence of these shifting patterns.
Figure 1 shows that the peak inventory levels, which historically occurred in December,
have moved to October or November in recent years. These findings suggest that the sea-
sonal cycle of the U.S. housing market is gradually shifting forward, potentially reflecting
changes in consumer behaviour, macroeconomic conditions, or market dynamics following
the COVID-19 pandemic.

4.4. Regional Variations in Seasonality

As shown in Figure 4, the 95% confidence intervals around the regional seasonality
indices are relatively narrow, indicating that the ranking of regions by seasonal intensity
is robust over time. The Northeast and Midwest exhibit the most pronounced seasonal
fluctuations, with sharper declines in housing activity during the winter months. These
regions experience harsher weather conditions, which likely discourage transactions and
limit construction activity during colder months.

In contrast, the South and West regions demonstrate relatively weaker seasonality.
The milder climates in these areas allow for year-round construction and market activity,
reducing the amplitude of seasonal fluctuations. For example, in the South Atlantic region,
housing prices and sales volumes show a smaller seasonal drop during winter compared
to the Northeast or Midwest.
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Figure 4. Regional variation in the intensity of housing market seasonality in the HPI by Census division.

Regression analysis confirms these regional differences. The interaction term between
Seasonality and Region is significant (p < 0.001), indicating that the impact of seasonality
on housing prices varies geographically. For instance, the South Atlantic region shows
a positive interaction effect, suggesting that seasonal dynamics amplify price increases
more strongly in this region compared to the national average. Conversely, the West North
Central region exhibits a negative interaction effect, indicating weaker seasonal impacts on
housing prices.

To make these patterns more transparent, Table 4 summarises the timing and ampli-
tude of the seasonal peak in the HPI before and after the pandemic for each Census division
and for the United States as a whole. For each region and period (1991-2019 vs. 2020-2024),
we identify the calendar month with the highest average seasonal index and compute its
percentage deviation from the yearly mean. At the national level, the peak remains in June,
but its amplitude increases from 1.6% to 2.3%, indicating a more pronounced early-summer
“hot season”. Most regions also experience stronger peaks in the post-pandemic period,
with increases in peak seasonal indices of around 0.6-0.9 percentage points. In several
colder divisions (Mountain, Pacific, West North Central), the peak shifts from June or July
to May, while in East South Central it moves from June to July. Overall, Table 4 shows both
an intensification of seasonal peaks and a tendency for the hottest part of the year to occur
earlier in many colder regions.

Table 4. Timing and amplitude of seasonal peaks in the HPI by region.

) Peak Month Seasonal Ir:dex at Peak Month Seasonal Ir:dex at Change in Peak Change in Peak
Region (1991-2019) Peak (%, (2020-2024) Peak (%, Timing (months) Amplitude
1991-2019) 2020-2024) (percentage pts)
USA Jun 1.60 Jun 2.30 0.00 0.70
East North
Central Jun 2.00 Jun 2.80 0.00 0.80
East South
Central Jun 1.30 Jul 2.10 1.00 0.80
Middle Atlantic Jul 1.80 Jul 2.40 0.00 0.60
Mountain Jun 1.20 May 2.10 —1.00 0.90
New England Jun 1.80 Jun 2.60 0.00 0.80
Pacific Jul 1.20 May 2.00 —2.00 0.80
South Atlantic Jun 1.40 Jun 2.20 0.00 0.80
West North
Central Jul 1.80 May 2.50 —2.00 0.70
West South
Central Jun 1.40 Jun 2.10 0.00 0.70

Note: Seasonal index at peak is defined as: (Price NSA /Price SA — 1) x 100. Negative values of the change in
peak timing indicate that the post-pandemic peak occurs earlier in the year.
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4.5. Robustness of Results

The robustness of the results was evaluated using a series of sensitivity analyses and
diagnostic tests to ensure the findings are reliable and not influenced by data anomalies,
model misspecification, or structural changes in the housing market.

To determine whether outliers in housing price data influenced the regression results,
observations in the top and bottom 1% of the Housing Price Index (HPI) distribution were
excluded, and the models were re-estimated using the truncated dataset. This analysis
revealed that the exclusion of extreme observations had no substantive impact on the
findings. Key coefficients, such as the seasonal effect for July and January, changed only
marginally. For example, the coefficient for July decreased slightly from 0.062 (p < 0.001)
to 0.061 (p < 0.001), while the coefficient for January changed from —0.058 (p < 0.001) to
—0.057 (p < 0.001). Similarly, regional effects, such as the premium for the Pacific region,
remained stable at approximately 0.198. These results confirm that the findings are not
driven by extreme observations and reflect broader trends in the housing market.

In addition, residual diagnostics were conducted to evaluate whether the regression
model met the assumptions of linear regression, including homoscedasticity, normality,
and the absence of autocorrelation. The Breusch-Pagan test for heteroscedasticity yielded
a p-value of 0.21, indicating no evidence of heteroscedasticity. The Shapiro-Wilk test for
normality returned a p-value of 0.13, suggesting that the residuals approximate a normal
distribution. In addition, the Ljung-Box Q-test for autocorrelation showed no significant
results (p > 0.10), confirming that residuals are uncorrelated over time. Visual diagnos-
tic tools, including autocorrelation function (ACF) plots, histograms of residuals, and
Q-Q plots, visually supported these findings by showing no significant deviations from nor-
mality or randomness. Collectively, these results affirm that the regression model satisfies
the assumptions necessary for valid statistical inference.

5. Discussion

This study provides a comprehensive analysis of seasonal dynamics and regional
heterogeneity in the U.S. housing market, with a particular focus on post-pandemic shifts.
By leveraging data from 1991 to 2024 and employing advanced statistical techniques such
as X-13ARIMA-SEATS decomposition, the findings reveal significant changes in the timing
and intensity of seasonality as well as pronounced regional variations.

This study reveals that while seasonality remains a prominent feature of the U.S.
housing market, its patterns have undergone significant shifts in the post-pandemic period.
The findings indicate that the timing of seasonal peaks has advanced, with housing market
activity now reaching its zenith as early as March or April, compared to the traditional peak
in May or June. This shift aligns with observations by [22], who documented accelerated
seasonal cycles and amplified fluctuations in housing prices and sales volumes since the
pandemic. These changes are likely driven by a combination of altered consumer behaviour,
technological adoption facilitating year-round transactions, and lingering macroeconomic
adjustments. This evidence challenges the assumption of stable seasonality in traditional
housing market models and highlights the need for adaptive frameworks.

Regional heterogeneity emerges as a critical dimension of housing market seasonality.
Colder regions, such as the Northeast and Midwest, exhibit more pronounced seasonal
variations, with sharper declines in market activity during winter months. This finding
corroborates the work of Mahmud et al. [23], who attributed these pronounced fluctua-
tions to adverse weather conditions that limit transactions and construction activity. In
contrast, warmer regions, such as the South Atlantic and Pacific Coast, display milder
seasonal swings, reflecting year-round market participation. These results extend prior
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research by providing a detailed comparative analysis of seasonal dynamics across regions,
emphasizing how geographic and climatic factors shape local housing cycles.

The forward shift in seasonal peaks observed in this study also reflects structural
changes in market behaviour. Historically, the “spring boom” in housing activity was
closely tied to school calendars and weather-driven preferences. However, the earlier onset
of peak activity suggests that these traditional drivers may now be complemented by new
factors, such as heightened buyer urgency and changing migration patterns. This shift
aligns with Moser et al.’s [24] findings on increased demand for larger homes in suburban
areas during the pandemic, as remote work enabled greater geographic flexibility. By
shifting the timing of demand, these behavioural changes may have permanently altered
the seasonal rhythm of the housing market. The quantitative evidence in Table 4 reinforces
this interpretation. Before the pandemic, most divisions exhibited peak seasonal effects in
June or July with relatively moderate amplitudes, whereas after 2020 the peaks are stronger
and, in several colder regions, occur earlier in the calendar year. This combination of earlier
and more concentrated peak activity suggests that households and market participants face
tighter conditions in late spring and early summer, particularly in colder regions, while
warmer regions show more modest adjustments in both timing and amplitude.

Additionally, the study confirms the self-reinforcing nature of the “thick-market
effect,” as described by Hattapoglu and Hoxha [20]. During peak months, higher buyer
density contributes to increased bargaining power for sellers, driving both prices and
transaction volumes upward. However, the findings suggest that this effect is now more
pronounced in certain regions, such as the South Atlantic, where seasonal price increases
significantly exceed the national average. This regional amplification of the thick-market
effect underscores the importance of understanding local market dynamics, as a national-
level analysis may obscure critical geographic differences.

The study also highlights the limitations of traditional seasonal adjustment models,
such as X-12 and X-13ARIMA-SEATS, when applied to post-pandemic housing data. These
models assume relatively stable seasonal amplitudes and timing, which may not accurately
capture the amplified fluctuations and forward shifts observed in recent years. For example,
Mahmud et al. [23] noted that these models often under-correct for intensified seasonal
peaks, leading to overestimation of off-season activity. The present study reinforces this
critique by demonstrating that unadjusted seasonal components provide a clearer picture
of housing market dynamics, particularly in regions with strong climatic effects.

In comparing these results to pre-pandemic studies, it is evident that the resilience
of seasonality has persisted despite external disruptions. Earlier works, such as Novy-
Marx [14], emphasized the stability of seasonal cycles as a core feature of housing markets.
However, the current findings suggest that while the underlying seasonal structure remains
intact, its expression has evolved in both timing and intensity. This evolution highlights the
adaptability of housing markets to external shocks, such as the COVID-19 pandemic, and
underscores the importance of continuously monitoring these dynamics to inform both
policy and practice.

6. Conclusions

This study demonstrates that seasonality remains a defining feature of the U.S. housing
market, yet its nature is evolving. Using data from 1991 to 2024, the analysis confirms
the persistence of the spring/summer boom and winter slowdown, while highlighting
shifts in the timing and intensity of these patterns. Notably, seasonal peaks appear to have
shifted earlier, with evidence suggesting that March and April are increasingly critical
months in many markets. Regional heterogeneity further underscores the dynamic nature
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of seasonality, as colder regions exhibit more pronounced seasonal swings compared to
milder climates.

These findings carry important implications for market participants and policymakers.
First, timing strategies for buyers and sellers must adapt to the shifting seasonal window.
Sellers aiming to capitalize on peak demand may need to list earlier in the year, while
buyers seeking competitive opportunities may benefit from entering the market before
traditional peaks. For example, in colder regions, listing in May rather than July can attract
significantly more traffic. Second, policymakers and analysts should recalibrate seasonal
adjustment models to account for these changes. Outdated adjustment methods may
misinterpret trends, understating spring price growth or overstating summer slowdowns.
Recognizing regional diversity in seasonality can also improve policy targeting, such as
adjusting the timing of initiatives to address housing supply shortages or managing loan
demand surges during seasonal peaks.

Despite external disruptions such as the COVID-19 pandemic, the resilience of sea-
sonality highlights its importance in housing market dynamics. However, stakeholders
should be cautious about potential market instabilities. If widespread behaviour shifts
occur in response to perceived seasonal changes, such as earlier buying or selling, it could
amplify booms or slumps. Continuous monitoring of seasonal trends, along with research
into micro-level behavioural changes, remains essential to understanding and mitigating
these risks.

7. Limitations and Future Work

While this study provides valuable insights into the evolving nature of housing market
seasonality, it is subject to several limitations. First, the analysis relies on regional aggregate
data, which may mask finer local variations. Future research could focus on metropolitan-
level or property-level data to uncover sharper idiosyncrasies, such as whether individual
homes now achieve higher premiums in March compared to a decade ago.

Second, the methodological approach, based on X-13ARIMA-SEATS and classical
statistical tests, assumes relatively smooth and stable seasonal patterns. This might overlook
nonlinear or short-term fluctuations, particularly during periods of significant economic or
policy shifts. Advanced time-varying parameter models, such as state-space approaches,
could better capture gradual or abrupt changes in seasonality over time.

Third, the study primarily focuses on the for-sale housing market, without explicitly
addressing seasonality in rental or commercial real estate markets. Given that sectors like
apartment rentals exhibit distinct seasonal turnover patterns, future research could explore
the interaction between rental and for-sale markets to provide a more comprehensive
understanding of housing dynamics.

Lastly, while the study identifies shifts in seasonality and their potential drivers, it
does not quantitatively model these factors. The role of school calendars, credit conditions,
and demographic trends, among other factors, could be formally tested using structural
models, such as equilibrium frameworks incorporating seasonally varying search intensity
(e.g., Ngai & Tenreyro [25]). These extensions would enable a deeper exploration of the
underlying mechanisms driving seasonal changes, enriching the understanding of housing
market seasonality in a rapidly evolving environment.
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Appendix A

Table Al. Selected ARIMA(p,d,q)(P, D, Q), specifications for X-13ARIMA-SEATS.

Region (Census Division) ARIMA Specification Observations Transform
East North Central (NSA) (021)011) 405 log
East South Central (NSA) 311011 405 log
Middle Atlantic (NSA) (311)010) 405 log
Mountain (NSA) (111)011) 405 log
New England (NSA) 121011 405 log
Pacific (NSA) (121)011) 405 log
South Atlantic (NSA) (021)011) 405 log
West North Central (NSA) 121)011) 405 log
West South Central (NSA) (112)011) 405 log
USA (NSA) 211)011) 405 log

Note: All models are estimated using the X-13ARIMA-SEATS procedure via the seasonal package in R. Transform
denotes the transformation applied prior to estimation (log).

Table A2. Bai-Perron multiple structural break test for the seasonal index (optimal m+1 partitions).

m Breakdatel Breakdate2 Breakdate3 Breakdate4 Breakdate5
1 2009(2)

5 2009(6) 2017(9)

3 2004(1) 2009(1) 2017(10)

4 2004(2) 2009(2) 2014(9) 2019(9)

5 1999(2) 2004(2) 2009(2) 2014(9) 2019(9)

Note. HPI data, 1991-2024.
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