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Abstract

Housing market research has traditionally emphasized forecasting continuous price levels,
often overlooking the discrete regime shifts that more directly capture cyclical risk and
market turning points relevant to construction planning and investment decisions. This
study develops an interpretable machine learning framework to forecast monthly U.S.
housing market expansion and deceleration regimes one month ahead by integrating
macroeconomic, financial, and construction-related indicators with national housing price
data spanning January 1993 through March 2025. Feature selection and hyperparameter
tuning are conducted entirely within the training sample using time-series cross-validation,
ensuring that all reported performance metrics reflect genuine out-of-sample generalization.
Recursive feature elimination combined with variance inflation factor screening yields a
compact, seven-variable predictor set, with no macro-financial variable contributing an
incremental discriminatory signal. Five classification models spanning linear and tree-based
ensemble families are benchmarked under a strict temporal 80%:20% train–test split. Tree-
based ensemble models consistently outperform the linear baseline, with Random Forest
achieving the highest holdout AUC (0.932) and the most consistent deceleration detection
across nested cross-validation folds. To ensure methodological transparency, explainable AI
techniques, including SHapley Additive exPlanations, partial dependence, and individual
conditional expectation analyses, are employed to interpret both global and local predictive
associations underlying regime classification. Construction-related indicators, particularly
Construction Put in Place and Building Permits at short lag horizons, emerge as the
dominant supply-side predictive signals, outperforming macro-financial variables in regime
discrimination by a margin of 0.184 in training CV AUC. By shifting the analytical focus
from price forecasting to one-month-ahead regime prediction and integrating predictive
accuracy with economic interpretability, this study provides a transparent and scalable
framework for monitoring housing market cycles with direct applications to construction
risk management, procurement timing, and project planning.

Keywords: housing price index; expansion and deceleration regimes; machine learning;
explainable AI; SHAP; construction market dynamics; feature selection

1. Introduction
The housing market is a cornerstone of economic activity, serving as both a primary

asset for households and a major driver of national wealth [1]. Its dynamics are closely
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intertwined with the broader economy, influencing consumer spending, investment behav-
ior, and financial stability. In the United States (U.S.), housing-related activity accounts for
approximately 18% of gross domestic product (GDP), reflecting the combined effects of
residential investment and housing-driven consumption [2]. As a result, fluctuations in
housing markets extend well beyond real estate transactions, directly affecting household
wealth, budget constraints, and financial security, with broader implications for macroe-
conomic stability [3]. For construction firms, developers, and material suppliers, these
fluctuations translate directly into project pipelines, procurement costs, labor demand, and
capital exposure, making the identification of cyclical market states a practical operational
necessity rather than an academic abstraction [4].

Historically, periods of heightened housing market volatility have both reflected
and triggered broader financial disruptions, underscoring the importance of identifying
cyclical regime shifts rather than focusing solely on average price trends [5]. Despite
the centrality of expansion and deceleration dynamics in housing markets, existing ap-
proaches to modeling regime shifts have largely relied on econometric frameworks, such as
Markov-switching models [6], threshold autoregressive models [7], and smooth-transition
models [8]. These methods have made substantial contributions by formally characteriz-
ing regime dependence and nonlinear dynamics within parsimonious, theory-consistent
structures. However, their practical application often requires strong distributional as-
sumptions, a limited number of regimes, and predefined functional forms, which restrict
flexibility when modeling complex interactions among high-dimensional macroeconomic,
housing, and construction-related variables. Moreover, these frameworks rarely incorpo-
rate construction-sector indicators, such as material cost indices, permitting activity, or
inventory pipelines, despite the central role of supply-side dynamics in housing cycles.

Recent advances in machine learning offer a complementary, data-driven alternative
that relaxes these structural constraints. Tree-based ensemble models have been shown to
effectively capture nonlinearities, threshold effects, and higher-order interactions in housing
and financial markets, particularly when relationships are driven by multiple interacting
predictors and short-term dynamics [9–11]. While machine learning approaches do not
replace econometric regime-switching models, they provide a flexible framework for iden-
tifying regime patterns and assessing cyclical risk without pre-specifying the mechanisms
of regime transitions. Importantly, integrating Explainable Artificial Intelligence (XAI)
techniques, such as SHapley Additive exPlanations (SHAP), enables the recovery of eco-
nomically interpretable insights from these models, addressing concerns about transparency
and theoretical coherence [12,13]. To date, however, both machine learning and econometric
applications in housing research have concentrated almost exclusively on property-level
price prediction or macro-level price forecasting; the classification of market-level cyclical
regimes using construction-sector supply indicators remains largely unexplored.

Building on the regime-switching literature, this study develops an interpretable ma-
chine learning framework to forecast U.S. housing market expansion and deceleration
regimes one month ahead by integrating macroeconomic, financial, and construction-
related indicators with national housing price data. Feature selection and hyperparameter
tuning are performed entirely on the training sample, using time-series cross-validation
to ensure genuine out-of-sample evaluation. The study makes three contributions. First,
it reframes housing market analysis from continuous price forecasting to one-month-
ahead regime prediction, an operationalization more directly aligned with the discrete,
state-dependent decisions faced by construction stakeholders regarding project timing,
procurement, and cyclical risk management. Second, it provides a systematic comparison of
construction-sector and macro-financial indicators as competing predictor sets, employing
recursive feature elimination, multicollinearity screening, and feature-block ablation to
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assess their respective regime-discriminatory contributions. Third, by integrating SHAP,
partial dependence, and individual conditional expectation analyses within a rigorous
temporal evaluation framework, it delivers transparent, economically grounded explana-
tions of regime predictive signals that support practical decision-making for construction
managers and policymakers. The remainder of the paper reviews the relevant literature,
presents the data and analytical framework, reports the empirical results, and discusses
implications, limitations, and directions for future research.

2. Literature Review
2.1. Housing Market Expansion and Deceleration Regimes

Expansion and deceleration regimes in housing markets refer to alternating phases of
rapid price appreciation followed by stagnation or decline, reflecting cyclical dynamics that
extend beyond short-term fluctuations. The literature employs a variety of approaches to
identify these regimes. Agnello and Schuknecht (2011) examined 18 OECD countries from
1970 to 2007 and defined expansion and deceleration as significant deviations of real house
prices from long-run trends, showing that downturns tend to be sharper when preceded
by strong upswings [4]. Goodhart and Hofmann (2008) used a Markov-switching model
across 17 countries to demonstrate the presence of distinct price regimes linked to broader
macroeconomic conditions [14]. Wu et al. (2012) studied Chinese cities and identified per-
sistent overvaluation in major urban markets by benchmarking price-to-rent ratios against
fundamentals [15]. Tu et al. (2017) applied regime-switching analysis in the Netherlands,
concluding that conventional house price models often fail to capture the dynamics of
expansion and deceleration in regulated markets where affordability, tax regimes, and
supply constraints are central drivers [16]. More recent work by Schellekens and Yasseri
(2021) and Martínez (2025) underscores that mortgage debt growth and household lending
capacity are effective at anticipating transitions into expansion phases and forecasting the
severity of subsequent decelerations [17,18].

2.2. Economic Drivers of Housing Market Dynamics

Credit availability and financing costs are among the most consistently identified
drivers of housing market cyclicality. Across 18 industrialized countries, evidence indi-
cates that controlling credit growth, adjusting interest rates, and strengthening regulatory
frameworks during expansion can mitigate the severity of subsequent downturns [4]. Cross-
country evidence similarly documents synchronized housing price cycles across advanced
economies, with common macro-financial conditions amplifying domestic price dynamics
and increasing the likelihood of concurrent boom-and-bust episodes [19]. At the national
level, mortgage lending, interest rates, income, and the money supply jointly drive both
long- and short-run price movements, as demonstrated by cointegration analysis of the
United Kingdom from 1983 to 2011 [20]. Capital inflows operate through a related channel:
foreign investment raised house prices in England and Wales, particularly for high-value
properties, while reducing affordability and long-term vacancies [21]. In emerging markets,
fiscal and demographic forces complement credit conditions, with GDP, population growth,
and property taxation identified as key determinants in Malaysia [22].

2.3. Housing Market Fundamentals

The flow of new construction and the availability of housing inventory govern near-
term supply elasticity and price pressures, and their exclusion from regime models repre-
sents a significant gap in the literature. Co-integration and vector error correction analysis
of Turkish cities from 2010 to 2020 found that mortgage credit volume strongly influenced
demand, while permitting activity, interest rates, and construction costs shaped supply
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responses [23]. In Lithuania, new supply, interest rates, inflation, mortgage conditions, and
construction costs ranked among the most influential drivers of housing market fluctua-
tions from 2005 to 2015 [24]. A long-run dataset spanning advanced economies from 1870
to 2012 confirmed that GDP, population growth, and construction costs consistently drive
housing price cycles across institutional contexts [25]. In Sweden, land prices and build-
ing policies determine the extent of cost pass-through, even when interest rates, income,
and population dominate price formation [1]. At the micro level, physical and locational
characteristics, including infrastructure quality, environmental conditions, home age, size,
and coastal proximity, exert strong cross-sectional valuation effects [26,27], though these
factors evolve slowly and contribute less to explaining cyclical regime transitions at the
market level.

2.4. Methodological Advancements in Housing Market Analysis

Machine learning has expanded the housing analysis toolkit by enabling flexible
modeling of nonlinear relationships and high-dimensional sets of predictors. Reviews of the
field indicate that regression and hedonic models remain dominant while flexible learners
are comparatively underused despite their accuracy advantages [9]. The benchmarking
evidence is consistent: ensemble methods outperform linear baselines in housing price
prediction across diverse settings, including Boston [28], Bengaluru [29], Chicago [11], and
Ames [10]. The Chicago study is particularly relevant because it paired XGBoost prediction
with SHAP-based interpretation, identifying square footage, tax burden, and room counts
as dominant valuation drivers, an early demonstration that explainability techniques can
recover economically meaningful structure from ensemble models [11]. Researchers have
also incorporated behavioral signals: online search intensity predicts subsequent price
growth in U.S. cities [30], and search-based indices capture latent demand that anticipates
price changes through market frictions [31].

2.5. Research Gaps

Synthesizing this literature, three gaps motivate the present study. First, despite the
demonstrated importance of expansion and deceleration dynamics, the overwhelming
majority of housing studies forecast continuous price levels or growth rates rather than
discrete regime states, an objective misaligned with the state-dependent decisions faced by
construction firms, developers, and policymakers. The regime identification studies that do
exist rely on econometric frameworks whose distributional assumptions and prespecified
functional forms limit their capacity to exploit high-dimensional, interacting predictors.
Second, construction-sector indicators, including material cost indices, permitting activity,
and inventory pipelines, are largely absent from both econometric regime studies and
machine learning housing applications, despite the supply-side literature’s consistent iden-
tification of these variables as central to cyclical behavior. Third, machine learning has been
applied almost exclusively to property-level price prediction; regime classification using
these methods has rarely been attempted, and no study has systematically benchmarked
machine learning classifiers for this task with construction-related indicators under tempo-
rally rigorous evaluation. This study addresses these gaps by developing an interpretable
machine learning framework for classifying U.S. housing market expansion and decelera-
tion regimes, integrating construction cost and supply indicators alongside macroeconomic
and financial variables, and applying explainable artificial intelligence (AI) to recover the
economic predictive signals of regime transitions.
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3. Materials and Methods
This study integrates regime identification, feature engineering, supervised classifica-

tion, and model interpretability to analyze cyclical dynamics in the U.S. housing market.
Figure 1 presents the overall methodological flow. Monthly price change data derived
from the Federal Housing Finance Agency (FHFA) House Price Index (HPI), together with
macroeconomic, financial, and construction-related indicators, are used to classify housing
market conditions into expansion and deceleration regimes. Lagged features spanning 1 to
3 months are constructed to capture short-term adjustment dynamics, and a temporally
ordered train–test split preserves the data’s chronological structure to prevent information
leakage. Feature selection and multicollinearity control are performed using Recursive
Feature Elimination (RFE) and Variance Inflation Factors (VIFs). Five classification models,
Logistic Regression, Random Forest (RF), Gradient Boosting (GB), eXtreme Gradient Boost-
ing (XGBoost), and Light Gradient Boosting Machine (LightGBM), are benchmarked using
accuracy and the Area Under the Receiver Operating Characteristic Curve (ROC-AUC).
The classifier achieving the strongest out-of-sample performance is then interpreted using
SHAP values, partial dependence (PD) plots, and individual conditional expectation (ICE)
analyses to assess global and local feature contributions.

Figure 1. Flowchart of Research Methodology.

https://doi.org/10.3390/buildings16153000

https://doi.org/10.3390/buildings16153000


Buildings 2026, 16, 3000 6 of 26

3.1. Scope and Data Selection

This study focuses on the U.S. national housing market and employs the FHFA
purchase-only HPI as the primary measure of housing price dynamics. The national-
level scope is intentionally selected to align with the study’s objective of developing and
validating a regime-classification framework driven by macroeconomic, financial, and
construction-related indicators that operate predominantly at the aggregate level. National
housing dynamics are particularly relevant to construction management and policy anal-
ysis due to integrated mortgage markets, nationally synchronized monetary policy, and
supply chains for construction materials and labor that span regional boundaries.

Substantial spatial heterogeneity characterizes U.S. housing markets, with cyclical
behavior, supply constraints, and price volatility varying considerably across states and
metropolitan areas. Incorporating sub-national variation would require a fundamentally
different modeling framework to account for localized regulatory environments, demo-
graphic conditions, and land-use constraints. Such extensions fall outside the scope of the
present study and are reserved for future research. The national-level analysis is positioned
as a foundational step for regime identification, upon which regional and metropolitan
analyses can be systematically developed.

The FHFA purchase-only HPI is selected for several methodological advantages rel-
evant to regime-based analysis. The index is constructed using a weighted repeat-sales
methodology that controls for quality changes in housing units over time, reducing compo-
sitional bias. The purchase-only specification excludes refinancing transactions, which may
introduce volatility unrelated to underlying housing market conditions. The FHFA HPI
also provides a long, consistent monthly time series with broad national coverage, making
it well-suited for machine learning applications that rely on temporal continuity and stable
regime identification.

Alternative indices, such as the S&P/Case–Shiller and Zillow Home Value Index,
differ in scope, construction, and coverage. Case–Shiller indices focus primarily on selected
metropolitan areas and therefore offer limited national representativeness, whereas Zillow
indices rely on proprietary automated valuation models that may be revised algorithmically
over time. In contrast, the FHFA HPI offers transparent methodology, comprehensive
coverage, and measurement stability, which are essential for identifying cyclical expansion
and deceleration regimes rather than short-term price fluctuations.

3.2. Research Objective, Questions, and Hypotheses

The primary objective of this study is to examine whether macroeconomic and
construction-related indicators can be used to classify expansion and deceleration regimes
in the U.S. housing market using machine learning techniques, and to evaluate the inter-
pretability of such models in explaining cyclical housing dynamics.

To achieve this objective, the study is guided by the following research questions:

RQ1. Can macroeconomic and construction-related indicators accurately classify expansion and
deceleration regimes in U.S. housing prices using machine learning models?

RQ2. Do tree-based ensemble machine learning models outperform traditional linear classifiers in
predicting housing market regime transitions under nonlinear and interaction-driven dynamics?

RQ3. Which macroeconomic, housing supply, and construction cost variables exert the great-
est influence on regime classification, and how can their effects be interpreted using explainable
AI methods?

Based on prior research on housing cycles, construction market dynamics, and machine
learning applications, the following hypotheses are formulated:
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H1. Tree-based ensemble machine learning models achieve higher predictive accuracy in classifying
housing market expansion and deceleration regimes than linear classification models.

H2. Construction-related indicators, including construction material costs and housing supply
measures, exhibit stronger predictive influence on housing market regime transitions than macro-
financial indicators alone.

H3. SHAP-based explainability analysis recovers stable, economically meaningful importance
rankings for the key signals of housing market regime classification, with construction-related
indicators ranking consistently higher than macro-financial variables across cross-validation folds.

3.3. Data Collection and Processing

Monthly percentage changes in the U.S. HPI (HPI_Change) were used to characterize
cyclical housing market conditions and to classify observations into two regimes: expansion
and deceleration. The classification threshold was set at the median of HPI_Change over
the full study period, partitioning months of above-median price momentum into the
expansion regime and months of below-median or negative momentum into the decel-
eration regime. This median-based partition is consistent with data-driven approaches
to regime classification employed in the housing-cycle literature [18,19] and ensures a
balanced representation of cyclical states without imposing an arbitrary fixed threshold.
The median-based partition captures the cyclical momentum dimension of housing market
regimes rather than the level dimension. During the 1993–2025 study period, U.S. house
prices appreciated broadly, making sustained above-trend momentum the economically
meaningful definition of an expansion rather than absolute price growth. This approach is
directly analogous to business-cycle dating methods that define recessions as periods of
below-trend growth rather than absolute output decline [32] and to housing-cycle identifica-
tion approaches that partition price growth relative to long-run trends [4]. All analyses were
conducted in Python (v3.11) using the following libraries: scikit-learn (v1.3.0), XGBoost
(v1.7.6), LightGBM (v4.0.0), SHAP (v0.42.1), pandas, and NumPy.

Based on this classification, expansion regimes accounted for 207 months (53.6%) with
an average monthly growth rate of 0.49%, while deceleration regimes comprised 179 months
(46.4%) with an average monthly growth rate of 0.24%. Both regimes exhibit positive
average growth, reflecting the broadly appreciating trajectory of U.S. house prices over
the 1993–2025 study period; the deceleration regime captures periods of materially weaker
momentum rather than outright price decline, consistent with the cyclical deceleration
phases documented in long-run housing datasets [25]. These regimes were encoded as
a binary target variable (Regime_Label), where expansion = 1 and deceleration = 0, and
served as the dependent variable for a one-month-ahead forecasting design in which
predictor information does not overlap the period being classified [19,32].

The national FHFA HPI, constructed using a weighted repeat-sales methodology, was
employed to ensure consistency over time and to control for quality differences across
housing units [33,34]. The analysis draws on monthly national-level data spanning January
1993 through March 2025, yielding 386 monthly observations. Following first-differencing
to compute month-over-month HPI change and the introduction of 1-, 2-, and 3-month
lag structures, the effective analytical sample comprises 383 observations beginning in
May 1993. Although housing markets are inherently local, this study adopts a national
framework to capture system-wide dynamics relevant to construction management and
policy, including integrated capital markets, nationwide supply chains, and synchronized
movements in construction materials and labor costs. This aggregation facilitates robust
regime detection and model validation, while regional and metropolitan extensions are
explicitly identified as an important avenue for future research.
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To capture short-term adjustment dynamics associated with construction activity,
material costs, and financing conditions, lag structures of one, two, and three months
were constructed for all indicators. Throughout this study, the notation t − 1, t − 2, and
t − 3 denotes the value of a given indicator lagged by one, two, and three months, re-
spectively, reflecting the time elapsed between the predictor observation and the month
being classified. To ensure a genuine forecasting design, predictors are constructed at
lags t, t − 1, t − 2, and t − 3 relative to the forecast origin month, while the classification
target corresponds to the regime state at t + 1, ensuring that no predictor shares a reference
month with the label it forecasts. Unlike long-horizon price forecasting, regime shifts often
emerge from near-term shocks and feedback effects rather than slow-moving fundamen-
tals, and prior studies in financial and housing time-series modeling similarly emphasize
short-lag structures for directional or regime-based prediction [35,36]. Observations with
missing values introduced by lag construction were removed. A strict temporal 80%:20%
train–test split was implemented, with the training set comprising the earlier portion of
the sample (May 1993–September 2018, n = 305) and the test set comprising the most
recent observations (October 2018–February 2025, n = 77), ensuring that all predictions are
generated strictly out-of-sample. The training set was used exclusively for feature selection,
hyperparameter tuning, and model fitting, while the test set was held out entirely for final
performance evaluation.

A comprehensive set of macroeconomic, financial, and construction-related indicators
was assembled to capture the multiple dimensions that influence U.S. housing market
dynamics (Table 1). Housing supply conditions were represented by Building Permits
and New Privately Owned Houses for Sale, while the Value of Construction Put in Place
captured overall construction-sector activity. Construction input costs and material price
pressures were measured using the Consumer Price Index (CPI) for Single-Family Houses
Under Construction and the suite of Engineering News-Record (ENR) cost indices, includ-
ing the Construction Cost Index (CCI), Building Cost Index (BCI), and Materials Price Index
(MPI). Labor market conditions were captured through the ENR Skilled Labor Index (SLI),
the ENR Common Labor Index (CLI), and the Unemployment Level, reflecting wage pres-
sures and employment conditions that affect both housing demand and construction costs.

Table 1. Input Variables Used in Housing Price Index Analysis.

Category Variable Definition Units Source

Supply &
Construction

Activity

Building Permits

Number of new
residential building

permits issued in the U.S.,
a forward-looking

housing supply indicator

Number of permits U.S. Census Bureau

New Privately
Owned Houses for

Sale

Number of new privately
owned homes listed for
sale, proxy for housing

inventory

Number of homes U.S. Census Bureau

Value of
Construction Put in

Place (Total
Construction)

Total monthly value of
construction placed,

captures overall
construction industry

activity

USD
(million
/billion)

U.S. Census Bureau
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Table 1. Cont.

Category Variable Definition Units Source

Labor Market &
Wages

ENR Skilled Labor
Index (SLI)

Tracks wage rate changes
for skilled trades (e.g.,
bricklayers, carpenters,
ironworkers), including

fringe benefits

Index (base = 100) ENR

ENR Common Labor
Index (CLI)

Tracks wage rate changes
for unskilled (common)
labor, including fringe

benefits

Index (base = 100) ENR

Unemployment
Level

Total number of
unemployed individuals

in the U.S. labor force

Thousands of
persons

Bureau of Labor
Statistics (BLS)

Construction Costs
& Materials

ENR Construction
Cost Index (CCI)

Tracks cost changes in
construction inputs

(unskilled labor, cement,
structural steel, lumber)

across 20 U.S. cities

Index (base = 100) ENR

ENR Building Cost
Index (BCI)

Similar to ENR CCI but
incorporates skilled labor
instead of common labor

Index (base = 100) ENR

ENR Materials Price
Index (MPI)

Measures weighted price
changes in key building

materials, including steel,
cement, and lumber

Index (base = 100) ENR

CPI for Single-Family
Houses Under
Construction

Consumer Price Index
tracking price changes for

single-family houses
under construction

Index (base = 100) BLS

Monetary & Credit
Conditions

30-Year Fixed-Rate
Mortgage Average

Average interest rate on
30-year fixed-rate

mortgages
Percent (%) Federal Reserve

Bulletin

Federal Funds
Effective Rate

Interest rate banks charge
each other for overnight
loans, benchmark set by
the U.S. Federal Reserve

Percent (%) Federal Reserve
System

Macroeconomic
Indicators

CPI for All Urban
Consumers (CPI-U)

Broad consumer price
index measuring average
price changes over time
for goods and services

purchased by urban
households

Index (base = 100) BLS

Household
Finances Personal Saving Rate

Percentage of disposable
personal income that

households save,
indicator of financial

posture

Percent (%) Bureau of
Economic Analysis

Broader macroeconomic and financial conditions were represented by the Consumer
Price Index for All Urban Consumers (CPI-U), the 30-Year Fixed-Rate Mortgage Average,
and the Federal Funds Effective Rate, which jointly capture inflationary pressures, borrow-
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ing costs, and monetary policy stance. The Personal Saving Rate was included to reflect
households’ financial capacity and potential participation in the housing market. Together,
these indicators provide a balanced representation of supply, demand, cost, and macro-
financial forces shaping national housing price regimes. Figure 2 illustrates the national
HPI series and its month-over-month percentage change, highlighting long-term growth
trends alongside major episodes of volatility, including the 2007–2009 global financial crisis
and the 2020–2022 pandemic-era housing market surge.

Figure 2. U.S. Housing Price Index and Month-over-Month Percentage Change (January 1993–March
2025).

3.4. Feature Selection and Multicollinearity Control

RFE and VIF screening are employed as model-agnostic preprocessing steps to reduce
dimensionality, improve stability, and enhance interpretability rather than to optimize
any specific classifier. Although tree-based ensemble methods are less sensitive to multi-
collinearity than linear models, correlated predictors can still inflate the variance of feature-
importance measures and complicate the economic interpretation of model outputs. The
combined RFE-VIF procedure, therefore, identifies a compact, non-redundant feature set
that supports consistent and interpretable comparisons across all benchmarked classifiers.

RFE iteratively removes the least important variables based on model-assigned impor-
tance scores, establishing a stable predictor ranking and ensuring that weak contributors are
excluded early to improve parsimony [37]. A top-k search (k = 1 to 30) was then conducted
to identify the subset size that best balanced predictive performance and model stability.
Candidate subset sizes were evaluated using five-fold TimeSeriesSplit cross-validation on
the training set only, with each fold expanding the training window chronologically to pre-
vent future information from leaking into feature selection. The subset achieving the highest
training cross-validated ROC-AUC was selected as the optimal feature count [38,39].

The retained predictors were subsequently screened for multicollinearity using VIF.
VIF measures the degree to which each predictor’s variance is inflated by its correlation
with the remaining predictors, calculated as:

VIFj =
1

1 − R2
j

(1)

where R2
j is the coefficient of determination from the regressing predictor Xj on all other

predictors. Values above 10 are widely considered indicative of problematic multicollinear-
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ity and warrant variable removal [40,41]. This screening step was particularly impor-
tant to ensure that retained predictors represent distinct economic predictive signals of
regime dynamics rather than redundant proxies for the same underlying process, which
would otherwise destabilize feature-importance rankings across cross-validation folds. By
combining RFE with VIF screening, the study produced a compact, non-redundant, and
interpretable set of predictors that provided a stable foundation for benchmarking the five
classification models.

3.5. Model Benchmarking

To evaluate the ability of different modeling approaches to classify expansion and
deceleration housing market regimes, this study benchmarked five classification algorithms:
Logistic Regression, Random Forest, Gradient Boosting, XGBoost, and LightGBM. These
models were selected not simply to compare algorithmic performance, but to examine how
differing assumptions about linearity, feature interactions, and regularization affect regime
prediction in a housing market shaped by construction costs, supply pipeline dynamics,
and macro-financial conditions. Logistic Regression serves as a linear baseline, providing
an interpretable benchmark against which the gains from nonlinear ensemble methods
can be quantified. The four tree-based ensemble models collectively represent the state of
practice in tabular classification and span a range of ensemble strategies, from independent
bagging in Random Forest to sequential residual correction in Gradient Boosting, XGBoost,
and LightGBM.

Expansion and deceleration regimes reflect nonlinear, threshold-driven behavior rather
than a smooth price evolution. Housing markets often respond asymmetrically to shocks:
increases in construction material prices may trigger rapid expansion conditions when
supply is constrained, while elevated inventories or tightening credit conditions may precip-
itate abrupt transitions into deceleration phases. Capturing such dynamics requires models
capable of learning interaction effects, lagged responses, and regime-specific sensitivities,
capabilities that extend beyond the linear log-odds structure of traditional econometric
classifiers and motivate the inclusion of progressively more flexible ensemble architectures
in the benchmark suite.

All models were trained on the final feature set obtained from the feature selection
process. Hyperparameter tuning focused on controlling model complexity and mitigating
overfitting, given the temporally structured nature of regime observations. The parameters
governing tree depth, number of estimators, learning rate, and regularization strength
were optimized using cross-validation on the training data, with the tuned configurations
held constant across all subsequent evaluation steps. Model performance was assessed on
the held-out test set using classification accuracy and ROC-AUC, enabling a robust and
consistent comparison of predictive accuracy and out-of-sample generalization across all
five classifiers.

3.5.1. Logistic Regression (Baseline)

Logistic Regression was employed as a baseline model, serving as a conventional,
fully interpretable approach to regime classification. In the context of housing markets,
logistic models have been widely used to estimate the probability of expansionary versus
contractionary phases based on macroeconomic indicators [42–44]. The model specifies the
log-odds of an expansion regime as a linear function of the predictors:

Logit(p) = ln
(

p
1 − p

)
= β0 + ∑m

i=1 βixi (2)
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where p is the predicted probability of an expansion regime, xi represents the retained
predictor variables, and βi is the estimated coefficient [40,44]. Positive coefficients increase
the predicted likelihood of an expansion, while negative coefficients are associated with
deceleration conditions, offering direct interpretability of how supply, cost, and macro-
financial variables contribute to regime classification. For example, a positive coefficient on
lagged construction material costs would indicate that rising input prices are associated
with higher expansion probability, while a negative coefficient on housing inventory would
signal that elevated supply exerts downward pressure on regime momentum.

To improve generalization and reduce coefficient instability arising from correlated
predictors, L2 regularization was applied, with the penalty strength (λ) selected via cross-
validation on the training data [45]. Despite this regularization, Logistic Regression remains
constrained by its linear log-odds structure, which limits its ability to capture nonlinear
responses, threshold effects, and higher-order interactions that are characteristic of housing
and construction market dynamics. These limitations motivate the inclusion of more
flexible, nonlinear ensemble methods in the benchmark suite.

3.5.2. Tree-Based Ensemble Methods

Tree-based ensemble methods were applied to better reflect the nonlinear, interaction-
driven nature of housing market expansion and deceleration regimes. Decision trees
recursively partition the predictor space, allowing the models to learn regime bound-
aries that depend on combinations of variables rather than additive linear effects. This
property is particularly important in housing markets, where regime transitions often
arise from the joint influence of construction cost pressures, supply constraints, and
macro-financial conditions.

Random Forest aggregates predictions from multiple decision trees built on bootstrap
samples and random subsets of predictors. In the context of housing regime classifica-
tion, this approach improves robustness and reduces variance by averaging across many
alternative representations of market dynamics [28,46]. However, because Random For-
est averages across trees, it may smooth sharp regime boundaries, potentially limiting
its sensitivity to abrupt transitions triggered by sudden changes in construction costs or
inventory levels.

Gradient Boosting addresses this limitation by building trees sequentially rather than
independently, with each successive tree focusing on correcting the misclassifications
of prior iterations. This learning strategy is well-suited to regime detection, where ob-
servations near transition points, such as the onset of an expansion following sustained
cost escalation, are particularly informative. By iteratively refining decision boundaries,
Gradient Boosting improves the model’s ability to detect subtle early signals of regime
change [47,48].

XGBoost extends Gradient Boosting by incorporating explicit regularization and
parallel computation, improving generalization and computational efficiency. In housing
market applications, XGBoost has demonstrated strong performance in capturing nonlinear
relationships between prices, supply, and macroeconomic variables while controlling
overfitting [10,11,49,50]. LightGBM further enhances the Gradient Boosting framework
through a leaf-wise tree growth strategy and histogram-based split finding. Rather than
expanding trees level by level, LightGBM focuses growth on regions of the predictor space
that yield the greatest reduction in classification error. This property allows the model
to more precisely capture threshold-driven regime dynamics, such as sharp increases in
expansion probability once lagged construction material costs or permitting activity exceed
critical levels. These characteristics make LightGBM particularly well-suited for identifying
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housing market regimes driven by nonlinear responses and lagged construction-sector
signals [51,52].

Across all four ensemble models, hyperparameters, including learning rate, tree depth,
number of estimators, and regularization terms, were optimized via cross-validation on
the training data. Early stopping was applied where available to prevent overfitting and
ensure stable out-of-sample performance.

3.6. Model Interpretation

To assess whether model performance and feature importance rankings are stable
across diverse historical sub-periods rather than artifacts of a single train–test split, a nested
time-series cross-validation analysis was conducted. The full sample was divided into five
sequential, non-overlapping outer folds using TimeSeriesSplit, with each fold comprising
a training window and a held-out test window that always follows the training period
chronologically. Within each outer fold, the complete pipeline, including RFECV feature
selection, VIF screening, and hyperparameter tuning, was repeated from scratch using
only that fold’s training data, with an inner TimeSeriesSplit applied for all internal cross-
validation steps. Each tuned model was then evaluated exactly once on that fold’s held-out
test window, which played no role in feature selection, tuning, or threshold selection. This
nested structure ensures that each fold’s results are fully independent and leakage-free,
providing five replications of the complete analysis across the pre-crisis expansion, the
global financial crisis, the post-crisis recovery, the low-rate expansion, and the pandemic
and rate-shock correction periods. The mean and standard deviation of holdout AUC and
Recall across the five folds are reported as measures of cross-episode stability.

While flexible ensemble models can capture complex nonlinear and interaction-driven
dynamics, their flexibility can obscure direct economic interpretation. To address this
trade-off and avoid treating the models as black boxes, this study integrates SHAP with
partial dependence (PD) and individual conditional expectation (ICE) analyses to recover
economically meaningful insights from complex classifiers [12,13,53].

Using SHAP with TreeExplainer, each model prediction is decomposed into additive
contributions from individual predictors:

f (x) = ϕ0 +
m

∑
i=1

ϕi (3)

where f (x) is the predicted probability of an expansion regime for a given month, ϕ0 is the
baseline expectation representing the average expansion likelihood across the sample, and
ϕi represents the marginal contribution of predictor i to that individual prediction [12]. This
framework enables both global interpretations, identifying the most influential construction
and macroeconomic signals of regime classification across the full test set, and local inter-
pretations, explaining specific regime outcomes for individual months. Cross-validated
SHAP stability analysis further assesses whether importance rankings are consistent across
training folds or sensitive to particular historical episodes, distinguishing robust signals
from estimation artifacts. It is important to note that SHAP values quantify the statistical
association between each predictor and the model’s classification output and do not es-
tablish causal relationships between construction-sector conditions and housing market
regimes. All interpretations of SHAP results should therefore be understood as predictive
associations consistent with economic theory rather than as evidence of causal direction.

PD and ICE plots complement SHAP by illustrating how predicted regime probabili-
ties respond to changes in individual predictors across their observed ranges, revealing
nonlinear threshold effects and heterogeneous sensitivities that aggregate importance mea-
sures cannot capture [13,54]. Together, these interpretability tools ensure that predictive
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accuracy is paired with transparent, economically grounded explanations, aligning the
analysis with the needs of construction managers and policymakers seeking actionable
signals of cyclical regime transitions [55]. To ensure reproducibility, all stochastic ele-
ments, including model initialization and SHAP computation, were controlled using fixed
random seeds.

4. Results
4.1. Feature Selection

RFE with logistic regression was used to rank predictors by their contribution to
the classification of expansion and deceleration regimes. As shown in Table 2, the top-
ranked predictors are led by the seven variables jointly selected at the optimal subset size:
Building Permits (contemporaneous and one-month lag), Value of Construction Put in
Place for Total Construction (two- and three-month lags), CPI for Single-Family Houses
Under Construction (one-month lag), and two autoregressive regime-persistence features
capturing the realized regime state at the forecast origin and one month prior.

Table 2. RFE-Based Ranking of Top 20 Predictors for Expansion and Deceleration Regime Classifica-
tion.

Rank Feature

1 Building Permits

2 Building Permits (t − 1)

3 Value of Construction Put in Place for Total Construction (t − 2)

4 Value of Construction Put in Place for Total Construction (t − 3)

5 CPI for Single-Family Houses Under Construction (t − 1)

6 Realized Regime State (t)

7 Realized Regime State (t − 1)

8 ENR CLI

9 ENR BCI

10 ENR CCI

11 Building Permits (t − 2)

12 Consumer Price Index for All Urban Consumers (t − 1)

13 Consumer Price Index for All Urban Consumers

14 Value of Construction Put in Place for Total Construction (t − 1)

15 Value of Construction Put in Place for Total Construction

16 ENR CCI (t − 2)

17 New Privately Owned Houses for Sale (t − 3)

18 Personal Saving Rate (t − 3)

19 30-Year Fixed-Rate Mortgage Average (t − 1)

20 Consumer Price Index for All Urban Consumers (t − 2)

Candidate subset sizes were evaluated using five-fold time-series cross-validation on
the training set only, with each fold’s validation set following its training set chronologically
to prevent future information from leaking into feature selection. As shown in Figure 3,
cross-validated ROC-AUC peaked at seven retained features (AUC = 0.825), indicating that
a subset of seven variables provided the optimal balance between predictive performance
and model parsimony.
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Figure 3. Cross-Validated ROC-AUC by Number of Retained Features.

VIF analysis was performed to check for multicollinearity among the seven RFECV-
selected predictors. Unlike the pre-revision analysis, in which several construction and
cost indicators exhibited near-perfect collinearity with their own lags (VIF exceeding 800
in one case) because raw indicator levels were lagged directly, the current analysis first
transforms all base indicators to period-over-period percentage change, or first difference,
for indicators already expressed as rates, before lagging. This transformation removes
the adjacent-lag redundancy that previously drove extreme VIF values: all seven RFECV-
selected predictors already met the 10 threshold without requiring any iterative removal,
with VIF values ranging from 1.30 to 3.13 (Table 3).

Table 3. VIF of RFECV-Selected Predictors (Threshold = 10).

Variable VIF

Realized Regime State (t − 1) 3.13

Realized Regime State (t) 2.63

Value of Construction Put in Place for Total Construction (t − 3) 2.06

Value of Construction Put in Place for Total Construction (t − 2) 1.93

Building Permits 1.40

CPI for Single-Family Houses Under Construction (t − 1) 1.38

Building Permits (t − 1) 1.30

Both Building Permits and its one-month lag were retained, reflecting distinct but
complementary aspects of housing supply dynamics: contemporaneous permitting activity
captures current market conditions, while the one-month lag captures the delayed trans-
mission of permitting decisions into subsequent supply and price movements. Similarly,
both the two- and three-month lags of Value of Construction Put in Place for Total Con-
struction were retained, capturing the cumulative effect of construction spending over
a longer window rather than a single lag. The two autoregressive regime-persistence
features, the realized regime state at the forecast origin and one month prior, were also
retained, consistent with the strong regime persistence documented in the walk-forward
validation. Together, the retained variables represent construction activity, construction
cost, and regime-persistence indicators, offering a parsimonious and interpretable input
space for model development.
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4.2. Model Development Results

Five classification algorithms were trained on the final seven-variable feature set and
evaluated on both training and test datasets (see Table 4). Random Forest achieved the
highest test AUC (0.9319) and tied with XGBoost for the highest test accuracy (0.8701), indi-
cating strong discrimination between expansion and deceleration regimes with balanced
precision (0.8571) and recall (0.9333). XGBoost delivered nearly identical performance,
matching Random Forest in accuracy, F1 (0.8936), precision, and recall, with a slightly
lower AUC (0.9194). Gradient Boosting exhibited more uneven behavior, combining high
precision (0.9333) with substantially lower recall (0.6222) and accuracy (0.7532), suggesting
under-identification of one regime despite confident positive predictions. The baseline
logistic regression model, while offering interpretability advantages, achieved moderate
predictive performance (test accuracy = 0.8442; test AUC = 0.9111) with balanced precision
and recall (0.8667 each). LightGBM showed more modest results in this evaluation (test
accuracy = 0.8052; test AUC = 0.9014), with lower recall (0.8000) relative to the other en-
semble methods. Overall, the ensemble tree-based models, particularly Random Forest
and XGBoost, outperformed the baseline, offering the best balance of predictive accuracy,
discrimination, and generalization, making them the preferred models for interpretation
and further analysis.

Table 4. Results of Model Comparisons.

Model AUC Accuracy F1 Precision Recall

Random Forest 0.932 0.87 0.894 0.857 0.933

Gradient
Boosting 0.927 0.753 0.747 0.933 0.622

XGBoost 0.919 0.87 0.894 0.857 0.933

Logistic
Regression 0.911 0.844 0.867 0.867 0.867

LightGBM 0.901 0.805 0.828 0.857 0.8

To complement the holdout evaluation and address concerns about performance relia-
bility, two additional validation analyses were conducted. First, walk-forward validation
using an expanding window, beginning with 60% of the sample and advancing in 12-month
steps, yielded a model AUC of 0.893 and accuracy of 0.838, compared to a persistence
baseline accuracy of 0.844. The model’s walk-forward AUC of 0.893 confirms genuine pre-
dictive skill beyond naive regime persistence. Second, nested time-series cross-validation
across five non-overlapping historical windows (Table 5) shows Random Forest achieving
a mean holdout AUC of 0.836 (SD = 0.104) and mean Recall of 0.823 (SD = 0.078), the
most consistent performance across all models, confirming that the holdout result reflects a
generalizable regime-discriminatory signal rather than period-specific overfitting.

Figure 4 presents an example decision tree extracted from the Random Forest model at
a maximum depth of three levels, illustrating the threshold-based decision logic underlying
the ensemble classifier. The root node splits on AR Regime (lag 0), reflecting the dominant
role of prior regime state in one-month-ahead prediction. Subsequent splits incorporate
Construction Put in Place and Building Permits lags, demonstrating how the model com-
bines regime persistence with construction supply-side signals to partition observations
into expansion and deceleration classifications. This single tree is shown for interpretability
purposes and is representative of the ensemble logic, though individual trees within the
Random Forest may vary in structure.
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Table 5. Nested Time-Series Cross-Validation Stability Results (5 Outer Folds).

Model Mean
AUC SD AUC Mean

Accuracy Mean F1 Mean Recall SD Recall

Random Forest 0.836 0.104 0.752 0.767 0.823 0.078

Gradient Boosting 0.834 0.111 0.683 0.694 0.741 0.231

Logistic Regression 0.832 0.109 0.702 0.693 0.713 0.245

XGBoost 0.825 0.106 0.724 0.733 0.786 0.142

LightGBM 0.814 0.127 0.692 0.699 0.714 0.166
Note. Outer fold test periods: Fold 0 (1998–2004), Fold 1 (2004–2009), Fold 2 (2009–2014), Fold 3 (2014–2019), Fold
4 (2019–2025).

 

Figure 4. Example Decision Tree Classifier (Maximum Depth = 3).

4.3. Feature Interpretation

SHAP-based interpretation of the Random Forest model was applied to assess the
direction and magnitude of each predictor’s contribution to expansion and deceleration
regime classification at the one-month-ahead prediction horizon. Figure 5 illustrates the
distribution of SHAP values across all test-set observations, with point color indicating
whether the underlying feature value was high (red) or low (blue), and Table 6 summarizes
mean absolute SHAP values for all seven selected predictors.

Figure 5. SHAP Beeswarm Plot for Random Forest Expansion and Deceleration Regime Classification.
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Table 6. SHAP Feature Importance of Random Forest Model (Expansion and Deceleration Regime
Classification, t + 1 Prediction).

Rank Feature Category Mean |SHAP|

1 AR Regime (lag 0) Autoregressive 0.115

2 AR Regime (lag 1) Autoregressive 0.0761

3 Construction Put in Place (lag 3) Construction 0.0638

4 Construction Put in Place (lag 2) Construction 0.0535

5 Building Permits (lag 1) Construction 0.0329

6 CPI Single-Family Construction
(lag 1) Construction 0.0319

7 Building Permits (lag 0) Construction 0.0253

The two autoregressive regime features dominated the importance ranking. AR
Regime (lag 0) showed the strongest predictive association (mean |SHAP| = 0.115), with
prior expansion states strongly associated with predicted expansion at t + 1 and prior
deceleration states associated with deceleration predictions. AR Regime (lag 1) ranked
second (mean |SHAP| = 0.076), confirming that regime persistence is the single most
powerful predictive signal, regimes tend to continue into the next month, and the model
captures this accurately. Among construction-sector predictors, Construction Put in Place
(lag 3) ranked third (mean |SHAP| = 0.064), with higher construction activity three
months prior associated with higher predicted expansion probability, consistent with
the delayed propagation of construction pipeline momentum into housing price dynamics.
Construction Put in Place (lag 2) contributed similarly (mean |SHAP| = 0.053), confirming
that the two-to-three-month lag window is the most informative supply-side horizon.
Building Permits (lag 1) ranked fifth (mean |SHAP| = 0.033), reflecting the forward-looking
nature of permit issuance as a housing supply signal. CPI for Single-Family Houses Under
Construction (lag 1) ranked sixth (mean |SHAP| = 0.032), with higher construction cost
pressures positively associated with expansion probability, consistent with cost escalation
during strong-demand conditions. Building Permits (lag 0) contributed the smallest signal
(mean |SHAP| = 0.025). Together, the five construction-sector predictors demonstrate that
supply-side dynamics carry meaningful regime-discriminatory signals beyond pure regime
persistence, providing economically grounded information about upcoming expansion
and deceleration conditions that complement the autoregressive signal. The complete
absence of macro-financial variables from the selected feature set confirms that construction
activity and regime persistence together provide a sufficient discriminatory signal for
one-month-ahead prediction, consistent with Hypothesis 2.

Figure 6 presents partial dependence and ICE plots for all seven selected predictors,
ordered by mean absolute SHAP importance. AR Regime (lag 0) and AR Regime (lag 1)
exhibited sharp, near-binary relationships with predicted expansion probability, prior ex-
pansion states sharply increased t + 1 expansion probability while prior deceleration states
produced the opposite, with narrow ICE spread confirming highly uniform behavior across
observations. Construction Put in Place at lags 3 and 2 showed positive relationships with
moderate ICE dispersion, reflecting variability in how construction momentum translates
across historical episodes. Building Permits (lag 1) exhibited a positive directional pattern
with wider ICE spread, suggesting context-dependent effects depending on prevailing
market conditions. CPI for Single-Family Construction (lag 1) showed a broadly positive
relationship consistent with cost escalation under strong demand conditions. Building
Permits (lag 0) showed the most dispersed ICE curves, indicating interaction effects with
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other features rather than a consistent independent contribution. Together, these patterns
confirm that regime persistence and construction supply-side dynamics are the dominant
predictive signals of one-month-ahead regime classification.

 

Figure 6. Partial Dependence and ICE Curves for All Seven Selected Predictors.

To directly test whether construction-sector indicators provide greater incremental
predictive value than macro-financial variables independently of SHAP rankings, a feature-
block ablation analysis was conducted using Random Forest across four specifications
(Table 7). The full set, including autoregressive features, achieved the highest holdout
AUC (0.921) and training CV AUC (0.855), confirming that regime persistence carries the
strongest incremental signal. Removing the AR features reduced holdout AUC to 0.863,
demonstrating their contribution while confirming that economic indicators alone still
provide meaningful discrimination. The construction-only block achieved a training CV
AUC of 0.849, comparable to the full non-AR set (0.847), while the macro-financial-only
block achieved only 0.665. This 0.184 gap in training CV AUC provides direct model-based
evidence supporting Hypothesis 2. The higher holdout AUC for the macro-financial block
(0.885 versus 0.814 for construction-only) should be interpreted cautiously, as it reflects
differences in feature set size rather than genuine predictor quality. The training CV AUC,
which is the leakage-free metric, consistently favors construction indicators.
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Table 7. Feature-Block Ablation Results (Random Forest).

Feature Subset n Features Train CV AUC Holdout AUC Holdout
Recall

Full Set with AR
Features 59 0.855 0.921 0.778

Full Set without
AR Features 56 0.847 0.863 0.644

Construction Only 36 0.849 0.814 0.600

Macro-Financial
Only 20 0.665 0.885 0.844

5. Discussion
5.1. Critical Contributions of the Study

This study advances housing market analytics by introducing a regime-based clas-
sification framework that transforms continuous housing price movements into discrete
expansion and deceleration states and generates genuine one-month-ahead forecasts us-
ing information available prior to the classified period. By shifting the analytical focus
from price levels to cyclical regime forecasting, the approach more directly reflects the
state-dependent decisions faced by construction firms, developers, and policymakers. The
corrected pipeline, with feature selection and hyperparameter tuning performed entirely
on the training sample using time-series cross-validation, ensures that the reported perfor-
mance reflects genuine out-of-sample generalization rather than test-set optimization.

Benchmarking results demonstrate that tree-based ensemble models, particularly Ran-
dom Forest, outperform the logistic regression baseline in capturing nonlinear relationships,
threshold effects, and short-term temporal dependencies among construction-related vari-
ables and autoregressive regime signals. Random Forest achieved the highest holdout AUC
(0.932) and the most consistent deceleration detection across nested cross-validation folds
(mean Recall = 0.823, SD = 0.078), confirming the superiority of ensembles, consistent with
prior research on the advantages of ensemble learning in complex economic systems [56,57].
Integrating SHAP, partial dependence, and ICE analyses enhances methodological trans-
parency, enabling predictive results to be interpreted in economically meaningful terms
rather than treated as black-box outputs.

Substantively, the study makes three contributions. First, it demonstrates that a seven-
variable feature set, comprising five construction-sector indicators and two autoregressive
regime-persistence features, is sufficient for one-month-ahead housing market regime
forecasting, with no macro-financial variable contributing an incremental discriminatory
signal. Second, it provides direct model-based evidence through feature-block ablation
that construction indicators achieve a training CV AUC of 0.849 compared to 0.665 for
macro-financial indicators alone, a gap of 0.184, independently confirming the supply-side
dominance finding. Third, the autoregressive regime features reveal that regime persistence
is the single strongest predictive signal, with Construction Put in Place and Building Permits
contributing complementary supply-side momentum beyond pure persistence.

5.2. Implications for the Construction Industry and Stakeholders

The findings carry several important implications for construction management and
related stakeholders. Consistent with prior studies [22,23], the results confirm that building
permits and construction activity are critical supply-side predictive signals of housing
market regime dynamics. This study extends existing work by demonstrating that these
indicators function as genuine one-month-ahead forecasting signals through their lagged
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effects. Past permitting activity and construction output provide actionable informa-
tion about the regime state that will prevail in the following month, supporting their
use as early indicators for procurement timing, project initiation decisions, and cyclical
exposure management.

The dominance of Construction Put in Place at lags 2 and 3 reflects the delayed propa-
gation of construction pipeline momentum into housing market conditions. Construction
activity initiated in a given month takes two to three months to translate into observable
supply-side effects, as materials are ordered, labor is deployed, and units move toward
completion, creating a measurable lag between construction momentum and housing price
regime dynamics. This supply-chain transmission delay is precisely what the model cap-
tures, and it explains why two- to three-month-lagged construction activity outperforms
both contemporaneous measures and macro-financial indicators in regime discrimination.

The role of Building Permits as a complementary signal reflects the forward-looking
nature of permit issuance. Permits signal developer intentions to add supply, and elevated
permitting activity one month prior is associated with expansion regime predictions, con-
sistent with the interpretation that active development pipelines sustain price momentum.
CPI for Single-Family Houses Under Construction captures construction cost pressures,
with higher costs positively associated with expansion probability, consistent with cost
escalation occurring predominantly under strong demand conditions when construction
activity is elevated, and materials are bid upward.

The dominance of autoregressive regime features in the SHAP ranking reveals that
housing market regimes are highly persistent. Once a market enters an expansion or
deceleration state, it tends to remain in that state for multiple consecutive months. From a
construction management perspective, this persistence implies that regime transitions are
relatively infrequent and that current market conditions are themselves a strong predictor
of near-term conditions. The construction indicators contribute incremental predictive
value on top of this persistence signal, identifying the supply-side conditions under which
regime transitions are more or less likely to occur. Together, these findings support the use
of AI-driven regime classification as a strategic decision-support tool for timing project
initiation, managing procurement risk, and anticipating cyclical exposure.

5.3. Interpreting Regime Transitions Through Explainable AI

The SHAP-based interpretability results provide additional insight into how economic
mechanisms manifest in one-month-ahead regime forecasting. The two-tier importance
structure, with autoregressive persistence features dominating and construction indica-
tors contributing complementary supply-side signals, reflects a fundamental property
of housing market dynamics: regime states are sticky, and the most reliable near-term
forecast is that current conditions will persist. The construction indicators quantify how
much the supply-side economic environment modifies the persistence signal, increasing
or decreasing the probability of expansion relative to what pure regime momentum alone
would predict.

The directional patterns observed in Figure 6 are consistent with the economic mecha-
nisms described above. High AR Regime values, indicating a prior expansion state, sharply
increase the predicted expansion probability at t + 1, while prior deceleration states produce
the opposite effect. The narrow ICE spread for both AR Regime features confirms that
the persistence mechanism operates consistently regardless of broader market conditions.
Construction Put in Place at lags 2 and 3 shows positive relationships with moderate ICE
dispersion, reflecting variability in how construction momentum translates into regime
predictions across different historical episodes. Building Permits (lag 1) shows a wider ICE
spread, indicating that the effect of permitting on predicted regime depends on the broader
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market context in which permits are issued. Building Permits (lag 1) shows a wider ICE
spread, indicating that the effect of permitting on predicted regime depends on the broader
market context in which permits are issued.

The nested time-series cross-validation results in Table 5 provide additional evidence
that these findings are stable across diverse historical sub-periods. Construction Put in Place
appears as a selected predictor in all five historical windows, confirming that construction
activity is the most consistently informative supply-side regime signal regardless of which
market episode dominates the estimation window. No macro-financial variable enters the
selected feature set in any fold, providing cross-period confirmation that interest rates, un-
employment, and savings conditions do not contribute incremental regime-discriminatory
signal at the one-month-ahead horizon once construction dynamics and regime persistence
are accounted for. Future research could formally extend this framework by computing
episode-specific SHAP contributions to compare how the relative importance of construc-
tion activity, permitting, and cost pressures evolves across structurally distinct market
phases, further enhancing the transparency and practical utility of AI-driven housing
market regime forecasting.

6. Conclusions
This study examined expansion and deceleration regimes in the U.S. housing market

using an interpretable machine learning framework that integrates construction-related
indicators and autoregressive regime persistence features to generate one-month-ahead
regime forecasts. Rather than forecasting continuous house price levels, the analysis
focused on identifying discrete cyclical regime states, which more directly reflect market
conditions relevant to construction planning, risk management, and policy decision-making.
Housing market regimes were defined from observed monthly changes in the FHFA HPI,
using a median-based classification consistent with retrospective regime-identification
approaches in the housing-cycle literature. Feature selection and hyperparameter tuning
were conducted entirely within the training sample using time-series cross-validation,
ensuring that all reported performance metrics reflect genuine out-of-sample generalization.

Across the evaluated models, tree-based ensemble methods consistently outperformed
the linear baseline, with Random Forest achieving the strongest holdout AUC (0.932) and
the most consistent deceleration detection across nested cross-validation folds (mean
Recall = 0.823, SD = 0.078). These results confirm Hypothesis 1 by demonstrating that
tree-based classifiers provide meaningfully higher discriminatory performance than the
linear baseline, and reinforce the value of ensemble learning for modeling housing market
dynamics that exhibit asymmetric responses and short-term regime transitions rather than
smooth price evolution.

The application of explainable AI techniques played a central role in bridging pre-
dictive accuracy and economic interpretability. SHAP analysis, together with partial
dependence and ICE analyses, revealed a clear two-tier importance structure: autoregres-
sive regime persistence features dominated the ranking, reflecting the strong month-to-
month continuity of housing market regime states, while construction-sector indicators,
particularly Construction Put in Place at lags 2 and 3 and Building Permits, contributed
complementary supply-side signal capturing the delayed propagation of construction
pipeline momentum into housing price dynamics. The feature-block ablation confirmed
that construction indicators achieve a training CV AUC of 0.849 compared to 0.665 for
macro-financial indicators alone, providing direct model-based evidence for Hypothesis 2.
No macro-financial variable entered the selected feature set under any specification, in-
dicating that construction activity and regime persistence together provide a sufficient
discriminatory signal for one-month-ahead regime prediction.
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Several limitations define the scope of the present study. The analysis relies on national-
level data and does not explicitly model regional or metropolitan heterogeneity in housing
market dynamics. While the national framework is well-suited for capturing system-wide
conditions relevant to integrated capital markets and construction supply chains, substan-
tial spatial heterogeneity characterizes U.S. housing markets, with cyclical behavior, supply
constraints, and price volatility varying considerably across states and metropolitan areas.
National aggregation may therefore mask regional variation in regime timing and intensity,
and extending the approach to sub-national markets requires a fundamentally different
modeling framework accounting for localized regulatory environments, demographic
conditions, and land-use constraints; such extensions represent an important direction for
future research.

The study period from 1993 to 2025 encompasses several structurally distinct market
episodes, including the 2020–2022 pandemic-era surge, driven by demand displacement
and supply-chain disruptions rather than by conventional housing market fundamentals.
The inclusion of this anomalous episode may affect the generalizability of model weights
to future periods with different underlying mechanisms, and practitioners should exercise
caution when applying the framework to conditions that differ substantially from those
observed during the training period. Additionally, the analytical sample of 383 monthly
observations spans a limited number of major downturn cycles, constraining the model’s ex-
posure to diverse historical regime-transition mechanisms. To empirically assess subsample
sensitivity, nested time-series cross-validation was conducted across five non-overlapping
historical windows spanning the pre-crisis expansion, the global financial crisis, the post-
crisis recovery, the low-rate expansion, and the pandemic and rate-shock correction periods.
Random Forest achieved consistent performance across all five episodes, and Construction
Put in Place appeared as a selected predictor in every fold, confirming that the core findings
are not driven by any single historical episode. Future work should nonetheless extend the
framework to longer historical series or cross-country data to further strengthen robustness
and generalizability across a wider range of downturn mechanisms.

The regime definition is based on the full-sample distribution of HPI_Change, which
characterizes historical market states retrospectively; future work could explore real-time
monitoring frameworks that account for publication lags and data revision cycles to support
operational early-warning applications. Future research could also evaluate forecasting
horizons beyond t + 1 to assess how far in advance construction-related indicators retain pre-
dictive value, and explore hybrid frameworks that combine econometric regime-detection
models, such as Markov-switching specifications, with machine learning classifiers to better
integrate structural inference with predictive performance.

Overall, this study contributes methodologically by demonstrating how AI-driven clas-
sification and explainable machine learning can be applied to housing market regime fore-
casting with rigorous temporal validation, and substantively by identifying construction-
sector indicators and regime persistence as the dominant signals of one-month-ahead
cyclical regime prediction. By emphasizing transparency, feature interpretability, and eco-
nomic grounding, the proposed framework provides a foundation for future research at
finer spatial scales and supports the use of AI-based tools for monitoring and managing
cyclical risk in housing and construction markets.
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