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Abstract: The residential construction sector is critical to economic stability and housing
availability. Residential construction demands often fluctuate due to demographic, eco-
nomic, social, or market condition variables. This study seeks to investigate the significance
of these external variables and produce a predictive model for residential construction de-
mand using ElasticNet regression. Adopting New Zealand as a case study and leveraging
datasets from Statistics New Zealand, this research identifies key demographic, economic,
and market factors influencing four building categories: retirement villages, apartments,
multiunit developments, and standalone houses. The research results indicate that age
groups, particularly the 20—39 and 65+ age groups, and economic indicators, such as the
house price index and unemployment rates, have high prediction powers. The models
showed high accuracy for some categories, with R? values exceeding 0.87 for retirement
villages and 0.91 for multi-units. Challenges were encountered with standalone houses
and apartments due to residual variance. The research findings highlight the importance of
targeted urban planning and policy adjustments to satisfy the requirements of specific age
groups, address housing affordability and demographic shifts, and cater to prevailing mar-
ket conditions. This research provides practical insights and guidance for urban planners,
public housing agencies, residential developers, and residential contractors while offering
a robust methodological framework for predictive modelling in the construction sector.

Keywords: residential demand; demand forecasting; demand projections; construction
demand; residential forecasting

1. Introduction

The construction sector is a significant backbone of New Zealand’s economy. In
2023, the Ministry of Business, Innovation, and Employment (MBIE) reported that the con-
struction sector contributed around 6.3% of New Zealand’s gross domestic product (GDP).
The construction sector, composed of over 80,000 enterprises and a workforce exceeding
308,000 employees, significantly impacts the nation’s economic stability and growth [1].
The residential housing sector in New Zealand represents a significant component of
the industry. In 2023, the residential sector activity was estimated at NZD 33.8 billion,
while infrastructure construction activities amounted to NZD 14.5 billion, underscoring the
significance of residential and housing construction activities [2].

New Zealand is continually facing increased housing demand (i.e., the volume of
new housing required to accommodate population and economic growth, proxied in this
study by the number of residential building approvals), and is challenged by a deficiency
in housing supply. The housing shortfall in New Zealand has been estimated to reach
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up to 80,000 units since 2000 [3]. Auckland’s housing supply deficiency was estimated at
28,000 units in 2018 by Johnson et al. [4]. The mismatch between demand and supply not
only impacts affordability but also increases pressures on social services and public policy
efforts. For example, the Ministry of Housing and Urban Development reported that more
than 21,500 applications for public housing were registered up to September 2024 [5].

Residential housing demand forecasting (i.e., predicting the future need for new hous-
ing construction based on socio—economic growth, urbanisation, and migration trends) is
a cornerstone for stakeholders, including construction end—users, construction enterprises,
policymakers, investors, finance agencies, suppliers, and workforce planners [6]. The
benefits of forecasting residential housing demand are manifold. Demand forecasting en-
ables construction enterprises and practitioners to make informed decisions, plan robustly,
allocate resources effectively, and mitigate future economic risks and fluctuations [7]. To
illustrate, Van Wee’s research on large infrastructure projects noted the consistent overesti-
mation of demand and the underestimation of costs, a practice that would often lead to
systematic errors and impaired planning [8]. It further aids in formulating urban plans
and zoning regulations and facilitates long-term planning to accommodate anticipated
demographic changes [9]. Achieving this helps achieve an equilibrium state in housing
demand, directly impacting housing price volatility and economic strain [10]. Overall, accu-
rate residential construction forecasts significantly support sustainable urban development,
ensure the construction sector’s resilience, and stabilise local housing markets regarding
supply, demand, availability, and prices [8,11].

The precision and accuracy of forecasting models rely significantly on the holistic
understanding of the interplay of multiple socio-economic, demographic, and market-related
factors that influence demand. These factors include population growth (especially in urban
centres such as Auckland and Wellington), migration trends, economic conditions (GDP
growth and unemployment rates), interest rates, and housing affordability, which all play
crucial roles. Failing to understand the interdependencies between these factors or under-
estimating their effects can result in significant forecasting errors, leading to either housing
shortages or oversupply, both of which contribute to market instability and economic strain.

This study seeks to address these challenges by identifying the most impactful socio-
economic indicators for each residential building category and developing a predictive
model for residential construction demand using ElasticNet regression. The residential
consent data, which are the permits issued by the local authorities approving the start of
each individual building, were compiled over a 23 —year period (2000-2023) at the national
scale of New Zealand and modelled. This study uses annual data, with each observation
corresponding to a calendar year from 2000 to 2023 (n = 23), making the unit of analysis
yearly. Given the wide range of indicators intended to be used in this study, the choice of
ElasticNet is further justified by its ability to address any multicollinearity that may exist
between the different factors. Furthermore, ElasticNet’s regularisation capabilities aid in
avoiding overfitting, thus enhancing the quality of predictions. The residential building
consent data, which represent the demand metric in this study, were compiled for four types
of residential buildings, including standalone houses, multi-unit developments, apartment
buildings, and retirement villages, from 2000 to 2023. Social, economic, demographic, and
market condition datasets were compiled and analysed as the independent variables in the
ElasticNet regression.

The next section discusses a review of the relevant literature on construction de-
mand forecasting and its influencing factors, followed by details of the adopted methodol-
ogy, including data collection, data processing, and model development and evaluation.
Section 4 presents the results of the ElasticNet regression, followed by a discussion of the
key findings. Finally, conclusions and recommendations are presented.
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2. Literature Review

The following literature review section is categorised into two parts. The first part
provides an overview of the construction demand drivers that were adopted in previous
studies for the purposes of construction demand projections. The second part examines the
different construction demand modelling techniques used in previous research.

2.1. Construction Demand Drivers

This section introduces some of the factors/variables used as indicators in previous
research that sought to provide construction demand forecasting models. The identified
indicators/variables were mainly concentrated around economic, social, demographic, and
market conditions, as illustrated in this section.

The use of economic indicators as an input for forecasting residential construction
demands was confirmed by several studies [12-14]. Grimes and Hyland [14] stated that the
global financial crisis (GFC) caused a significant 15.3% fall in house prices and a 56% drop in
new housing supply during the GFC period, a suggestion in line with the conclusions of Jiang
and Liu [15] in Australia. The relationship between economic conditions and construction
demands was explained by Akintoye and Skitmore [13], where economic prosperity often
raises demand for goods and services, which are reflected in increased construction demands.

A wide array of economic indicators was used across the literature. The most widely
used indicator was GDP, where increased construction activity is often correlated with
an increase in this metric [6,11-13,16,17]. Other widely used indicators included interest
rates, affecting consumer demand for housing and developers’ willingness to invest in
new projects [6,18,19]. Likewise, inflation rates and cost of living indices or consumer
price indices were also commonly used, and hikes in inflation rates tended to cause
a decline in residential housing demands, and vice versa [11,13,20]. While previous studies
have identified the relevant economic indicators, they often consider a generic approach
towards residential buildings as a whole, failing to address how these economic indicators
could impact distinct residential building types, such as standalone houses or apartments.
The need for a more detailed residential demand model, considering the different types
of residential buildings, is supported by Akintoye and Skitmore’s research [13], which
identified different factors influencing different construction types, such as the housing,
commercial, and industrial sectors.

The second category of indicators or variables that affect the demand for residential
construction is connected to the prevailing social conditions. The primary social indicator
used in previous research was the unemployment rate [6,10,12,13,19]. Although some
researchers consider unemployment rates economic indicators, it is considered a social
indicator in this study, reflecting the overall social conditions. A negative relationship
between unemployment rates and construction demand exists due to discouraged investors
and the reduced purchasing power of the population [13]. The lower purchasing power
could also be indicated using metrics such as the gross national product (GNP). Disposable
household income was also suggested as an indicator by Sammour et al. [16], although it is
not used in their study due to data limitations. Although Engerstam et al. [21] focused on
land prices and regulations, their suggestion that demand forecasting should incorporate
qualitative housing features may support the adoption of social indicators.

Demographic indicators were also widely used to predict residential construction
demand levels. Population was the most extensively used indicator in this category.
Population increases signify the need for more housing and the expansion of developed
land, leading to more demand for construction [9,11,13,16,19,22]. Further studies have
also shown that the age group composition within the population could also impact the
future forecasts of housing demands. For example, Lindh and Malmberg [22] call for
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using intricate details and specifications of age distribution across the population. Their
study illustrated how large groups of young adults are often linked with higher residential
construction demands, while ageing populations impact housing demands negatively [22].

Market conditions and the general construction business environment were also
considered drivers. Market conditions are usually linked with economic status, and some
researchers may categorise these metrics under “economic” factors. House price indices
were among the most prevalently used metrics within this category, showcasing the changes
in median house price [16,23,24]. Metrics such as house price indices usually negatively
affect overall demand. Metrics relating to construction costs and material prices were also
commonly used, where increases in construction costs and material prices were expected to
negatively affect the overall market demand and construction developments [11,13,17,19].

2.2. Previous Research on Construction Demand

Forecasting construction demand has been approached through various methodolo-
gies tailored to address diverse data types, economic conditions, and forecasting horizons.
Regression methods have been widely used in construction demand studies. However,
linear regression techniques are particularly vulnerable to multicollinearity and may result
in reduced interpretability and forecasting accuracy. For example, multiple regression
was adopted by Goh [12], who demonstrated its effectiveness in analysing the linear re-
lationships between economic indicators and housing demand. Similarly, Ng et al. [6]
integrated regression analysis with genetic algorithms. Advanced techniques such as ma-
chine learning algorithms have gained traction [16] with models such extra trees, neural
networks, time series models such as ARIMA and Box-Jenkins, which are utilised by
Goh and Teo and Fan et al. [10,24], and more advanced approaches such as panel vector
error correction models (P-VEC), which used by Jiang and Liu [19]. These highlight al-
ternative methodologies that address cyclical patterns and regional variability. However,
despite high precision powers, approaches such as neural networks and genetic algorithms
are often characterised as being too complex to detect, with a “black-box” nature that lacks
transparency. Their use in public sector decisions, where explanations are required, may
not be preferred. Similarly, approaches such as P-VEC may be powerful in handling hetero-
geneity, but their adoption may require extensive and comprehensive datasets, which may
not always be readily available. These limitations highlight the need to adopt a method-
ology that adopts a balanced predictive power with high interpretability and resilience
to correlated predictors, such as ElasticNet regression [25-28] (See Section 3.1). Table 1
highlights the findings from previous construction forecasting studies that considered
several socio-economic factors.

Table 1. Construction demand drivers and common forecasting methods from the literature.

= (%)
“— "§ v »
g £ 5 g e 3 S ¥ 2 g B
E o & % 5 C 2 £ & F g 2
] () + ) S g = S = n ] b= g
= O 2 = a .2 g g ° F = =
< 5T & & ® & E £ % & <
g £ £ ¢ % 2 § S5 g £ g
£ 5 5 & £ & © >
[ O
[1e] v vV VvV Machine Learning
[9] vV Age, Race, Income, Multinomial Logit Model
Marital Status
21 v NV Artificial Neural Networks and

Multiple Regression




Buildings 2025, 15, 1649

50f 19

Table 1. Cont.

e 2
n o E 3 x 8 wn >
g 6 £ &z ¢ Y2 E 3
£ o 2 F o2 9 5 5 g2 E 3 S
S A % & =2 § w = 0 g B~ g
= o & £ &= £ £ g% 9w £ = =
< 5 <} £ = ® 2 g s @ =
z : £ g 3 2 &8 S £ 5 <
= 7 5 B E 5 ©
[ o
61 v Vv vV NV Genetic Algorithms and Linear
Regression Analysis
[22] Vv Age Structure Regression Analysis
191 v v oV Vv Construction Price Panel Vector Error Correction
(171 Vv Investment Regression Analysis
[24] NV Productivity Box-Jenkins Time Series
231 v Vv Vv ARIMA Time Series
241 v Vv Vv Neural Networks and
Genetic Algorithms
291 v VARV Multiple Regression, Log-Linear
Regression, Autoregressive
Nonlinear Regression
[111 V 4 vV vV Multiple Regression Analysis
[7] vV Box—Jenkins, Neural Network
Autoregression, Support
Vector Machine
[18] v/ Marketing Activities, Regression, ARIMA,
Promotions Causal Models
B0l v vV Vv OV vV Econometric Dynamic Simulation
[B11 v v v v Labour Costs Regression, ARIMA, VEC,
Fuzzy Sets
B2 v v v v ARIMAX Model
[101 v v Vv v vV Box-Jenkins Time Series Models
131 v vV Vv v Multiple Regression Analysis

Table 1 illustrates how the previous studies used different variables in trying to esti-
mate future construction demands. It is not explicitly clear which variables are indeed the
most impactful, as well as the degree of influence they could exert on residential construc-
tion demands, especially in New Zealand. Furthermore, despite the plethora of approaches
adopted previously, several studies modelled construction demand as a single aggregate
measure. This tendency often overlooks the distinctions across the different building types.
However, some studies, such as Akintoye and Skitmore [13], demonstrated the value of
developing separate models for housing, commercial, and industrial buildings. Several
research studies did not maintain this level of granularity. For example, Fan et al. [10]
discussed the total construction outputs and adopted only a partial analysis of residential
projects, while Skribans [30] modelled Latvia’s entire construction sector as a single system
without segmenting the construction industry. The present study adopts a disaggregated
approach that forecasts demand for four residential building types separately, providing
deeper insights into how different socio-economic indicators influence each category.
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3. Research Methodology
3.1. Choice of Method

This study employs ElasticNet regression to forecast building approvals, addressing
the specific challenge of working with a limited dataset that includes highly correlated
socio-predictors. Traditional regression methods are prone to instability under multi-
collinearity, while complex black-box models often overfit or lack transparency when
applied to small-sample settings. ElasticNet offers a mathematically grounded solution by
combining L1 and L2 regularisation, allowing for automatic variable selection, coefficient
shrinkage, and model stability, resulting in forecasts that are both robust and interpretable,
which is essential for policy and infrastructure planning. This makes it particularly suit-
able for high-dimensional settings, where the number of predictors is large relative to the
sample size and where predictor intercorrelation is a concern. Its application is especially
valuable in socio-economic modelling, where model interpretability and predictive ro-
bustness are essential. The feasibility and effectiveness of ElasticNet in such contexts is
well-supported by the empirical literature. For instance, [33] successfully applied ElasticNet
to a 27-observation dataset for modelling life insurance demand. The authors of [34] used
it for poverty prediction across 15 countries with numerous socio-economic indicators,
and [35] demonstrated its utility in predicting school program adoption from a limited
institutional sample. These and related studies [36-38] provide strong precedents for the
use of ElasticNet in small-sample, high-dimensional problems, affirming its methodological
appropriateness for the present research.

Moreover, ElasticNet has been widely adopted in demand forecasting across various
domains where similar data limitations and multicollinearity challenges exist. For example,
it has been successfully applied in forecasting solar and wind power generation [25], elec-
tricity load demand [28], energy prices and demand [26], and tourism and social demand
patterns [27]. These studies consistently demonstrate ElasticNet’s value in generating
accurate and stable forecasts from complex yet limited datasets, which further validates its
suitability for the building consent forecasting context explored in this research.

3.2. Data Collection

This paper will consider four different types of residential construction, mainly stan-
dalone houses, retirement villages, multi-unit developments, and apartments, and will
study the impacts of a range of influencing variables to attain more targeted insights into
how these variables influence specific segments of the residential market.

The datasets used in this study were sourced from Statistics New Zealand (StatsNZ)
and include data on various building approvals and economic indicators crucial for under-
standing New Zealand housing market trends. The dataset comprises multiple variables
across different sectors, with key columns including building consent data for different
property types: retirement villages, apartments, multi-unit developments, and standalone
houses. In the context of this study, the number of residential building approvals was
used to depict the demand. It is worth mentioning that obtaining the actual numbers of
completed residential units was difficult.

In addition to the building consent data, the dataset includes several economic indica-
tors such as the OCR (official cash rate), CGPI (residential construction price index), CPI
homeownership, GDP (gross domestic product), GDP for construction, and demographic
data, including the total population and age groups (020 yrs, 20-39 yrs, 40-64 yrs, and
65 and over). Moreover, factors influencing the labour market, such as immigration, unem-
ployment, and the median wage, are also included. Further economic data, such as the HPI
(house price index), PPI—inputs, and PPI—output, are also present, providing additional
context for the residential construction market. This dataset comprehensively shows how
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demographic, economic, and policy-related factors interact with building consent and
housing development trends in New Zealand.

Although some variables used in this study, such as inflation or interest rates, are reported

more frequently or when needed and may change multiple times per year, they were aggregated

or averaged to yield a single annual value. The final dataset comprises 23 annual observations

for each variable, with the unit of analysis being one calendar year. Table 2 introduces the main
variables adopted in this study, along with a brief definition of each variable.

Table 2. Definitions of the main variables adopted in this research.

Variable Indicator Type Definition
Retirement village The number of building consents (permits) granted for the construction of
& retirement villages.
-*é . Apartments The number of building conssfr:s (permits) granted for the construction
< g partments.
c )
:L é Multi-Unit The number of building consents (pe.rmits) granted for the construction of
a multi-unit houses.
Standalone The number of building consents (permits) granted for the construction of
standalone houses.
OCR The official cash rate, usually set by the government. If the OCR changed during
a given year, an annual average was used.
The capital goods price index for residential construction, which measures
o . . changes in the prices of new physical assets (excluding maintenance services).
g CGPI (Residential) This exclusion is the key difference between the PPI construction output index and
2 the CGPI for construction asset types.
S
Q . . . . . .
= CPI Home Ownership The consumer price index for ho;nf1 eovx\/’vEgl;sgp, measuring the cost of building
GDP Gross domestic product.
GDP Construction GDP contribution, specifically from the construction sector.
- Total Population Total estimated population
=
%é E 0-20 Yrs Population aged 0 to 19 years.
§_4 g 20-39 Yrs Population aged 20 to 39 years.
E g 40-64 Yrs Population aged 40 to 64 years.
o Over 65 Population aged 65 years and older.
Immigration Net migration (inflows minus outflows).
= Unemployment Annual unemployment rate
é Median Wage Annualised median wage, converted from weekly data (x52)
HPI The house price index measures the movement in house prices for local council
areas throughout the country.
E PPI_Inputs The producer price index (inputs) for construction, which measures changes in the
§ P prices paid by producers for inputs (excluding labour and capital).
PPI—Output The producer price index (outputs) for construction, which measures changes in

the prices received by producers for the outputs they produce.

3.3. Data Preprocessing
3.3.1. Handling Missing Values

The first step in the data preprocessing pipeline involved addressing missing values.

Missing numerical values were imputed with the mean of the respective feature to prevent
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data loss, while missing categorical values were filled using the mode of the feature. This
imputation strategy ensured that the dataset remained complete and ready for analysis
without introducing significant bias.

3.3.2. Data Cleaning and Standardisation

The column names and titles were standardised for consistency. Leading or trailing
spaces were removed from the column names, and lowercase was adopted for all column
titles. This approach aided in removing any inconsistent naming conventions. Additionally,
all non-numeric characters, such as dollar signs (“$”) and commas (“,”), were removed
from any numeric columns to ensure the clarity of interpretation. These changes were

essential for accurate data analysis.

3.3.3. Normalisation of Data

A min-max scaling approach was used to normalise all predictor variables to ensure
that features with differing scales did not disproportionately affect the model. This process
transformed each feature into a consistent range between 0 and 1, ensuring that no single
feature dominated the modelling process. Normalisation also facilitated the convergence
of machine learning algorithms by ensuring that all features were on a comparable scale.

3.4. Model Development
3.4.1. ElasticNet Regression

The primary modelling approach employed in this study is ElasticNet regression,
a hybrid method that combines the strengths of Ridge and Lasso regression. ElasticNet
is particularly useful for datasets with correlated predictors as it can both shrink coeffi-
cients and perform variable selection, making it highly suitable for this problem, where
multicollinearity is expected. The regression model follows the equation:

y=X-B+e

where X represents the matrix of independent variables (predictors), 3 is the vector of
coefficients, and ¢ is the error term. The model is trained to minimise the mean squared
error (MSE) between the predicted and actual values of building consents.

3.4.2. Hyperparameter Tuning

Hyperparameter tuning was performed using GridSearchCV to optimise the perfor-
mance of the ElasticNet model. The hyperparameters under consideration included the
regularisation strength parameter (o) and the L1 ratio, which controls the balance between
Lasso and Ridge regularisation. The values tested for o were [0.1, 0.5, 1.0, 5.0, 10.0], and
for the L1 ratio, values of [0.1, 0.5, 0.7, 0.9] were explored. Five-fold cross-validation was
conducted to evaluate the model’s generalisation performance, and the best combination
of hyperparameters was selected based on the lowest negative mean squared error (MSE).

3.4.3. Model Evaluation

The performance of the ElasticNet model was assessed using three key metrics. The
first, R-squared (R?), indicates the proportion of variance in the target variable that the
model explains. A higher R-squared value signifies a better model fit. The second metric,
the root mean squared error (RMSE), measures the average magnitude of prediction errors,
with a lower RMSE indicating better prediction accuracy. The third metric, the mean abso-
lute error (MAE), quantifies the average absolute differences between predicted and actual
values. These metrics were calculated for each target variable, providing an evaluation of
the model’s prediction accuracy for all building types.
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In addition to these traditional evaluation metrics, feature importance was also consid-
ered. The coefficients from the ElasticNet regression model were analysed to identify which
features significantly influenced the predictions of building consent. The coefficients were
visualised in an interactive bar chart to aid interpretation, and the top five most influential
predictors for each building type were highlighted. This analysis provides valuable insight
into the factors that drive building consent trends and can inform urban planning and
policy decisions.

3.5. Scenario Planning and Forecasting

A scenario planning framework was integrated into the predictive model to account
for potential future dynamics. This framework allows users to analyse the future trajectory
of building consent under different economic conditions. Five key influencing variables
were identified, and three scenarios were developed to assess their impact. In the optimistic
scenario, these variables increase by 3% annually, reflecting favourable conditions. The
pessimistic scenario assumes a 3% annual decline, representing adverse circumstances. The
realistic scenario projects a moderate annual growth of 1%, capturing a balanced outlook
based on historical trends and expected developments.

To project building consent values for the next five years, each building type’s most
recent data points were taken as the starting values. Projections were calculated using
the formula:

yt=ylast x (1 + A)t

where y is the most recent observed value, A represents the annual change factor deter-
mined by the selected scenario, and t corresponds to the forecast year (1 to 5). These
projections were visualised using Plotly to provide an interactive and clear representation
of the projected consent counts for each building type across different scenarios. Figure 1
illustrates the steps of the adopted methodology.

i ﬂ DeiRCollechon (5J|hcr|1‘)g>d_|lu>s:ls from Statistics
New Zealand

A

Handling missing values and
standardizing data

Data Preprocessing

M
N/

Model Development

Optimizing model parameters with
GridSearchCV

Developing ElasticNet regression
model

Hyperparameter Tuning

Model Evaluation

Forccasting future building
conscnts under scenanos

Assessing model performance
using metrics

Scenario Planning

Figure 1. Research methodology.
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4. Results
4.1. Descriptive Statistics

The descriptive statistics (n = 23 years) highlight substantial variability across key
economic and demographic indicators in New Zealand, as illustrated in Table 3. GDP
averaged approximately NZD 215 billion, with a standard deviation of NZD 71.8 billion,
while construction GDP averaged NZD 12.5 billion, indicating the sector’s significant but
fluctuating contribution. Population metrics showed consistent growth, with the 40-64 age
group averaging 1.4 million. Housing metrics, including standalone houses (mean: 18,568)
and HPI (mean: 1776), exhibited notable dispersion, reflecting housing demand dynam-
ics. Inflation-related indices (CGPI, PPI, and CPI) and the OCR also revealed significant
temporal variations relevant for modelling macroeconomic impacts on construction trends.

Table 3. Descriptive statistics of the variables adopted in this research.

Count Mean Std Min 25% 50% 75% Max
GDP 23 215 x 10 718 x 1010 113 x 10" 159 x 101 2.03 x 1011 2.63 x 1011 3.59 x 101!
GDP Construction 23 1.25x 1019 595x10° 514 x10° 836 x10° 107 x 100 1.6 x 100 243 x 1010
Total Population 23 4,481,609 404,496.4 3,873,100 4,185,050 4,399,400 4,813,550 5,160,500
40-64 yrs 23 1,415,279 137,760.1 1,140,930 1,321,450 1,440,680 1,526,035 1,597,010
20-39 yrs 23 1,223,303 116,013.5 1,116,800 1,143,890 1,149,930 1,320,500 1,429,930
0-20 yrs 23 1,287,607  40,899.86 1,207,470 1,260,495 1,285,750 1,319,225 1,348,410
65 and over 23 612,693.9 124,747.3 453,940 507,660 586,640 707,880 844,040
Median Wage 23 51,249.39 14,520.99 28,236 40,560 49,868 61,334 79,560
Immigration 23 24,200 24,688.7 —15,000 6250 18,200 42,800 72,600
Standalone Houses 23 18,568.26 3903.973 11,112 15,599.5 19,390 21,355 25,587
Multi-Units 23 4732.609 5060.815 1023 1918.5 2833 4638 20,793
Apartments 23 2679.13 1528.694 460 1636 2539 3876 6143
HPI 23 1776.435 837.3916 699.25 1299.25 1514 2341.25 3639.75
Retirement Village 23 1354.261 756.5989 505 705 1067 1908 2957
CGPI (Residential) 23 1688.304 474.5953 1024.25 1377.75 1577 1996.5 2818
PPI—Output 23 1033.374 230.8758 685.4947 866.7279 1023.75 1174.5 1554.25
CPI home ownership 23 807.1375 251.2576 468.7432 627.7951 757.1885 976.1629 1419.5
PPI—Inputs 23 973.7126 215.6841 627.331 792.9779 1023 1097.25 1418.5
OCR 23 3.804348 2.345862 0.354167 2.270833 2.770833 5.770833 7.916667
Unemployment 23 4.869565 0.955099 3.3 4 48 5.6 6.5

4.2. Performance Measures

The performance of the ElasticNet regression models was assessed using the R-squared
(R?), RMSE, and MAE. The results are summarised in Table 4. The retirement village model
performed well, with an R? of 0.878, indicating that 88% of the variance was explained,
and a low RMSE (258.77) and MAE (225.93). The apartments model showed a moderate
R? of 0.681, with higher error metrics (RMSE: 843.89, MAE: 612.38), suggesting room for
improvement. The multi-unit model had an excellent R? of 0.910 but high error values
(RMSE: 1483.70, MAE: 1050.68), indicating potential issues with prediction accuracy. The
standalone houses model, with an R? of 0.795, had the highest errors (RMSE: 1727.12, MAE:
1404.52), pointing to the need for significant refinement. In conclusion, the retirement
village model performed best, while the others require further tuning to enhance accuracy
and reduce errors.
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Table 4. Performance of the ElasticNet regression models.
Building Type R-Squared (R?) RMSE MAE
Retirement Village 0.878 258.77 22593
Apartments 0.681 843.89 612.38
Multi-units 0.910 1483.70 1050.68
Standalone Houses 0.795 1727.12 1404.52

4.3. Feature Importance

A feature importance analysis was conducted to identify the key predictors influencing
building consent counts across four construction categories: retirement villages, apartments,
multi-unit developments, and standalone houses. The importance of each feature was de-
termined based on the magnitude of the coefficients from the ElasticNet regression model,
with larger values indicating a more significant influence on the predicted outcomes. In the
case of retirement villages, demographic features, particularly the 65 and over age group
(importance: 237) and the 20-39 age group (importance: 229), were identified as the most in-
fluential factors, highlighting the importance of both the target demographic and potential
caretakers or family members in the decision-making process. Additionally, the house price
index (HPI) (importance: 205) emerged as a significant positive predictor, reflecting the
influence of market conditions on the development of retirement communities, while the
official cash rate (OCR) (importance: —157) exhibited a negative relationship, suggesting
that higher borrowing costs may dampen investment in this sector. For apartments, the
20-39 age group (importance: 1443) remained a dominant positive predictor, confirming
the high demand for apartments among younger, urban populations, while immigration
(importance: 969) underscored the impact of population growth on housing demand, par-
ticularly in metropolitan areas. The HPI (importance: 305) showed a positive relationship,
indicating that property market fluctuations strongly influence apartment developments.
Conversely, unemployment (importance: —2301) demonstrated a substantial adverse effect,
revealing the economic vulnerability of apartment projects to downturns. In the analysis
of multi-units, the 20-39 age group (importance: 4725) once again emerged as the most
significant predictor, driven by younger populations seeking multi-unit housing options.
The HPI (importance: 4262) played a similarly important role, emphasising the crucial
link between housing market dynamics and multi-unit development, while CPI home
ownership (importance: 3,731) illustrated the impact of affordability on the demand for
multi-unit housing. Unemployment (importance: —3168) negatively affected multi-unit
developments, reinforcing the economic sensitivity of this category, while the 40-64 age
group (importance: —6265) exhibited the largest negative influence, suggesting a preference
mismatch between this demographic and multi-unit housing. For standalone houses, the
20-39 age group (importance: 4229) was the most influential positive predictor, consis-
tent with the demand for single-family homes among younger families. The 65 and over
age group (importance: 2708) also had a notable positive effect, reflecting the preference
for larger, standalone homes among retirees. The HPI (importance: 3566) demonstrated
a strong positive correlation with building consent, while unemployment (importance:
—6668) showed the most substantial negative impact, emphasising the importance of
economic stability for the approval of standalone housing projects.

Additionally, the PPI (inputs) (importance: 4336) indicated that rising construction
costs negatively affect consent approvals. The analysis revealed several key insights. The
20-39 age group was a consistent positive predictor across all categories, illustrating its
central role in driving housing demand; unemployment was a dominant negative predictor,
underscoring the vulnerability of building consent approvals to economic fluctuations;
and HPI was a significant positive predictor across all categories, highlighting the critical
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influence of real estate market conditions on housing development. Age-specific factors,
particularly the 65 and over and 20-39 age groups, were key drivers for retirement villages
and standalone houses, while economic factors such as the HPI and unemployment were
universally influential. These findings contribute valuable insights for policymakers, urban
planners, and construction stakeholders, providing a foundation for better predicting and
managing consent processes in response to demographic, economic, and market conditions.
Figure 2 illustrates the results of the socio-economic feature importance analysis conducted

on the four residential types considered in this study.
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Figure 2. Socio-economic feature importance for the residential construction types.

4.4. Residual Analysis

The residual analysis demonstrated that the residuals were approximately normally
distributed, with a mean close to zero, indicating a well-calibrated model overall. However,
signs of heteroscedasticity were observed, particularly in the categories of multi-unit devel-
opment and standalone houses, where the residual variance increased with larger predicted
values. This suggests that the model may not fully capture the increasing variability in
these categories at higher prediction levels. Despite this, no discernible patterns of non-
linearity or model misspecification were detected, and the residuals exhibited a random
distribution, supporting the assumption of homoscedasticity for most building types. These
findings imply that while the model demonstrates a generally strong fit, further refinement
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to address heteroscedasticity in specific categories may enhance predictive performance.
The residual analysis results are shown in Figure 3.
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Figure 3. Residual analysis distribution for the four residential types.

4.5. Five-Year Projections with Scenarios

The five-year projections for all building type consent counts are analysed under
three distinct scenarios: optimistic, pessimistic, and realistic. Visually represented with
colour differentiation, these projections provide a comprehensive outlook based on varying
assumptions about the future economic and regulatory environment. Please note that
the scenarios presented in this study are hypothetical, designed to showcase the practical
implications of the developed model for projecting future housing demand. However,
they can become more robust and realistic in the future as the scope expands. In the
optimistic scenario (green), we anticipate robust consent growth driven by favourable
economic conditions, increased urbanisation, and supportive housing policies. Conversely,
the pessimistic scenario (red) forecasts a decline in consent, considering potential economic
downturns, tightening regulations, and reduced demand for high-density living. The
realistic scenario (blue) offers a balanced projection, assuming moderate growth aligned
with current trends and ongoing market conditions. These projections underscore the
significant influence of external factors on the apartment sector, with the optimistic and
pessimistic scenarios providing clear bounds for potential growth. This comprehensive
analysis highlights the need for flexibility in planning and decision-making, allowing
stakeholders to prepare for a range of possible outcomes based on varying market dynamics
and policy shifts. Figure 4 shows an example of the estimated projections, considering the
scenario mentioned in Section 3.5.
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5-Year Projections for Retirement Village
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5. Discussion
5.1. General Discussion

Total population has long been adopted as a significant indicator in residential fore-
casting research [16,19,24]. The findings of this study suggest that disaggregating the
total population into age brackets yields stronger indicators. This confirms the approach
of Lindh and Malmberg [22], demonstrating that specific age groups, particularly the
20-39 and 65+ age groups, could have distinct influences on the demand for different
residential types.

The 20—39 age group, encompassing the younger generations embarking on starting
their professional and social lives, was a common significant predictor among the four
types of residential buildings studied. The high predictive tendency of this indicator should
guide urban planners, designers, and house providers to focus on housing solutions to
satisfy the requirements of this age group, such as focusing on small- to medium-sized
housing for new families and housing affordability. It also implies that as the 20-39 age
group is mainly a working category and needs to be closer to business centres, high-
density residential buildings such as apartment buildings and multi-unit housing may
offer practical alternatives to satisfy the requirements of this age group. Rapid urbanisation
and internal migration may exacerbate the effect of this working age group on residential
demands and may be worthy of inclusion in future studies. Therefore, this age bracket,
driven by employment accessibility, affordability, and lifestyle preferences, could highly
influence the residential demand landscape.

Similarly, the 65+ age group was a substantial predictor for the retirement villages and
standalone housing categories. With the ageing population characteristics in New Zealand,
vigilant tracking and forecasting of this category is required to prepare suitable housing
types, featuring accessibility options and proximity to essential services and utilities rather
than business centres and work areas. The findings underscore the importance of using
age groups as a predictor in forecasting future residential demand, enabling the provision
of adequate and suitable housing categories to satisfy the demographic landscape of the
population. It further highlights the deficiency of adopting specific age groups as indicators
in residential planning and forecasting in previous research. Further breakdown into
smaller age bracket categories may provide more accurate predictions of the residential
preferences across age groups and highlight the points of changing preferences. However,
this study did not consider the effects of changes in household composition, such as
intergenerational living and extended family co-living, which may be common across some
sectors of New Zealand’s population. Future studies may benefit from considering family
structure variables to refine the demand projections.

Economic indicators also showed high predictive power. Interest rates (OCR) were
observed to dampen demand across all the residential types, in harmony with other
research [6,10,13,16,19]. Although other economic indicators, such as GDP and GDP for
construction, exhibited a positive relationship with residential demand, as predicted by
some studies [6,13,16-19,23], it was noticed that they were not among the most influential
predictors in this study. This may affirm that housing demand will trend naturally and
remain relatively inelastic to broader economic fluctuations, with demographic and market-
specific variables exerting a stronger impact. Governmental and public housing bodies will
continue to face significant funding challenges under such circumstances and must fulfil
their responsibilities, even under scarce and constrained conditions.

Construction market conditions, which are closely related to the prevailing economic
conditions, were also among the powerful indicators. The house price index (HPI) showed
a strong positive relation with demand across all residential categories, similar to some
findings [10,13,16,23]. While this metric indicates robust demand and benefits developers
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and project owners, it should be noted that it may signal affordability challenges, especially
for the younger age brackets, as discussed. For policymakers, this suggests that affordability
concerns should be considered in housing development policies so as not to disadvantage
the younger generations and first-home buyers.

The role of construction costs, reflected in indicators such as the producer price index
(PPI), highlights the sensitivity of housing demand to input cost fluctuations [12,16,23].
Although a negative relationship was expected throughout the four residential categories,
PPl—inputs was positively correlated with retirement villages. PPl—output, reflecting
a measure of profitability, was expected to have a positive relationship with residential
construction demands. However, a discrepancy was also noticed in the categories of stan-
dalone houses and apartments, which showed a negative relationship. Rising construction
costs due to escalated material prices and labour shortages may have outpaced market
absorption. Supply chain disruptions, which often lead to cost inflation and project delays,
exacerbate the situation, reducing the overall output. Economic factors, such as interest
rates and inflation, have further dampened new housing investments, making construction
less profitable despite demand. As a result, instead of boosting PPI output, these challenges
have constrained growth in the standalone and apartment housing categories. Higher
profitability often incentivises developers to over-invest in housing, potentially leading
to oversupply in the standalone and apartment categories. This oversupply, a common
concern in New Zealand’s real estate cycles, can reduce demand and price corrections,
further discouraging new construction in these sectors. Urban density policies and chang-
ing consumer preferences also play a role; local councils in cities such as Auckland and
Wellington have prioritised medium- and high-density housing to address shortages and
improve affordability, reducing demand for standalone houses. Economic uncertainty and
market conditions, including fluctuations in interest rates, add to the demand sensitivity
for standalone and apartment housing. High interest rates and increased construction costs
make these asset classes less attractive for developers and buyers alike, particularly in
a country where the housing market relies heavily on mortgage financing. Collectively,
these factors highlight the nuanced interplay of profitability, affordability, and market
cycles in shaping housing demand in New Zealand, particularly for standalone houses
and apartments.

On the social level, unemployment was seen to exhibit a negative relationship with
residential demands in most cases, confirming the importance of including unemployment
in residential forecasting studies, in harmony with previous findings [6,10,13,19]. It is
expected that as unemployment rates increase, higher numbers of people will experience fi-
nancial constraints. Moreover, rising unemployment rates often reflect the overall economic
conditions of a nation, usually signalling a slowing economy and less affinity to investment
and spending. Although residential demand increases were expected with increases in the
median wage, a negative relationship could also be detected. This could be attributed to
economic factors such as the inflation caused by the increased median wages, tax policy
and taxation thresholds, and changes in spending behaviours and savings. This finding
reaffirms that income levels could be an important influencing factor and warrants its
inclusion in residential forecasting studies, as forwarded by Macpherson and Sirmans [9].

5.2. Study Limitations

This study has several limitations that need to be addressed in future research.
Firstly, data availability is limited for machine learning model training, particularly specific
to New Zealand's residential construction sector. The selection of data variables was largely
dependent on the availability of the datasets at the time of this study, which may not fully
capture the wide range of factors affecting construction demand. It is recommended that
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future research use more comprehensive datasets. While our study was constrained to
a 23-year timeframe due to data availability limitations, future research would benefit from
more comprehensive datasets emerging in the current era of generative Al and machine
learning technologies, which offer improved data completeness and accessibility. Addi-
tionally, the scenario planning in this paper relies on three predefined static assumptions,
limiting its ability to reflect the inherent uncertainty in real-world conditions. A more robust
approach could incorporate probabilistic techniques to model a wider range of possible
outcomes and improve the performance of the projections. Furthermore, this study does
not explicitly account for external shocks, such as economic downturns, policy changes, or
supply chain disruptions, which could significantly impact real-world outcomes.

6. Conclusions

This study identified the main factors and variables that impact the demand for
residential buildings in New Zealand. This study used data sourced from Statistics New
Zealand regarding four main dimensions: demographic data, economic data, social factors
data, and market conditions data. Each dimension included an array of different influencing
factors. The model identifies demographic indicators, such as the 20—39 and 65+ age
groups, and economic factors, such as the house price index and unemployment rates, as
critical predictors across various building types. These findings emphasise integrating
demographic trends and economic conditions into housing demand forecasting to enhance
the sector’s resilience and adaptability. Policymakers and urban planners can leverage
these insights to develop strategies addressing housing supply deficiencies, affordability
challenges, and market dynamics, ultimately contributing to sustainable urban growth
and accessibility.

The prominent and most influential factors were identified as demographic indicators,
specifically the 20-39 and 65+ age groups, highlighting the importance of considering age
groups rather than total populations. This study recommends further disaggregating age
groups into smaller age brackets to refine the outputs. Economic factors such as the house
price index and OCR were also identified as influential and critical factors in shaping the
demand profiles of the four studied residential construction types, confirming the findings
of previous studies.
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