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Abstract
Understanding trends in regional house prices and whether they converge to a single 
steady state or form clusters are important issues. These trends have been studied at 
length in respect to advanced and emerging market economies (EMEs). However, the 
trends are not understood well in the context of a major and populous EME such as 
India, which can offer vital policy insights for other countries. Using residential house 
price data for fifty cities, this study showed that house prices do not converge to a single 
steady state in India. Rather these prices form three clusters wherein they converged 
to their respective steady-state paths and displayed conditional convergence. Higher 
initial house price, home loan, rent, population density and literacy were associated 
with an increased probability of higher house price club. City inflation, on the contrary, 
increased the chances of association with lower-price clubs. Similar dynamics of hous-
ing clusters can enable policymakers to probe the common driving factors and accord-
ingly devise cluster-specific policy measures. There is no study, so far, on club conver-
gence of house prices for India; so this study contributes to this gap in the literature.

Keywords House prices · Mortgage market · Loans · Convergence · Club · Sub-
national · India

JEL classification O18 · R3 · R21

1 Introduction

Housing forms one of the core needs (food, cloth and shelter) of human beings. 
It also constitutes an important form of asset for house-owning households. This 
notion of housing as a wealth stock for households binds this sector intricately with 
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economic activity. Changes in house prices are believed to influence the spending 
behaviour of households through the ‘wealth effect’.1 In addition, the housing sec-
tor remains inter-linked with other sectors of the economy in a significant way. As 
the housing sector constitutes a significant chunk of the gross domestic product 
(GDP), a boom or bust in house prices could significantly influence economic activ-
ity. Sharper change in prices in the housing market could also become a source of 
vulnerability or crisis. The Great Recession, which essentially originated in the sub-
prime mortgage market, is a case in point.

Furthermore, as housing forms a core component of retail inflation, changes in 
house prices have a bearing on inflation in the economy. Hence, policymakers attach 
high importance to monitoring house price movements. Besides, the financial sta-
bility and inflation concerns, maintaining house affordability for first-home buyers 
has also recently engaged the attention of policymakers for monitoring house price 
movements. In the case of New Zealand, the Monetary Policy Committee of its Cen-
tral Bank2 considers house prices while making monetary policy decisions since 
early 2021.

House prices at the sub-national level are characterised by marked heterogeneity. 
Under perfect factor mobility condition over time, ceteris paribus, regional house 
prices are expected to converge to a long-run steady state. But, the presence of sev-
eral rigidities may constrain the possibility of achievement of such a steady state. 
Notwithstanding this, the city house prices across regions may, however, in some 
way display a similar trend over time and converge to a particular steady state. This 
could be driven, inter alia, by initial conditions, migration, population pressure, etc. 
For a country, understanding regional differences in house prices and the associated 
dynamics may offer significant policy insights. Differences in house price behaviour 
across cities may also reflect regional income disparities (Apergis et al. 2015).

Several studies in the context of both advanced and emerging market economies 
have established the existence of club convergence in the mortgage markets. Club 
convergence implies that regional house prices form clusters within which they 
achieve convergence. In simple terms, within each club the dispersion of house 
prices declines over time.

An in-depth understanding of the differential behaviour of mortgage markets at 
the sub-national level can be significant to policymakers in devising targeted pol-
icy interventions.3 Recognition of the fact that a group of sub-national mortgage 
markets may witness similar dynamics could enable policymakers in deciphering 
the underlying common driving factors and accordingly institute apposite policy 

1 A behaviourial theory suggesting that higher house prices cause a rise in value of people’s asset hold-
ings (wealth) and, in turn, encourage them to spend more, which boosts economic activity and growth.
2 Since March 2021, as per the Government’s direction, the Monetary Policy Committee of the Reserve 
Bank of New Zealand (RBNZ) is required to assess how its interest rate decisions and other policy 
instruments (at its disposal) affect the government’s objective of house price sustainability. Furthermore, 
the RBNZ has also been directed to dampen investor demand so as to improve house affordability of 
first-home buyers. (See https:// www. rbnz. govt. nz/).
3 See Matysiak and Olszewski (2019).

https://www.rbnz.govt.nz/
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measures. For a large country like India,4 given the acute shortage of housing and 
its affordability, grouping cities based on price trends could enable policy authori-
ties in making apposite demand and supply-side interventions. In addition, given 
the heterogeneity of regional mortgage markets in large countries, identification of 
similarly behaving clusters could guide policymakers better in stabilizing localized 
house price shocks through regionally differentiated policies. In this regard, Funke 
et al. (2021)5 specifically highlighted the efficacy of sub-national macro-prudential 
policies (such as loan-to-value ratio) in stabilising house prices if they are region-
specific and originate on the demand side. Information about housing club conver-
gence could also be useful for financial stability (Matysiak and Olszewski 2019).

The evidence of club convergence behaviour of sub-national mortgage mar-
kets could also be useful for real estate investors, especially real estate investment 
trusts and other real estate fund houses. Identification of clubs could enable them 
in designing better fund diversification strategies. Furthermore, understanding and 
awareness of house club convergence at the regional level could also save modelling 
and forecasting efforts of the forecasters as the groups could be studied together. 
Such an analysis becomes all the more relevant for sheer-sized countries with a 
larger number of sub-national mortgage markets. Despite the significant merits of 
understanding club convergence behaviour of sub-national house prices for policy 
formulation, it has remained a less explored area, especially in the context of a large 
number of emerging market economies (EMEs), including India.

To the best of knowledge, there is no study, so far, on club convergence of house 
prices for India. This study, therefore, contributes to this literature gap. The present 
study attempts to investigate empirically if the housing market in India is charac-
terised by a long-run equilibrium to which individual city house prices converge. 
If not, whether there are convergence clubs wherein the sub-groups with common 
trend converge to their steady states. In the process, the study also seeks to unravel 
the underlying factors that could be driving this behaviour.

Against this backdrop, this paper analyses the quarterly sub-national residential 
house prices data for 50 cities in India and implements log(t) test and clustering 
algorithm as suggested by Phillips and Sul (2007) and (2009). Findings suggest that 
sub-national house prices in India do not converge to a single steady state. Of the 50 
cities, residential house prices of 48 cities form three distinct convergence clubs and 
the remaining two cities form a divergent group. The transition path of cities within 
a club may be quite distinct from one another. However, they display catching-up to 
the average transition path.

4 As per the World Bank data, India has the second largest urban population in the world, after China. 
There remains a significant shortage of housing in urban areas in the country. As per the Government of 
India (2013), 14.99 million households in urban areas lived in congested houses requiring new houses. 
Furthermore, another 3.79 million urban households either did not have any house or they lived-in 
houses, which were inhabitable or obsolete.
5 They analysed sub-national house price dynamics in a multi-regional DSGE model for the UK econ-
omy. Their findings suggest that given significant regional house price differences in the Great Britain, 
regionally differentiated macro-prudential policies achieve better policy outcome than the ‘one-size fits-
all’ national policy.
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This paper is organised as follows. Section  2 lays down a synoptic literature 
review in this area. Data and methodological discussions are covered in Sect.  3. 
Characteristics and recent trends in house prices in India are covered in Sect.  4. 
Empirical estimation and relevant discussions constitute Sect. 5, and lastly Sect. 6 
concludes.

2  Literature review

The regional house prices could, inter alia, be also influenced by the ripple effect of 
one region on other area(s). A large number of studies have investigated the dynam-
ics of regional house prices. Earlier convergence studies used techniques such as 
unit root, cointegration, beta, sigma, dynamic panel data methods, etc. The heteroge-
neous transitional dynamics, nevertheless, may not get adequately captured through 
these conventional convergence tests. These conventional convergence methods do 
not perform well in the presence of heterogeneous transitional behaviour of cross-
sections. The convergence methodology proposed by Phillips and Sul (2007) takes 
into account individual heterogeneity and transitional dynamics. This methodology 
is popular given its better performance vis-à-vis other conventional methods and 
accordingly has been used widely for studying house price convergence.

A number of studies have examined the issues of house price convergence across 
various economies. Akin to the convergence of house prices, few studies have also 
been undertaken in the context of understanding convergence in housing rentals6 at 
the sub-national level in respect of Poland and Germany. The club convergence of 
house prices has been studied extensively in respect of a number of advanced and 
EMEs; notably in respect of Eurozone countries, UK, USA, South Africa, Poland, 
Spain, China, Turkey, Australia, etc. [Apergis and Payne (2012); Kim and Rous 
(2012); and Apergis and Payne (2020); Holmes and Grime (2005); Montagnoli et al. 
(2015); Churchill et al. (2018); Bashar (2021); Blanco et al. (2016); Matysiak and 
Olszewski (2019); Maynou et al. (2020); Miles (2020); Maynou et al. (2021); Tro-
janek (2021); Tsai (2018); Kim (2011); Meng et al. (2015); Apergis et al. (2015); 
Ganioglu and Seven (2019); Ganioglu and Seven (2021); and Gunduz and Yilmaz 
(2021)].

Few notable studies examining club convergence of house prices in the case of 
the United States are that by Apergis and Payne (2012); Kim and Rous (2012); and 
Apergis and Payne (2020). Using quarterly house prices data for 1975q1 to 2010q4, 
Apergis and Payne (2012) reported three convergence clubs. Clubs I, II, and III con-
sisted of 29, 19, and two states, respectively. Kim and Rous, op. cit. reported strong 
evidence of multiple convergence clubs. They also examined the general character-
istics of the various convergent and divergent sub-groups as well as some impor-
tant driving forces of convergence clubs. They found that housing supply regulation 

6 Tomal (2021) reported club convergence of housing rent across Polish provincial capitals being driven 
by city area, housing stock, unemployment rate, and number of students. Semerikova  et al.  (2022) 
reported convergence of house rental prices for 397 German regions for the period 2004 to 2020.
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together with climate remained important determinants. Apergis and Payne (2020) 
explored the regional housing prices across 21 metropolitan areas of Florida (USA). 
Using quarterly house price data for 1987q2 to 2017q3, they report four convergence 
clubs.

In the case of the United Kingdom, Holmes and Grime (2005); and Montagnoli 
et al. (2015) examined the clustering behavior of UK cities. Holmes and Grime, op. 
cit. analysed the regional house price convergence for the thirteen regions using 
quarterly data for 1973q4 to 2005q1. They derived the largest principal compo-
nent from regional house price differentials. This was found stationary suggesting a 
common stochastic trend driving regional house prices, which could be regarded as 
exhibiting strong long-run convergence. They observed a higher level of persistence 
in regional house price differentials. Montagnoli et al. (2015) analysed the quarterly 
house prices for 1983q1 to 2012q4 across twelve different regions of the United 
Kingdom and found that regions could be grouped into four clusters.

For Australia, Churchill et al. (2018) and Bashar (2021) analysed the clustering 
behavior of house prices across Australian cities. Churchill, op. cit. examined the 
issue of convergence in the residential property price index across the eight Austral-
ian cities from 2003q3 to 2017q4. They identified two convergence groups and one 
non-divergent group. Bashar, op. cit. examined convergence of regional house prices 
across 300 odd suburbs of the Melbourne metropolitan area in Australia. They found 
evidence for conditional convergence in presence of spatial effects as also popula-
tion, employment, crime rate, and education.

A number of studies [Blanco et  al. (2016); Matysiak and Olszewski (2019); 
Maynou et al. (2020); Miles (2020); Maynou et al. (2021); Trojanek (2021)] have 
been carried out in respect of clustering behavior of house prices across European 
countries. Blanco et  al. (2016) attempted to identify convergence clubs in house 
prices among Spanish regions over the period 1995q1 to 2007q4 and investigated 
determinants. They found four groups for club convergence, which were influenced 
by initial house supply, population growth, size of the rental market, and geographi-
cal situation.

Matysiak and Olszewski (2019) investigated the evolution of residential property 
prices in sixteen major cities of Poland over the period 2007q1 to 2018q4 and found 
evidence for three convergence clubs. They also established that few demand and 
supply factors, in conjunction with initial price conditions, accounted for the club 
groupings.

Maynou et  al. (2020) analysed the issue of house price convergence across the 
European countries, both members and non-members of Eurozone. They reported 
five convergence clubs for Europe, which, in turn, were driven by private debt, 
unemployment, and long-term government interest rate. Miles (2020) applied proba-
bilistic pairwise approach for analyzing convergence across eurozone housing mar-
kets. They do not find strong evidence for house market convergence for eurozone 
countries. Maynou et al. (2021) examined the issue of convergence in house prices 
across the Eurozone countries using quarterly data for 2004q2 to 2016q3. They 
found evidence for five convergence clubs. They attribute unemployment and fiscal 
policy as the drivers of this clustering. Trojanek (2021) analysed 18 regional hous-
ing market for Poland. The study identified two house price convergence clubs in 
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Poland for the period 2000q1 to 2019q4. However, in the split sample analysis for 
pre and post-Great Recession periods, the study identified four convergence clubs 
along with a number of divergent housing markets.

In contrast to the above studies for European countries, which established club 
convergence across the countries, Tsai (2018) reported the contrary. Tsai, op. cit. 
examined if the adoption of the Euro increased house price convergence amongst 
European countries. Using quarterly data for 1984q1 to 2015q1, for select EU and 
non-EU countries, Tsai, op. cit. reported that before the implementation of the 
Maastricht Treaty in 1992, house prices in European countries remained non-con-
vergent, nevertheless, after 1992, it converged.

The clustering behavior of house prices has also been examined in the case of 
several emerging market economies as well. In the case of Korea, Kim (2011) estab-
lished the existence of multiple convergence clubs for house prices. Meng et  al. 
(2015) used monthly house price data for ten key cities in China (for the period from 
January 2005 to November 2013) and found evidence for four convergence clubs. In 
the case of South Africa, Apergis et al. (2015) examined the issue of the law of one 
price across the residential markets of nine provinces. They found that house prices 
in nine provinces did not converge to a single steady state, rather they formed three 
convergence clubs.

In the case of Turkey, notable work has been done by Ganioglu and Seven (2019) 
and Ganioglu and Seven (2021). Employing quarterly nominal house price data for 
26 Turkish cities for the period 2010 to 2018 to see if the prices converged, Gani-
oglu and Seven (2019) reported prevalent heterogeneity in Turkey’s housing mar-
ket. They reported the existence of seven convergence clubs and one divergent club. 
In a similar analysis, Ganioglu and Seven (2021) contended that income, popula-
tion, education, refugees, earthquake zone, and unemployment explained the cluster 
behavior of the cities. Gunduz and Yilmaz (2021) analysed house price convergence 
across 55 major cities in Turkey for the period 2010q1 to 2018q4. They reported the 
role of population density, climate, employment rate, and metropolitan municipality 
in influencing convergence club membership.

On the whole, these studies have established the existence of club convergence in 
the sub-national housing markets of both the advanced and emerging market coun-
tries. Most of these studies have also suggested the determinants of such club con-
vergence behavior of house prices, which could vary from one country to another. 
These studies have established several factors for club convergence of house prices, 
which could be listed inter alia as supply and demand factors, initial prices, housing 
supply, climate, private debt, unemployment, long-term government interest rate, 
population growth, size of the rental market, geographical situation, income, educa-
tion, earthquake zone, and refugees.

In the context of housing study in India, available literature have, by and large, 
discussed, various aspects such as housing prices and its interaction with inter-
est, income, bank credit, regulatory guidelines, monetary policy shocks, and  



727

1 3

Asia-Pacific Journal of Regional Science (2023) 7:721–747 

macro-prudential regulation. Joshi (2006),7 and Mahalik and Mallick (2011)8 exam-
ined the influence of interest rates, income level, and bank credit on house prices 
in India. The influence of monetary policy on house prices has been examined 
by Singh and Pattanaik (2012)9; Singh and Nadkarni (2017)10; and Naikoo et  al. 
(2021).11 The response of house prices to macro-prudential regulation has been 
examined by Singh (2020) who reported that macro-prudential indicators such as 
loan-to-value (LTV) ratio, risk weights, and provisioning requirements also had a 
binding influence on housing price movements in India.

The literature on housing price convergence in the Indian context, nevertheless, is 
all the more scanty. The only available study is that by Aye et al. (2012) who used a 
panel unit root test on house prices (for the period 2007 to 2011) for 15 bigger cities 
reported that house prices did not converge in India. Nevertheless, there is no study, 
so far, in the Indian context, which has highlighted this issue of the club conver-
gence behavior of regional house prices. This study, hence, contributes and fills this 
void in the literature. Besides establishing the club convergence of regional house 
prices, the study also unravels the factors influencing this.

3  Data and methodology

3.1  Data

Currently, two public sector agencies, viz., National Housing Bank (NHB) and the 
Reserve Bank of India (RBI) are involved in the release of housing price data in 
India. The housing price index released by the NHB is called the RESIDEX. Com-
paratively,12 the NHB RESIDEX has wider geographical coverage of 50 cities (of 
which 33 are smart cities) located across 21 states.13 Based on the wider coverage of 
data for a large number of cities, NHB data has been used in this study.

7 He estimated a structural VAR model and found that interest rate and non-food credit accounted for 
more than two-thirds of forecast variance in house prices in India, which remained more important than 
income.
8 They estimated a vector error correction model and found that while income had positive influence on 
house prices in India, real non-food bank credit had an adverse impact.
9 They investigated asset prices and monetary policy interactions and reported interest sensitivity of 
housing credit demand in India.
10 They found that monetary policy and bank credit shocks had a dominant role in influencing stock and 
house prices, respectively.
11 He found that monetary policy shocks did not have a significant impact on house prices in India.
12 The housing data published by the RBI covers just 10 bigger cities.
13 NHB (2020).
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Ipso facto, the first official statistics on house prices in India was released by the 
NHB in 2007.14 Since its launch, the NHB has updated the base year four times—
the current base year being 2017–18 since June 2018.15 The NHB house price index 
is computed using the base year quantity using the Laspeyres’ index method. The 
city-wise house price index (HPI), calculated for the 50 cities, is weighted, based on 
2011 census population, to derive the composite HPI.

The NHB releases two house price indices. Assessment price of ready residen-
tial properties is based on valuation data as received from the banks and housing 
finance companies, while the market price for under-construction properties derives 
from the market survey of project financing details of the banks and HFCs for col-
lecting data in respect of unsold stock. Besides the house price indices, the NHB 
also releases four-quarter moving average city-wise house assessment prices—INR 
per square foot. The city-wise assessment price was used in the study. For empiri-
cal estimation, the nominal house price data was deflated by city inflation16 derived 
from the Government of India. Mortgage loan from the banks were sourced from 
the RBI, which was then deflated by a number of loan accounts. Data on popula-
tion density, literacy and house rent17 were sourced from the Government of India 
(Table 1).

3.2  Methodology

The heterogeneous transitional dynamics may not get adequately captured through 
conventional convergence tests such as unit root, cointegration, beta, sigma, dynamic 
panel data methods, etc. These conventional convergence methods do not perform 
well in the presence of heterogeneous transitional behaviour of cross-sections. The 
convergence methodology proposed by Phillips and Sul (2007) is a non-linear time-
varying factor model that accounts for individual heterogeneity and transitional 
dynamics. It involves a one-sided t-test in which the null hypothesis of convergence 
is considered against the alternate hypotheses of partial convergence amongst sub-
groups or divergence [Phillips and Sul (2009)]. Given its inherent advantages and 
better performance, this method has been widely used in a number of related studies 
as stated earlier.

A panel data series Xit may be decomposed into a permanent (git) and a transitory 
component (ait) as follows:

(1)Xit = git + ait

14 In 2005, the NHB first conducted a pilot study in Mumbai, Delhi, Bangalore, Bhopal and Kolkata 
before officially launching the NHB residex based on the house price data for these five cities on half-
yearly basis, to begin with. Subsequently the coverage of NHB residex was widened to 26 cities and 
2007 base year chosen. Since 2017, when the base year was shifted to 2012–13, the NHB has been pub-
lishing house price data in respect of 50 cities.
15 Previous base years have been 2001, 2007, and 2012–13.
16 In case of unavailability of inflation data for few cities, the inflation of proximate city was considered.
17 House rent data was not available for 2020q2 owing to data collection issues during the lockdown.
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Hodrick and Prescott (HP) (1997) has been one of the most popular and widely 
used filters for extracting trend and cyclical components from time series data. 
Over time, there have been several discussions on its pros and cons. Phillips and 
Shi (2021) highlight that the conventional HP-fitted trend generates a residual trend, 
which contaminates the cyclical component. They proposed an iterative and easy-
to-implement modification of the HP filter (based on machine learning), which 
makes it more effective in fitting and elimination of trend components. This method 
enhances the efficacy of the HP filter and is called as boosted HP filter.18 Phillips 
and Shi, op. cit. contend that as the filtered cyclical components (obtained from the 
conventional HP filter) may retain trend elements, the data is fed into the filter again 
for cleaning the leftover elements. The process is repeated until the trend elements 
are completely removed. As per convention, the smoothing parameter, λ, was set at 
1600 for quarterly data.

Since both the said components have a common factor (µt), Eq.  (1) could be 
rewritten as:

where δit is a time-varying idiosyncratic element, which captures the deviation of 
series i from the common component (µt), which is common (say a technological 
development available to all) across cross-sections. δit are individual transition fac-
tors measuring as to how the cross-sections relate to µt over time.

In this framework, the panel entities are expected to converge (either in the full 
sample or in some clusters) to a steady state at some future point if lim

k→∞
�it+k = � for 

all i = 1,2,….., N. The transition paths of different panels could be significantly dif-
ferent. Since δit cannot be estimated directly from Eq. 2, the common component µt 
is eliminated through rescaling by the cross-sectional average:

where  hit in the above equation is relative transition parameter. It measures the rela-
tive share of the factor loading, δit, in respect of individual cross-section at time ‘t’ 
and captures the transition path with respect to the panel average.

Furthermore, cross-sectional variance of  hit is measured as Ht, which is defined 
as follows:

Xit =
{
(git + ait)|�t

}
�t

(2)Xit = �t�it

(3)hit =
Xit

1

N

∑N

i=1
Xit

=
�it

1

N

∑N

i=1
�it

(4)Ht =
1

N

N∑

i=1

(hit − 1)2

18 Some recent studies on house price convergence, such as Tomal (2021) and Trojanek  et al. (2022) 
employed boosted HP filter for trend estimation.
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For the convergence, the following semi-parametric form of δit is assumed:

where �it =
�i

L(t)t�
   ; σi > 0, t ≥ 0, and εit is weakly dependent over t.

L(t) is a slowly varying function like log(t). And, L(t) → ∞ as t → ∞.
The average difference between δit and δi is expected to decline overtime. This 

decline occurs at a proportional rate of the inverse of tαL(t).
Under the above specific form of δit, convergence is ensured if δi = δ. In the event 

of δi = δ,  hit converges to 1 and Ht tends to 0.
The convergence can be tested in the framework of the following log t regression:

The convergence hypothesis can be tested by the null hypothesis of b = 0 in the 
equation above. Rejection of the null hypothesis of Eq. (6) above implies non-con-
vergence or divergence. As such, there could be clusters within which a few entities 
could be converging and also some divergent members in the panel. Absolute (level) 
convergence is achieved if b ≥ 2. Relative (conditional) convergence is achieved if 
0 < b < 2.

After testing the null hypothesis (considering entire panel), clustering algorithm 
as proposed by Phillips and Sul (2007 and 2009) is implemented following the sug-
gested four steps:

(a) Step 1 involves ordering the cross-section based either on the basis of last obser-
vation of the average of the second half of the observations.

(b) Step 2 implicates forming a core group from the cross-sections such that they 
form a sub-group for 2 ≤ k ≤ N and tested using the log t regression for that sub-
group. The core group size is chosen by maximising tk over k subject to min 
{tk} >—1.65.

(c) Step 3 is associated with sieving the data for new club members by adding one 
cross-section at a time to the core group so formed and running log t regression 
again. Keep adding new cross-sections if the associated t-statistics exceed the 
critical value.

(5)�it = �i + �it�it

(6)log

(
H

1

Ht

)
− 2logL(t) = c + blog(t) + ut

Table 1  Data sources S. no Variables Source

1 House price National housing bank
2 Consumer price index Government of India
3 Mortgage loan Reserve Bank of India
4 Number of mortgage loan 

accounts
Reserve Bank of India

5 Population density Government of India
6 Literacy Government of India
7 House rent Government of India
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(d) Step 4 is about the recursion and stopping rule. From the cross-section not 
selected in Step 3 constitute a sub-group and run the log t regression for this sub-
group to see if it satisfies the convergence test. In case it satisfies the convergence 
condition, then conclude that there are two convergence clusters. Otherwise, rep-
licate steps 1–3 to see if the second group itself can be divided into sub-groups. 
In case there is no core group in Step 2, then the remaining cross-sections are 
deemed to diverge.

4  House prices in India—characteristics and recent trends

In India, the real estate sector accounted for 6.7 percent of the GDP in FY 2021. 
Owing to its significant interlinkages with manufacturing, construction, financial 
services and other sectors, it is the second largest employment-generating sector 
(around 55 million jobs), next to agriculture, in the country. Given its larger eco-
nomic significance, understanding the dynamics of this sector can offer vital policy 
lessons. Another compelling reason for studying the Indian residential house market 
is the fact that the country accounts for six of the world’s top twenty most populated 
cities (Fig. 1). Hence, a study of the Indian property market could help better under-
stand the influence that population pressure could have on house prices in a larger 
economic setting. Another dimension that makes the study of the Indian real estate 
market topical is the fact that one of its cities, Mumbai,19 is portrayed as one of the 
most expensive real estate markets in the world. Mumbai, having the most expensive 
real estate market, remains an outlier in the country. As such, this study enables a 
better understanding of the convergence dynamics of sub-national house prices in 
presence of outlier cities.

The sub-national Indian housing market is characterised by significant heteroge-
neity. This heterogeneity could emanate from socio-economic, locational, climatic, 
and other factors. The residential property prices in metro cities in India remain 
higher than those in non-metro cities (Fig.  2). Mann–Whitney test validates the 
significant difference in house prices across metro and non-metro cities in India.20 
There also remains significant variation in property prices across various regions 
of the country (Fig.  3). Kruskal–Wallis21 test validates significant differences in 
residential property prices across the regions. The Western region has the highest 
median house prices, while the Central region has the lowest median. In addition, 
residential property prices across 50 cities depict distinct trends (Fig. 4).

Besides, there remains a significant disparity in the sub-national residential house 
prices in the country. Amongst the 50 cities, average house prices remained the high-
est in Mumbai and the lowest in Meerut; with the price in the former being roughly 
seven-times the latter (Fig. 5). Furthermore, the house prices in Mumbai remained 

19 As per Knight Frank’s Prime International Residential Index, as in December 2018, Mumbai 
remained the  16th most expensive prime residential property market in the world.
20 p-value = 0.00.
21 Chi2 = 281.5 (p-value = 0.0001).
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one-and-a-half times that of Thane, the city with the second highest house prices. 
In addition, many cities in India are characterized by lower residential house prices 
than the national average. Average house prices (for the period 2013q2 to 2021q3) in 
only 13 cities remained higher than the national average. There also remains a sig-
nificant disparity in residential house prices across  metro cities. Residential house 
prices in three metro cities such as Kolkata, Hyderabad and Ahmedabad, remained 
even lower than the national average (see Fig. 5).

The heterogeneous behavior of sub-national residential property prices in India 
was very much evident even during the covid-19 pandemic, which can be consid-
ered as a common shock. Asymmetric quarter-on-quarter and year-on-year changes 
in residential house prices across cities in 2020q3 (just the quarter following the 
covid-19 lockdown22) was observed. While house prices increased in some cities, it 
declined in others (Figs. 6 and 7).

Moving away from a heterogeneity of housing prices at a sub-national level, we 
now discuss the trend in house prices in India in the last couple of years. The resi-
dential property market in India has been lacking traction in the last couple of years. 
The residential housing market, in India, lacked significant activity even before the 
pandemic in line, inter alia, with lackluster growth in the last couple of years and a 
huge stock of unsold residential house inventories. Hence, house prices in India have 
witnessed significant correction. In real terms, house prices in India23 have contin-
ued the slump even after the outbreak of covid-19. This experience of the residen-
tial house market of India stands in contrast with many of the advanced economies 
wherein the residential housing segment boomed during the covid-19 pandemic 
(Fig. 8).

The correction in property prices in India in recent years has helped improve resi-
dential house affordability24 across many cities (Fig. 9). Karmali and Weng (2022)25 
also highlight the improvement in house affordability in India. The improvement in 
house affordability is good given the significant urban housing shortages26 in the 
country (Fig.  10). The affordability could have benefitted, inter alia, from near 
stagnant or correction in residential house prices, softer interest rate regime, and 

22 Nation-wide lockdown was enforced in India in four phases from March 25, 2020 to May 31, 2020 
for preventing the spread of covid-19 pandemic in the country. Subsequently, unlocking of economy was 
undertaken in a phased manner, which lasted for a year or so.
23 Owing to different base years, etc. y–o-y growth figures reported by the BIS could differ from that of 
the RBI and the NHB.
24 This is based on Knight Frank Affordability Index. The index indicates the proportion of household 
income that would be required to fund the equated monthly instalment (EMI) of a house purchased 
through mortgage loan.
25 They find that income elasticity of house demand is high in India and therefore advocate that public 
policy interventions should essentially be more on the supply side rather than demand side. Supply-side 
interventions could aim at increased level of housing supply through better service infrastructure and 
amenities such as water, sanitation, and connectivity.
26 A Technical Group constituted by the Ministry of Housing and Urban Poverty Alleviation had esti-
mated urban housing shortage in the country on the number of households, available housing stock, 
acceptable housing stock, overcrowding/congestion in the existing dwelling units and obsolescence factor 
by using the Census 2011 data.
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higher disposable income, especially in the pandemic period. Nevertheless, Mumbai 
remains unaffordable despite marked improvement in affordability statistics.27

0

5000

10000

15000

20000

25000

30000

35000

40000

45000

Dh
ak

a

M
um

ba
i

Ho
ng

 K
on

g

Su
ra

t

Ah
m

ed
ab

ad

Ki
ns

ha
sa

Bo
go

ta

Al
ex

an
dr

ia

Ab
id

ja
n

M
an

ila

La
go

s

Ba
nd

un
g

Ko
lk

ot
a

De
lh

i

La
ho

re

Lim
a

Pu
ne

Si
ng

ap
or

e

Se
ou

l

Bu
sa

n

Fig. 1  World (top-20) cities by population density—2014. Source: Our World in Data

2 2.5 3 3.5 4
log (real composite house price)

M
et
ro

No
n-
m
et
ro

Fig. 2  Box plot of house prices in metro versus non-metro cities. Source: Authors

27 Beyond the threshold of 50 percent, EMI to income ratio is considered unaffordable. This, broadly, 
remains the limit adhered to by the banks in the loan process (Knight Frank 2021).
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5  Empirical estimation

Descriptive summary of the variables used in the estimation is as follows (Table 2). 
As discussed in the preceding sections, Phillips and Sul (2007) log(t) convergence 
test was undertaken.28 This suggests the rejection of the null hypothesis of the con-
vergence of residential prices of the cities to a single price level29 (Table 3). Rejec-
tion of the null hypothesis of convergence, however, does not rule out the con-
vergence of sub-groups or divergent members in the full panel [Phillips and Sul 
(2007)]. Further, the possibility of convergence to respective steady states at the 
sub-groups level was explored.

Initially, cluster analysis suggested the existence of five clubs (Table  4). The 
regression coefficients for all five clubs are found significantly positive suggesting 
support for club classification. Following the clustering procedure, further possibili-
ties were explored if the proximate clubs could be merged to form larger conver-
gence clubs. Merger analysis suggests that clubs (1 and 2) and clubs (3 and 4), could 
be merged, respectively (Table  5). In both the club classifications, Mumbai and 
Thane (having the most expensive real estate market in the country) form a diver-
gent group.

2 2.5 3 3.5 4 4.5
log (real composite house price)

Western

Southern

Northern

North Eastern

Eastern

Central

Fig. 3  Box plot of house prices across the regions in India. Source: Authors

28 As suggested by Phillips and Sul (2007), a small fraction of data (r = 0.3) to be discarded was consid-
ered in the algorithm.
29 The log(t) test results are similar, both with the conventional HP and booster HP filtered house price 
data.
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The cities, finally, have been categorised into three different clubs as per the 
trend in house prices (Table 6 and Figure A1). Club 3 exhibits a higher speed of 
convergence followed by club 2 and club 1. It is noteworthy that the club of cities 
so formed do not share contiguous geographical location—as one would expect 
that cities located closer to each other (say within a state) would witness simi-
lar price dynamics. Nevertheless, evidence from studies across different countries 
suggests that club membership in cities or regions need not necessarily be driven 
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by geographical neighbourhood. In this regard, Kim and Rous (2012) contend 
that usual concepts of economic areas (say, census region) may not be best suited 
to study regional differences in house prices. Gunduz and Yilmaz, op. cit. also 
highlighted the non-conformity of convergence clubs to conventional geographi-
cal regions of the country.

The divergent group is characterised by the highest level of residential prices 
(Fig.  11). Club 1 comprising of the metro cities, barring Mumbai, displays the 
highest level of residential prices followed by club 2 and club 3, respectively.
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Figures 12a–c display the transition paths of city residential prices in the respec-
tive clubs. City-house prices within the clubs may display distinct transition paths. 
But, they display a tendency of catching-up to the average transition path and con-
vergence within the respective clubs. Figure 12d shows the average transition paths 
of respective clubs.

Having explored the club convergence of the cities, we now examine the factors 
that could drive this. Initial situation, the evolving conditions and dynamics in the 
cities could provide push and pull factors in such club formation. Based on data 
availability, we focus on six factors that could contribute to the club formation of the 
cities. Initial residential price of the city, house rent, home loans, population density, 
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Fig. 10  Urban housing shortage in India (2012) (in millions). Source: Government of India (2013)

Table 2  Descriptive statistics

Source: Authors’ calculations

Variables Number of 
observa-
tions

Mean Std. Dev Min Max

ln(house price) 1.700 8.531 0.420 7.66 10.13
ln(initial price) 1.700 8.335 0.413 7.662 9.702
ln(mortgage loan) 1.700 5.749 0.434 4.43 6.95
ln(house rent) 1.650 4.880 0.158 4.61 6.19
ln(pop. density) 1.700 8.846 0.713 6.48 10
literacy 1.700 87.422 4.489 72.73 97.36
ln(city inflation) 1.700 5.645 0.145 5.3 6.1

Table 3  log(t) test result

Source: Authors’ calculations
***p < 0.01

Variable Coefficient Standard error t-statistics

House price – 0.731*** 0.028 – 26.38

Table 4  Initial classification

Source: Authors’ calculations
Notes: 1) ***p < 0.01, **p < 0.05, *p < 0 .1
2) Mumbai and Thane form divergent group

Club No. of units Coefficient t-statistics

Club 1 5 0.295** 2.512
Club 2 17 0.107** 0.942
Club 3 12 0.380*** 2.950
Club 4 9 0.545*** 8.524
Club 5 5 0.417*** 3.014
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literacy and city inflation were considered to gauge if they had a binding influence 
on the club formation. All the said variables, barring the city inflation, were found to 
be the highest for club 1 followed by clubs 2 and 3 (Table 7).

Table 5  Final classification

Source: Authors’ calculations

Final club Merged clubs No. of cities Coefficient t-statistics

Club 1 Clubs: 1, 2 22 0.077 0.759
Club 2 Clubs: 3, 4 21 0.078 0.903
Club 3 Club 5 5 0.417*** 3.014

Table 6  Residential house clubs 
of cities Club 1:(22)

Navi Mumbai, Mira Bhayander, Hyderabad, Ahmedabad, Gandhi-
nagar, Panvel, Delhi, Kalyan Dombivali, Gurugram, Chennai, 
Bengaluru, New Town Kolkata, Pune, Kolkata, Vasai Virar, 
Kochi, Thiruvananthapuram, Surat, Guwahati, Vizag, Patna, and 
Vadodara

Club 2:(21)
Coimbatore, Faridabad, Bidhan Nagar, Noida, Rajkot, Pimpri 

Chinchwad, Howrah, Ludhiana,
Vijayawada, Bhubaneswar, Indore, Ranchi, Dehradun, Greater 

Noida, Nagpur, Chandigarh, Ghaziabad, Kanpur, Lucknow, Cha-
kan, and Raipur

Club 3:(5)
Jaipur, Bhopal, Meerut, Nashik, and Bhiwadi
Not convergent group:(2)
Mumbai, and Thane
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For exploring the determinants of club formation, ordered probit model was esti-
mated. The clubs were ranked based on the average prices for the said period in 
ascending order (club 1 having the least price). A set of variables such as initial 
house price, house loans, rent, population density, literacy and inflation were consid-
ered. A city with higher initial prices, ceteris paribus, is expected to have an inertial 
higher price and accordingly qualify into a higher price club. Larger quantum of 
house loan is expected to fund home buying in a city having relatively higher real 
estate prices. A city in a higher price residential club is expected to have higher 
rental levels. This is corroborated in the Indian case wherein residential rentals 
in select cities were found to be positively associated with house prices (Fig. 13). 
Increased population pressure is expected to create higher demand for housing and, 
thereby, higher house prices. Higher literacy is positively associated with income, 
which improves house affordability. Hence, increased literacy is expected to have a 
salutary influence on house prices. City inflation in the club of cities with a higher 
level of house prices was found to be relatively lower than that of the club with 
lower house prices (see Table  7). Hence, higher city inflation increases the prob-
ability of membership in cities with relatively lower prices. The estimation result is 
produced in Table 8, which is on the expected lines.

The estimated marginal effects show the impact of each variable on the change in 
the probability of belonging to a club. These are also on the expected lines. Increase 
in initial price increases the probability of higher residential price club member-
ship while decreasing the probability of lower residential price clubs membership 
(Table 9). The same logic applies in the cases of loan, rent, population density, and 
literacy wherein any increase in the explanatory variables is associated with a rise in 
the probability of higher house price club membership. On the contrary, as expected, 
an increase in city inflation is found to have a higher chance of being associated with 
lower-price clubs.

6  Concluding observations

While studies on regional house price convergence have been undertaken in respect 
of advanced economies and a few emerging market countries, literature remains 
scarce in respect of some significant and large EMEs like India. This study seeks to 
bridge this gap. In the present study, an analysis of house prices in 50 cities in India 
was undertaken. It was found that the city residential house prices across the country 
do not share homogenous movements. As such, they do not converge to a unique 
steady state. Rather, we found evidence that the cities form distinct clubs wherein 
they exhibit a tendency for conditional convergence.

Of the fifty cities, 48 cities were found to form three distinct clubs wherein the 
house prices converged to their respective steady-state paths. Two cities, with the 
highest level of residential house prices, were found to form a divergent group. 
The convergence club of cities (based on residential prices) are not found to share 
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geographical contiguity. The transition path of cities within the clubs are quite dis-
tinct from one another, nevertheless, they display catching up to the average transi-
tion path.

To explain the drivers of club formation of cities, an ordered probit model was 
estimated. Initial residential price of the city, house rent, home loans, population 
density, literacy and city inflation were found to be the determinants facilitating 
club formation. An increase in initial house price, home loan, rent, population 
density, and literacy was found to be associated with an increased probability of 
higher house price club membership. City inflation, on the contrary, was found to 
have increased chances of being associated with lower-price clubs.

The findings relating to diverse behaviour of house prices at sub-national level 
and recognition of the fact that within cluster(s) the regional house prices may 
witness similar dynamics could enable policymakers in probing the common 
driving factors and accordingly devising apposite policies. An important policy 
implication arising from this study is that given significant heterogeneity of house 
price trends at the sub-national level, the regional house prices could be at vari-
ance from one another as also against the national trend. Hence, implementation 
of nation-wide uniform regulatory policy may not be apposite, especially in the 
context of geographically large-sized countries. In this regard, the identification 
of housing clusters could guide policymakers better in stabilizing demand-driven 
localized house price shocks through regionally differentiated policies. Funke, 
op. cit. estimated a two-region dynamic stochastic general equilibrium (DSGE) 
model and highlighted the efficacy of sub-national macro-prudential policies in 
reducing the variance of house prices in the case of the United Kingdom.

This study of the residential house market of a large emerging market like 
India could offer several insights for other economies. From the sub-national 
housing price dynamics in a large and populous county like India, one can appre-
ciate better the influence of population pressure on mortgage prices. Furthermore, 
for a large country such as India, given the acute shortage of housing and con-
cerns relating to affordability, grouping cities based on price trends could enable 
policymakers to devise apposite policy interventions.

The study considered select variables (based on the availability of reliable 
data) for understanding the determinants of sub-national house price conver-
gence in the Indian context. Housing inventory also has a significant influence on 
house prices. Nevertheless, owing to the unavailability of credible (official) data 
on housing stock, it could not be included in the present analysis. Future studies 
may be undertaken to bridge this gap when such reliable data is available. Fur-
thermore, given the paucity of literature in the area, it is also important that more 
studies as this are undertaken for India on different aspects of housing dynamics.

Fig. 12  a Relative transition paths for Club 1. Source: Authors. b Relative transition paths for Club 2. 
Source: Authors. c Relative transition paths for Club 3. d Relative average transition paths for all the 
clubs. Source: Authors

▸



743

1 3

Asia-Pacific Journal of Regional Science (2023) 7:721–747 



744 Asia-Pacific Journal of Regional Science (2023) 7:721–747

1 3

Table 7  Club-wise summary statistics

Source: Authors’ calculations
Note: Figures in parentheses are standard errors

ln(initial price) ln(mortgage 
loan)

ln(house rent) ln(pop density) Literacy ln(city inflation)

Club 1 3.029 5.820 4.880 8.945 89.255 5.619
(0.015) (0.017) (0.006) (0.0317) (0.135) (0.005)

Club 2 2.777 5.680 4.879 8.708 87.008 5.656
(0.008) (0.015) (0.006) (0.021) (0.114) (0.006)

Club 3 2.532 5.509 4.901 8.652 80.238 5.657
(0.012) (0.025) (0.012) (0.019) (0.469) (0.012)
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Table 8  Club convergence 
determinants—ordered probit 
model

Source: Authors’ calculations
Note:***p < 0.01

Explanatory variables Coefficient Std. error

ln(initial price) 0.735*** 0.140
ln(mortgage loan) 0.970*** 0.112
ln(house rent) 1.792*** 0.346
ln(pop density) 0.254*** 0.048
literacy 0.184*** 0.009
ln(city inflation) – 3.978*** 0.364
transition parameter 1/2 10.391 1.506
transition parameter 2/3 12.486 1.513
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