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1. Introduction

Property valuation is an important issue for constanreal estate investors,
and the banking industry. For consumers and reateegnvestors, accurate
assessments of residential real estate propernyesare crucial for financial

planning and making investment decisions. For bathiese is a need to value
residential properties accurately in order to makémal lending decisions

(e.g., evaluating the size of the mortgage as eeptaige of the property value
that the bank is willing to offer) and to assess #mount of risk in their

existing mortgage portfolios (Lentz and Wang 1998).

This paper focuses on property valuation basedash tpansaction data in the
Hong Kong residential property market, an activerkeg for real estate

transactions (Choy et al. 2007). The obtaining aifusate property valuation
in the Hong Kong market based on previous transagirices poses several
key methodological challenges.

First, although considered an active market, datddong Kong real estate
transactions are “sparse” in statistical terms. Fatance, in our dataset
(described in detail in Section 4) that covers ri@ajor residential estates in
Hong Kong (based on transaction volume), only atlof% of all property
units record a transaction in the one-year perimmfFebruary 2008 to
February 2009. Thus, to obtain valuation for a progpunit that does not have
any transaction records, we need to utilize infdiomafrom other transactions,
i.e., obtain valuation information from “similar’nits that had recorded
transactions. To combat against the sparsenessaloéstate transaction data, a
model-based valuation approach is necessary.

Second, the structure of the Hong Kong real estateket is different from

their North American (e.g., Case and Shiller 198®) European (e.g.,
Clapham et al. 2006) counterparts, where singlaiatmmes are more
common. As will be discussed in Section 2, mostdesgial properties in

Hong Kong are high-rise condominiums, with manytsisharing the same
floor plan within a building. Also, multiple condanium buildings are

usually replicated from a common design to fornoading estate. In order to
improve estimation efficiency, our model must egiplly account for this

unique hierarchical structure.

Furthermore, the real estate market in Hong Kondgighly volatile and
exhibits huge month-to-month price fluctuationsor Fastance, in our dataset
that covers a one-year period from February 200&dbruary 2009, the
median per-square-feet price of a property charmesis much as 12.7%
month over month. Thus, when modeling property @sllone must account
for not only the transaction history and the chemastics of the property unit,
but also when those transactions occurred to adjustgeneral market
conditions at that time.
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In this paper, we address these methodologicaletigds by developing a
hierarchical Bayesian model based on the framewaoskosed by Gelman et
al. (2003) for property valuation in the Hong Korwusing market.
Essentially, our proposed method is a Bayesiannsida of the commonly
used “hedonic pricing” models (i.e., multiple reggi®n models) in the real
estate literature (Tiebout 1956; Lancaster 1966afoecent review, see Lentz
and Wang 1998). Our Bayesian approach borrows rimdtion efficiently
across different housing units through a hyperthistion specification
(Gelman et al. 2003), which guarantees reasonatimation accuracy even
when transaction records are sparse. Meanwhilehigrarchal nature of our
model takes into account the unique structure ef Hong Kong property
market. In addition, we address the month-to-mdhtbtuations in general
price levels using a flexible “random walk with ftltitime series specification
(Greene 2007). Through an out-of-sample assessmentshow that our
model outperforms average price-per-square-feegxpert assessment-based
valuation methods.

The contributions of our paper are as follows. tFite the best of our

knowledge, this is the first paper that takes atoount, the unique features of
the Hong Kong property market (e.g., multiple ustgring the same floor-

plan and multiple replicas of the same building @an estate) using a
hierarchical Bayesian model. In this respect, gaper is similar in spirit to

other methodological papers, such as Bao and Wa%j2and Zhou and Bao
(2007), which developed and applied advanced statisnethods to model

the Hong Kong residential real estate market. Seéicgiven that our data

collection period (February 2008 to February 2088hcides with the peak of

the global subprime crisis, our model parameteoyige a complementary

insight (in additional to conventional median-prittend analysis) on the

effect of the global financial turmoil on Hong Konggl estate prices.

The remainder of this paper is organized as folloBection 2 discusses the
background information on the Hong Kong propertyrkag and briefly
reviews previous literature that models Hong Koeagl lestate prices. Section
3 develops our hierarchical Bayesian approach funén price valuation.
Section 4 describes our dataset on real estateahons. In Section 5, we
apply our model on actual data, describe our méjedind compare the out-
of-sample valuation performance against other bmiack methods. Finally,
Section 6 concludes with directions for future egsh.

2.  Background: Hong Kong Housing Market

The Hong Kong residential private property markedme of the most actively
traded real estate markets in the world (Bao and A04). Residential real
estate in Hong Kong is divided into public housiagd private housing;
roughly half of the seven-million population in HprKong live in public
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housing, and the other half in private housing (¢1&ong Housing Authority
2008). In terms of housing supply, in 2008, therraeva total of 2.5 million
residential housing units in Hong Kong, among which million are public
housing units and 1.4 million are private propentjts (Hong Kong Housing
Authority 2008). Similar to the focus of previotesearch on the Hong Kong
housing market (e.g., Bao and Wan 2004; Chau €0&84; Choy et al. 2007,
Mok et al. 1995), this paper focuses on valuatinggpe property units.

Most of the private housing units in Hong Kong high-rise condominiums
organized into residential estate complexes. Figurshows the general
structure of housing units in Hong Kong. The leéinpl shows an estate
complex (South Horizon), which is comprised of riplét (in this case, 34)
“blocks,” as shown in the right panel. Each blogHKurther divided into floors,
and each floor is divided into multiple (in thissea 8) units. Note that
different floors of the same unit usually have shene floor plan. This unique
feature allows us to model the value of a unit t3yeistate, block, unit, and
floor specifications.

Previous literature on modeling the Hong Kong resthte market generally
focuses on two distinct issues. One stream ofalitee attempts to create an
overall property price index similar to the S&P/€hiller real estate index
(Case and Shiller 1989). Based on the methodologygsed by Bailey et al.

(1963), Chau (2006) develops an index construati@thod based on same-
unit repeated sales data. Similarly, Chan et #1092 create the Centa-City
index to capture the general month-to-month ovepalte changes in the

residential real estate market, while Hui and YR2806) analyze the time

series of Hong Kong housing prices to investigat@ence of an asset
“bubble”.

Another stream of research applies hedonic pricdeatso(e.g., Gillard 1981,
Li and Brown 1980, Rosen 1974) to study the extenwhich characteristics
of housing units (e.g., square footage, age, arghberhood) drive property
transaction prices. For instance, Choy et al. (208pply a hedonic price
model to transaction data “during a period of ety stable property price”
to study the effects of floor level and propereson property value, and find
that larger units and higher floor levels generaltynmand higher values. A
similar hedonic-modeling approach is taken by Mbkle(1995) to study the
relationship between property prices and dwellihgracteristics, while Bao
and Wan (2004) use a smoothing spline techniguestionate hedonic price
models and show that their estimation techniqueearfirms traditional least-
square estimation methods.
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Our Bayesian model integrates both streams oflikee to address the issue
of property valuations for all housing units, refjass of whether a
transaction exists for a particular unit. Whileoaling for the estimation of a
general price level for each estate (an index), Bayesian approach also
allows us to bring in dwelling characteristics tdgeigrate information from
one housing unit to another.

3. Hierarchical Bayesian Approach for Residential
Property Valuation

This section develops our hierarchical Bayesianr@ggh for residential
property valuation in Hong Kong. Similar in spitid the spatio-temporal
modeling approach in Sun et al. (2005), we modelperty value by
considering the effects of time, building-block, darfloor. Section 3.1
discusses the details of our model. Section 3.Bnestthe prior specification
and our computation procedure. Section 3.3 demaestrthe application of
our model to property valuation.

3.1 Model of Transaction Prices

Throughout this paper, we use the following setathtions. Let (i=1, 2, ...,
I) denote estate complexes (e.g., South Horizof)= 1, 2, ...,m) denote a
block-unit within an estate (e.g., Block 28-Unit kK)(k = 1, 2, ...,n) denote
the floor number (10th floor); and, the number of floors in block-unjt
minus oné.

Let Vi be the log-transaction price of estatdlock-unitj, floor k at timet

(measured in months)Building upon the previous literature on hedonic
pricing models (e.g., Choy et al. 2007), we mogi'h-qlt as the sum of three

distinct model components; namely: (i) time efféad), block-unit effect, (iii)
floor effect, and a random error term. Formally,

Yie = G + B FWi T G
= = —_— ——

time  plock-unit  floor  random ~N(0.62
effect effect effect  error Eijnt ( vo-(i)y) 1)
)

! Based on discussions with real estate agentsophioor units can be systematically
different from those on other floors. For instanseme top-floor units include

exclusive access to the roof-terrace area, and semaats install (sometimes illegal)
“upgrades” to the roof terrace, thereby affectihgitt values. Thus, in this paper, we
exclude the top floor units from our empirical aysid.

2 Note that besides the logarithmic transformatither types of transformations (e.g.,
Box-Cox transformation) can also be considered (seppér et al. 1988).
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We now explain the three model components in defait, o, represents the

time effect for estate at timet. This captures any general changes in market
values for all block-units within estate at time t due to exogenous
economic/demographic changes in the neighborhoad, anges in macro-
economic conditions, such as real interest rateanges in transportation
networks, opening of new stores and schools inattea). Building on the

previous literature (Case and Shiller 1989), we ehdd;; using a random-

walk-with-drift time series specificatiod (Greene 2007), with drift
parametegs; and variance parametgﬁ)a:

g = gy T W » W, ~ N(x,0¢),) (t>1) )

This specification is widely used in econometricdais of non-stationary
time series (e.g., Greene 2007), such as grosenaatproduct (Cochrane
1988), personal income (Mankiw and Shapiro 1988} foreign exchange
rates (Engel and Hamilton 1990). It is flexible aadsumption-free, yet
maintains reasonable smoothness in the time seiiealso provides a
conjugate prior to our model estimation procedwgi@gi Markov chain Monte
Carlo (MCMC) sampling (Choi et al. 2009), as desedi in Appendix I. In

relation to the previous literature on price indgx@,, can be interpreted as

the “price index” for estaté at timet (Messe and Wallace 1997), which
represents the general market conditions over tiomntrolling for the
characteristics of housing units. We will revidiist interpretation when we
discuss our empirical results in Section 5.2.

Second,¢lj denotes the block-unit effect for theh block-unit in estata.

Following hedonic price models (e.g., Ball 1973pEad Wan 2004; Chau et
al. 2001; Choy et al. 2007; Freeman 1979; Leggadt Bockstael 2000), we
allow ¢”. to be driven by the intrinsic features of the mndp unit (e.g.,

square footage, view, age), using a hierarchioatifipation as follows:

b =% +8 5 ~NOoG,) 3)

where Xj denotes the vector of features for block-ynit estatei; S, is a

vector of parameters that measures the sensitifiproperty values on these
features.

® We check the validity of the random-walk-with-driissumption using auto-
correlation plots (of different lags) of the; time series, which are included in
Appendix II; we find that none of the autocorredas are significant, which provides
some empirical support for our model specification.
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We should note that our model specification is @erably more flexible
than commonly used hedonic price models. Insteabssfiming that the price

of a housing unit is solely driven by a set of feas ()?ij ), Equation (3)

specifies a prior distribution on the block-unifesf ¢ij conditioned on these

features. This allows our model to effectively “lmw information” across
different block-units (while controlling for theidifferent characteristics)
using a hierarchical modeling framework (Gelmaale2003).

Third, y;;, denotes the floor effect. Previous literature oongl Kong

property prices (e.g., Bao and Wan 2004; Choy.€2@07) typically find that
higher floor units command higher market valuesuslhwe model the floor
effect as a linear function of floor level, as folis:

Viik =7k (4)

One may argue that the linearity assumption in Eqoa(4) is rather
restrictive. It is possible that floor effect caa hon-linear, as suggested by
Choy et al. (2007). However, as will be discusse&ections 5.1 and 5.3, we
find that our parsimonious specification alreadyoides an excellent
description of the data both in- and out-of-sampieSection 6, we generalize
Equation (4) by relaxing the linearity assumption.

Finally, the random error terms;, denote any unobserved effects beyond

our model specification. This includes, for instanthe bargaining power of
the buyer and seller, and any unobserved conditérise housing unit, e.g.,
renovations and upgrades (Bailey et al. 1963).

3.2  Prior Specification and Computation Procedure

To complete our hierarchical Bayesian specificatiose specify conjugate,
weakly informative priors for all model parametdcs allow for efficient
posterior sampling using the Gibbs sampler (CaselthGeorge 1992), and at
the same time, allow the data to dominate the postaference. Specifically,
we apply the following sets of standard, diffuséopmdistributions for our
model parameters (Gelman et al. 2003):

o, ~ N(0,100) ®)
B, ~N(0,100°1) (6)
7; ~N(0,100%) (7)
w1, ~N(©0100°c2,) (8)
02,,02,,0%, ~Inv- z2(0.00L1) )

wherei represents the identify matrix.



Hierarchical Bayesian Approach 9

Given the prior distributions in Equations (5) 3, (@ur model specification is
complete. We then obtain the posterior distribigiof our parameters using
the Gibbs sampler. Since the Gibbs sampling praeedescribed here is
standard in the Bayesian statistics literature,bwiefly outline each step in
Appendix |I. Readers may refer to Casella and Ge(§@2) for details.

3.3 Model-Based Property Valuation

Once we obtain the posterior distribution for ouodel parameters, it is
straightforward to generate the valuation for epidperty unit, regardless of
whether or not the unit has had any previous tictitsss. More specifically,

let the (log-) market value of unjt on floork, in estate at timet be (9ijkt.

Our model-based estimate 6, (denoted a&éijkt) is the posterior meén
given all the data:

040 =E(Oyc IY) = E(ary +6, +7KIY) (10)

where Y denotes all historical transactions acedssinits. Thus, the model-
based valuation (and the associated posteriorvai)efor any property unit

can be easily estimated by sampling from the piostelistributions ofc;, ,

¢ij , and y; using MCMC methods described in Appendix I. Folgal

]

n 13 m m m
6, zﬁz(ai(t )+¢ig )+7i( 'K) (12)
m=1

where g™, ¢{™, y™ denotes the m-th sample from the posterior distidbu

of ¢ ¢|j, andy;, respectively. The posterior interval fgr. can likewise be

_ I
it? 1)kt
computed from the posterior distributions of thedelgparameters.

4. DataOverview

We obtained our dataset from a major real estagmtagn Hong Kong. It
contains all transactions in ten major residergigthte complexes (based on
the highest transaction volume during the periodHong Kong between
February 2008 and February 2009 as recorded bylohg Kong Government
Land Registry. We have focused on the above timeoghebecause it
coincides with the global financial crisis, allogis to study the impact of
the financial crisis on the Hong Kong housing markée will return to this
issue when we discuss our results in Section 5&.h&ve also obtained the

“ The posterior median can also be considered. Gherposterior distributions in our
application is fairly symmetric, both estimates \pde similar results. Details are
available upon request.
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size (in square feet) of each unit within the estafhe list of the ten major
estate complexes, along with a summary of theiufes, is shown in Table 1.
The largest estate (in terms of the number of Imguanits) in our sample is
Kingswood Villas, with nearly 16,000 housing unitee smallest estate is
Amoy Garden, with just over 5,000 units. The irdgersize of the housing
units ranges from 373 square feet to 1920 squate fe

Tablel List of Ten Major Estatesand Their Characteristics

E<tate name Numbq of Number qf Smajleﬂ Largest size
transactions | housing units | size(sqft) (sqft)

Taikoo 469 13576 585 1237
South Horizon 413 9856 632 1121
Kornhill 266 6584 582 1056
Me Foo 698 14385 560 1920
Whampoa 363 11120 469 1110
Laguna City 367 8080 639 941

Amoy Garden 394 5128 371 607

Kingsmood 1170 15888 573 825
City One 822 10970 389 1018
Metrocity 460 6768 487 1026

The ten major estates contain a total of 5,422saetions within the time
period described. Divided by the respective total number of housimits
(see Table 1), this indicates that only around 3%he housing units had a
transaction in the specified one-year period, sstjyg that the transaction
data are indeed very sparse. Figure 2 shows tla¢ nodnthly transaction
volume across all ten estates over time. Note tiatmonthly transaction
volume shows significant month-to-month variatioris. our dataset, the
transaction volume is highest in February 2008, lza&l decreased to a lower
level since then. Meanwhile, transaction volumthéslowest in August 2008
with only 274 transactions. The largest month-taathachange in transaction
volume occurs between February 2008 and March 2808,a decrease of
34.9%.

® Note that our sample size is somewhat smaller thanof comparable studies (e.g.,
Leung et al. 2002a, 2006, 2007). Furthermore, dkie of total transactions to the total
stock is below average in our data collection gkrkeurther research may incorporate
a larger sample size and a longer time horizon.tidek an anonymous reviewer for
pointing out this issue.
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Figure2  Total Monthly Transaction Volume Acrossthe Ten Estate
Complexesin Our Dataset

Monthly Transaction Volume

500 600 700
1 1 1

# Transactions

400
1

300
1

Month

Within each estate, transaction prices also exBilgiificant variations over

time, as shown in Figures 3 and 4, which displag thedian transaction

prices of each of the ten estates over the oneperawd, and the median per-
square-feet transaction prices for each estatadh month.

Since the median transaction price does not digiihgbetween housing units
of different sizes and quality, the median priceetiseries are very noisy and
do not exhibit any clear pattern. The median pewaserfeet price, on the
other hand, shows a sharp decrease of around 12v&taged across estates)
from October 2008 to November 2008, presumably wuencertainty and
pessimism about the economy during the height ®fglbbal financial crisis.
As evident in Figures 3 and 4, the median per-sfeat price varies from
$5,125 (in Hong Kong Dollars) to $7,618 in the maspensive estate
(Taikoo), and varies from $1,673 to $2,143 in teast expensive estate
complex (Kingswood Villas§. After applying our model to the actual data,
these figures will be used to validate our modekée if it preserves the
observed patterns in transaction prices, both #olaie and in per-square-feet
terms.

® Unless otherwise noted, all dollar signs in thigogr refer to Hong Kong dollars,
which is pegged to the U.S. dollar under a goventrgaarantee ($1 US = $7.8 HK).
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Figure3 Median Transaction Price for Each Estatein Each M onth

Taikoo South Horizon
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Notes:

Solid Line: The Observed Median Price.
Broken Line: The Model-Fitted Median Price
Y-Axis: Measured In $10k (Hong Kong Dollar).

5. Empirical Results

In this section, we calibrate our model to the deation data described in
Section 4. Using MCMC sampling, we obtain 500 sa&sgtom the posterior
distribution of our model parameters. We discarel finst 250 as “burn-in”

samples (Gelman et al. 2003), and retain the rén@i250. In Section 5.1,
we validate the fit of our model to in-sample ddtaSection 5.2, we study
and interpret the model parameters. In Section wWe3compare the out-of-
sample valuation performance of our model agaimstiienchmark methods.
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Figure4  Median Per-Square-Feet Price (In Hong Kong Dollars) for
Each Estatein Each Month
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Notes:
Solid Line: The observed median per-square-feet price
Broken Line: The model-fitted median per-square-feet price

51 Modd Validation

We validate the fit of our model on the summarytistias discussed in

Section 4. Figure 5 plots the observed (log-) @matien prices against the
model-fitted valuations for each of the estatesun dataset. As we can see,
all the points on the scatterplot in Figure 5 llese to the 45-degree line,
showing that our model adequately describes thresaction data. Across all
estates, the mean square error on log-scale i2®.0be mean absolute
deviation is 0.040, again indicating an excelleasample fit.
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Figure5  Actual versus Model-fitted (log-) Transaction Values

Actual

Fitted

Note:
Solid Line: 45-degree line

Figures 3 and 4 study the fit of our model on imdli)al estates in terms of
median transaction price and median per-squaregiées respectively. The

solid lines in Figures 3 and 4 are the observedesland the broken lines are
the model-fitted values. As we can see in both régu despite being

parsimonious, our model is able to capture thesigheratic patterns in the

price trends for each estate.

5.2  Parameter Interpretation

We now look at the parameter estimates from eadatehr@mmponent in detail.
We begin with the first model component, the “tieféect” captured by;, ,
which is shown in Figure 6, along with the corresing 95% posterior
intervals (shown as vertical bars). As we discussatier, r;, represents the
general price levels of housing units within estat montht, and can be
interpreted as a price index (Messe and Wallac& 18y studying howe;,

changes over time, we can study how the genereg pevels of an estate are
changing due to macroeconomic conditions. Sincedai® collection period
(from February 2008 to February 2009) coincideshwilie onset and the

height of the subprime financial crisis, the evimmtof ¢, illustrates the
effect of the financial crisis on the Hong Kong bimg market.
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From Figure 6, we see that the price levels, | of all ten major estates are
decreasing over time and show similar temporalepasgt In a comparison of
the value ofc; ) and &5 , we find that the year-over-year changes in

property value for the ten estates range from ®.(Mlei Foo) to -0.287
(South Horizon). We also compute the average valuer;, across all ten

10
1

estates (i.eq, =—20{it ), and plotcr, over time in Figure 7. The year-

10
i=1
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over-year change in the general price leved, | across the ten estates is

-0.198, which corresponds to a percentage decaseexp(-0.199 =18%

in the absolute price. In addition, we find that throp in property price levels
is most rapid from October 2008 to November 2008jctv mirrors the
pattern in the median price time series discugs&kction 4. Over that period,
the general level of housing prices across theetgates, drop by around
10.4%. However, by comparing this with the decreafs&2.7% (see Section
4) in the median price-per-square-feet level, we that due to selection bias,
the change in raw median price-per-square-feetestienates the drop in
general price levels. Thus, our model provides rafex that automatically
controls and corrects for any potential selecti@sballowing us to obtain a
more accurate assessment of price changes.

Figure7 Plot of &, (The General Price Pattern across Estates) Over
Time
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Next we turn our attention to the second and thiadel components, the
block-unit effect¢ij and the floor effecty;, . For each block-unit in estate i,

we have its size (in square feet) as the Cova('iﬁi}e. Thus, B measures the
sensitivity of property value to the size of theubimg unit. For the floor effect,
¥; measures the floor premium (in log- scale) foatest Increasing the floor

level by one increases the (log-) value fayfor a housing unit in estaieThe
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posterior means and 95% posterior intervalfhfand y; for each estate are

listed in Table 2.

Table2 Posterior Meansand 95% Posterior Interval for S, and y;
Parametersfor Each Estate

POSIENION | 9504 posterior | P10 | 9504 posterior

mean | mean |
Estate name for S interval fczr B for 7, interval f(3)r Vi

(x 109 (x107) (x 109 (x10%)
Taikoo 1.75 (1.69, 1.82) 5.46 (4.44, 6.47
South Horizon 1.99 (1.90, 2.08) 3.73 (3.01,4.44
Kornhill 1.76 (1.66, 1.85) 6.48 (5.32,7.74
Mei Foo 1.17 (1.13,1.20) 5.66 (4.13,7.20
Whampoa 1.76 (1.70, 1.82) 8.16 (6.79,9.82
L aguna City 1.57 (1.48, 1.65) 5.87 (4.91, 6.90
Amoy Garden 2.09 (1.81, 2.40) 3.90 (3.39, 4.39
Kingswood Villas 1.44 (1.39, 1.50) 4.10 (3.77,4.46
City One 2.01 (1.92, 2.08) 4.17 (3.61,4.78
Metr ocity 1.45 (1.41, 1.49) 2.66 (2.28, 3.04

The results in Table 2 are generally in line witte tprevious literature,
providing more face validity for the modeling apach. The posterior means

of B andy, are all positive, with 95% posterior intervalstttla not include
zero. This is consistent with Choy et al. (2004t th residential property of a
larger size and a higher floor level commands &digyalue (3, > 0 andy,

> 0, respectively). The average value /8f across the ten estates is 0.0017,

indicating that increasing the size of a propergyolne square feet increases
the (log-) property value by 0.0017 (0.17% in absokcale) on average. The

average value of; across the ten estates is 0.0050, showing theg&aing

the floor level by one increases the (log-) propeealue by 0.0050 (0.5% in
absolute scale) on average. As we can see in Ralthere is a fair amount of
variation in floor premium across the ten estatesging from 0.00266
(Metrocity) to 0.00816 (Whampoa). This variatiomdase explained by their
difference in locations. For instance, estatest Ingir the ocean might have a
higher floor premium due to the better views on tibe floors. In Section 6,
we will discuss how our model for floor premium (Edion [4]) can be
further generalized to a more flexible specificatio future research.
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5.3 Holdout Valuation

In order to study the ability of our model to prdeiaccurate valuations, we
performed two holdout assessments and comparegdifermance of our
model to two competing benchmark methods commogebdwby consumers
in Hong Kong for property valuation. These two noeth are the average
price-per-sqft valuation, where consumers find thet price-per-sqft (psf) for
the transactions in the same estate in the saméhpremmpute the average psf,
and multiply the average psf to the size of thé ahinterest to infer value of
the property, and expert assessment, where consunsir the website of a
major bank to obtain valuations that are made basgddgments of the real
estate experts from the bank.

We performed two types of holdout assessment: gidom, and (ii)
chronological. For the random holdout assessmeatrandomly selected 50
transactions from each estate as a holdout sampleh resulted in a holdout
sample of a total of 500 transactions. Our modéhé&s estimated based on
the remaining transaction, and used to predictviidaation of the holdout
units. We then compared the performance of our inagainst the valuation
obtained by the average psf valuation method. €bkalts are shown in Table
3, which demonstrates that our model consistentiperforms the average
psf method in terms of holdout valuation. The mahsolute percentage error
(MAPE) of our model is 6.00%, which represents latiee improvement of
25.1% over the MAPE of the average psf method (8)01The median
absolute percentage error (MedAPE) of our mode#l.B5%, which is a
relative improvement of 25.8% when compared to WedAPE of the
average psf method (6.67%).

Note that because our holdout sample is randoncteel, our model carries
the “advantage of hindsight”. That is, when makiagluations for a
transaction that occurred at tini, the model takes into account not only
transactions that happened beftkebut also transactions that occur after
Thus, the “random” holdout assessment approach meagifferent from the
actual situation where one has to make a valuaitidsimet with knowledge of
transactions only up to tinte

To address this issue, we performed a “chronoldigialdout assessment,
where instead of selecting transactions randonagnfthe transaction dataset,
we used the ten most recent transactions from ebtite estates as a holdout
sample, and calibrated our model with the remainilaga. Thus, in this
assessment, our model makes valuation-based aagactions that occur
before the focal transaction as is the case iityedVe compared our model’s
performance with: (i) the average psf valuation rapph, and (i) the
valuation based on a bank expert assessment. Thiésbaaluation was
obtained through an online interface of a majorkidarHong Kong.
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Table3 Holdout Valuation Results of Our Model, Compared To
Average Per-Squar e-Feet Price Based Valuation
Estate name M odel-based valuation Aver age price-per-squar e-feet
valuation
Mean Abs. % M;S'E?errbs Mean Abs. % M;S'E?errbs
Error (MAPE) (MedAPE) Error (MAPE) (MedAPE)
Tai Koo 7.83 6.68 11.01 9.43
South Horizon 5.50 4.31 9.73 8.01
Kornhill 5.98 5.98 7.47 6.32
Me Foo 7.58 6.23 8.17 6.20
Whampoa 5.72 4.41 8.27 8.57
Laguna City 5.33 4.45 7.17 5.76
Amoy Garden 4.77 341 6.03 5.33
Kingswood Villa 5.96 5.14 7.35 6.09
City One 7.29 5.26 9.55 6.38
M etrocity 4.02 3.61 5.35 4.61
Overall 6.00 4.95 8.01 6.67

Note: The holdout sample is comprised of 500 traneastrandomly drawn from our
transaction dataset (50 transactions in each gstate

Table4 Holdout Valuation Results (With the Holdout Sample
Defined As the Ten Most Recent Transactions in Each
Estate), Compared To Two Competing Benchmark M ethods
Based on (1) Average Per-Square-Feet Price and (li) Expert
Assessment by a Major Bank in Hong Kong
M odel-based Aver age per-squar e- Bank expert
Estate name valuation fee? vgj uals?on assessm%nt
Mean | Median Median Median
Abs% | Abs% |MENADS apsy [MeANADS gy
Error Error % Error Error % Error Error
Tai Koo 6.24 5.60 16.81 15.62 4.98 5.24
South Horizon 3.03 2.96 12.16 8.80 4.71 3.45
Kornhill 6.17 4.63 6.08 3.47 6.02 5.42
Mei Foo 6.57 5.14 9.64 7.76 12.07 10.21
Whampoa 4.42 2.82 5.47 5.61 3.67 3.24
Laguna City 5.88 5.05 5.13 6.21 7.51 7.11
Amoy Garden 3.55 3.25 3.94 3.47 4,98 4.33
Kingswood Villa | 2.61 2.76 4.78 3.60 3.98 2.48
City One 7.59 3.30 10.30 10.49 8.58 6.78
M etrocity 2.36 2.07 3.04 2.87 2.00 1.48
Overall 4.84 341 7.74 5.43 5.85 4.62
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The summary results of the chronological holdoweasment are shown in
Table 4. Figure 8 plots the valuation of our modetsus the actual (log-)
transaction prices. The figure shows that our miglable to assess the value
of each housing unit and hence, predict the trdizgaprice with small errors.
Table 4 shows that our model consistently outperforboth benchmark
methods. In particular, the MAPE of our model i8486, which compares
favorably with that of average psf valuation (7.748hd expert assessment
(5.85%), across the ten estates. We conclude ththatdbudies suggest that our
model provides superior valuation performance imrmpgarison to the
benchmark method widely used by consumers in HomggK

Figure8 Plot of (Log-) Observed versus Predicted Transaction Price
in Out-Of-Sample Assessment
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w
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6. Conclusion and Future Research

In this paper, we have developed a hierarchicaleBiay approach to model
property value in Hong Kong, taking into accoure timique structure of the
Hong Kong residential real estate market. Our moctmhsists of three
components: (i) time effect, (ii) block-unit effeend (iii) floor effect, which

are combined with a stochastic error term. We haaldrated our model on
data that cover all transactions in ten major eggidl estates in Hong Kong
from February 2008 to February 2009. Based on astisnfrom our model,
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we find that the year-to-year change in overallperty price levels during the
data collection period is about -18%. The largesintin-to-month change
occur from October 2008 to November 2008, with @pdsf over 10% across
all property values, which reflects the impact lnd global financial crisis on
the Hong Kong housing market over that time period.

Furthermore, we have explored the performance ofnoodel in valuating
properties based on past transactions through é¢goos holdout assessments.
We find that our model outperforms: (i) the averagévaluation, and (ii) the
expert assessment from a major bank in Hong Kordgtware two of the
most common sources of property evaluation datalforg Kong consumers.
Given that our model provides significant value émmsumers, we plan to
publish our model-based valuations online at not,cedth the goal of
improving transparency in the Hong Kong housing kearand allowing
consumers to make more informed investment deasionr model may also
be useful for banks that are interested in obtgiain accurate risk assessment
of their mortgage loan portfolios.

Given that our proposed model is a Bayesian exdentd hedonic pricing
models, it suffers from the same kinds of limitago(although to a smaller
extent), as discussed in Lentz and Wang (19983t,Hir there are too few
transactions in an estate/block unit, the resultstgndard errors and
uncertainty around valuations may be too largeetadceptable. In such cases,
one may need to incorporate more shrinkage, usinghder hyper-prior
distribution (Gelman et al. 2003) across estateskblinits in order to reduce
posterior uncertainty. Second, it is unclear wiypes of unit features should
be included in our valuation model; statisticalllyis is a variable-selection
problem that can be addressed using the Gibbs sagrgbproach proposed
by George and McCulloch (1993). Finally, in thisicle we do not consider
transactional variables (“conditional of sale” adnle) that may also affect
valuations (Lentz and Wang 1998); e.g., units #natsold under distressed or
adverse financing conditions may command a lowéreprThe ways that
transactional variables and other “outlier” obséores should be identified
and adjusted within our model framework may be asskd in future research.

Taking this research one step further, future stwdnay consider extending
our model framework both in terms of other housimgt covariates and a
more flexible model specification. We briefly dissuthese topics below:

(i) Incorporate additional unit characteristics:eDwo the limited information
in our dataset, in this work, we only included #ize (in sqgft) of housing
units as covariates. Future research may consmttrding more covariates,
some of which have been identified in previous aese that affect property
value, into Equation [3] of our model. These migitiude quality of the view
(mountain, park, cemetery, ocean view) of the utlie directionality,
amenities, and closeness to public transport (Bap,and Wan 2004, Choy et
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al. 2007). Incorporating a richer set of unit cleéeastics into the model may
further improve valuation performance.

(i) Generalize model specifications: As mentioriadSection 3, the linear
specification of the floor effect can be relaxedaiow a non-linear floor
effect, where some evidence of such is providedChpy et al. (2007). In
particular, instead of specifying that the floofeet is a linear function of
floor level as stated in Equation (4), we can mdHelfloor premium of each
floor separately, and link them together throudtyperdistribution. Formally,
we can generalize Equation [4] as follows:

Vik = Viik-y T Kig Ky ~ N(u,,02) (4%)
where k7, denotes the floor premium of theth floor in estate, block-unitj.
This allow for a non-parametric way to the modebfi effect.

(i) Time-varying parameter(s): Similarly, we carelax our model
assumption onf, to allow for the possibility that it can be timesying. For

instance, Leung et al. (2002a, b, 2006, 2007) ghaivthe pricing of different
housing attributes can change over time; as atrdsialsed estimation may
result if a researcher pools all the data into megression and only uses a
time-dummy to control for time variationTo incorporate the time-varying
parameters within our model framework, we can gaimy Equation (3) to
(3*) as follows:

G =% B + S (39

(iv) Comparison to other benchmarks: In this agticke have compared the
performance of our model to two benchmarks that am@monly used in
market practice. In future research, one may alsghdér assess the
performance of our model framework by comparinggidinst other models in
the economics literature, such as GARCH-type antlARype models (e.g.,
Brockwell and Davis 2003), or other methods thatracently proposed in the
real estate literatures (e.qg., the replication wethroposed by Lai et al. 2008;
and the “adjustment grid” method used in Vande®1,9and Lai and Wang
1996).

To conclude, we believe that this paper provides fitst step in applying
hierarchical Bayesian models for objective valuadian the Hong Kong
property market. Future work can build upon andhier extend our model to
improve property valuations, which ultimately bateboth consumers and
the bank industry by increasing market transparency

" We thank an anonymous reviewer for pointing oist issue.
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Appendix|: MCMC Sampling Procedure

As we discussed in Section 3.2, all our model patars are given conjugate,
weakly informative prior distributions (Equation$)(— (9)). With these
conjugate priors, the full conditional distributidor all parameters is of
standard form. The Gibbs sampler (Casella and @ed&P2) is used to
sample from them. In the discussion below, we petlihe full conditional
distribution for all model parameters. The follogithree results (see Choi et
al. 2009, Gelman et al. 2003) are used:

(i) First, consider a vector of y of n ii.d. obgations from a normal

distribution with mean*! and known variance2. Given a conjugate prior
on 4, in the form ~ N(u,,0Z) , the full conditional distribution of is:

ey
uly [ (02) +(o?m) ’(ag)u(aZ/n)l] [A-1]

(i) Second, consider a linear modg| 8,02, % ~ N(X'8,0°2) with known
varianceo °. Given the conjugate prior of (in the form g ~ N(,Bo,o-jl),
the full conditional distribution is:

Bly~ N(((crz)flx'x o) (o) xey+ 02) m) (02 X X +o2) le [A-2]

(i) Third, consider a vector y of n ii.d. obsation from a normal
distribution with known mear’ and unknown variance”’ . Given a
conjugate prior ono’ (in the form o2 ~Inv- y%(v,,s?) ). the full
conditional distribution is:

vos§+nsz}

02|y~lnv—;(2(v0+n, v n
0

2
where g2 _ 2% —m) [A-3]
n
We now outline the ways that we sample each indafidgnodel parameter.
Time effect «;,

2 2 .
Letd, = Yiike —¢ij — - Then 6, |czit,0'y ~ N(ait,c)'y). Priors fore;,
are given below, depending on the time periods:
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Fort=1, N A CANCY 1
Mmoo

o

For1<t<T, o - N[ e T ey oF [A-4]
it 2 1 2
Fort=T, o ~ N(ai(T_l) +u, G;)

With this prior distribution, we apply Equation [H-to samplex;, .

Block-unit effects ¢;
Let 6, =y, —a —wy - Then, 6, |g, ~N(¢,,0;) . With the prior
¢; ~N(x,'B,,0}), we apply Equation [A-1].

Floor effect 9

2
Let Y =%0i . Theng |y, ~N(y,,2%)- With the prior,, - N(0100),
it K i i i k i »
we apply Equation [A-1].

Block-unit covariate effect /3,

We have¢ij | B~ N(x;' i,(,—;). With the priorlgi ~N(0100°1) , We apply
Equation [A-2] to sample from the posterior distition of /3, .

H 2 2 2
Variance parameters o, ,0 ;0 iy,
The variance parameters are all sampled in the saammer using Equation
2
[A-3]. For o, . let 6, = Yy, — o — @ — Wi henced, ~N(0,0,,) -

With conjugate prior orb(zi)y, Equation [A-3] is used.
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Appendix I1: Autocorrelation Plots of Wi;
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As evident from the above autocorrelation plotsphthe autocorrelations (of
different lags) are below the broken line, whichigates that none of them
are statistically significant. This provides somelpérical support that
Cov(w,,w, ,) =0, one of the assumptions behind our random-walk-wit

drift specification.



