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Introduction

Sequential sales of similar assets occur regularly in real estate, for example, in new
residential subdivisions, industrial parks, and condominium developments. It is not
surprising then, that there is a modest but growing literature examining asset pricing in
such situations. Simply stated, the law of one price holds that identical assets sold
sequentially sell at the same equilibrium price. Otherwise, it is argued, in frictionless
markets speculators could buy in the low-price period and arbitrage potential gains.
Nonetheless, the literature offers empirical examples of price-sales sequence anomalies
that appear to deviate from this pattern. This paper offers new empirical evidence on the
sales sequence-price relation for residential developments in a regulatory setting that
minimizes consumption risk, completion risk, and agglomeration economies. The
analysis uncovers underlying non-monotonic sales sequence-price relations that differ
systematically for high-rise and mid-rise developments when correcting for unit selec-
tivity effects. The results represent price anomalies in that they become evident after
removing the consumption risk, completion risk, and unit selectivity effects previously
identified in the literature as likely factors driving sales sequence-price patterns.

The auction literature provides much of the early motivation for studying price-sales
sequence anomalies. Ashenfelter (1989) first observed the so-called Bafternoon effect^ of
declining prices over the sequence of sales in wine and art auctions. He attributes this
pattern to risk-averse buyers who are willing to pay a higher price in early periods because
the opportunity to buy later is increasingly uncertain as the sales sequence proceeds
(Ashenfelter 1989; McAfee and Vincent 1993). On the other hand, prices may rise over
the sales sequence because relative demand increases when sold units and the buyers of
those units are no longer potential participants as the sequence of auctions proceeds (Van
Den Berg et al. 2001). In a different vein, Milgrom and Weber (1982) show that later
buyers in the sequence of sales draw information from earlier sales to reduce their
valuation risk, leading to different bidding strategies as the sales sequence progresses.

While the auction literature provides early examples and motivation for studying
price-sales sequence relations, most real estate in the U.S. is sold in open (non-auction)
markets. The extent to which insights from auction markets apply in open markets is
not clear. Nonetheless, there is evidence of persistent price effects for lots or housing
sold in sequence by developers. Theoretical explanations for these patterns emphasize
the role of prices capitalizing the declining consumption risk as new residential
developments are completed or the increasing agglomeration economies as new indus-
trial parks or commercial developments fill in (Rauch 1993; Sirmans et al. 1997). The
empirical study by Fu and Qian (2014) concludes that speculators do not stabilize
prices but instead reinforce momentum effects driving prices from fundamental values.
Munneke et al. (2011) find statistically significant increases in selling price over the
sales sequence in a low consumption risk environment, although the magnitude of the
increases is economically insignificant. The pattern persists even when controlling for
differences in sales momentum across development projects.

This paper provides new evidence on the sales price-sales sequence pattern for real
estate, controlling for two possible price anomaly sources largely ignored thus far in the
real estate literature, namely development scale effects and possible self-selection bias.
The data cover market transactions for new condominiums in Singapore. The
Singapore condo market has several advantages for studying the relation between
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selling price and sales sequence. It is standard for developers to offer condo units on the
open market (i.e., non-auction) before the development project is completed. The
government strictly regulates developers and their handling of buyers’ payments in
order to minimize the risk of project failure and to ensure that projects fulfill all of the
detailed requirements spelled out in the approved development plan, from development
amenities and architectural features to individual unit floor plans. These regulations
mean that consumers should not be subject to the types of consumption risk that
Sirmans et al. (1997) argue explains rising prices over the sequence of sales observed
for single family houses in new developments in the U.S.

The condominium product sold under these regulatory constraints more closely
resembles a commodity than do heterogeneous units of detached single family housing.
The sale of new condominiums in Singapore therefore yields an excellent opportunity
to examine whether the phenomenon of increasing prices observed for single family
homes in the literature also holds when housing consumption risk is minimal and
invariant through the entire sequence of individual condo unit sales for each develop-
ment. Applying the theory offered by Sirmans et al. (1997), developers need not sell the
first units at a discount to compensate households for greater consumption risk in the
Singapore market because consumption risk is unlikely to vary over the sales period.
Thus, any price-sequence relation observed in this market is not likely driven by
consumption risk effects.

The sample of transactions covers about 20,000 new condominium units sold in
Singapore over 1996–2005. The hedonic models include the usual characteristics,
controlling for differences in observable features across development projects and
individual units as well as broader real estate market conditions. The models include
an additional variable indicating the order in which individual units sell within each
development. The pooled sample OLS estimates reveal a statistically significant neg-
ative relation between sales sequence and price of about 2% in annualized terms,
qualitatively similar to Munneke et al. (2011) for a different sample of development
projects. In addition, though, our analysis shows that the scale of the development
project influences the price-sequence relation. While the pooled sample and high-rise
developments (greater than 10 stories) show declining prices over the sales sequence,
mid-rise developments (defined as 10 and fewer stories) show the opposite pattern of
rising prices over the sales sequence, evidence of development scale effects.

Nonetheless, the OLS estimates do not account for one possible explanation of
changing prices over the sales sequence, that buyers respond to subtle differences in
quality across condo units that are not observed in the data. Or, more informed buyers
may arrive earlier in the sales process.1 Additionally, developer marketing efforts may
also generate self-selection effects in the data to the extent that they systematically
release blocks of units for sale, which may lead to quality differences in units offered at
different points in the sales sequence.2 The auction literature provides a similar
rationale for selection effects that may drive observed price-sales sequence relations

1 We thank an anonymous referee for this point.
2 Developers may also systematically change asking prices over time in order to meet sales goals at different
stages of project completion. As in many real estate markets, sales prices in our sample are not the same as
asking prices. Nonetheless, we expect developers’ pricing strategies to reflect current market conditions.
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(Ashenfelter and Genesove 1992; Beggs and Graddy 1997; Burguet 2005). Hollans
et al. (2013) find rising prices over the first half of the sales sequence of newly
developed subdivision lots (4%) but falling prices near the end and attribute the
discounts to lower quality lots being developed last; they do not, however, formally
test for lot quality selection effects.

Therefore, we also introduce a multinomial selection correction to control for price
effects that can arise when choice units tend to sell earlier than less desired units in the
sales sequence, regardless of the source of this pattern. The selection-corrected results
indicate that the negative price-sales sequence effect observed in our initial OLS
estimates are systematically biased as suspected. The selection corrected pooled sample
estimates reveal a U-shaped sales sequence-price pattern of declining prices in the early
part of the sales sequence followed by rising prices up to project completion. Prices of
sales after project completion are stable. With respect to scale effects, the high-rise and
mid-rise subsamples yield distinct price patterns. The high-rise sample of development
projects exhibits a U-shaped pattern similar to the pooled sample with the addition of
slight increases in prices during the post-completion phase. In contrast, the mid-rise
sample of development projects exhibits surprisingly stable prices across all develop-
ment phases except for significantly higher prices in the relatively short period phase
before project completion, a pattern that yields a modest inverted U-shape. As stated at
the outset, these patterns represent true anomalies in that they are only evident after
controlling for the effects thought to drive sales sequence-price relations observed in
earlier studies.

The Data

Our study focuses on condominiums in Singapore. We first describe the key institu-
tional features of the market which make it a good setting to study the price sequence
effect in the presence of selection. Consistent with the practice in many Asian markets,
such as Mainland China, Hong Kong, Malaysia, Singapore, South Korea, and Taiwan,
new condominiums are mostly sold before project completion (see Chang and Ward
1993; Fu and Qian 2014; Lai et al. 2004). On average, the time interval from site
acquisition to initial marketing of the condominiums in Singapore is two years, and
from initial marketing to physical completion and handover of the units is around three
years (Ooi and Le 2013).3 Since additional costs will be incurred to hold condominium
units that remain unsold after the development is completed, the optimal strategy for
developers is to sell as many units as possible prior to project completion. On the
demand side, the majority of the market participants in the presale market in Singapore
are individual buyers, who together account for 96% of trading volume in the sample in
Fu and Qian (2014).

A Housing Developer Sale License, which is only granted to developers with good
track records, is required before any residential units can be offered for sale in
Singapore. Under the Project Account Scheme (PAS) introduced in 1981, buyers pay

3 In Singapore developers can begin preselling as soon as the construction permit is obtained; in contrast,
developers in other presale markets such as Hong Kong can only start selling when construction is close to
completion (Fu and Qian 2014).
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the purchase price progressively according to defined stages of the construction
process. To protect homebuyers from errant developers siphoning off monies received
from the progress payments to use for other speculative projects, all sale proceeds from
the project must be paid into a project account with a bank, the withdrawal of which
can only be for disbursements related to the project. Any remaining surplus monies
from the account can only be withdrawn by the developer after the project is completed.
By ring-fencing the progress payments, the PAS protects buyers from the risk of losing
their money in the unlikely event of the developer entering into bankruptcy before the
project is completed. In contrast to other presale markets such as China or Malaysia,
Singapore developers almost never default or abandon a development project prema-
turely (Fu and Qian 2014).

The main source of our data is the Real Estate Information System (REALIS), which
is maintained by the Urban Redevelopment Authority (URA), the de facto land use
planning and development control authority in Singapore. Our sample comprises a total
of 19,510 new residential units within 69 developments in Singapore between 1996 and
2005. The average number of observations in each sampled development is 283.
Figure 1 portrays the residential price index for the private housing market in Singapore
over the study period. The index rose steadily through 1995 to peak at 169.1 in
1996Q2. Following the introduction of anti-speculation measures4 in 1996 and the
Asian Financial Crisis which hit the region in 1997, the housing market in Singapore
went into a recession, the private property index falling to a low of 100 in 1998Q4. The
housing market sentiment improved between 1999Q1 and 2000Q2, but the recovery
was checked by three negative external events, namely the terrorist attack in the U.S.
(September 11, 2001), the Bali bombings in Indonesia (October 12, 2002), and the
Severe Acute Respiratory Syndrome (SARS) epidemic which hit the region in the first
half of 2003. The residential price index declined gradually until 2004Q3, when it
started to show modest improvement.

For each transaction, we collect the following information from REALIS: sale price,
date of sale, floor area, and floor level of the individual units. The sale price is the
agreed purchase price of the property between the developer and a purchaser. It
excludes stamp duties, legal and agency fees, and other professional fees. We supple-
ment this information with the internal spatial attributes of each unit with respect to its
orientation towards morning sun, evening sun, swimming pool, and exposure to traffic
noise from the main road by painstakingly examining the site layout, orientation,
amenities and detailed floor plans of the developments. For each of the developments
in our sample, we also measure their distance from the Central Business District (CBD)
and the closest subway station.

After arranging the transactions sequentially by contract date, there are two ways to
measure the sequential sale effect. A natural way would be to denote the order of sale
for each unit incrementally. Alternatively, we could use the number of days that have
lapsed between the current sale and the first unit sold in the same development. We
adopt the second approach because it captures any time lapse for information from the

4 The anti-speculation measures announced on May 15, 1996 include a tax of 100%, 66%, and 33% on the
gains from disposal if the property is sold within the first, second, and third year of purchase, respectively. In
addition, buyers of residential properties are required to pay 20% of the purchase price in cash. They are also
not allowed to use their pension fund to cover stamp duties related to property transactions.
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early transactions to flow to subsequent buyers. This is particularly relevant to situa-
tions in which more than one unit is sold in a given day, which is frequently the case
during the launch of a condominium project. Moreover, information on earlier sales
may not be revealed to subsequent buyers on the same day because the new units are
sold by private negotiation (rather than public auction). In this sense, our measure
allows for the possibility that, in the very short run, price information transmission may
take longer for open market sales than for auction sales.5

Table 1 presents the variable definitions and descriptive statistics of the sample and
subsamples used in the analysis. The average price of the units in the entire sample is
S$796,577. The average unit is located on the eighth floor and has a floor area of 1308
sq. ft. We expect that the sale price will be related positively with the unit floor area and
floor level. On the basis that apartments located on the higher floors tend to have better
view, be more airy and be exposed to less visual intrusion from neighboring buildings,
flats located on higher floors are expected to be more desirable and command a price

5 Our measurement of the sequential sale effect can also account for possible missing observations due to
incomplete transaction data. The transaction database is based on caveats lodged by the purchasers to protect
their interest soon after an option to purchase a property is exercised. Essentially, caveats are legal documents
lodged by home purchasers through their lawyers with the Singapore Land Authority to register their legal
interest in the property. Typically, caveats are lodged two to three weeks after a purchaser signs an option to
purchase at the show flat. Since it is not mandatory to lodge a caveat, it is technically possible that the
transaction database does not include all the units sold directly by the developers. However, any omission is
likely to be small in practice since most home purchases involved mortgage loans, in which case the solicitors
acting on behalf of the banks would insist on lodging a caveat to protect their clients’ interest in the property.
Finally, while private owners can re-sell their units before the development is completed, these transactions are
not included in our data. Our measurement of the sequential sale effect allows for missing transaction data
from this source as well.
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Table 1 Descriptive statistics Singapore condo market

Pooled
sample

High-rise
sample

Mid-rise
sample

Unit Characteristics
PRICEi Mean 796,577 764,322 853,306

Measured in Singapore dollars (S$) s.d. 341,582 387,314 230,251
AREAi Mean 1307.940 1293.460 1333.390

Floor area (sq ft) of the unit. s.d. 338.981 331.715 349.972
LEVELi Mean 8.280 10.553 4.283

Floor level the unit is located on s.d. 6.120 6.400 2.499
GROUND_FLOORi

a Mean 0.071 0.033 0.138
TOP_FLOORi

a Mean 0.065 0.031 0.126
POOL_VIEWi

a Mean 0.382 0.411 0.331
ROAD_VIEWi

a Mean 0.203 0.223 0.169
AM_SUNi

a Mean 0.284 0.298 0.259
PM_SUNi

a Mean 0.299 0.268 0.354
LUCKY_FLOORi

b Mean 0.080 0.089 0.064
UNLUCKY_FLOORi

b Mean 0.124 0.107 0.154
Development Characteristics

U_CBDi Mean 10.862 10.587 11.346
Distance to CBD (km) s.d. 4.256 4.451 3.841

U_METROi Mean 1.168 0.907 1.625
Distance to the nearest metro station (km) s.d. 0.732 0.620 0.688

DEV_AREA_STDi Mean 270.451 264.042 281.725
St. Deviation of unit area within development s.d. 100.318 88.622 117.270

DEV_HEIGHTi Mean 15.864 20.515 7.682
Height of development in stories s.d. 7.752 5.593 2.406

DEV_SIZEi Mean 447.880 516.751 326.752
Number of units in development s.d. 186.983 173.619 142.922

FREEHOLDi
c Mean 0.366 0.180 0.694

PRIMEi
d Mean 0.081 0.069 0.103

Market Characteristics
RPIi Mean 127.960 123.699 135.453

Residential price index s.d. 20.437 17.499 22.928
UNSOLD_HSi Mean 4442.080 4450.680 4426.940

Unsold housing stock @ 50% e s.d. 1217.880 1299.150 1059.860
Timing/Sequence Characteristics

DAYSi Mean 309.604 339.614 256.822
Number of days since first sale s.d. 356.475 366.122 332.357

DEV_DAYSi Mean 924.089 922.573 926.757
# of days from first sale to bldg. completion s.d. 245.103 239.246 255.073

%DEV_DAYSi
f Mean 0.350 0.382 0.294

Percent of days until bldg. completion date s.d. 0.409 0.412 0.397
Obs 19510 12438 7072

a Binary variables equaling 1 if unit is located on/has/faces trait identified by variable name, else 0
b A binary variable equaling 1 if unit is located on a lucky (unlucky) floor ending with an eight (four), else 0
cFREEHOLDi is a binary variable equaling 1 if development has freehold ownership, else 0
dPRIMEi is binary variables equaling 1 if development is located in a prime location, else 0
e The total number of new units launched but not sold in Singapore when the sale of the project i reached its
mid-point (50%)
f%DEV_DAYSi is defined as the number of days from the date of first sale divided by the total number of days
from the first sale until the date an occupation permit was obtained
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premium (Ong and Koh 2000; Tse 2002). In addition, 8.0% of the units in our sample
are located on Blucky^ floors, which we define as those ending with number eight,
namely 8th floor, 18th floor, and 28th floor, whilst 12.4% are located on Bunlucky^
floors, defined as those ending with the number four, namely 4th floor, 14th floor, and
24th floor.6 We predict that units located on Blucky^ floors will command a price
premium while units located on Bunlucky^ floors will be priced at a discount. We based
our prediction on the findings of prior studies which have found that, in areas with a
relatively high concentration of Chinese households, superstitions play a significant
role in determining house prices. For example, Chau et al. (2001) and Munneke et al.
(2011) observed that flats located on Blucky^ floors in Hong Kong and Singapore
command price premiums of 2.8% and 1.0%, respectively.

Thirty eight percent of the sample enjoys swimming pool views and 20.3%
front an arterial road. A number of prior studies, such as Benson et al. (1998),
Bond et al. (2002), Chau et al. (2001) and Tse (2002), have found that houses
with views of a body of water command a price premium. The Chinese
community also commonly associates water with wealth, and accordingly, a
view of a body of water would be a desirable feature. Since not every unit in a
condominium can be orientated to face the swimming pool, we predict that
units facing the swimming pool should command a price premium. Units facing
busy roads will be discounted if traffic noise is sufficiently loud and priced at a
premium if the value of a permanently unobstructed view is sufficiently great.
In particular, we predict the negative externality of facing a busy road may be
greater for units located on the lower floors. With regard to units’ orientation to
the sun, 28.4% of the units face the morning sun, and 29.9% face the evening
sun. Fanning, Grissom and Pearson (1995: 38-39) provide anecdotal evidence
and Munneke et al. (2011) provide econometric evidence that orientation to the
sun at different times during the day matter. In the tropics, in particular, homes
with an afternoon or evening sun exposure suffer bright glare and solar heating
that increases cooling costs. Munneke et al. (2011) find that morning and
evening exposure price effects differ, with units with west exposure experienc-
ing greater price discounts.

As mentioned earlier, our sample comprises 19,510 new residential units
within 69 developments in Singapore sold between 1996 and 2005. To control
for variations in the market conditions over time, we include the residential
property price index in the hedonic price function. Furthermore, to control for
building heterogeneity, we also include a group of variables to pick up the
effects of site-specific characteristics, namely site tenure, site location, distance
from the CBD and distance from the nearest metro station. In Singapore private
residential properties can be built on sites with either freehold or leasehold
tenure. About 63% of the sample have 99-year leasehold tenure and 37% have
freehold or leasehold tenure of 999 years. Freehold properties are usually more
expensive because the interest is owned by the owners in perpetuity (Tu and
Bao 2009). Slightly more than 8% of the sample transactions are in the
residential district traditionally considered the prime district. Table 1 indicates

6 The number eight is considered a lucky number because it sounds like Bprosperity^ in Chinese. Conversely,
the number four is considered an unlucky number because it sounds like the word Bdeath^.
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that the average distance of the developments to a metro station is only 1.2 km
and from the CBD is 10.8 km. The short commuting distance is due to
Singapore occupying a small physical land area of only 714 square km.7

While the relations between these variables and prices has been documented
in the literature, their effect on housing choice is less studied. In particular, the
location attributes of the developments may influence the speed of sale of the
new units. For example, if condominiums that are located in prime residential
districts or near the city center are more desirable, it may take a shorter time
for units in these developments to be sold; thus, they are more likely to be sold
in the early phase of the marketing. Conversely, if leasehold property is less
desirable than freehold property, they may take a longer time to be sold,
leading to a higher concentration of leasehold units to be sold in the later
phase of the development, all else being equal. Similarly, a unit’s internal
spatial attributes may also influence buyers’ choice decisions. For example,
units facing the pool, have Blucky^ numbers, or on the top floor are more
popular with potential homebuyers, and hence, they may be sold out first.
Conversely, units facing the west, or with Bunlucky^ numbers may be less
popular, and may only be sold in the later phase of marketing. From the
perspective of price affordability, smaller units may sell faster because they
are cheaper than larger-sized units. Fu and Qian (2014) also note that short-
term speculators also prefer flipping smaller units in the condominium projects
because they are less costly and hence, more liquid. Our estimation of the
selectivity model on the choice sequence of the buyers will also yield addi-
tional insights on the most desirable attributes of the units and developments.

In the empirical tests, we also examine whether the price evolution for
presold units is any different from the price evolution for completed units.
The presold units are further partitioned into those that are sold in the early
stage of the marketing campaign and those sold in the mid-stage of the
marketing process. Table 2 reports descriptive statistics for the pooled and
development type subsamples partitioned according to when the units are sold
within the sale sequence. The data show that 90.9% of the observations in our
sample are sold before the condominium developments are physically complet-
ed, which is not surprising since the developers will be incurring additional
costs to hold the unsold completed condominium units. Out of those that are
sold before completion, over three quarters of the units are sold within the early
range of the pooled sample. This reflects the practice of developers timing their
new launches to coincide with favorable market conditions. To examine the
extent to which development scale influences the sales price sequence, we
partition the sample into mid-rise (10 and fewer stories) and high-rise (greater
than 10 stories) subsamples. Of the 69 complexes, only 12 are 10 stories tall.
Real estate professionals in this market typically regard 10–11 stories as the
cutoff between mid- and high-rise buildings. In any case, it turns out that
including 10 story buildings in the high-rise sample instead of the mid-rise
sample does not lead to notable changes in the results.

7 The mainland of Singapore measures 50 km from east to west and 26 km from north to south.
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Empirical Model and Results

OLS Results

In order to explore how the timing/sequencing of sales affects price, we begin by
estimating a standard hedonic price model with an additional variable measuring the
sales sequence. In general, the price model is

Pi ¼ π xi þ vi ð1Þ

where Pi is the natural log of the selling price of the ith property, Xi is a vector of
explanatory variables containing physical and location characteristics, development
specific attributes, and the number of days between the contract date of the transaction
and the date of the first sale for the development, our sales sequence measure. The error
term, vi, is assumed to be normally distributed with mean zero and variance σ2

v . Table 3
reports the OLS estimates of the price function for the pooled sample, as well as the
high-rise and mid-rise subsamples.

Overall, the estimate models are significant and explain over 84% of the
price variation. Many of the explanatory variables exhibit the expected effects
on price. Freehold units and units in prime locations command a significant
price premium. As expected, the distance to CBD coefficient is negative and
significant in all the models. The U_METROi coefficient, however, is positive
and significant, which suggests that the negative externality from pedestrian
congestion, noise or other negative externalities from the metro station is
stronger than the countervailing positive externality of easy access to mass
transportation. The RPIi coefficient, as expected, is positive and strongly
significant.

While some similarities exist between the pooled, high-rise, and mid-rise
estimates there are also some important differences. For example, the effect of
AREAi on sales price is positive as expected and robust across subsamples. The
effect of floor LEVELi, on the other hand, is generally positive for both pooled
and high-rise samples. In contrast, the mid-rise sample price declines for the
first three floors and then rises thereafter. Units on the top floor or ground floor
of buildings sell at a discount. The top floor discount may reflect views
blemished by visible HVAC systems or other unattractive features on surround-
ing buildings.8 There is, however, another possibility. Most developers in
Singapore also sell undeveloped space on the ground and roof levels. These
private enclosed spaces, which are usually converted to private gardens, are
bundled and sold as part of the floor area of the adjacent residential units. This
practice reduces the price per unit area. The sales data, however, do not classify
the area of a unit into improved or unimproved space, which makes it impos-
sible to adjust the reported price of a unit for this effect.

The LUCKY_FLOORi effect is significantly positive while the UNLUCKY_FLOORi
effect is significantly negative for the pooled sample, the pattern also found by Chau
et al. (2001). The LUCKY_FLOORi effect remains significantly positive while the

8 We thank an anonymous referee for suggesting this possible explanation.
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Table 3 Estimation results of (uncorrected) condo price equation

Pooled
sample

High-rise
sample

Mid-rise
sample

Intercept 11.6772 11.5621 11.8094

(959.19) (734.23) (659.51)

AREAi 0.0011 0.0011 0.0011

Floor area (sq ft) of the unit. (109.43) (90.18) (79.14)

AREA_SQi −1.4E-07 −1.3E-07 −1.8E-07
Floor area (sq ft) of the unit squared (54.26) (40.29) (47.31)

LEVELi 0.0052 0.0061 −0.0104
Floor level of the unit (9.61) (9.45) (3.07)

LEVEL_SQi 5.4E-05 2.5E-06 1.9E-03

Floor level of the unit squared (2.65) (0.11) (5.94)

TOP_FLOORi −0.0766 −0.0918 −0.0743
1, if unit is located on the top most floor; 0, else (10.66) (3.51) (5.74)

TOP_FLOORi * DEV_HEIGHTi 0.0002 −0.0015 0.0015

Interaction term (0.37) (1.08) (0.76)

GRD_FLOORi −0.0716 −0.0908 −0.0718
1, if unit is located on the ground level; 0, else (16.92) (12.46) (12.63)

POOL_VIEWi 0.0384 0.0408 0.0423

1, if unit has pool view; 0, else (19.10) (15.93) (15.54)

ROAD_VIEWi 0.0168 0.0247 −0.0044
1, if unit faces major roads; 0, else (7.04) (8.27) (1.36)

AM_SUNi 0.0142 0.025 −0.0171
1, if unit faces morning sun; 0, else (6.69) (9.38) (6.10)

PM_SUNi −0.0114 −0.0044 −0.0338
1, if unit faces evening sun; 0, else (5.42) (1.61) (12.99)

LUCKY_FLOORi 0.0124 0.011 −0.0071
1, if unit is located a floor ending with an 8; 0, else (3.58) (2.71) (1.36)

UNLUCKY_FLOORi −0.0073 −0.0058 0.0027

1, if unit is located a floor ending with a 4; 0, else (2.52) (1.55) (0.73)

FREEHOLDi 0.1922 0.1819 0.1528

1, indicating freehold tenure; 0, else (78.93) (47.60) (44.31)

PRIMEi 0.2741 0.3856 0.201

1, if unit is located in prime location; 0, else (67.72) (69.45) (35.68)

U_CBDi −0.0169 −0.0207 −0.0145
Distance to CBD (km) (64.47) (55.57) (38.55)

U_METROi 0.0358 0.0246 0.0493

Distance to the nearest metro station (km) (24.54) (11.49) (23.05)

RPIi 0.0058 0.0059 0.0056

Residential price index (112.21) (83.61) (77.82)

(DEV_DAYSi / 365) −0.0247 0.0004 −0.0549
Number of days from first sale to bldg. completion (15.92) (0.21) (25.47)

DEV_SIZEi 8.0E-05 1.8E-04 1.3E-04

Number of units in development (11.44) (16.36) (10.64)

(DAYSi / 365) −0.0041 −0.0213 0.0138

The number of days between the contract date and the date of the first sale (3.95) (16.57) (8.72)

Adj R-Sq 0.8452 0.8622 0.8573

*Dependent variable natural log of selling price and t-values are reported in parentheses
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UNLUCKY_FLOORi effect becomes insignificant for the high-rise sample. In contrast,
there are no significant LUCKY_FLOORi or UNLUCKY_FLOORi effects in the mid-
rise sample. A pool view increases selling price for the pooled sample and each of the
building types, while road views are found to increase selling price in the pooled and
high-rise sample. Finally, morning sun exposure (AM_SUNi) increases selling price
while afternoon sun exposure (PM_SUNi) lowers the selling price for the pooled
sample. The differences between the high-rise and mid-rise results for these variables
are interesting: morning exposure increases price in high-rise units and decreases price
in mid-rise units; afternoon exposure does not affect price in high-rise units but it does
reduce price in mid-rise units. It turns out that this difference in high-rise and mid-rise
results, however, is driven by the selection bias, as demonstrated below.

Before turning to the effect of the sale sequence on prices, it is important to note that
the models also control for the number of days from the first sale to the building
completion. The project completion date is known for all developments in the sample,
including those for which completion occurs after the sales period used in the analysis
(December, 2005). If the duration of the project has its own price effect, not controlling
for it might confound the effect of our sales sequence measure – the number of days
since the first sale. We include a variable to control for the length of time that the
project takes to complete (DEV_DAYSi) in the model to address this potential problem
(this and all other measures using numbers of days are divided by 365 in the model to
yield estimates in annualized terms). We include a variable to control for the size of the
development (DEV_SZi) as well for similar reasons. This approach should provide a
clearer estimate of the sequential sales price effect using the number of days from the
first sale (DAYSi). Including DAYSi and DEV_DAYSi as separate variables, rather than
combining them as a percentage, allows us to disentangle the two separate effects and
obtain a direct estimate of the sequential impact. In Table 3, the DEV_DAYSi/365
coefficient estimates indicate that longer time to completion by itself reduces the selling
prices of units in the pooled and mid-rise samples, while the DEV_SIZE coefficients
indicate higher selling prices in larger developments for all samples.

The coefficient on the main variable of interest, DAYSi/365, indicates statistically
significant negative annualized marginal effects of less than 1% for the pooled sample
and slightly greater than 2% for the high-rise sample. In contrast, the marginal effects of
the sales sequence is positive in the mid-rise sample, the coefficient indicating a
significant annualized marginal effect of 1.38%.

The Sample Selection Problem

Ashenfelter and Genesove (1992), Beggs and Graddy (1997) and Burguet (2005) argue
that price can decline over the sales sequence when buyers choose the most desirable
units first in an auction. This is relevant to our open market (non-auction) sales context
to the extent that individual condominiums are not entirely homogeneous so that early
buyers can obtain choice units with positive attributes, such as a view of the pool. The
remaining units, which have fewer superior attributes, will subsequently be sold at a
lower price. This line of reasoning implies that the transaction decision and the market
price are not independent and the higher prices paid for earlier choices in the sequence
may reflect, to some extent, selection bias arising from being able to select one of the
higher quality condominium units remaining.
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In order to account for this type of selection process, we model the transaction
decision as a timing decision as well as a decision to purchase or not. The equation
describing the phase of development in which to purchase can be written as

I*si ¼ ωszsi−ηsi ð2Þ

where I*si is the underlying response variable (an index of the choices made), ωs are the
estimated parameters for development phase s, zsi is a vector of explanatory variables
containing physical and location characteristics that influence the sale of the property,
and ηsi is the error term. Eq. (2) can be thought of as a reduced-form choice equation
where zsi includes xsi and the error term (ηsi) includes the errors of the offering and
reservation prices.

We use a two-stage approach outlined in Lee (1982) to control for possible sample
selection bias. The correction procedure calls for the introduction of a selection variable,
an inverseMills ratio, to each of the price equations as an explanatory variable. The price
equation for a transaction in the sequence subsample s can be written as

Psi ¼ πsxsi−σηvsWsi þ μsi ð3Þ

where Wsi is the inverse Mills ratio, the selection variable, and σηv is the covariance
between η and vs. The selection variable is constructed from the maximum likelihood
estimation of the choice eq. (2). The specific maximum likelihood method and the
definition of the selection variable depends on the number of response levels represented
by the dependent variable in eq. (2). The traditional selection approach is cast in a setting
where the choice equation is dichotomous and theMills ratios are based on the estimates
of a probit model. In a model with a polychotomous choice variable, the error term in (2)
is assumed to follow an extreme value distribution and the equation is estimated using a
multinomial logistic (MNL) procedure. Following Lee (1982, 1983), the error from the
MNL is transformed to a standard normal random variable using the J factor which
results in an inverse Mills ratio equal to

−σs
ϕ J s ωszzð Þð Þ
Fs ωszzð Þ ð4Þ

where Fs and ϕ denote the cumulative and marginal densities of regime s, respectively.
Introducing the selection variable into the price equation produces consistent coefficient
estimates and also provides a test for the presence of sample selection bias. A significant
coefficient on the selection variable indicates that selection bias is present in the model.

Thus, to estimate the price equations, we construct the selection variables using the
parameter estimates from the maximum likelihood estimation of the choice Eq. (2). Our
application requires that the dependent variable in (2) represents three phases of
development in which to purchase: early, middle, and late (i.e., post completion).9

9 The partitions of the sample into these sequence subsamples are the partitions that maximize second stage
model fit. This requires re-estimating the MNL model and second stage price equations for all feasible
partitions and then optimizing over goodness-of-fit in the selection-corrected price function. For the three
development phase models, the breakpoint was varied using 1 percentage point increment from first sale to the
completion of the development.
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Recall our rationales for allowing unit sorting across development phases explained at
the outset: buyers may respond to quality differences across units not observed in the
data; more informed buyers may arrive earlier in the sales process; or developers may
systematically release blocks of units for sale, leading to quality differences in units
offered at different points in the sales sequence. While our empirical approach cannot
identify which individual rationale applies in this sample, it can indicate the presence of
any or all of these effects and allow us to obtain consistent sale sequence price effect
estimates when they are present.

In a model with a polychotomous choice variable, the error term in (2) is assumed to
follow an extreme value distribution and the equation is estimated using a multinomial
logit procedure (MNL). We then estimate the price equation over each of the individual
subsamples, including the selection variables with the independent variables. Maddala
(1983) notes that it is possible to estimate the total price equations simultaneously
through the construction of an unconditional expected total price equation. To find the
unconditional total price equation, the probability of event s is multiplied by the price
equation for s and then added over all s. The resulting total price equations, under the
assumption that the explanatory variables in the separate price equations are the same
(xi = x1 = x2 = x3), can be written as

E Pið Þ ¼ a3 þ β3xi þ a1−a3ð ÞF1 þ β1−β3ð Þxi F1 þ a2−a3ð ÞF2 þ β2−β3ð Þx1i F2

−ρ1ϕ J 1ð Þ−ρ2ϕ J 2ð Þ−ρ3ϕ J 3ð Þ ð5Þ

which provides the estimable form of the price equation reported in Table 5. As a final step,
we employ a variation of the procedure implemented by Lee (1982) and reiterated by
Maddala (1983) to obtain a corrected asymptotic covariance matrix for each of the price
equations.

Table 4 reports the estimation results for the MNL regression. The independent
variables explain why a unit would be sold in the mid-range and post-completion in the
sale sequence, respectively. A negative sign shows a greater likelihood that the unit
possessing the particular attribute will be sold in the early phase of development.
Conversely, a positive sign indicates a greater likelihood that the unit possessing the
particular attribute will be sold in the middle phase or after completion, each relative to
the early phase. The independent variables include the unit and project characteristics in
the price equation, as well as additional variables to help identify the sales phase
selection equation. These additional variables capture development characteristics
(standard deviation of unit area within development and height of building) and relative
competition from other developments (unsold units from other developments that
overlap the midpoint of the subject development’s sales).

The coefficient estimates for the unit characteristics in Table 4 generally confirm that
choice units, such as those located on the higher floors or not on an Bunlucky^ floors, that
have a pool or road views are more likely to be sold in the earlier sequence of the sale
process. Thus, it appears that the quality-sales sequence phenomenon is relevant to our
sample.

Table 5 reports the sample selection corrected hedonic price function estimates. As
in the OLS models examined earlier, the dependent variable is the natural logarithm of
sale price for individual units. The second stage of the estimation procedure introduces
additional variables derived from the MNL to correct for the sample selectivity bias in
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Table 4 Development phase equation estimation results: multinomial logit estimates

Pooled Sample High-rise Sample Mid-rise Sample

Mid-
phase

Post-
completion

Mid-
phase

Post-
completion

Mid-
phase

Post-
completion

Intercept 6.4578 5.4858 7.6804 8.1811 3.8685 10.8471

(<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

AREAi 0.0017 0.0017 0.0022 0.0015 −0.0004 0.0022

Floor area (sq ft) of the unit. (<0.01) (<0.01) (<0.01) (<0.01) (0.60) (<0.01)

AREA_SQi −3.1E-07 −2.0E-07 −4.5E-07 −1.1E-07 2.5E-07 −4.3E-07
Floor area (sq ft) of the unit
squared

(<0.01) (<0.01) (<0.01) (0.12) (0.24) (<0.01)

LEVELi −0.0072 −0.0511 0.0156 −0.1402 −0.2628 −1.0597
Floor level of the unit (0.52) (<0.01) (0.20) (<0.01) (0.13) (<0.01)

LEVEL_SQi −2.0E-05 9.7E-04 −0.0007 0.00536 0.0106 0.0767

Floor level of the unit squared (0.96) (0.13) (0.10) (<0.01) (0.52) (<0.01)

TOP_FLOORi −0.4787 −0.7455 −0.0261 3.5339 −0.8364 −0.9115
1, if unit is located on the top most
floor; 0, else

(<0.01) (<0.01) (0.96) (<0.01) (0.31) (0.13)

TOP_FLOORi * DEV_HEIGHTi 0.0044 0.0553 −0.0217 −0.2171 0.1577 0.1756

Interaction term (0.74) (<0.01) (0.40) (<0.01) (0.16) (0.07)

GRD_FLOORi −0.1704 −0.0267 −0.5979 −0.9468 −0.2078 −0.8665
1, if unit is located on the ground
level; 0, else

(0.08) (0.81) (<0.01) (<0.01) (0.48) (<0.01)

POOL_VIEWi −0.3473 −0.8532 −0.7540 −1.3663 −0.4533 −1.0697
1, if unit has pool view; 0, else (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

ROAD_VIEW i −0.3434 −0.2615 −0.7278 −0.9172 −0.1288 −0.0788
1, if unit faces major roads; 0, else (<0.01) (<0.01) (<0.01) (<0.01) (0.46) (0.56)

AM_SUNi 0.2572 −0.5683 0.1158 −0.4379 −0.0183 −1.1430
1, if unit faces morning
sun; 0, else

(<0.01) (<0.01) (0.02) (<0.01) (0.90) (<0.01)

PM_SUN i 0.3345 −0.2178 0.4446 0.186 0.2601 −1.0423
1, if unit faces evening sun; 0, else (<0.01) (<0.01) (<0.01) (0.03) (0.06) (<0.01)

LUCKY_FLOORi −0.1755 −0.2189 −0.2458 −0.5534 −0.0774 1.1866

1, if unit is located a floor
ending with an 8; 0, else

(0.02) (0.06) (<0.01) (<0.01) (0.78) (<0.01)

UNLUCKY_FLOORi 0.1601 0.4453 0.3300 0.6298 0.1640 0.8831

1, if unit is located a floor ending
with a 4; 0, else

(<0.01) (<0.01) (<0.01) (<0.01) (0.41) (<0.01)

FREEHOLDi 0.5688 −0.6884 −0.0575 −2.7302 2.2847 0.7781

1, indicating freehold tenure; 0,
else

(<0.01) (<0.01) (0.48) (<0.01) (<0.01) (<0.01)

PRIMEi −0.2001 1.5904 0.2306 3.7422 −3.8246 0.5452

1, if unit is located in prime
location; 0, else

(0.02) (<0.01) (0.05) (<0.01) (<0.01) (0.05)

U_CBDi −0.0748 0.0019 −0.1519 0.00035 −0.2861 0.2089
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the price equation; these selection variables are reported at the end of the list of
independent variables. We note that the sample selection coefficients (ϕki) are highly
significant in all of the models.

The coefficients on most of the property and unit characteristics in Table 5 are
significant and exhibit expected signs. While most have the same sign and significance
as the uncorrected OLS results reported in Table 3, the morning and afternoon exposure
results found in the OLS models are no longer puzzling. After correcting for the
underlying selection process, the AM_SUNi coefficients now indicate a significant
discount for morning exposure in the pooled and mid-rise samples. The PM_SUNi

coefficients now reveal a statistically significant discount for afternoon exposure across
all of the samples. Further, the afternoon exposure generates a greater discount than
does morning exposure for the pooled sample and individual development types—a
result consistent with our expectations. In addition, while units fronting a main road
effect was insignificant in the mid-rise sample in the uncorrected OLS results in Table 3,
the coefficients on ROAD_VIEWi reported in Table 5 show that these units sell at a
premium in high-rise and in mid-rise developments.

The point estimates show that after controlling for unit size, floor level, and orien-
tation, units situated on the top most level of a residential block sell at a discount, but not
all the estimates are significant. On the other hand, ground floor units are consistently
discounted between 7 and 9%. These discounts, however, do not mean that units located
on the ground floor and top floors are unpopular. Indeed, results of the earlier MNL
model show that units located on the ground level tend to be sold earlier in the sale
sequence. The apparent contradiction between price and popularity can be attributed to

Table 4 (continued)

Pooled Sample High-rise Sample Mid-rise Sample

Mid-
phase

Post-
completion

Mid-
phase

Post-
completion

Mid-
phase

Post-
completion

Distance to CBD (km) (<0.01) (0.80) (<0.01) (0.98) (<0.01) (<0.01)

U_METROi 0.3268 −0.2183 −0.1275 0.5979 −0.2832 −0.9726
Distance to the nearest metro
station (km)

(<0.01) (<0.01) (<0.01) (<0.01) (0.05) (<0.01)

RPIi −0.0659 −0.0459 −0.0569 −0.0426 −0.0851 −0.1128
Residential price index (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

DEV_AREA_STDi −0.0044 −0.0041 −0.0022 0.00056 −0.0002 −0.0027
St. Deviation of unit area within
development

(<0.01) (<0.01) (<0.01) (0.25) (0.80) (<0.01)

DEV_HEIGHTi 0.0413 −0.0207 −0.0134 −0.1511 0.2634 0.2710

Height of development in stories (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

DEV_SIZEi 0.0003 −0.0011 0.0022 −0.0012 0.0036 −0.0100
Number of units in development (0.09) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

UNSOLD_HSi −0.0001 −0.0002 −0.0002 −0.0004 0.0009 0.0004

Unsold housing stock @ 50% (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

Likelihood Ratio 5385.32 (<0.01) 4545.32 (<0.01) 2764.10 (<0.01)
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the fact explained earlier, that units on the ground are usually sold with private enclosed
space, a practice that reduces the measured price per square foot.

Turning to our main concern, we allow for different sales sequence marginal
effects in early sequence, mid-sequence, and post completion subsamples by
including variables in the model interacting DAYSi/365 and the endogenous dummy
variables representing the three sales phases. The coefficient on product of the
DAYSi/365 variable and the early sequence dummy captures the marginal effect of
the sales sequence during the early period. Note that the DAYSi/365 coefficients
indicate annualized effects.

Looking at the estimates on these variables in Table 5, we observe statisti-
cally significant coefficients on the interactive terms for nearly all of the sales
sequence phases. For the pooled model, units sold in the early sales subsample
exhibit a statistically significant negative sales sequence effect on selling price
while units sold in the mid-subsample exhibit a significantly positive sales
sequence effect on price. Prices remain stable (insignificant marginal effect)
for sales after project completion. Ignoring the fact that every condominium
unit has a nonzero probability of selling in each of the sales sequence intervals
regardless of when it actually sold in the sequence, the marginal effect is
estimated by scaling the coefficient on the interactive term by its respective
average probability. For example, the annual rate of decline over the first phase
is 3.872%, the coefficient of −0.051 times the probability of a sale in the first
interval (0.7593). Over the second phase, the model predicts an annual rate of
increase of nearly 3.5%.10 The price change in the post-completion phase is
insignificant.

The high-rise and mid-rise sample results differ from the pooled results. For
mid-rise developments, the early sales sequence exhibits a positive and statis-
tically significant DAYSi effect. The probability scaled annual price increase
over this interval is 1.51%. The mid- and post-completion sales sequences,
however, reveal a negative DAYSi effect on price with a 4.29% annual rate
decline over the mid-sale sequence and a 1.89% decline over the post comple-
tion period.

The high-rise price-sales sequence relation differs from the mid-rise pattern.
Sales in the early sales sequence period exhibit falling prices (1.92% annual
decline) while sales during the middle sales sequence exhibit stable prices. The
post completion period, like for mid-rise developments, exhibits a price decline
(1.26% annually). Once we allow for differences between high-rise and mid-rise
developments, we find differing sales sequence effects on price. This contrasts
with Mayer (1998) who finds no evidence of the declining price anomaly for
condominium sales in Los Angeles from 1970 to 1991 and for both condo-
minium and single-family home sales in Dallas from 1970 to 1991.

While the analysis of marginal effects provides some insight into the price-
sequence pattern, it does not reflect fully the pricing implications of the model. To
gain more insight into the relationship between sales sequence and prices, we examine
the overall price pattern over the development phases. To do so, we construct the

10 The probability of a sale in the second phase based on the second phase sample is 34.02%.
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Table 5 Estimation Results of Corrected Price Equation w/3 development Phases

Pooled High-rise Mid-rise

λ1 = 0.51 λ1 = 0.12 λ1 = 0.80

λT = 1.00 λT = 1.00 λT = 1.00

Intercept 11.6348 12.189 11.5739

(302.15) (328.42) (403.03)

AREAi 0.0010 0.0010 0.0011

Floor area (sq ft) of the unit. (28.17) (34.09) (60.23)

AREA_SQi −1.4E-07 −1.2E-07 −1.8E-07
Floor area (sq ft) of the unit squared (12.56) (12.85) (31.95)

LEVELi 0.0056 0.0051 −0.0107
Floor level of the unit (9.17) (6.75) (2.67)

LEVEL_SQi 7.9E-06 2.7E-05 0.0018

Floor level of the unit squared (0.35) (0.93) (4.95)

POOL_VIEWi 0.0404 0.0206 0.0543

1, if unit has pool view; 0, else (14.44) (5.93) (15.49)

ROAD_VIEWi 0.0328 0.0164 0.0067

1, if unit faces major roads; 0, else (12.54) (3.79) (2.13)

AM_SUNi −0.0165 0.0017 −0.0173
1, if unit faces morning sun; 0, else (4.68) (0.43) (4.16)

PM_SUNi −0.0263 −0.0144 −0.0338
1, if unit faces evening sun; 0, else (9.87) (3.59) (7.95)

TOP_FLOORi −0.0637 −0.0404 −0.0421
1, if unit is located on the top most floor; 0, else (6.73) (0.92) (2.98)

TOP_FLOORi * DEV_HEIGHTi 0.0017 −0.0047 −0.0016
Interaction term (1.80) (1.88) (0.76)

GRD_FLOORi −0.0702 −0.0996 −0.0735
1, if unit is located on the ground level; 0, else (17.40) (13.26) (13.40)

RPIi 0.0082 0.0057 0.0066

Residential price index (49.15) (18.84) (32.53)

LUCKY_FLOORi 0.0159 0.0015 0.0067

1, if unit is located a floor ending with an 8; 0, else (4.59) (0.37) (1.10)

UNLUCKY_FLOORi −0.0111 0.0033 0.0048

1, if unit is located a floor ending with a 4; 0, else (4.04) (0.95) (1.15)

FREEHOLDi 0.1714 0.1385 0.1413

1, indicating freehold tenure; 0, else (40.47) (23.49) (22.84)

PRIMEi 0.2827 0.4202 0.2249

1, if unit is located in prime location; 0, else (35.13) (36.92) (18.46)

U_CBDi −0.0150 −0.0196 −0.0121
Distance to CBD (km) (35.25) (17.49) (9.40)

U_METROi 0.0259 0.0626 0.0471

Distance to the nearest metro station (km) (16.90) (13.46) (15.05)

(DEV_DAYSi / 365) −0.0210 −0.0163 −0.0308
Number of days from first sale to bldg. completion (13.97) (7.17) (13.34)
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price index, PI, using on the estimates of the price effects from the endogenous
dummy variables and their interaction terms. The index is calculated as

PI ¼ EXP α1Φ1ki þ α2Φ2ki þ α3Φ3kið Þ þ β1Φ1ki þ β2Φ2ki þ β3Φ3kið Þ%DEV DAYSið Þ
ð6Þ

where %DEV_DAYSi is the number of days since first sale in the development
deflated by the number of days from the first sale to project completion. The mean
probability of a sale in each sale sequence interval is calculated for each sales
sequence phase (subsample). For example, Φ11 represents the average probability of
a unit selling in the first sales sequence interval over the first sale sequence interval
and Φ12 represents the average probability of a unit selling in the first sales sequence
interval when it actually sells in the second interval, etc.

Figure 2, Panel A depicts the calculated price index over the sales sequence for the
different samples. The index indicates most of the price change over the sequence of
sales reflects the endogenous intercept terms for each interval (the first term in Eq. 6)
rather than the marginal effects within each interval. An unfortunate artifice of the
sample selection correction framework is that the sales sequence phase effects appear to

Table 5 (continued)

Pooled High-rise Mid-rise

λ1 = 0.51 λ1 = 0.12 λ1 = 0.80

λT = 1.00 λT = 1.00 λT = 1.00

DEV_SIZEi 4.3E-05 1.7E-04 −1.7E-05
Number of units in development (5.06) (8.59) (0.44)

Φ2i −1.3813 −1.4070 0.4005

Probability of sale between λ1 <%DEV_DAYSi ≤ λT (37.92) (32.52) (5.75)

Φ3i −0.7879 −0.3115 −0.1233
Prob. of sale post-completion (λT <%DEV_DAYSi) (15.61) (3.81) (3.74)

(DAYSi / 365) Φ1i −0.0510 −0.0323 0.0164

Interaction: DAYSi The number of days between the contract date and the
date of the first sale & early phase prob. (λ0 <%DEV_DAYSi ≤ λ1)

(16.57) (6.02) (5.48)

(DAYSi / 365) Φ2i 0.1011 0.0006 −0.1237
Interaction variable (λ1 <%DEV_DAYSi ≤ λT) (13.02) (0.13) (6.50)

(DAYSi / 365) Φ3i 0.0219 −0.0541 −0.0438
Interaction variable (λT <%DEV_DAYSi) (1.39) (4.49) (4.61)

ϕ1i −0.7229 −0.2021 −0.1481
Selection variable (0 <%DEV_DAYSi ≤ λ1) (41.96) (7.64) (18.25)

ϕ2i −0.2206 0.2406 −0.0679
Selection variable (λ1 <%DEV_DAYSi ≤ λT) (16.29) (8.56) (8.12)

ϕ3i −0.2666 −0.0819 −0.0643
Selection variable (λT <%DEV_DAYSi) (22.70) (10.59) (6.15)

Adj R-Sq 0.8661 0.8787 0.8840

*Note: The dependent variable is the log of sales price. Asymptotic t-statistics, reported in parentheses, were
calculated from a heteroscedasticity consistent covariance matrix
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create discontinuities in the price index at the boundary of each phase; nonetheless, the
general shape implied by the three phases and the marginal changes within the phases
provide sufficient insight into the broad sales sequence-price patterns for the different
types of property. For example, in the pooled sample, prices decline 23.8% from the
first sale to completion, with a 6 percentage point increase in price post-completion.
The annualized price changes over the sales sequence within each interval are −2.04%,
0.87%, −0.17%, respectively. The broad pattern is roughly U-shaped.

Turning to the high-rise sample in Fig. 2 panel A, we find a similar U-shaped price
pattern. Prices decline from the first sale to completion (27.77%) and rise 7 percentage
points post-completion. Marginal price changes within sales sequence phases in the
figure, however, exhibit a consistently negative annual average price change of
−2.26%, −1.63%, and − 2.26%, respectively. In contrast, the mid-rise sample exhibits
an increase in prices over the sales sequence of first sales to completion of 8.78%. The
post-completion period has a 13.69 percentage point price decline with a slight annual
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(a) Three Development Phases (b) Four Development Phases 

(a.1) Pooled Sample (b.1) Pooled Sample 

(a.2) High-rise Sample (b.2) High-rise Sample 

(a.3) Mid-rise Sample (b.3) Mid-rise Sample 
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Fig. 2 Price Sequence Index over Development Cycle. Note: The price indices are generated using the
endogenous dummy variables and their interaction terms from Table 5 estimates (panel a) and Table 6
estimates (panel b). The index is calculated as outlined in Eq. (6) using the mean probability of a sale in
each sale sequence interval (subsample). The horizontal access represents the sales sequence. Specifically, the
number of days from the date of the first sale divided by the total number of days from the first sale until the
date an occupation permit was obtained



rate of increase within the first sales sequence interval (0.88%) followed by declines
within the remaining two sales sequence intervals (−3.70% and − 2.07%, respectively).

As a robustness check of the stability of the estimates and the consistency of the
results, we add an additional development phase to the model. The models represent the
results of a grid search of the combinations of subsample partitions of the sales
sequence phases using 5% intervals falling within 10% and 90%. Table 6 presents
the estimates for this approach. Note that for the pooled sample, all of the coefficient

Table 6 Estimation results of corrected price equation w/4 development phases

Pooled High-rise Mid-rise

λ1 = 0.35 λ1 = 0.60 λ1 = 0.70

λ2 = 0.50 λ2 = 0.75 λ2 = 0.80

λT = 1.00 λT = 1.00 λT = 1.00

Intercept 11.6756 11.9053 11.5568

(306.11) (318.98) (360.72)

AREAi 0.0011 0.0009 0.0011

Floor area (sq ft) of the unit. (27.30) (35.10) (45.42)

AREA_SQi −1.5E-07 −9.8E-08 −1.8E-07
Floor area (sq ft) of the unit squared (12.51) (12.38) (25.56)

LEVELi 0.0077 0.0027 −0.0051
Floor level of the unit (8.38) (2.98) (1.02)

LEVEL_SQi −4.0E-05 1.5E-04 0.0014

Floor level of the unit squared (1.23) (4.13) (3.16)

TOP_FLOORi −0.0731 0.0192 −0.0515
1, if unit is located on the top most floor; 0, else (7.69) (0.41) (3.63)

TOP_FLOORi * DEV_HEIGHTi 0.0014 −0.0075 −0.0005
Interaction term (1.53) (2.85) (0.22)

GRD_FLOORi −0.0701 −0.0934 −0.0687
1, if unit is located on the ground level; 0, else (17.40) (13.01) (11.69)

POOL_VIEWi 0.0412 0.0305 0.063

1, if unit has pool view; 0, else (13.37) (11.15) (16.70)

ROAD_VIEWi 0.0245 0.0141 0.0084

1, if unit faces major roads; 0, else (9.29) (3.91) (2.30)

AM_SUNi −0.0073 0.0208 −0.0104
1, if unit faces morning sun; 0, else (2.01) (4.83) (1.79)

PM_SUNi −0.0204 −0.0075 −0.0321
1, if unit faces evening sun; 0, else (6.63) (2.56) (4.78)

LUCKY_FLOORi 0.0106 0.0181 0.0097

1, if unit is located a floor ending with an 8; 0, else (3.01) (4.11) (1.13)

UNLUCKY_FLOORi −0.0126 −0.0065 0.0014

1, if unit is located a floor ending with a 4; 0, else (4.22) (1.96) (0.28)

FREEHOLDi 0.1862 0.1057 0.1409

1, indicating freehold tenure; 0, else (43.35) (19.62) (18.56)
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Table 6 (continued)

Pooled High-rise Mid-rise

λ1 = 0.35 λ1 = 0.60 λ1 = 0.70

λ2 = 0.50 λ2 = 0.75 λ2 = 0.80

λT = 1.00 λT = 1.00 λT = 1.00

PRIMEi 0.2322 0.5434 0.2719

1, if unit is located in prime location; 0, else (14.83) (39.28) (12.85)

U_CBDi −0.0165 −0.0137 −0.0095
Distance to CBD (km) (35.02) (15.18) (4.23)

U_METROi 0.0357 0.0546 0.0286

Distance to the nearest metro station (km) (18.56) (16.00) (4.94)

RPIi 0.0073 0.0070 0.0072

Residential price index (51.27) (64.58) (32.16)

(DEV_DAYSi / 365) −0.0200 −0.0142 −0.0259
Number of days from first sale to bldg. completion (13.93) (6.18) (10.18)

DEV_SIZEi 7.9E-05 1.6E-04 3.0E-05

Number of units in development (6.88) (10.21) (0.51)

Φ2i −1.4489 −0.5108 −1.3643
Probability of sale between λ1 <%DEV_DAYSi ≤ λ2 (24.02) (6.74) (13.05)

Φ3i −1.0149 −2.131 0.4484

Probability of sale between λ2 <%DEV_DAYSi ≤ λT (29.40) (28.53) (5.98)

Φ4i −0.4960 −0.8507 −0.1682
Prob. of post-completion sale (λT <%DEV_DAYSi) (9.71) (13.44) (3.51)

(DAYSi / 365) Φ1i −0.0371 −0.0414 0.0008

Interaction: DAYSi The number of days between the contract date and the
date of the first sale & early phase prob. (λ0 <%DEV_DAYSi ≤ λ1)

(11.25) (14.50) (0.22)

(DAYSi / 365) Φ2i −0.2480 0.0019 0.4173

Interaction variable (λ1 <%DEV_DAYSi ≤ λ2) (12.15) (0.10) (8.97)

(DAYSi / 365) Φ3i 0.1340 0.1203 −0.1955
Interaction variable (λ2 <%DEV_DAYSi ≤ λT) (15.01) (6.58) (10.53)

(DAYSi / 365) Φ4i 0.0329 −0.0216 −0.0724
Interaction variable (λT <%DEV_DAYSi) (2.09) (1.91) (7.16)

ϕ1i −0.5053 −0.4635 −0.1822
Selection variable (0 <%DEV_DAYSi ≤ λ1) (33.41) (21.89) (16.72)

ϕ2i 0.0039 −0.0847 0.0001

Selection variable (λ1 <%DEV_DAYSi ≤ λ2) (0.28) (6.48) (0.02)

ϕ3i −0.1612 0.0673 −0.0538
Selection variable (λ2 <%DEV_DAYSi ≤ λT) (12.18) (5.26) (4.44)

ϕ4i −0.1747 −0.1363 −0.0592
Selection variable (λT <%DEV_DAYSi) (11.70) (17.70) (3.19)

Adj R-Sq 0.8699 0.8830 0.8879

*Note: The dependent variable is the log of sales price. Asymptotic t-statistics, reported in parentheses, were
calculated from a heteroscedasticity consistent covariance matrix
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estimates for the unit, development, and market variables remain of the same sign and
significance. For the high-rise sample, the coefficient of LUCKY_FLOORi and
UNLUCKY_FLOORi become significant and are of expected sign. The estimate on
LEVEL_SQi becomes significant. In the mid-rise model, the LEVELi (the result still
shows an increase in price with increased height due to the square level terms) and the
AM_SUNi estimates are now insignificant. Other than these changes, all other estimates
retain the signs and significance found in the earlier models for the unit, development,
and market variables in both the high-rise and mid-rise samples. Figure 2, Panel B
shows the price index for the sales sequence for the models that partition the sales
sequence into 4 intervals or development phases. The overall pattern remains the same
as observed for the earlier models. The pooled price index shows a decline in the
middle portion of the sales sequence with an increase post-completion. However, the
post-completion price level remains below those of the initial sales. The high-rise price
index shows higher prices through the first half of the sales sequence with a decline
followed by a slight post-completion increase. The mid-rise model shows a slightly
larger decrease post-completion. Nonetheless, the broad pattern in each case remains
remarkably similar to the corresponding earlier model partitioning the sales sequence
into 3 intervals.

Conclusions

It is not unusual in real estate markets to observe similar assets being sold in sequence.
The literature identifies several rationales for sales sequence effects on prices in open
(non-auction) markets: consumption risk when units are heterogeneous and the built-
out characteristics of the development are uncertain until completion; the risk that the
development will not be completed successfully; the benefit of agglomeration econo-
mies that do not accrue until a critical mass is reached in the development; and the
notion that choice units tend to sell early in the sequence. The existing literature does
not yet offer sufficient evidence on the extent to which price varies over the sales
sequence in the absence of these effects.

This paper adds to the body of empirical evidence on the price-sales sequence pattern,
testing for development scale effects and unit selection effects driven by buyer or
developer behavior with respect to unobserved differences in unit quality. We examine
the sequential sales of new condominiums in a setting in which it appears that both
consumption risk and completion risk are minimized and where production agglomer-
ation economies do not pertain.We control for development scale effects by splitting the
sample into high-rise and mid-rise developments and control each model for possible
selection bias in the estimated sequence-price relation with a selection correction
procedure. The results differ across high-rise and mid-rise developments, revealing
development scale effects. In addition, choice condominium units do tend to sell earlier
in the sequence. The sales sequence and price relations found after correcting for
selection effects differ from the OLS estimates, indicating that the latter are biased.

What is remarkable is that once these factors are controlled—consumption risk,
completion risk, scale effects and selection effects—we find nonmonotic sales
sequence-price patterns. Sirmans et al. (1997) argue that changing consumption risk
over the sales sequence drives the type of price-sequence pattern they observe for new
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residential construction and lot sales. The results reported here open the possibility that
the price-sales sequence relation need not disappear when consumption risk effects are
minimized. Hollans et al. (2013) argue that such selection effects may be responsible
for their nonmonotonic sales sequence-price results they find for new residential
construction. Our estimates suggest the selection process may have surprising impli-
cations for the observed sequence-price relation. After all, we find nonmonotonic sales
sequence-price relations only when selection effects are removed. More generally,
when early buyers in a multiple-unit development have and do exercise their option
to select the more desirable units, their behavior may obscure the true underlying sales
sequence-price patterns and even largely overshadow the presence of pricing anomalies
attributable to something other than the various factors already identified in the
literature. More empirical studies of different real estate products in different markets
is needed to ascertain the extent to which the types of pricing anomalies found here are
idiosyncratic or apply broadly.
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