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Abstract
We investigate whether US real estate developers display herding in their building
permit seeking behavior. We measure herding over the period 1988 through 2011 by
applying to permit issuances measures previously used in studies of stock herding. We
find evidence of herding at levels comparable to those found in studies involving
common-stock trading. Developer herding is also stronger in up markets, than in down
markets. This is consistent with up market buoyancy constraining the availability of
reliable, independent information, which reinforces the tendency to follow the behavior
of others.
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Introduction

The conventional view of developer decision-making is that their most impor-
tant reference point is the profit target of a development project (Baerwald
1981; Somerville 1999); and consequently that what drives decisions are fun-
damentals such as price expectations, material costs and changes in short-term
interest rates. On the other hand there is anecdotal evidence that developers
focus insufficiently on future fundamentals on the delivery of their projects, but
are instead unduly prone to follow other developers’ decisions. This tendency
to mimic is attributed to both existing participants and new entrants to the
development market. More formally, Simon (1979) argues that residential de-
velopers are widely characterized as having ‘satisficing’ behavior, in which they
aspire to meet suboptimal goals when developing new real estate projects. This
satisficing behavior in real estate developers has been aligned with bounded
rationality, via which people use decision rules to simplify processes and find
answers to complex problems (Simon 1957; Hepner 1983; Leung 1987;
Mohamed 2006). Kenney (1972) finds that developers avoid risks and use
recent choices to determine their prospects, including the motivation to begin
a similar project in the near future.

The possibility that developers may deviate from the conventional model leads us to
the conjecture that they may be prone to herding, a phenomenon that is accepted as
sometimes present elsewhere in financial decision-making. We treat herding as corre-
lated behaviors by individuals that can lead to systematic sub-optimal decisions across
a population (Devanow and Welch 1996). In this paper, we investigate whether herding
behavior is present among residential developers in the US. In essence, we frame our
expectations as the following hypotheses: (i) residential developers herd, (ii) this
herding occurs in both up-markets and down-markets, (iii) it occurs both into and out
of permits, and (iv) herding into permits dominates in up markets and herding out of
permits dominates in down markets.

The rest of the paper is organized as follows. We review the literature on herding
behavior as it relates to real estate and follow this with a theoretical exposition to
support our conjectures. We then describe our data, followed by a description of our
methods. We report our findings and finish by reflecting upon these in the conclusion.

Relevant Literature

Early studies in the financial literature vary in the extent that that investment decision-
makers are found to exhibit herding behavior. Lakonishok et al. (1992) created the
seminal herding measure used in financial studies although they found little evidence of
it in pension fund investing. Conversely, Grinblatt et al. (1995) and Wermers (1999)
discover that mutual fund managers do exhibit this behavior. More recently, Choi and
Sias (2009) find strong evidence that institutional investors follow each other into and
out of the same industry sectors, and that this form of herding impacts prices.

There are few studies of herding in the real estate literature, and none to date
that empirically examine this behavior in real estate developers. For example,
Pierdzioch et al. (2010) show that housing forecasters Banti-herd^, whereby they
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scatter forecasts around the given consensus.1 Their results are taken from
survey data in Canada, Japan and the United States. Seiler et al. (2014)
investigate herding in the context of whether borrowers are willing to strategi-
cally default on their residential loans. They create a hypothetical experimental
scenario and, by this means, conclude that homeowners ‘are easily persuaded to
follow the herd’. Using an empirical approach, Hott (2012) considers whether
herding has been present over the preceding 30 years or so across a range
housing markets in 10 developed countries. He observes differences in these
markets between his calculation of the prices that would be justified by
fundamentals, and actual prices; and using a model developed by Lux (1995),
investigates these with a herding measure based on contagious investor senti-
ment. He finds that the herding measure helps to some extent, although its
success is variable across markets.

Ro and Gallimore (2014) test for evidence of herding in the trading of US real estate
mutual funds (REMF). They report that herding does occur in stocks traded by REMFs,
although this is present in the selling of past winners rather than past losers (suggesting
the presence of a disposition effect). Zhou and Lai (2008) investigate herding in real
estate related securities versus non-real estate securities in the Hong Kong stock market.
They find the level of herding to be lower in real estate securities. Due to limitations in
their data, however, they do not distinguish institutional investors from individual
investors, nor utilize REITs. Zhou and Anderson (2013) study investor herding in US
REITs, although they similarly do not differentiate between investor types. They
contend that the tendency of REIT investors to herd is positively associated with
market turbulence, which inclines them to suppress their own beliefs. They conclude
that herding is stronger and more likely in down markets than up markets, but do not
offer an interpretation for this.

In the only study to date to focus on real estate development, DeCoster and Strange
(2012) examine developer herding from a theoretical perspective, examining rational
overbuilding by this sector in times of uncertainty.2 They argue that builders learn from
each other and tend to copy when starting new development projects. They also
contend that builders’ herding is reputation-based, discouraging innovative schemes
because of the risk of stigma. They do not, however, pursue their conjectures through
analysis of actual data.

Herding behavior has been found in studies of various aspects of financial decision-
making in general, and to a lesser extent in respect in decisions concerning real estate.
No studies, however, have yet investigated empirically whether these behaviors are
displayed by real estate developers. In our study, we test aspects of herding theory
empirically, using building permits, which supply the earliest evidence of the intent by
developers to build (Somerville 2001). We investigate this by focusing on monthly
changes in permit issuance for residential development in the US.

1 BAnti-herding^ is also reported in the financial literature. For example, Bernhardt et al. (2006) find that
financial analysts issue contrarian forecasts that overshoot the consensus in the direction of private
information.
2 Lai and Van Order (2010) are among those who document the speculative real estate bubble that occurred in
the 2000s and was accompanied by overbuilding in many US regions.

274 S. Ro et al.



Theoretical Considerations

This section develops a theoretical framework for analyzing herding behavior by
extending the previous research such as Bikhchandani et al. (1992), and DeCoster
and Strange (2012).3 In marked contrast to these studies, we attempt to distinguish
between herding both into and out of real estate development. We reason that not only
may a potential developer imitate earlier developers with the commencement of the
development project, but they may also imitate the actions of other developers in
abandoning the development option. Furthermore, since real estate markets can be
characterized as having long construction periods, our model also takes sequential
development into consideration. We posit that sequential development should be a
remarkable feature of herding behavior in real estate market.

Our reasoning is as follows. Suppose that there are two real estate developers, A and
B, who possess the same characteristics except for their signal qualities and location
choices.4 For simplicity, we only take account of two periods of time: periods 1 and 2.
For these two periods, we allow for two possible states: a good state and a bad state. At
the time of development, the two developers do not know which state will occur. If a
good state emerges, this increases the probability of the development being successful,
and vice versa. Letpdenote the probability of the good state occurring, while the
probability of the bad state is1 − p. If the good state ensues, the value of the
real estate project, V, will be 1. However, if the bad state ensues, V will be 0.
These two developers are also assumed to incur the same development cost in
their investment, C. For expositional convenience, C can be set to 1/2 in our
discussion as in Bikhchandani et al. (1992).

We also assume that before their decision in each period to develop, the two
developers can observe two possible private market signals: Sij = 1andSij = 0, fori ∈ {1,
2}andj ∈ {A, B}, where Sij = 1 denotes the signal, for developer j, that a good state will
occur at time i, whileSij = 0represents the signal of a bad state. The conditional
probability of receiving a signal can be written as the following form:

Pr Sij ¼ 1jV ¼ 1
� � ¼ ϕi

and

Pr Sij ¼ 0jV ¼ 0
� � ¼ ϕi ð1Þ

3 Scheinkman and Xiong (2003) attempt to explain the occurrence of asset price bubbles from a perspective of
heterogeneous beliefs and highlight that overconfidence might lead to these beliefs and in turn cause the
bubbles. Xiong (2013) further addresses the important implication of heterogeneous beliefs for excessive
financial leverage and investment. However, our study pays special attention to herding behavior, which can
be viewed as a form of learning process and therefore is in opposition to overconfident behavior. Investors’
learning from each other actually might mitigate their heterogeneous beliefs in some cases. Xiong (2013) also
notices and discusses similar behavioral effects.
4 Similar to DeCoster and Strange (2012), we assume that the two developers are homogenous, while they
might receive informational signals with different qualities and choose differentiated development locations.
The previous studies, such as Bikhchandani et al. (1992) and DeCoster and Strange (2012), emphasize that
informational asymmetry and management’s reputation might matter in interpreting the behavior of herding or
information cascade, which can be driven by investors’ rational, optimal investment decisions. This assump-
tion facilitates identifying this class of mutual mimicking investment behavior.
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These two categories of signals are assumed to be conditionally independent of each
other as in previous studies. We also specify ϕi > 1/2andϕ1 < ϕ2. Of them, ϕi > 1/
2implies that if a good-state (bad-state) signal is received, the good (bad) state
is more possible to happen in period i.ϕ1 < ϕ2 can be interpreted as the signal
in period 2 having Bbetter^ quality than that in period 1. That is, the signal in
period 2 is more informative compared with that in period 1 such that a
developer can more Bcertainly^ judge the state of nature in period 2. This
suggests that a later developer who makes an investment decision in period 2
will make use of his own signal observed in this period instead of that
observed by himself in the preceding period in addition to the inferences
concerning the preceding behavior of his competitor.

We also assume that it is only in later period that a developer can incorporate
into his development decision the information from observation of the first
developer’s decision. This is because there are multiple review activities asso-
ciated with local land use regulations, such as environmental impact assessment,
subdivision and re-zoning approvals, which lead to regulatory delay in the
development process before construction can start (Mayer and Somerville
2000). These activities are usually unobservable to the later developer and it
is their culmination in a construction start that sends the signal of the first
developer’s decision.

In period 1, without loss of generality, we assume that if developer A observes a
good signal, he will make a property investment immediately. In this case, its expected
development profit can be written as:

R1A S1AjS1A¼1

� �
¼ E V jS1A ¼ 1ð Þ−C ¼ Pr V ¼ 1jS1A ¼ 1ð Þ−C ð2Þ

We can further show that:

R1A S1AjS1A¼1

� �
¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ −C: ð3Þ

See Appendix 1 for this derivation. This suggests that when ϕ1p
ϕ1pþ 1−ϕ1ð Þ 1−pð Þ > C;

developer A will expect to earn a positive development profit. In eq. (3), there
are three main parameters, namely C, ϕ1and p. WhenC = 1/2, ϕ1 = 1/2,and p =
1/2, it can be shown that the developer is indifferent between developing and

rejecting this project because R1A S1AjS1A¼1

� �
¼ 0. However, if ϕ1 > 1/2and all

else is unchanged, the developer will have a greater likelihood of earning a
positive profit, because:

ϕ1p
ϕ1pþ 1−ϕ1ð Þ 1−pð Þ ¼

ϕ1p
ϕ1pþ 1−ϕ1−pþ ϕ1p

>
ϕ1p

ϕ1pþ ϕ1p
¼ 1

2
: ð4Þ

On the other hand, if developer A receives a bad signal in period 1, according to Bayes’
Rule the expected profit can be written as:
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R1A S1AjS1A¼0

� �
¼ E V jS1A ¼ 0ð Þ−C ¼ Pr V ¼ 1jS1A ¼ 0ð Þ−C

¼ Pr S1A ¼ 0∩V ¼ 1ð Þ=Pr S1A ¼ 0ð Þ−C
¼ Pr S1A ¼ 0jV ¼ 1ð ÞPr V ¼ 1ð Þ

Pr S1A ¼ 0jV ¼ 1ð ÞPr V ¼ 1ð Þ þ Pr S1A ¼ 0jV ¼ 0ð ÞPr V ¼ 0ð Þ −C

¼ p 1−ϕ1ð Þ
p 1−ϕ1ð Þ þ 1−pð Þϕ1

−C:

ð5Þ

Developer Awill give up this development opportunity in period 1, because it is more
likely to incur an investment loss in this case. For example, it can be shown that if C =

1/2, p ≤ 1/2, ϕ1 > 1/2, thenR1A S1AjS1A¼0

� �
< 0usually holds.

Based on developer A’s investment decision, we can further analyze developer B’s
investment choices. Developer B can infer developer A’s private signal by observing her
behavior. This information is valuable to developer B in making his investment
decision. Specifically, if developer B receives a bad signal in period 1, its expected
profit can be written as:

R1B S1BjS1B¼0

� �
¼ E V jS1B ¼ 0ð Þ−C ¼ p 1−ϕ1ð Þ

p 1−ϕ1ð Þ þ ϕ1 1−pð Þ −C: ð6Þ

WhenR1B S1BjS1B¼0

� �
< 0, this implies that developer B will choose to give up the

development opportunity during period 1 due to receiving the bad signal. However, this
developer might choose to undertake development in period 2, since developer B can
observe and infer developer A’s preceding decision in the period due to the multiple
regulatory reviews we note earlier.

When developer B observes the action of developer A and infers the good signal he
has received in period 1, he can undertake a development activity in period 2 as a
response to inferring the good signal developer A has received in period 1.

We can show that:

R2B S1A; S2BjS1A¼1∩S2B¼0

� �
¼ ρϕ1 1−ϕ2ð Þp

ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þ −ρC: ð7Þ

where ρ denotes the positive discounting factor (See Appendix 2).
This suggests that if:

R1B S1BjS1B¼0

� �
< 0

and

R2B S1A; S2BjS1A¼1∩S2B¼0

� �
> 0; ð8Þ

that is, when

p 1−ϕ1ð Þ
p 1−ϕ1ð Þ þ ϕ1 1−pð Þ < C <

ϕ1 1−ϕ2ð Þp
ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þ ; ð9Þ
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developer B will develop a property project in period 2. While developer B gives up his
investment chance in period 1 and observes a bad signal in period 2, he can imitate
developer A to exercises his development option in period 2 when inequality (9) is
satisfied. This implies that developer B’s investment decision may be affected by the
previous action of developer A. In other words, when inequality (9) holds, herd
behavior may occur.

In contrast to the previous studies, however, inequality (9) suggests that in addition
to development costs and state signals, the probability of a good or bad state occurring
also plays an importance role in determining the occurrence of herding behavior. This is
because p is also an important factor in inequality (9). When p > 1/2, the market is more
likely to go up; vice versa, it has a greater likelihood to move down. As a result,
whether a market goes up or down is material to the likely occurrence of herding
behavior.

Also, we can calculate partial derivative forR2B S1A; S2BjS1A¼1∩S2B¼0

� �
with respect

to p. We have

∂R2B S1A; S2BjS1A¼1∩S2B¼0

� �
∂p

¼ ρϕ1 1−ϕ2ð Þ ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þð Þ−p ϕ1−ϕ2ð Þ½ �
ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þð Þ2 :

ð10Þ

Since we have specifiedϕ1 < ϕ2, we can find that:

∂R2B S1A; S2BjS1A¼1∩S2B¼0

� �
∂p

> 0 ð11Þ

always holds. This suggests that developer B’s period 2 expected profit

R2B S1A; S2BjS1A¼1∩S2B¼0

� �
driven by his imitation is positively associated with p. In

other words, an increase in the probability of a good state occurring can enhance the
expected profit. This implies that an upward market increases the likelihood of herd
behavior associated with real estate development.

To illustrate this kind of herding behavior, we consider a simplified example in
which developer A receives the signal of a good state at the beginning of period 1,
while developer B obtains the signal of a bad state at this time. Suppose that ϕ1 = 0.7,
ϕ2 = 0.75, p = 0.6, C = 1/2, and ρ = 1. By Eq. (3), we know that because developer A
expects to earn a positive profit of 0.28 at the end of period 1, he chooses to undertake a
property development within period 1. In contrast, since developer B receives a bad
signal at the beginning of period 1 and his expected profit is −0.11 by Eq. (6), he
chooses to give up the development opportunity during period 1. However, because
developer B observes the development action of developer A, he can infer that
developer A has received the good signal in period 1. As result, even though developer
B continues to receive a bad signal at the beginning of period 2, he can choose to
undertake a similar property development. This is because his expected profit is 0.04
under the situation according to Eq. (7).
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If developer B receives a good signal in period 1, his expected profit can be
expressed as:

R1B S1BjS1B¼1

� �
¼ E V1jS1B ¼ 1ð Þ−C ¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ −C: ð12Þ

If he receives the good signal during period 1 and R1B S1BjS1B¼1

� �
> 0, developer B is

very likely to choose to develop immediately in period 1. However, if his expected

profit is negative, that isR1B S1BjS1B¼1

� �
< 0, this developer will likely wait, in which

case he can observe developer A’s period 1 investment decision and receive a new
signal in period 2. In this case, even if developer B receives a bad signal in period 2, he
may still undertake a property project in this period based on inferring that developer A
has received a good signal.

As a result, because

R1B S1BjS1B¼1

� �
¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ −C < 0; ð13Þ

we can write inequality (9) as

ϕ1p
ϕ1pþ 1−ϕ1ð Þ 1−pð Þ < C <

ϕ1 1−ϕ2ð Þp
ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þ : ð14Þ

This indicates that when inequality (14) is satisfied, developer B can imitate
developer A to undertake a property project. Similar to (9), inequality (14)
suggests that in addition to the factors identified above, the development delay
also affects herd behavior, in that the information on developer A’s investment
decision is incorporated into developer B’s development decisions in a later
period (as discussed earlier).

Our reasoning can be applied equally to show that developer B may imitate the
action of developer A so as to give up his development opportunity in period 2.

We know that if:

R1B S1BjS1B¼0

� �
< 0; ð15Þ

developer B will choose not to exercise his development option in period 1. If
developer A does not exercise his development option in period 1, developer B can
infer in period 2 that developer A has received a bad signal in period 1. Under this
situation, it can be shown that if developer B receives a good signal in period 2, his
expected profit can be written as

R2B S1A; S2BjS1A¼0∩S2B¼1

� �
¼ ρ 1−ϕ1ð Þϕ2p

1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þ −ρC: ð16Þ

See Appendix 3 for the derivation of this formula.
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It can then be found that if

R2B S1A; S2BjS1A¼0∩S2B¼1

� �
¼ ρ 1−ϕ1ð Þϕ2p

1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þ −ρC < 0; ð17Þ

R1B S1BjS1B¼0

� �
¼ p 1−ϕ1ð Þ

p 1−ϕ1ð Þ þ ϕ1 1−pð Þ −C < 0 ð18Þ

can also be satisfied due to p 1−ϕ1ð Þ
p 1−ϕ1ð Þþϕ1 1−pð Þ <

p 1−ϕ1ð Þ
p 1−ϕ1ð Þϕ2pþϕ1 1−pð Þ.

That is, if inequality (17) holds, developer B will not exercise his investment
option in periods 1 and 2. In other words, even though developer B receives a
good signal in period 2, he may imitate developer A‘s period 1 actions and not
proceed to develop.

Similarly, we can also find

∂R2B S1A; S2BjS1A¼0∩S2B¼1

� �
∂p

¼ ρϕ1ϕ2 1−ϕ1ð Þ 1−ϕ2ð Þ
1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þð Þ2 > 0: ð19Þ

This suggests that a fall in the probability of a good state happening can reduce
developer B’s expected development profit. In other words, an increase in the proba-
bility of a bad state occurring can enhance the likelihood of herd behavior associated
with the abandonment of real estate development.

Furthermore, we also notice that if developer B receives a good signal in period 1 but

his expected profit is negative, that isR1B S1BjS1B¼1

� �
< 0, he will not exercise his

development option in period 1. He will observe the action of developer A and further
wait for a new signal in period 2. Thus, when

R1B S1BjS1B¼1

� �
¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ −C < 0

and

R2B S1A; S2BjS1A¼0∩S2B¼1

� �
¼ ρ 1−ϕ1ð Þϕ2p

1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þ −ρC < 0; ð20Þ

developer B can also mimic developer A not to exercise his development option
in period 2 even though he receives a good signal during period 2. These
results suggest that the factors, identified earlier, are of importance to
interpreting herd behavior associated with real estate development action and
are likewise important in driving herd behavior related to the abandonment of
real estate development. This therefore implies that up-market or down-market
conditions are not the only determinant which might drive herding behavior
associated with real estate development decisions.
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Data and Methodology

Data Description

The time period for our study is from 1988 to 2011. To track the differing phases of real
estate development, we use data for this period from the United States Census Bureau.
Building permits, indicating local government’s approval of the anticipated project, are
the first sign of the intent by the developer. The permits show the developer’s behavior
towards moving into a given market as the issuance must occur prior to the actual
beginning of the construction. We considered using housing starts, but delays may
occur prior to the initial construction due to zoning changes, environmental
assessments and other factors. Carliner (1986) notes that the two measures appear to
be reasonably correlated. He observes a small time lag between permits and starts. For
example, in 1985 roughly 60% of starts occurred in the same month as the permit being
issued and close to 26% ensued in the following month. Additionally, he observes that
only approximately 2% of the latter do not occur after the former for a variety of
reasons such as abandonment or expiration. Building permits are collected on a
national, regional, and state level as well as from metropolitan statistical areas, and
after being seasonally adjusted are shown as an annual rate by the Census Bureau.

Summary Statistics on the data are presented in Table 1. On average, 79,243
building permits are granted monthly (on an annualized basis) in the sample period
with 76,153 of these being for one-unit single-family homes. Most of the remainder is
five plus unit and two-to-four unit structures averaging less than 2000 permits issued a
month.5 In addition, this data presented confirms higher levels of residential construc-
tion during ‘up’markets regardless of the type of new residential construction. Figure 1
shows the trends of regional residential building permit issuance overall sample
periods. It indicates higher levels of residential development in the southern and
western regions, a characteristic accentuated in the post-2000 housing boom. The
southern region’s peak month totaled 1,090,000 permits on an annualized basis. By
comparison, construction expansion in the western region hit its monthly apex with the
pulling of 661,000 permits. The south had the highest average per month at approxi-
mately 617,000 permits issued.

Herding Measurement

To test for the presence of herding, we develop a herding measurement for residential
developer activity by modifying that devised by Lakonishok et al. (1992), which was
originally designed to measure investors’ herding in the stock market. We replace
herding around a stock with herding around a locality, since we contend that the type of
herding most likely to be exhibited by developers is that triggered by observation of the
behavior of other developers in proximate locations.6 Effectively, we seek to detect
herding in MSA permit-issuance within States. We calculate the herding measure based

5 Two-to-four unit residential homes are commonly known as duplexes, triplexes and quadriplexes. The larger
units are generally considered to be multi-family residential (aka. apartments).
6 This type of behavior can be modeled through the device of an ‘information cascade’ (Banerjee 1992;
Bikhchandani et al. 1992).
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on the difference, in each month, between two ratios. The first ratio is that of (21) the
number of MSAs within a State whose monthly change in permit issuance is higher
than the corresponding average monthly change for all US MSAs, as a proportion of
(22) the number of MSAs issuing permits within the State. This ratio, Ps,t, is represented
formally as:

Ps; t ¼ Ht= Ht þ Ltð Þ ð21Þ

where Ht is the number of MSAs having a housing permit change rate higher than that
in the US overall at month t within a States while Lt is the number of MSA lower than
or equal to the overall. The second ratio replicates the first ratio but with the expectation
of no inter-State herding. This expectation is captured by the ratio of the total number of
MSAs nationally having higher than-US-average permit change rate as a proportion of
all US MSAs issuing housing permits. At this stage, the herding measure, HMs,t, is
represented as:

HMs; t ¼ j Ps; t–E Ps; t½ � j ð22Þ

Table 1 Summary statistics: January 1988 – December 2011

All Units 1 Unit-Bldg 2 Unit-
Bldg

3–4 Unit-
Bldg

5+ Unit-
Bldg

Panel A. Summary statistics for residential development permits by periods

Overall (1988 ~ 2011) Mean 79,243 76,153 1020 628 1441

(Sum) (22,029,447) (21,170,666) (283,683) (174,562) (400,536)

1st period (1988 ~ 1993) Mean 75,210 71,923 1057 630 1599

(Sum) (5,415,089) (5,178,489) (76,108) (45,358) (115,134)

2nd period (1994 ~ 1999) Mean 91,988 88,347 1165 679 1797

(Sum) (6,623,124) (6,360,965) (83,885) (48,889) (129,385)

3rd period (2000 ~ 2005) Mean 101,964 98,332 1261 805 1566

(Sum) (7,341,437) (7,079,898) (90,827) (57,991) (112,721)

4th period (2006 ~ 2011) Mean 42,739 41,150 530 360 698

(Sum) (2,649,797) (2,551,314) (32,863) (22,324) (43,296)

Panel B. Summary statistics for residential development permits by markets

Up Market Mean 88,421 84,971 1139 704 1607

(Sum) (19,717,950) (18,948,612) (253,963) (156,943) (358,432)

Down Market Mean 42,027 40,401 540 320 766

(Sum) (2,311,497) (2,222,054) (29,720) (17,619) (42,104)

Residential development permits indicate the number of new housing units authorized by the acquisition of
building permits. Data are available on a monthly, year- to- date, and annual basis at the national, state, and
selected metropolitan area levels as provided by the US Census Bureau. 1 unit-buildings include all new
privately-owned detached and attached single-family houses, which includes town houses and/or row houses.
2 unit-buildings indicate all new privately-owned residential buildings that contain two housing units and are
known commonly as duplexes. 3–4 unit-buildings include all new privately-owned residential buildings that
contain three or four housing units and are known commonly as triplexes and quadriplexes. 5 or more unit
buildings specify all new privately-owned residential buildings that contain five or more housing units and are
commonly known as multi-family housing
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The measure is calculated as the absolute value of the difference in the ratios, because
herding within a State may be positive, indicating herding into housing permits, or
negative, indicating herding out of permits.

We must, however, expect some distribution of this measure around zero,
even if no herding is occurring. This is because, even assuming no herding, the
permit issuance pattern is not expected to mirror the national average in every
State. Consequently, the absolute value of the measure will tend towards being
positive. To adjust for this we need to make an assumption of how we expect
issuances to be distributed around this overall level - i.e. what we expect the
measure to be, given our assumptions about the distribution. Following
Lakonishok et al. (1992), we adopt the assumption that the number of MSAs
displaying higher than average issuances in the ratio ps,t follows a binomial
distribution. We therefore modify Eq. (22) by deducting its expected value,
which is calculated based on the binomial assumption.

HMs; t ¼ j Ps; t –E Ps; t½ � j−E j Ps; t –E Ps; t½ � j ð23Þ

This resulting measure is a percentage. This percentage indicates the extent within a
State by which permit issuance in the overall direction of the market exceeds that under
the null hypothesis of no herding in permits. In addition, we employ the constituent

Notes: This figure shows the trends in the annualized monthly building permit issuance on a 

regional basis. The United States Census Bureau classifies the four regions as the Northeast 

(NE), Midwest (MW), South and West.  
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components of measure (22) respectively to capture herding towards an increase in
permit issuance (or herding into permits – HIP) and towards a decrease in issuance
(herding out of permits – HOP). So:

HIP ¼ HMs; tjPs; t > E Ps; t½ �j
HOP ¼ HMs; tjPs; t < E Ps; t½ �j ð24Þ

These conditional measures are used to test for herding behavior in up-market and
down-market conditions.

One may question the similarity of stock market investors to residential developers,
but we believe they have similar actions. The simple answer is that both are looking at
an investment project in which they expect to make a positive return. A stock investor
herds into a given stock as they believe that the stock should appreciate in price over the
holding period and provide a dividend in some cases. A developer herds into a given
location (MSA in our case) looking to make the return from the sale of the home at the
end of the holding period (construction term) in most cases and rent it over time
extending the holding period in others.

Empirical Results

Table 2 shows the overall mean and various component means of the herding measure
(HMs,t – Eq. 3), for the period 1988/01 to 2011/02, averaged over all months for all US
States. The columns represent a series of thresholds for the minimum number of MSAs
in a State for it to be included in the calculation. These are applied to reflect the
argument that below a particular number it is debatable that a Bherd^ can form. The
rows in the two Panels provide further information on the herding measure by reference
to time and to the condition of the market. The herding measure over our whole sample
period (1988–2011), shown in Panel A, is 1.93% at the lowest threshold MSA level.
This measure progressively increases to 3.87%, as the MSA threshold increases. These
measures, like all those displayed in Table 2, are statistically significant (due to the
large sample size).

The levels of herding found in Table 2 can be viewed against those found using the
same methodology in prior studies, although these studies have all had stock trading as
the herding signal rather than permit issuance. The comparators in common stock
trading are 2.7% (Lakonishok et al. 1992), 3.4% (Wermers 1999) and 4.32% (Grinblatt
et al. 1995); and in trading of REIT stock by real estate mutual funds, 1.73% (Ro and
Gallimore 2014). Our herding levels are sufficient to conclude that developers do herd,
in line with our first hypothesis.

In Table 2 Panel A, we also examine the herding statistics over time by
dividing the sample into four successive six-year periods. These boundaries of
these periods are arbitrary, and are not intended to proxy for different market
conditions. What they do suggest, however, is that herding is time-varying.
Therefore, to investigate more formally, we explore in Table 2 Panel B the
mean herding statistics by reference to ‘up’ and ‘down’ markets. To allocate the
periods to these market states we employ US Business Cycle Expansions and
Contractions data provided by the National Bureau of Economics Research
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(NBER). Regardless of minimum threshold number of MSAs, the means in
both ‘up’ and ‘down’ market conditions are sufficiently large to confirm the
presence of herding. This is consistent with our second hypothesis. When
compared, the herding statistics in ‘up’ market conditions are higher than that
in ‘down’ markets. The application of t-tests (assuming unequal variance) to
these differences shows that they are statistically significant. The finding that
developer herding in permits is significantly higher in up-markets than down-
markets aligns with Welch’s (2000) conclusions regarding security analysts’
consensus herding. He attributes this to less information aggregation in Bgood
times^, which in turn induces greater likelihood of mutual imitation.

Table 2 Herding statistics in residential development in MSA level

Number of MSA ≥ 5 ≥ 10 ≥ 15 ≥ 20

Panel A. Mean Herding Statistic

Overall (1988 ~ 2011) 1.93% 2.70% 3.88% 3.87%

(# of state - month) (7277) (3574) (957) (792)

t – statistics 10.67*** 12.84*** 11.15*** 10.63***

1st period (1988 ~ 1993) 2.74% 3.72% 3.97% 4.34%

(# of state - month) (1728) (940) (340) (212)

t – statistics 7.77*** 8.21*** 6.07*** 5.65***

2nd period (1994 ~ 1999) 2.71% 3.49% 6.11% 6.11%

(# of state - month) (1802) (860) (216) (216)

t – statistics 6.62*** 7.47*** 7.37*** 7.37***

3rd period (2000 ~ 2005) 1.68% 2.37% 3.14% 2.82%

(# of state - month) (1949) (906) (215) (192)

t – statistics 5.09*** 6.94*** 5.20*** 4.84***

4th period (2006 ~ 2011) 0.39% 1.00% 2.05% 1.94%

(# of state - month) (1798) (868) (186) (172)

t – statistics 1.58* 3.33*** 3.72*** 3.36***

Panel B. Up and Down Markets

Up Market 2.11% 3.03% 4.20% 4.22%

(# of State - Month) (5732) (2820) (776) (628)

t - Statistics 10.13*** 12.68*** 10.34*** 9.97***

Down Market 1.21% 1.39% 2.61% 2.43%

(# of State - Month) (1545) (754) (181) (164)

t - Statistics 3.56*** 3.50*** 4.35*** 3.86***

Difference t-test

t-statistics 2.27** 3.53*** 2.20** 2.36**

t critical two-tail 1.98 1.98 1.98 1.98

Residential development permits indicate the number of new housing units authorized by the acquisition of
building permits. Data are available on a monthly, year- to- date, and annual basis at the national, state, and
selected metropolitan area levels as provided by the US Census Bureau. We employ US Business Cycle
Expansions and Contractions provided by the National Bureau of Economics Research (NBER) to define the
market cycle (up- and down-market).***, **, * are the 1%, 5 and 10% significance levels respectively
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Table 3 presents the results for herding into permits (HIP) and herding out-of permits
(HOP), both across the sample and for up- and down-markets. We include in Table 3
the results for only the two lower values of the minimum MSA-within-state thresholds.
Table 3 Panel A (where the lower bound is five MSAs) reveals that both forms of
herding are present, as predicted in our third hypothesis. Setting aside the market state,
the HIP measure (2.38%) is significantly higher than the HOP measure (1.79%). The
difference persists in the down-market sub-periods (HIP = 2.01% vs HOP = 0.65%),

Table 3 Mean herding statistics, segregated by herding into (HIP) and out-of permits (HOP)

Herding Statistics HIP HOP Difference t-test
(High vs. Low)

t-statistics

Panel A. Mean Herding Statistic (Number of MSA ≥ 5)
Total Market 2.38% 1.79%

(# of MSA - Month) (3721) (3556)

t –statistics 10.60*** 8.32*** 1.89**

Up Market 2.47% 2.07%

(# of MSA - Month) (2945) (2787)

t –statistics 9.55*** 8.42*** 1.11

Down Market 2.01% 0.65%

(# of MSA - Month) (776) (769)

t –statistics 4.62*** 1.63* 2.3**

Difference t-test
(Up vs. Down Market)

t-statistics 0.90 3.03***

Herding Type HIP HOP Difference t-test
(High vs. Low)

t-statistics

Panel A. Mean Herding Statistic (Number of MSA ≥ 10)
Total Market 2.99% 2.95%

(# of MSA - Month) (1793) (1781)

t –statistics 10.68*** 11.13*** 0.11

Up Market 3.25% 3.40%

(# of MSA - Month) (1436) (1384)

t –statistics 10.08*** 11.28*** −0.35
Down Market 1.97% 1.13%

(# of MSA - Month) (357) (397)

t –statistics 3.69*** 2.36** 1.16

Difference t-test
(Up vs. Down Market)

t-statistics 2.06** 3.99***

Residential development permits indicate the number of new housing units authorized by the acquisition of
building permits. Data are available on a monthly, year- to- date, and annual basis at the national, state, and
selected metropolitan area levels as provided by the US Census Bureau. We employ US Business Cycle
Expansions and Contractions provided by the National Bureau of Economics Research (NBER) to define the
market cycle (up- and down-market).***, **, * are the 1%, 5 and 10% significance levels respectively
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but fades in up-market periods, as its statistical significance declines (HIP = 2.47% vs
HOP = 2.07%). With the higher threshold of 10 MSAs (Table 3 Panel B), we find no
significant differences in herding directions (HIP vs HOP) regardless of the market
conditions. These results do not support the fourth of our hypotheses.

Generally, the results show that overall herding occurs irrespective of the state of the
market, but is higher in up markets. This difference between overall herding in up
markets and down markets tends to disappear when herding is further analyzed by
direction. It persists only for down markets with the lower, and arguably less robust,
MSA threshold. While intuition might suggest that herding into permits (HIP) might be
stronger in up markets, and vice versa, the definition of the herding measure means this
need not be so. Specifically, it is possible that even with permit issuance high and/or
increasing in a State, developers’ uncertainty about personal information still inclines
them to mimic the behavior of those developers whose actions they observe – not all of
whom may be increasing their permit seeking. Conversely, in down markets, devel-
opers may still exhibit a tendency to mimic the behavior of developers who are
increasing their permit seeking, because they lack sufficient information to arrive at
the more ‘expected’ response. It is important to note that we are describing neither the
behavior of all developers nor the impact of market conditions on their overall level of
permit seeking behavior, but rather one dimension of that behavior. Recognition of this
accommodates the possibility that differences such as we observe in down markets
using our less robust filter (sampling all states with MSAs of 5 or more), where herding
into permits exceeds herding out of permits, are possible. Taken as whole, however, the
results indicate that herding, both in its presence and in its duality of direction, persists
irrespective of market condition.

Herding and House Prices

Herding into (out-of) permits increases (decresases) the supply of residential units. We
therefore expect that herding into (out-of) permits will be associated with decreased
(increased) house prices at the time when corresponding supply reaches the market. We
assume that construction of residential homes takes on average 6 months to complete
(Coulson 1999) and can typically take a minimum of a further 30 days to close (due to
such issues as surveys, real estate appraisals, county inspections, attorney deed
preparation and loan closing). Therefore, we use six and 7 month time lags
between the herding behavior associated with residential development permit
issuance and its reflection in housing prices. For example, if residential devel-
opers herd toward an increase in permit issuance (HIP), this increases the
supply of residential space which other things equal results in a decrease in
housing price. And, vice versa.

We test these hypotheses, using vector autoregressive (VAR) models.7 The depen-
dent variable, our proxy for national home prices, is the House Price Index (HPI)

7 The Akaike information criterion (AIC) and the Final prediction error (FPE) criterion specify 6 lags to be
included in the regressions. We verify these findings with the post-estimation Lagrange-multiplier Test (LM).
The LM test conveys the condition of no serial correlation in the residuals with a larger lag order for some
models. We report only 3 lags for the sake of brevity.
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provided by the Federal Housing Finance Agency (FHFA).8 Initially, we test each
variable to see its order of integration using the Phillips and Perron (1988) (PP) test.
The home price index and building permits, transformed by first differencing from their
original price levels as is proper for VAR models, are stationary as expected. Addi-
tionally, our HIP and HOP variables and their interactions are I(0) following a random
walk process. The results are presented in Table 4. We report results only for the lowest
of our MSA thresholds (i.e. for States with five or more MSAs) for the sake of brevity.

Our VAR model results are provided in Table 5. Overall, the first four models (1
through 4) have 6 months lagged variables while the second four models (5 through 8)
are where the variables are lagged 7 months. Table 5 shows national home prices (HPI)
have significantly positive coefficients, which provide evidence that current home
prices are highly dependent on past home prices. In terms of building permit issuance
variable, the first lag of monthly building permit issuance with models 5~8 has a
statistically positive relationship with home prices. In Models 1~4 the second lag has a
similar relationship. These findings imply that building permit issuance approximately
8 months prior positively affects current national home prices, which is consistent with
our expectation.

8 This is a repeat sales index taken from mortgage data provided by the Federal National Mortgage
Association (FNMA) and the Federal Home Loan Mortgage Corporation (FHLMC). It was first published
in 1995 by the Office of Federal Housing Enterprise Oversight (OFHEO), but is updated and released
currently by FHFA.

Table 4 Phillips and Perron (PP) Unit Root Tests

Bandwidth Test Statistic Critical Value Bandwidth Test Statistic Critical Value

Intercept Only Intercept
and Trend

Δ HPI 7 −5.986 −3.457 7 −6.519 −3.996
Δ BP (6) 7 −15.826 −3.457 6 −16.123 −3.996
Δ BP (7) 7 −15.800 −3.457 6 −16.101 −3.996
HIP5 (6) 4 −13.065 −3.457 3 −13.764 −3.996
HIP5 (7) 4 −13.175 −3.457 3 −13.845 −3.996
HOP5 (6) 4 −12.408 −3.457 5 −13.341 −3.996
HOP5 (7) 4 −12.411 −3.457 5 −13.350 −3.996
HIP5 Interaction (6) 6 −12.163 −3.457 2 −13.234 −3.996
HIP5 Interaction (7) 6 −12.143 −3.457 2 −13.158 −3.996
HOP5 Interaction (6) 5 −12.191 −3.457 3 −13.236 −3.996
HOP5 Interaction (7) 5 −12.188 −3.457 3 −13.184 −3.996

HPI is the monthly home price index as published by Federal Housing Finance Agency (FHFA) and is the
dependent variable. Building permits are the total monthly building permits issued in the US as collected by
the Census Bureau. The HIP5 and HOP5 variables are an increase and corresponding decrease in building
permit issuance in states with 5 or more metropolitan statistical areas (MSA). (6) and (7) are the corresponding
months that each variable is lagged for the model. Δ is the first difference operator. MacKinnon asymptotic
critical values are shown at the 1% level. The Phillips-Perron test bandwidth is determined by the NeweyWest
procedure with a Bartlett kernel
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With regard to linkages between the herding behavior of an individual
developer to the totality of building permits across the United States, we posit
that individual developers herd into permits during Bup^ periods in the market
and herd out of permits during Bdown^ periods. As a result, the aggregate total
of permits should increase during expansionary cycles, while decreasing during
recessionary cycles. We include an Bupdown^ dummy and the corresponding
HIP and HOP interaction terms in our VAR models in order to properly control
for real estate market conditions. The HIP and HOP variables provide addition-
al evidence of an approximate 8 months’ time lag between herding behavior
and the ensuing change in housing prices. As the coefficients of HIP shows,
herding toward an increase in development issuance has a negative relationship
with home prices in almost all cases. This result supports our expectation: HIP
raises the supply of residential space, which results in a decrease in housing
prices. In particular, the interaction between the up-market dummy and the HIP
variable increases the statistical significance, magnitude and coefficient of the
herding variable. This is not surprising as we find the mean herding statistics in
up market conditions show higher herding behavior rather than in down
markets.

We also find the consistent evidence with HOP. As the coefficients of HOP
show, herding toward decrease in development issuance has a positive relation-
ship with home prices; HOP causes a decrease in supply, with raises in housing
prices after approximately 8 months. As a form of robustness check, we
modeled a VAR equation including the returns of the HPI and BP variables.
These confirm our previous results in the first difference model shown here as
the findings are quite similar. These are not shown to save space, but can be
provided upon request.

Conclusion

We investigate herding by residential real estate developers, using building
permit issuances as our indicator for this and adopting measures that have been
widely adopted in studies of the same phenomena is financial markets. We find
evidence of herding in building permits, which occurs in up markets and in
down-markets. The overall level of this herding is comparable to that found in
other studies involving common-stock trading, and higher than found by Ro
and Gallimore (2014) for trading by real estate mutual funds. The herding is
stronger in up markets than in down markets. This finding is consistent with
the assumption that in the buoyancy of up markets there is relatively less
reliable, independent information, and that this reinforces the tendency to
follow the behavior of others (i.e. herd). We also find that herding can be
present when permit issuance is both rising and falling. Although our expecta-
tion that the former will be stronger in up-markets, and vice versa, is not
reflected in our results. When we turn to the relationship between herding and
house prices we find that after a lag, herding feeds through into price changes
in the expected direction, making discovery of the phenomenon revealing from
both theoretical and practical perspectives.
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Appendix 1

By Bayes’ Rule, since

Pr V ¼ 1jS1A ¼ 1ð Þ ¼ Pr S1A ¼ 1∩V ¼ 1ð Þ=Pr S1A ¼ 1ð Þ
¼ Pr S1A ¼ 1jV ¼ 1ð ÞPr V ¼ 1ð Þ

Pr S1A ¼ 1jV ¼ 1ð ÞPr V ¼ 1ð Þ þ Pr S1A ¼ 1jV ¼ 0ð ÞPr V ¼ 0ð Þ
¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ ;

we have

R1A S1AjS1A¼1

� �
¼ E V jS1A ¼ 1ð Þ−C

¼ Pr V ¼ 1jS1A ¼ 1ð Þ−C
¼ ϕ1p

ϕ1pþ 1−ϕ1ð Þ 1−pð Þ −C:

Appendix 2

By Bayes’ Rule, because

Pr S1A ¼ 1∩S2B ¼ 0ð Þ
¼ Pr S1A ¼ 1∩S2B ¼ 0jV ¼ 1ð ÞPr V ¼ 1ð Þ
þ Pr S1A ¼ 1∩S2B ¼ 0jV ¼ 0ð ÞPr V ¼ 0ð Þ

¼ ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þ;

we have

R2B S1A; S2BjS1A¼1∩S2B¼0

� �
¼ ρ E V jS1A ¼ 1∩S2B ¼ 0ð Þ−C½ �

¼ ρ
Pr S1A ¼ 1∩S2B ¼ 0jV ¼ 1ð ÞPr V ¼ 1ð Þ

Pr S1A ¼ 1∩S2B ¼ 0ð Þ −C
� �

¼ ρϕ1 1−ϕ2ð Þp
ϕ1 1−ϕ2ð Þpþ ϕ2 1−ϕ1ð Þ 1−pð Þ −ρC:
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Appendix 3

By Bayes’ Rule, because

Pr S1A ¼ 0∩S2B ¼ 1ð Þ
¼ Pr S1A ¼ 0∩S2B ¼ 1jV ¼ 1ð ÞPr V ¼ 1ð Þ
þ Pr S1A ¼ 0∩S2B ¼ 1jV ¼ 0ð ÞPr V ¼ 0ð Þ

¼ 1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þ;

we can obtain

R2B S1A; S2BjS1A¼0∩S2B¼1

� �
¼ ρ E V jS1A ¼ 0∩S2B ¼ 1ð Þ−C½ �

¼ ρ
Pr S1A ¼ 0∩S2B ¼ 1jV ¼ 1ð ÞPr V ¼ 1ð Þ

Pr S1A ¼ 0∩S2B ¼ 1ð Þ −C
� �

¼ ρ 1−ϕ1ð Þϕ2p
1−ϕ1ð Þϕ2pþ ϕ1 1−ϕ2ð Þ 1−pð Þ −ρC:
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