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Abstract

In this paper we analyze the underlying economic mechanisms that might
be driving the observed patterns in commercial real estate prices, as an inter-
play between buyer and seller characteristics (in terms of their size, capital
constraints, management skill and market knowledge), and the timing and
geographical location of these transactions. By jointly modelling the insti-
tutional investors’ decision to invest in a particular real estate market and
the e↵ect of such decision on real estate prices and holding period, we find
that, controlling for property-, and time-varying location specific-, as well
as investor characteristics: largest buyers (sellers) tend to pay (sell for) a
price premium for the otherwise identical property at the time of purchase
(sale), relative to smallest buyers (sellers). Keeping investor size and investor
financing constraints constant, more informed sellers tend to sell at a pre-
mium, while more informed buyers tend to buy at a discount. Furthermore,
more informed sellers (buyers) hold properties longer. These results point to
a significant role of private valuations and investor market informedness in
commercial real estate markets, when financing choice is taken into account.
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In case of heterogeneous assets, such as real estate, not all buyers and
sellers are equally well informed about a particular market. Evidence from
the housing market suggests that the amount of information market partic-
ipants have about local markets has important implications for subsequent
real estate price dynamics (Kurlat and Stroebel, 2015). While the informa-
tion literature in (commercial) real estate markets is in its infancy (Badar-
inza et al., 2019; Agarwal et al., 2018; Garmaise and Moskowitz, 2003), few
studies have examined the interplay of information asymmetry and capital
constraints on valuation and time to sale of heterogeneous assets, such as real
estate. In this paper, we try to fill this gap. Given significant heterogeneity
among institutional investors in real estate, we are provided with a natural
laboratory to analyze the underlying economic mechanisms that might be
driving the observed patterns in commercial real estate prices and associated
holding period, as an interplay between the characteristics of buyers and sell-
ers, in terms of their size, capital constraints, management skill and market
informedness.

By jointly modelling the institutional investors’ decision to invest in a
particular real estate market (both in terms of property type and property
location) and the e↵ect of such decision on real estate prices using longitu-
dinal and survival models, we find that, controlling for property character-
istics, time-varying location specific characteristics (such as local demand)
and buyer (seller) size, indebtedness, management skill and prior local market
knowledge : (1) Buyers of the largest quartile (portfolio wise) pay approxi-
mately 5% more for the otherwise identical property, compared to a similar
investor from the smallest quartile. There is no significant di↵erent between
the investor size quartiles when the property is sold. (Although the very
smallest investors do sell with a modest discount.) This price premia at
the time of purchase and sale cannot be explained by investors’ financing
constraints, nor by the level of information they have about the particular
market prior to transaction, suggesting that investor private valuations have
a significant role in pricing of commercial real estate.

In the spirit of Garmaise and Moskowitz (2003) we find that (2) the rela-
tionship between seller Debt-to-Asset ratio (DTA) and sales prices is almost
flat, but that buyers faced with binding financing constraints, as measured
by high DTA ratios, tend to be more careful and purchase otherwise identical
assets at a discount. In both cases, however, the probability of transaction
taking place decreases in the level of financial constraints faced by the sellers
(buyers), consistent with the evidence from the housing markets (Genesove
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and Mayer, 1997, 2001). (3) Keeping investor size and investor financing
constraints constant, more informed sellers tend to sell at a premium, while
more informed buyers tend to buy at a discount, suggesting that information
asymmetries are a significant driver of commercial real estate pricing, even
when financing choice is taken into account. Furthermore, more informed
sellers (buyers) are more likely to sell (buy), providing support to the argu-
ment that reduction in information asymmetry has a positive e↵ect on asset
liquidity (Ghent, 2019; Sagi, 2017). Finally (4) we find that real estate firms
with more management skill sell properties for a premium. Although there
is no evidence that high management skill results in a discount when buyer a
property. We also find that firms with high management skill hold properties
longer compared to their lower management skill counterpart.

The observed evidence can be interpreted as a manifestation of di↵erent
economic mechanisms: in the commercial real estate market, buying and
selling does not happen as an auction with the highest bidder getting the
property. Instead, the process is rather less transparent and not always the
highest bidder would be chosen. This may be due to unobserved informa-
tion about the property or the actors, such as asymmetric information and
search costs, di↵erences in bargaining power or capital constraints, manage-
rial skill, or heterogeneous underlying investors preferences, as captured by
their reservation prices. In this paper, we find evidence of economically sig-
nificant e↵ects of investor private valuations (unobserved preferences) and
prior informedness on commercial real estate prices and probabilities of sale.

While institutional ownership of fixed income assets and equities has been
extensively researched in the finance literature, little is yet known about
the drivers and impact of institutional investment on commercial real estate
markets. 1 Why would we expect there to be an impact of investor char-
acteristics on pricing and holding period in the first place? Unlike publicly
traded assets, whose prices should not be a↵ected by capital flows or trading
activity, assuming rational investors and costless arbitrage, real estate assets
are heterogeneous and real estate markets are highly segmented. This mar-
ket segmentation may create conditions in which capital flows (or changes in
aggregate demand) a↵ect real estate asset valuations, due to inelastic supply

1In this paper institutional investment is defined broadly, to include: private equity
funds, endowments, sovereign wealth funds, real estate developers, pension funds, insur-
ance companies, management companies, Real Estate Investment Trusts (REITs), real
estate operating companies (REOCs), etc.
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of real estate or due to changes in investor expectations (Fisher et al. (2009),
Clayton et al. (2009)).

Our empirical tests are built on a large sample of commercial real estate
transactions covering all metro areas in the U.S. and property types; and
coupled with the 17 years of transaction data, we can empirically test both
cross-sectional and temporal variation in the role of asymmetric information
and financial constraints in commercial real estate markets. We construct a
comprehensive data set of all commercial real estate transactions2 in the U.S.
between 2000 and 2018, available through Real Capital Analytics (RCA).
For each transaction, we obtain detailed hedonic property characteristics,
transaction price, ownership structure and data on any loans used to finance
the transaction. Coupled with detailed data on 98 property-type-specific and
metro-specific Commercial Property Indices (RCA CPPI) for the U.S., we
are able to estimate the size of each investor’s real estate portfolio, as well
as both property- and investor-level Debt-to-Asset (DTA) ratios. To proxy
for the amount of information an investor has about a particular market, we
compute their relative prior exposure to each submarket by dividing the total
number of real estate assets they own in a particular market, as a percentage
of their overall portfolio.

The observed contemporaneous correlation between commercial real es-
tate prices and institutional investor characteristics, falls short of providing
evidence of a causal e↵ect of institutional investor characteristics on com-
mercial real estate values, both directly, and indirectly.

To address this issues, we identify the e↵ect of seller and buyer charac-
teristics on prices and probability of sale by following the identical property
over time. Property level Net-Operating-Income (NOI) in combination with
property random e↵ects (and a comprehensive matrix of property-level co-
variates) captures most of the (partly unobservable) heterogeneity of trans-
actions. Any change in sales prices, or holding period must therefore be
caused by the seller and buyer characteristics. Note that this is essentially
a di↵erence-in-di↵erences setup, taking care of any endogeneity. Also, we
model the property holding period simultaneously with prices by allowing the
property specific random e↵ects to correlate, because it is well established
in real estate literature that prices and liquidity/probability of sale co-move
(Van Dijk et al., 2018). The holding period is modelled as a survival model,

2Larger than $2M
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with the holding period as a baseline. All seller and buyer characteristics are
subdivided into 40 quantiles each, allowing for a near non-parametric rela-
tionship with prices and the probability of sale. We subsequently structure
the parameters (on the seller and buyer characteristics) to follow a second
order random walk. Given the complexity of the joint longitudinal/survival
model with many random e↵ects, we estimate the system using Integrated
Nested Laplace Approximation, developed by Rue et al. (2009).

Studies that use commercial real estate data are far and few between; and
many of them focus either only in a handful of markets in the US (Garmaise
and Moskowitz, 2003), or they are interested in the international dimension
of the role of asymmetric information in institutional investment (Badarinza
et al., 2019; Agarwal et al., 2018). The role of information asymmetries has
received a lot more attention in the housing markets (Kurlat and Stroebel,
2015; Chinco and Mayer, 2015). At the same time, the role of capital con-
straints has been analyzed also in the context of housing markets (Genesove
and Mayer, 1997, 2001). Our paper contributes to both of these strands of
literature by examining investor behaviour in commercial real estate markets,
and the joint role of asymmetric information and search costs, and liquidity
constraints in pricing and probability of sale of commercial real estate assets.

The paper is also broadly related to a body of work that analyzes real
estate markets using search and matching models. While a number of papers
have used search and matching models to understand the housing market3,
the literature that looks at CRE markets in this context is only in its infancy.
In one of the fist studies in this field, (Sagi, 2017) explains the returns on
individual properties with a search model. While Badarinza et al. (2019) uses
a search model to quantify how search frictions arising from di↵erences in
investor nationality a↵ect cross-border capital flows, Ghent (2019) studies the
e↵ects of heterogeneity in the frequency of valuation shocks. In this paper, we
look at the matching process between buyers and sellers with heterogenous
liquidity constraints and varying levels of information about a particular real
estate market.

The rest of the paper is organized as follows: in Section 1 we describe
our data set. In Section 2 we discuss our empirical strategy, while Section 3
discusses our main findings. In Section 4 we conclude.

3See Han and Strange (2015) for a summary of early literature on housing search
models.
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1. Data and Descriptive Statistics

Our analysis uses a unique data set of commercial real estate transactions
in the U.S., containing fine micro-level transaction details such as property
type, location, and profiles of both buyers and sellers, from Real Capital
Analytics (RCA), a commercial data analytics firm.4 RCA collects the sales
data for commercial properties and portfolios transacted at a minimum price
of US$1 million and claim to have achieved a capture rate of over 90% for
transactions of commercial “investable” real estate. As a result, the RCA
data set is considered industry standard and is said to capture close to the
entire population of commercial real estate properties.

Our initial dataset covers all commercial real estate transactions across
the U.S. of at least US$2 million, between 2000 and 2018. For every trans-
action we observe the transaction price, Net-Operating-Income (NOI), the
size of the property, location5, property type (o�ce, retail, apartment and
industrial), construction year and year of sale. For each transaction, we also
observe up to four buyers and up to four sellers. We also have information on
the structure of the deal, whether it is a Joint Venture, or if the buyers/sellers
are delegated investors. Furthermore, for each real estate asset, we observe
the loan amount at transaction date, and all subsequent refinances. This
data is often supplemented with information about the loan interest rate for
most loan originations or refinances.

Using this data, we construct a full panel of property values, hedonic
characteristics and buyer and seller characteristics over time. For each real
estate asset, we first take the average sales price (and appraised values during
refinances) and average transaction (and refinance) year. For example, say
that a property was sold in 2000 for 10M and refinanced in 2010 with an ap-
praised value of 20M. In this case the average property value is 15M and the
average year is 2005. To obtain the real estate asset’s value for other years,

4RCA is an independent real estate data analytics firm headquartered in New York,
with o�ces in San Jose, London and Singapore. It collects data on commercial property
transactions with a minimum size of US$2 million across 146 countries. The database
contains, cumulatively, US$18 trillion in commercial property transactions linked to over
200,000 investors and lenders. Source: https://www.rcanalytics.com/.

5RCA has a definition for location which largely follows MSA defnitions. However, for
the larger MSAs, RCA defines more granular “sub-markets”, like Manhattan, Boroughs
and Suburbs for New York. In total, RCA has 98 of such market definitions. We will use
these market definitions throughout the paper.
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we use the RCA Commercial Property Price Indexes (CPPI). The RCA CP-
PIs are price indexes based on the Bayesian repeat sales methodology laid
out in Van de Minne et al. (2019), while using mostly the same underly-
ing RCA transaction data described above. RCA produces 98 (monthly)
location- and property-type-specific RCA CPPIs in the US. All indexes are
non overlapping, spanning time period between December 2000 and 2018. 6

We use the buyer and seller information to find out in what year which
investor (or combination of investors) owned which real estate asset. For
example, if investor A sold property X in 2005 to investor B, we assume that
investor A was the owner of property X between 2000 and 2004, and investor
B started owning said property in 2005 (until it was sold again, or we are at
the end of our sample). If there are multiple owners of the asset, we divide
the ownership equally over all partners.7

1.1. Investor Metrics

An important feature of our data set, is that it allows us to compute
several (institutional) buyer and seller metrics, that can be used to capture
buyer and seller size (in terms of their real estate portfolio), their real estate
leverage ratios ((real estate) debt to total (real estate) assets) and their prior
exposure to a particular real estate market.

First of all, we can easily compute the value of investors real estate
portfolio in every single year.8 We simply “sum” all the real estate values for
every year for every investor.

To proxy for buyer(seller) liquidity constraints (Genesove and Mayer,
1997), we compute investor-level real estate debt to total (real estate) assets
ratio (Debt-to-Asset or DTA) in each year by aggregating property-level
debt to investor level and dividing by the size of the investor real estate
portfolio, as defined above. For each property in our sample, we have data
on the loan amount at the time of sale and refinancing.9 10 To calculate

6The RCA CPPI is based on the structural time series modelling developed by Van de
Minne et al. (2019). The indexes capture all price movements created by macro economic
and local factors, as well as market level depreciation.

7The relative investor shares in joint ventures are not available in RCA data.
8Note that we do not take into account other assets than real estate (since they are not

available for most investors in our sample), or real estate assets outside of the US.
9If there are multiple owners, we divide the stated transaction level debt equally over

all partners.
10On average, a property gets refinanced every three years and gets transacted every six
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the debt amount between transactions (and refinancings) we use a 30-year
annuity calculation in combination with the reported interest rate.11 As
such we can get a good proxy of remaining mortgage debt on each property
in every year. 12

To proxy for investors informativeness about a particular property market
(Kurlat and Stroebel, 2015; Agarwal et al., 2018; Badarinza et al., 2019) we
construct a measure of investors prior exposure to a local sub-market, by
taking the total number of real estate assets the investor already owns in that
market and dividing it by the total number of assets the investor owns across
the U.S. For example, if investor A only has properties in market Z, this
measure will get a value of 1. If investor B has 10 properties in 10 di↵erent
markets, the value of prior exposure associated with every market will be
1/10, etc. This relative measure captures the prior knowledge or market
information the buyer (or seller) have about each local sub-market. 13

Our fourth investor metric is based on the amount of refinancing the
owners are associated with, which we see as a proxy for management skill.
More specifically, we first count the amount of times owners refinanced their
properties whenever the interest rates are lower now, compared to when the
mortgage was originated. Note that one property can be refinanced multiply
times throughout its history by the same owner. Next, we divide this number
by the total amount of properties held by the corresponding owner. Our
proxy for management skill therefore mostly takes a value between 0 and
1. However larger than 1 is possible, in case the owners refinance the same
property multiple times.

Finally, we only keep the properties with accurate transaction prices and
non-missing values for the other explanatory variables, including the NOI.
If we do not observe an accurate price for a transaction, we omit that en-
tire property from our data, not just that transaction, to avoid generating
a bias in our holding period data.14 We also limit our sample to transac-

years in our sample.
11In cases where we do not observe loan interest rate, we simply take the average sample

interest rate in that year.
12By definition, this means that we compute both property-level Loan-to-Value (LTV)

ratios, and investor level LTVs, which we will call Debt-to-Asset ratios throughout.
13By scaling the number of real estate assets in each sub-market by total number of

assets, we are also implicitly controlling for investor size.
14Suppose property A is sold in 2001, 2006 and 2018. If we then only drop the middle
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tions after 2006, because by then we have more accurate estimates of the
levels of debt. Our final sample contains around 15,000 observations. Some
descriptive statistics of the this transaction data can be found in Table B.1.

[Place Table B.1 about here]

The average property transaction price is $37M, and the average value of
the investor real estate portfolio (Value) as calculated by us is $550M. Note
that this number is not for individual investors per se, but also for the joint
ventures, in which case we sum the portfolio values. Thus, on average our
institutional investors (and joint ventures of investors) own approximately
($550M
$37M

⇡) 15 properties in any given year. The average holding period is 6
years, but most properties in our sample haven’t been sold yet (for a second
time). Variable Censored which is 0.12 suggests that 88% of the properties
in our sample period were only sold once. The holding period is either the
time between buy and sell (in which case the Censored dummy will get a
value of 1), or the time between buy and the end of our sample, which is
2018 (in which case the Censored dummy will get a value of 0).

On average we find a Debt-to-Asset (DTA) of 55% between the buyers
and sellers. As Figure A.2 shows, there have been relatively large swings in
combined buyer and seller DTA ratios between 2006 and 2018. During the
crisis, the DTA of the average buyer and seller was over 75%, whereas at the
end of the sample, the DTA is as low as 50%.

[Place Figure A.2 about here]

Our measure of investor market informativeness, PriorExposure shows
that on average buyers and sellers have approximately one-fifth of their as-
sets already in the market they are about to transact in. Since there are
a multitude of property-type- and location-specific local sub-markets (98 in
total) in comparison the average properties held (18, see discussion above),
if the choice to buy a real estate asset in a particular market was random,
the average value of our informativeness measure PriorExposure would be
close to zero. Given that the actual number is a lot higher, suggests that the
locational and property-type choices of investors are not random and that

transaction, we would attribute a holding period of 17 years to the first sale, whereas in
reality it was “only” 5 years. If we would leave out the final year, we would forget to
“censor” the 2006 transaction in 2018, also biasing our data.
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investors at least to a certain degree specialize and prefer markets with lower
amount of information asymmetries (Kurlat and Stroebel, 2015; Badarinza
et al., 2019; Agarwal et al., 2018).

Our proxy for management skill indicates that approximately 12% of
all properties are refinanced in case of a lower interest rate environment.
Finally we distinguish between four categories of buyers and sellers. This
categorization was used in previous literature as well, see for example Ghent
(2019). Delegated investors include pension funds, equity funds, investment
managers and banks. Public investor types include the REITs and REOCs.
REITs and REOCs are under more scrutiny and are more transparent com-
pared to the other firm types. In addition, these public companies have
have long holding periods by statute (Mühlhofer, 2019), i.e. they make their
money by collecting rents, and not by buying and selling of real estate. The
non-investor group includes investor types; finance, corporate, government,
and non-profit. Finally, we have to group called “direct” which includes
all remaining investor types, like high net worth individuals and Sovereign
Wealth Funds. The “direct” group is the largest of them all, and the “non
investor” the smallest.

2. Methodology

2.1. Reservation Prices and Liquidity

Following Fisher et al. (2003, 2007) and Van Dijk et al. (2018) we assume
that heterogeneous properties are traded among heterogeneous agents in a
double-sided search market. Both buyers and sellers set their reservation
prices based on property and buyer characteristics and the current market
conditions. These can be represented by two hedonic/structural pricing equa-
tions, as in (Rosen, 1974):

PB
ijt = µB

t +Xit�
B +QB

jt↵
B + ✏Bijt,

P S
ijt = µS

t +Xit�
S +QS

jt↵
S + ✏Sijt,

where PB
ijt (P

S
ijt) denotes the reservation price of buyer B (seller S respec-

tively). The time varying constant µ captures changes in the macro-economic
environment (which could be market specific), whereas vector X denotes the
publicly observable characteristics of the real estate asset i and vector Q
denotes mostly unobservable characteristics of agent j. Subscript t denotes
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the time of sale. Vectors � and ↵ capture the corresponding parameter esti-
mates. The residuals (✏) are assumed to be normally distributed with mean
zero and variance �2

✏ .
A sale with transaction price Pit only takes place if the reservation price

of a buyer is higher (or equal) to that of the seller (PB
ijt � P S

ijt), and if the
transaction occurs PB

ijt � Pit � P S
ijt. This implies that the current real estate

owners (i.e. the sellers) can “drive” realized prices to a large extent. Sellers
will be reluctant to sell, for as long as they cannot get a satisfactory price for
the property (Genesove and Mayer, 2001, 1997). It is therefore unsurprising
that we are interested in holding period as well.

In the housing market context, De Wit and Van der Klaauw (2013) show
how sellers use list prices to signal their reservation price to potential buy-
ers in the single family housing market in the Netherlands. Low list prices
typically result in lower transaction prices, but also in lower time on the
market, and vice versa. Using evidence from the Boston housing market
in 1990s, Genesove and Mayer (1997, 2001) find that high levels of sellers’
mortgage debt (measured by Loan-to-Value ratios) at the asset level increase
sales prices, but also increase time on market. The existing literature in
the field of real estate repeat sales models find mixed evidence on the rela-
tionship between holding periods and (real) asset returns. Typically, extant
literature finds that properties with shorter holding periods have higher re-
turns, most likely driven by unobserved variation in property characteristics
or very desirable elements to a property.15 For example, Chinco and Mayer
(2015) show that out-of-town second-house buyers behaved like misinformed
speculators during the mid 2000s, driving up house-price appreciation rates.
16 Whereas the existing studies are set in the housing context (Kurlat and
Stroebel, 2015) and focus on either pricing (Genesove and Mayer, 2001) or
the probability of sale (Genesove and Mayer, 1997), or estimate these models
separately, we build a simultaneous model of prices and “liquidity” (mea-
sured by holding period in our case) that accounts for these correlations in
unobserved heterogeneity.

15See Abraham and Schauman (1991); Shiller (1993); Clapp and Giaccotto (1999);
Clapham et al. (2006) among others for a discussion on this topic.

16In our dataset we observe properties that where redeveloped. We omit these from our
analysis, however, large capital expenditures are still unobservable to us. For more recent
work on ways to capture capital expenditures, see Sagi (2017).
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2.2. Our Methodology

The joint modelling of longitudinal response measurements (like real es-
tate prices in our case) and the timing of events is well researched in the
medical sciences. (See Henderson et al., 2000; Faucett and Thomas, 1996;
Lin et al., 2002; Brown and Ibrahim, 2003; Wang and Taylor, 2001, for ex-
ample.) A familiar example is that of HIV clinical trials, where covariates,
including treatment assignment, demographic information, and physiologi-
cal characteristics, are recorded at baseline, and measures of immunologic
and virologic status, such as CD4 count and viral RNA copy number, are
taken at subsequent clinic visits. Separately modelling such longitudinal and
timing-to-events models are inappropriate, because the longitudinal variables
is typically correlated with patients survival endpoint. Therefore, over the
years many models to overcome such issues have been developed in said field.

We follow Henderson et al. (2000), who proposed a very flexible joint
model that allows a very broad range of dependencies between the longitudi-
nal responses and the survival endpoints. The key insight of the methodology
is that one ought to connect the longitudinal and survival processes with a
latent bivariate Gaussian process. The longitudinal and time-to-event data
can then be assumed independent given the linking latent process and the
covariates.

Assume there are m properties, that we follow over a time interval [0,!).
The ith subject provides a set of (possibly partly missing) longitudinal mea-
surements yij, j = 1, . . . , ni at times sij = j = 1, . . . , ni, and a possible cen-
sored survival time ti to a certain endpoint. The joint model is composed
of two submodels, one for each type of data. The longitudinal data yij are
modeled as;

yij|⌘ij, �2

✏ ⇠ N(⌘ij, �
2

✏ ),

⌘ij = µi(sij) + ✓i,1, (1)

where µi(s) is given byXi,1�1+QB
i,1↵

B
1
+QS

i,1↵
S
1
, the (potentially time-varying)

property and agent characteristics with corresponding parameter estimates.
Note that parameter ✓i,1 is the property random e↵ect, and will capture all
unobserved heterogeneity, similar to the research by Francke and Van de
Minne (2019). The response variable y in our case are real estate transaction
prices. (Where the price is a↵ected by both buyer and sellers’ characteristics,
as well as property characteristics.)

We subsequently also need a survival model for the holding periods, since
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many properties will have been bought, but are not yet sold at the end of the
sample, and are thus censored. More specifically, we model the survival data
by an Accelerated Failure Time (AFT) model. We assume that the survival
time (read holding period) of the ith subject follows a Weibull distribution,

ti|�i(t) ⇠ Weibull(�,�i(t)),

log(�i(t)) = Xi,2�2 +QB
i,2↵

B
2
+QS

i,2↵
S
2
+ ✓i,2, (2)

where Xi,2�2+QB
i,2↵

B
2
+QS

i,2↵
S
2
represent the possible time-varying covariates

of both the property and the sellers/buyers with corresponding parameter
vectors. Note that the covariates do not need to be similar between the
longitudinal and survival model. Similar to Eq. (1), we also include a random
e↵ect (called a “frailty” in survival literature), denoted by ✓i,2.

We jointly model the longitudinal and survival processes via a latent
zero-mean bivariate Gaussian process on (✓i,1, ✓i,2)T , which is independent
across di↵erent subject, as described in Henderson et al. (2000). For low-
dimensional problems, such multivariate normal random-e↵ects distributions
might be best specified and understood in terms of conditional distributions,
for example,

✓
✓i,1
✓i,2

◆
⇠ NVM

✓✓
0
0

◆
,

✓
�2

✓1 ⇢�✓1�✓2

⇢�✓1�✓2 �2

✓2

◆◆

is equivalent to,

✓i,1 ⇠ N(0, �2

✓1),

✓i,2 ⇠ N
⇣�✓2

�✓1

⇢✓i,1, (1� ⇢2)�2

✓2

⌘
. (3)

We constraint parameter �1  ⇢  1 and both variance parameters (�2

✓1 , �
2

✓2)
have to be larger than zero. Note that with a ⇢ < 0 the random e↵ects
of prices and liquidity (holding periods) are positively correlated, and vice
versa. (A negative coe�cient in the hazard model indicates shorter holding
periods, i.e. more liquidity.) With ⇢ = 0, we get a model with uncorrelated
unobserved heterogeneity, and we get ✓i,2 ⇠ N(0, �2

✓2) for the survival model
as well. Since there can also be a di↵erence in “scale” in the random e↵ects,
this scale is captured by the fraction of the variance terms, or;

�✓2
�✓1

.

Such models can be estimated by Bayesian procedures. For example, Guo
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and Carlin (2004) develop a fully MCMC procedure and Rizopoulos (2011)
use a specialized EM algorithm. However, given the relative large dataset we
are using (see Section 1) we use Integrated Nested Laplace Approximation
(INLA), developed by Rue et al. (2009).17 INLA has been used in real es-
tate application before, see Francke and Van de Minne (2019). Using INLA
to model a longitudinal and timing-of-events study is not straightforward.
However, Martino et al. (2011) show how INLA can be adapted and applied
to such complex models.

In essence, INLA computes an approximation to the posterior marginal
distribution of the hyper-parameters. Operationally, INLA proceeds by first
exploring the marginal joint posterior for the hyper-parameters in order to
locate the mode, a grid search is then performed and produces a set of “rele-
vant” points together with a corresponding set of weights, to give the approx-
imation of the distributions. Each marginal posterior can be obtained using
interpolation based on the computed values and correcting for (probably)
skewness, by using log-splines. For each hyper-parameter, the conditional
posteriors are then evaluated on a grid of selected values for the prior and
the marginal posteriors are obtained by numerical integration. In this paper
we have a flat prior for all hyper-parameters.

2.3. Parametrization

Longitudinal price changes in real estate can be very local, since changes
in local demand and supply can arise quickly (Francke and van de Minne,
2017; Van de Minne et al., 2019). DiPasquale and Wheaton (1994) show that
if demand for real estate increases, rents go up as a function of prevailing
cap rates and how well the construction industry responds to increases in
demand. (Think of zoning restrictions and imperfect foresight; Saiz, 2010;
Harter-Dreiman, 2004, among others.). It is therefore custom to interact
(sub)location dummies with dummies for time of sale. However, given that
in our study we analyze the entire commercial real estate market of the
U.S., that would result in a big loss in degrees of freedom and computational
e�ciency. Furthermore, the estimated dummies will be a↵ected by noise, im-
plying that the (real estate) indexes will not be accurate or reliable (Geltner
and Ling, 2006).

17 Note that in the medical science datasets are rarely larger than 1,000 subjects, whereas
we work with over 10K transactions.
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In order to accurately control for time-variation in local market condi-
tions, one can alternatively add variables to the model on the right-hand side
that “capture” local price changes. For example Fisher et al. (2003, 2007) use
the appraised values of the underlying real estate as an independent variable,
using NCREIF data. A change in appraised values could indicate a change
in demand/supply on a very local level. To capture changes in local demand,
we use Net-Operating-Income (NOI).

Extant literature (Geltner et al., 2014, p. 554-556) shows idiosyncratic
price movement specific to individual assets or granular market segments,
largely reflect the condition of rental (space) markets, as proxied by the
NOI. At the same time, asset-valuation risk reflects changes over time in the
capital market that cause changes in the opportunity cost of capital. Hence,
time variation in the discount rate causes at least as much volatility in prices
(see for example Geltner and Mei, 1995).18

However, the opportunity cost of capital is highly correlated over time
across space markets. Mostly because the risk free rate (which drives the
cost of capital to a large extent) is identical no matter where the investment
is made. The other determinant of opportunity cost of capital - the risk
premium - can di↵er per market, or even property, but rarely changes over
time (Geltner and Mei, 1995; Geltner et al., 2014). A stylized example of
this phenomena is given in Figure A.1.

[Place Figure A.1 about here]

Figure A.1 gives a few examples of market capitalization rates (“caprates”)
in the US, as given by Real Capital Analytics. Relationships depicted in the
graph show that the correlations between caprates are very high, although
we are talking about very di↵erent markets across the US. This motivates
our basic longitudinal model below:

⌘ijt = ln
Pijt

Sit
= �t+ln

Nit

Sit
�1+dMkt

it ⇣+Xit�
2+QB

jt↵
B+QS

jt↵
S+✓i,1+✏ijt (4)

where P are transaction prices, S is the size in square footage, N is the
property NOI at time of transaction. Time varying constant �t essentially
captures the e↵ect of the risk free rate on property prices, and is therefore

18This phenomenon is also widely accepted in the stock market (Shiller, 1981).
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similar to all properties and sellers and buyers alike in a given year. As
argued above, the property-level NOI captures a broad matrix of time-varying
observed and unobserved characteristics in the very local (i.e. property level)
space markets. We also estimate a parameter estimate on NOI (designated
�1), as there could be some non-linearities between the amount of NOI and
prices. Subsequently, we have an o↵set of the “market” (a combination of
location and property type), given by dMkt

it , with corresponding parameter
vector ⇣, and we have property specific o↵sets, capturing other unobserved
heterogeneity in the capital market on a property level in ✓.

Our matrix of property characteristics (X) includes the following vari-
ables. We first include the square footage of the property itself. It is well
established in real estate literature that larger properties tend to sell for
relatively less compared to smaller properties, ceteris paribus (Francke and
Van de Minne, 2017). It is not known a priori if this will be fully captured by
NOI, and we therefore include the (log) of square footage as well. Next we
compute a variable based on construction year, by subtracting the construc-
tion year of the property from the first year of our sample (2006, see Section
1). This “age di↵erence” and this “age di↵erence” squared are both added
to the regression model (Bokhari and Geltner, 2018; Geltner and Bokhari,
2015). Since the year of construction serves as an implicit control for asset
depreciation, and given that we already control for NOI, our estimates will
tell something about “caprate creep” (i.e. the depreciation of caprates). The
e↵ect of depreciation on caprates is not settled in existing literature. This is
most likely caused by two opposing forces at play: (1) older properties gen-
erate less and less NOI, increasing the caprate (or decreasing the growth),
however (2) older properties have a higher redevelopment potential, increas-
ing future NOI and thus decreasing the caprate (or increasing the growth).
19

Note that we use year of construction instead of age, as is more typical.
The only reason for this, is that it is very di�cult to enter age in the survival
model, for every x years holding period, the property also aged x years.
For the sake of consistency we therefore also use construction year in the
longitudinal model, even though it is not necessary.

As explained in Section 1, our sellers/buyers characteristics (Q) consists

19See Clapp et al. (2012); Geltner et al. (2018) for a discussion on redevelopment option
value.
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of: (1) the firm’s value, (2) firm’s Debt-to-Assets, (3) firm’s informdness, and
(4) the management skill of the firm proxied by the amount of refinances.
Given that we do not have a prior believe on the e↵ect of these variables on
prices and holding period, and because we want to allow for non-linearities
in said variables, we want to enter the sellers/buyers characteristics non-
parametrically. More specifically, we first “bucket” the seller/buyer charac-
teristics in Z quantiles. In our case we subdivide the variables in 40 quantile
buckets each increasing 2.5%, from Z = {q0, q0.025, q0.050, . . . , q0.975, q1}. Next
we enter the 40 “dummies” in the regression model. Given the high amount
of estimated parameters (40 per variables ⇥3 = 120, we structure the param-
eters in a way that we keep the flexibility, but also have a more parsimonious
model. We use a random walk model of order 2. Take the Gaussian vector of
parameter estimates ↵ = (↵1, . . . ,↵Q), with Q being all the quantile groups.
We construct or second order random walk by assuming independent second
order increments;

�2↵q = ↵q � 2↵q+1 + ↵q+2 + ⇠q (5)

⇠q ⇠ N(0, �2

⇠ ).

Note that we estimate the set of parameters for each buyer and seller’s char-
acteristic. In order to identify to parameters, we put the constraint on ↵
that the values must sum to 0, or:

PQ
q=1

↵q = 0.
We also include (non time varying) the investor type of buyer and seller in

Eq. (4). As noted in Section 1, we define four types of investors; delegated,
non investor, direct and delegated.

For the survival model, we use the same variables as in the longitudinal
model. We also put the same structure on the parameters ↵. The only dif-
ference is that we e↵ectively replace the calendar time e↵ects with a baseline
for holding period. It is possible to add calendar time e↵ects to survival
models, see for example De Wit et al. (2013). However, we feel that this
extra added layer of complexity is outside the scope of this paper. Also note
that we have multiple time-varying parameters, which, as explained earlier,
should capture much of the very local calendar time e↵ects.

3. Results

To summarize our methodology; We identify the e↵ect of seller and buyer
characteristics on prices and holding period by following the same property

17



over time. Net-Operating-Income (NOI) in combination with property ran-
dom e↵ects (and some other covatiates) captures most of the (unobserved)
heterogeneity of properties. Any change in sales prices, or probability of sale
must therefore be caused by the seller and buyer characteristics. Note that
this is essentially a di↵erence-in-di↵erences setup, taking care of any endo-
geneity. All of this allows us to see the e↵ect if - for example the DTA - for
sellers a↵ect prices di↵erently compared to buyers. Also, we model the hold-
ing period simultaneously with prices through the random e↵ects term (and
by using similar covariates), because it is well established in real estate liter-
ature that prices and liquidity/probability of sale co-move (Van Dijk et al.,
2018).

For readability we essentially “split” our results into two groups. First of
all, you can find our results for the “fixed parameters”, including: NOI per
square foot, the square footage itself, construction year and the fixed e↵ects
in Tables B.2. The estimates of the most important dummy variables can be
found in Table B.3.

The second set of results show the results for the “random parameters”,
which include all four of our buyer and seller characteristics. We present
these findings in Figures A.5 – A.8. The variance, or hyperparameters can
be found in Table B.4. The estimated coe�cients for hazard models with a
Weibull distribution can be di�cult to interpret. Therefore, we rescale all the
parameters by �̃ = ��

� , with � being the estimated shape parameter of the
Weibull distribution. This makes the interpretation more in line with “stan-
dard” cox proportional hazard (Cox and Reid, 1987, 1993) and probit/logit
models, meaning that a positive estimate means a longer holding period of
the real estate and vice verse. Although it should be noted that the interpre-
tation of the results for the buyers’ characteristics on holding period is still
not so straightforward. Indeed, how could a buyer a↵ect the holding period
of a property not (yet) owned by this buyer? In fact, the interpretation is
more about preferences/matching. More specifically, a positive estimate for
a buyer (characteristic), indicates that this buyer is more likely to buy from
a seller that is inclined to have longer holding periods, ceteris paribus. As a
robustness we also ran the models without the buyer characteristics, see also
Section 3.3.

We will first discuss the results of the fixed parameters (NOI, square
footage, construction year and other fixed e↵ects). Subsequently, we discuss
the e↵ects the seller and buyers have on transaction prices and probability
to sell in Section 3.2. Finally, we shortly lay out all the robustness checks we

18



ran in Section 3.3.

3.1. Results of Fixed Parameters

The results of the fixed parameters are as expected, see Tables B.2 – B.3.
For example, we find that the size of the property does not impact the price
per square foot. A property twice the size, but with a similar NOI per square
foot, will not have a higher price per square foot. NOI per square foot on
the other hand, does impact the price substantially. We roughly find that a
doubling of the NOI per square foot, will result in a 70% increase in price
per square foot, ceteris paribus.20 One way to interpret these results is that
cap rates are not di↵erent for properties of di↵erent sizes in the cross-section,
and that price di↵erences are thus mainly driven by the NOI. Square footage
does impact the holding period. Larger properties that transact have lower
holding periods, see negative coe�cient on the corresponding parameter. The
NOI per square foot also impact the holding period significantly. Investors
that own a high NOI per square foot property, will tend to hold on to this
property for a longer period (see positive coe�cient in Table B.2).

[Place Table B.2 about here]

We also find similar results between buyers and sellers for the e↵ect of
construction year (and construction year squared) on prices per square foot
and the holding period. Because the coe�cients themselves are di�cult to
grasp, we plotted the e↵ect of construction year on prices per square foot in
Figures A.3a – A.3b for the e↵ect of age on price per square foot and the
holding period respectively. Properties built in the 1950s will have a 10% –
12% discount. However, properties older than that actually transact with a
premium, ceteris paribus. Again, this relates to redevelopment option value,
increasing property values through cap rates (Geltner et al., 2018). This does
not mean that older properties are valued more per se, because we control for
NOI. It is well known that depreciation mostly a↵ects the NOI, see Bokhari

20This might be di�cult to see from the estimates themselves at first sight. However,
say we have property that is 100,000 square feet, with a $ 100,000 NOI per year. The
(log) predicted price per square foot taking the sellers results in Table B.2, ignoring the
other variables is; 0.213 + 0.974 ⇥ ln 100, 000Sqft + 0.966 ⇥ ln $100,000NOI

100,000Sqft = 11.3. If we
only double the square feet, we will get an estimate log price per square foot of 11.3, or
no di↵erence. If we keep the size at 100,000 but we double the NOI we get an estimated
(log) price per square foot of 12.0, a log di↵erence of 0.7.
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and Geltner (2018); Geltner and Bokhari (2015). We also find that properties
of older vintages have higher holding periods, as shown in Figure A.3b.

[Place Figure A.3 about here]

[Place Figure A.4 about here]

The estimates of the year of sale dummies can be found in Figure A.4.
During the Great Financial Crisis (GFC) property values decreased with 30%
controlling for NOI. Given that we control for NOI, we cannot directly inter-
pret this index as a asset value price index, as NOI is part of the real estate
cycle. The index is also “constant liquidity” in the sense that we model “liq-
uidity” (proxied by holding period) simultaneously (Van Dijk et al., 2018).
Prices are now slightly over the previous peak. The city fixed e↵ects are not
given here to conserve space, but these are available upon request.

[Place Table B.3 about here]

From the other fixed e↵ects in Table B.3, we conclude the following. All
things equal, industrial properties trade with the lowest price per square foot
(longitudinal model), but they also have the longest holding period (survival
model). Apartments have both the shortest holding period, and the highest
price per square foot. We do not find any significant e↵ect of investor type
on prices, other than a 4.5% discount when public investors sells a property.
In contrast, we do find (large) significant e↵ects of investor types on holding
periods. (Other than the e↵ects of the direct investors, which is insignificant
for both buyers and sellers.) Non investors (see the sellers results) tend to
hold on to their real estate the shortest, whereas public investors have the
longest holding periods. The latter should come as no surprise, because
most public real estate investors are virtually mandated to hold on to their
properties, see Mühlhofer (2019). On the buyer-side, we find that the “non
investors” and public firms tend to purchase properties from investors with
long holding periods. The estimates of the MSA fixed e↵ects are omitted to
conserve space, but are available upon request.

3.2. The E↵ects of Seller and Buyer Characteristics on Prices and Holding
Period

In this Section we will discuss the e↵ects of buyer and seller characteristics
on both prices and holding periods. Given that we estimate 92 parameters
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for all four buyer/seller characteristic (total asset value, Debt-to-Assets, in-
formedness, skill) visualize the estimation results in Figures A.5 – A.8. We
will also discuss the model fit in this Section, see Table B.4.

The e↵ect of investors real estate portfolio sizes on prices and holding
period. Figure A.5 gives the e↵ect of the firms real estate portfolio size on
prices and holding period, for both the buyers and sellers. First of all, the
size of the portfolio hardly impact the sales price (Figure A.5a). The smallest
investors do tend to sell for an approximate 3% discount, but this only counts
for the smallest 10 quantiles or so. After that, there is no significant di↵erence
between the sales prices and the quantiles. On the buyer side, we do see a
larger di↵erence, see Figure A.5b. Generally speaking, the larger the investor,
the larger the premium is. From Figure A.5c we find that the e↵ect of investor
size on holding period is U-shaped. “Medium” investors have the shortest
holding period. The longer a property is held, the more likely it will be sold
to a larger investor, see Figure A.5d.

[Place Figure A.5 about here]

The e↵ect of debt to assets on prices and holding period. Figure A.6 gives
the e↵ect of the debt to asset ratios of firms on both prices and holding
period. Note that the quantile distribution goes from a DTA of 0 (the first
quantile) to a DTA of 1.3 (and higher, the 92nd quantile), see x-axis in Figure.
On the seller side, we find that firms with a high DTA sell properties for a
discount (Figure A.6a), and hold the properties shorter (Figure A.6c). This
findings are the not completely consistent with previous research in the single
family housing market (Genesove and Mayer, 1997, 2001), who found that
households with high Loan to Value (LTV) ratios only sold their properties
for a higher price, if they would be able to sell it. (Resulting in higher time
on market and more withdrawals.) However, our setting is very di↵erent from
housing literature. Buyers that have a high DTA (i.e. “distressed” buyers)
will only purchase a property is they can buy it for a good price, see Figure
A.6a. Firms with a DTA of 1 or higher will purchase the same property with
a 7% discount, compared to firms with a DTA of zero.

[Place Figure A.6 about here]

The e↵ect of prior exposure on prices and holding period. Figure A.7
gives the e↵ect prior exposure has on the price and holding period on real
estate. Again, prior exposure (“PriorExposure”) is measured as the number
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of properties a certain firm had in a predefined market (defined by our data
provider) before the transaction, as a fraction of all the properties the firm
owns. This number is therefore between 0 (no real estate in said market
before the transaction) to 1 (all of the real estate the firm had before the
transaction was in said market). The results are very clear. The more prior
exposure a firm has in a market, the higher price it can bargain when selling
(Figure A.7a), and lower price when buying (Figure A.7b). More specifically,
if a firm had a prior exposure of 100% in a certain market, it will sell its real
estate with a 2% premium, and buy real estate in said market with a 4%
discount, compared to someone with 25% prior exposure. This is a clear
indication that information asymmetry exists in commercial real estate, and
that companies can “learn” about a market the more it invests in it. Firms
with higher prior exposure also tend to hold on to its real estate longer, see
Figure A.7c. Likewise, properties that are held for a long time, are more likely
to sell to a firm with a lot of prior exposure in the corresponding market, see
Figure A.7d.

[Place Figure A.7 about here]

The e↵ect of management skill on prices and holding period. Our proxy
for management skill (essentially the fraction of properties that are refinanced
when interest rates go down) a↵ect the price only modestly. We find a
significant premium when selling of high skill management versus low skill
management of around 4%, but only at the 10% level. When buying a
property the results are less robust. Note from Figure A.8a that the e↵ect
of skill of the buyer on prices goes up and down, and that the di↵erences are
mostly insignificant from each other. We also find (Figure A.8c) that firms
with a high skilled management also tends to increase the holding period.
As such, the high skilled firms keep a property, but only sell it if they can
bargain a higher price. We find the same for the buyer skill on prices (Figure
A.8d. Properties with a long holding period a more likely to be sold to buyers
with high management skill.

[Place Figure A.8 about here]

Model fit and hyperparameters. Finally, Table B.4 provides the variance
parameters. As expected, we find that higher prices (measured by the random
e↵ects) results in shorter holding periods. See the positive coe�cient on ⇢. It
should be noted that the e↵ect is very small (although significant). A possible
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implication of this, is that most of the positive/price volume correlation found
in literature actually goes through the income of real estate and less through
the cap rates. Even though this is not the main topic of this research, it is
worth investigating this more in future research. The variance on the random
e↵ects in the hazard model (�✓1) is larger than those on the longitudinal
model (�✓2) by a factor of almost three. However, the models are so di↵erent
from each other, that it is di�cult to give any meaningful interpretation to
this di↵erence. The Weibull scale parameter is approximately 2 (�) and the
noise in the longitudinal model is 0.15 (�✏). The variance parameters on
the second order random walk models are also given in Table B.4, although
we will not discuss them for the sake of brevity. A more meaningful way of
interpreting said hyperparameters is by looking at estimated trends in the
di↵erent Figures A.5 – A.8.

[Place Table B.4 about here]

3.3. Robustness

As a robustness check we ran multiple models using only a subset of
variables we have. We are interested in how “stable” the results are, and
whether or not the shift when one of the other variables is omitted. For
example, we ran separate models with only buyer and only seller characteris-
tics. All results remained very similar to what was shown previously. It was
also helpful to run the models without the buyer characteristics of the haz-
ard model alone. For example, if the DTA estimate on sellers would change
erratically, this could mean the matching between buyers and sellers would
go through the DTA of the sellers. Unfortunately, we did not observe large
shifts in any of the seller’s characteristics estimates. Finally, we also ran
ran four separate models, only including 1 of our 4 variables on buyer/seller
characteristics. Also here the results remain robust. All of these results are
available upon request.

4. Concluding Remarks

In this paper we analyze the underlying economic mechanisms that might
be driving the observed patterns in commercial real estate prices, as an inter-
play between buyer and seller characteristics (in terms of their size, capital
constraints, skill and market knowledge), and the timing and geographical
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location of these transactions. Given significant heterogeneity among insti-
tutional investors in real estate, we are provided with a natural laboratory
to analyze the underlying economic mechanisms that might be driving the
observed patterns in commercial real estate prices and associated probabili-
ties of sale, as an interplay between the characteristics of buyers and sellers,
in terms of their size, capital constraints, management skill and market in-
formedness.

By jointly modelling the institutional investors’ decision to invest in a
particular real estate market (both in terms of property type and property
location) and the e↵ect of such decision on real estate prices using longitu-
dinal and survival models, we find that, controlling for property character-
istics, time-varying location specific characteristics (such as local demand)
and buyer (seller) size, indebtedness and prior local market knowledge :

(1) Buyers of the largest quartile (portfolio wise) pay approximately 5%
more for the otherwise identical property, compared to a similar investor from
the smallest quartile. There is no significant di↵erent between the investor
size quartiles when the property is sold. (Although the very smallest investors
do sell with a modest discount.) This price premia at the time of purchase and
sale cannot be explained by investors’ financing constraints, nor by the level
of information they have about the particular market prior to transaction,
suggesting that investor private valuations have a significant role in pricing
of commercial real estate.

In the spirit of Garmaise and Moskowitz (2003) we find that (2) the rela-
tionship between seller Debt-to-Asset ratio (DTA) and sales prices is almost
flat, but that buyers faced with binding financing constraints, as measured
by high DTA ratios, tend to be more careful and purchase otherwise identical
assets at a discount. In both cases, however, the probability of transaction
taking place decreases in the level of financial constraints faced by the sellers
(buyers), consistent with the evidence from the housing markets (Genesove
and Mayer, 1997, 2001). (3) Keeping investor size and investor financing
constraints constant, more informed sellers tend to sell at a premium, while
more informed buyers tend to buy at a discount, suggesting that information
asymmetries are a significant driver of commercial real estate pricing, even
when financing choice is taken into account. Furthermore, more informed
sellers (buyers) are more likely to sell (buy), providing support to the argu-
ment that reduction in information asymmetry has a positive e↵ect on asset
liquidity (Ghent, 2019; Sagi, 2017). Finally (4) we find that real estate firms
with more management skill sell properties for a premium. Although there
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is no evidence that high management skill results in a discount when buyer a
property. We also find that firms with high management skill hold properties
longer compared to their lower management skill counterpart.

Taken together, evidence shown in this paper points to economically sig-
nificant e↵ects of investor private valuations (unobserved preferences) and
prior informedness on commercial real estate prices and holding period.
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Figure A.1: Caprates for di↵erent markets in the US. The capitalization rates can
be downloaded from the website of Real Capital Analytics, for 100s of markets across the
world.

C
ap

 R
at

e

Price floor selections do not apply to Indices, Hedonic or Fundamentals data. Volume displayed as 12 Month Totals. Cap rates and PPU displayed as a 12 Month Average. 
Includes property or portfolio sales $2.5 million or greater. Q3 2019 preliminary data..

Manhattan Apartment Hedonic Cap Rate Boston Office Hedonic Cap Rate Phoenix Retail Hedonic Cap Rate
San Francisco Apartment Hedonic Cap Rate Inland Empire Industrial Hedonic Cap Rate Dallas Office Hedonic Cap Rate

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
2%

4%

6%

8%

10%

32



Figure A.2: Debt-to-Asset (DTA) between 2006 and 2018. These are the average
of both the buyers and sellers aggregated. Numbers are based on transaction the dataset.
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Figure A.3: E↵ect of construction year. y-axis gives the price per square foot discount
or premium in log levels. The x axis gives the age of the properties in 2006. Shaded
area give the 95% credible intervals. Note that the estimate of the first construction year
(2006) is fixed to zero to avoid the dummy trap.
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Figure A.4: Year fixed e↵ects of longitudinal pricing model. y-axis gives the price
per square foot discount or premium in log levels. Shaded area give the 95% credible
intervals. Note that the estimate of the first year (2006) is fixed to zero to avoid the
dummy trap.
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Figure A.5: The e↵ect of the value of the investor on prices and holding period.

Left column is for the sellers, whereas in the right column gives the results for the buyers.
y-axis is the price per square foot premium or discount in log levels for the longitudinal
model (top two panels), and log of the hazard ratio for the (i.e. probability to sell) for
the survival model (bottom two panels). x-axis for the quantile distribution of the value
of investors.
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Figure A.6: The e↵ect of investors’ Debt to Asset (DTA ratio on prices and

holding period. Left column is for the sellers, whereas in the right column gives the
results for the buyers. y-axis is the price per square foot premium or discount in log
levels for the longitudinal model (top two panels), and log of the hazard ratio for the (i.e.
probability to sell) for the survival model (bottom two panels). x-axis for the quantile
distribution of the value of investors.
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Figure A.7: The e↵ect of the investors’ PriorExposure on prices and holding

period. Left column is for the sellers, whereas in the right column gives the results for
the buyers. y-axis is the price per square foot premium or discount in log levels for the
longitudinal model (top two panels), and log of the hazard ratio for the (i.e. probability
to sell) for the survival model (bottom two panels). x-axis for the quantile distribution of
the value of investors.
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Figure A.8: The e↵ect of investor skill on prices and holding period. Left column
is for the sellers, whereas in the right column gives the results for the buyers. y-axis is
the price per square foot premium or discount in log levels for the longitudinal model (top
two panels), and log of the hazard ratio for the (i.e. probability to sell) for the survival
model (bottom two panels). x-axis for the quantile distribution of the value of investors.
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Table B.1: Descriptive statistics. NOI = property-level Net-Operating-Income.

Value = value of investor real estate portfolio. DTA = total investor level debt divided

by value of investor real estate portfolio. PriorExposure = the percentage of properties an

investor has in a property-type- and location-specific market as a fraction of its total real

estate portfolio. Censored is a dummy variable which equal 1, if the property is sold for

the second time.

Mean 1
st

Quantile 3
rd

Quantile

Price $37,206,087 $7,750,000 $37,800,000
NOI

Square feet
$ 14.01 $6.79 $ 17.91

Square feet 186,982 55,500 248,160
Construction year 1988 1980 2002
Holding period (years) 6 3 8
Censored 0.121
N 15,278

Seller characteristics

Value $ 494,699,039 $ 104,211,659 $ 2,464,369,382
DTA 0.549 0.467 0.646
PriorExposure 0.213 0.075 0.500
Management 0.128 0.043 0.261

Delegated 3,264
Direct 8,702
Non Investor 627
Public 2,703

Buyer characteristics

Value $ 585,042,940 $ 121,194,075 $ 3,288,607,108
DTA 0.552 0.468 0.651
PriorExposure 0.200 0.067 0.500
Management 0.107 0.042 0.233

Delegated 2,727
Direct 9,528
Non Investor 264
Public 2,759
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Table B.2: Results of the Fixed Parameters. We present the poste-

riors of the estimates with some statistics. The mean of the posteriors (i.e. the

“estimate”, the sd = standard deviation of the posterior, and the 2.5% and 97.5%

credible intervals denoted lower and higher respectively. Sqft is square foot of

structure, NOI is property-level Net-Operating-Income, and Construction year is

the amount of years between the year built and the start of our sample (2006).

The survival parameters are rescaled by �̃ =
��
� , with � being the Weibull scale

parameter.

mean sd lower higher

Longitudinal

(Intercept) 0.321 0.021 0.279 0.363
ln Sqft 0.942 0.006 0.930 0.954
ln NOI

Sqft
0.955 0.005 0.946 0.964

Construction year -0.005 0.000 -0.005 -0.004
(Construction year)2 0.000 0.000 0.000 0.000

Year Fixed E↵ects Yes

City Fixed E↵ects Yes

Property Type Fixed E↵ects Yes

Buyer/Seller Type Fixed E↵ects Yes

Survival

(Intercept) 3.065 0.138 2.803 3.336
ln Sqft -0.109 0.042 -0.192 -0.027
ln NOI

Sqft
0.070 0.034 0.003 0.137

Construction year 0.004 0.002 -0.001 0.008
(Construction year)2 0.000 0.000 0.000 0.000

Baseline Holding period (in years)

City Fixed E↵ects Yes

Property Type Fixed E↵ects Yes

Buyer/Seller Type Fixed E↵ects Yes

N 15,278
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Table B.3: Property type and buyers/seller characteristics results.

We present the posteriors of the estimates with some statistics. The mean of the pos-

teriors (i.e. the “estimate”, the sd = standard deviation of the posterior, and the 2.5%

and 97.5% credible intervals denoted lower and higher respectively. The survival pa-

rameters are rescaled by �̃ =
��
� , with � being the Weibull scale parameter. ref is the

reference category to avoid the dummy trap.

mean sd lower higher

Longitudinal

Property type: Apartment (ref ) 0.000 0.000 0.000 0.000
Industrial -0.168 0.008 -0.183 -0.152
O�ce -0.145 0.007 -0.159 -0.132
Retail -0.119 0.007 -0.132 -0.107

Buyers: Delegated (ref ) 0.000 0.000 0.000 0.000
Direct -0.005 0.006 -0.017 0.008
Non Investor 0.021 0.017 -0.012 0.054
Public -0.013 0.007 -0.027 0.001

Sellers: Delegated (ref ) 0.000 0.000 0.000 0.000
Direct -0.005 0.006 -0.017 0.007
Non Investor 0.003 0.012 -0.019 0.026
Public -0.045 0.007 -0.059 -0.032

Survival

Property type: Apartment (ref ) 0.000 0.000 0.000 0.000
Industrial 0.775 0.069 0.646 0.910
O�ce 0.254 0.044 0.167 0.341
Retail 0.407 0.050 0.311 0.505

Buyers: Delegated (ref ) 0.000 0.000 0.000 0.000
Direct 0.060 0.041 -0.021 0.140
Non Investor 0.405 0.188 0.085 0.774
Public 0.291 0.055 0.185 0.400

Sellers Delegated (ref ) 0.000 0.000 0.000 0.000
Direct 0.061 0.037 -0.012 0.135
Non Investor -0.160 0.094 -0.333 0.025
Public 0.261 0.048 0.168 0.355
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Table B.4: Results of the Hyperparameters. We present the posteriors of the estimates

with some statistics. The mean of the posteriors (i.e. the “estimate”, the sd = standard deviation

of the posterior, and the 2.5% and 97.5% credible intervals denoted lower and higher respectively.

DTA is investor-level Debt-to-Asset ratio, VAL is the value of the investor real estate portfolio, and

EXP the percentage of properties an investor has in a property-type- and location-specific market

as a fraction of its total real estate portfolio.

mean sd lower higher

Measurement: �✏ (Noise) 0.148 0.003 0.143 0.153
� (Weibull scale) 2.001 0.050 1.897 2.093
�✓1 (random e↵ect - long) 0.111 0.004 0.104 0.118
�✓2 (random e↵ect - surv) 0.296 0.044 0.226 0.398
⇢ 0.033 0.005 0.043 0.023

Longitudinal

Sellers: �DTA

⇠ 0.005 0.001 0.003 0.007
�VAL

⇠ 0.006 0.002 0.003 0.010
�MAN

⇠ 0.005 0.001 0.003 0.008
�EXP

⇠ 0.004 0.001 0.003 0.007

Buyers: �DTA

⇠ 0.005 0.002 0.003 0.009
�VAL

⇠ 0.006 0.002 0.003 0.010
�MAN

⇠ 0.005 0.002 0.003 0.009
�EXP

⇠ 0.004 0.001 0.003 0.007

Survival

Sellers: �DTA

⇠ 0.009 0.004 0.004 0.020
�VAL

⇠ 0.007 0.003 0.003 0.015
�MAN

⇠ 0.010 0.006 0.004 0.025
�EXP

⇠ 0.007 0.003 0.003 0.013

Buyers: �DTA

⇠ 0.032 0.013 0.015 0.064
�VAL

⇠ 0.007 0.003 0.003 0.013
�MAN

⇠ 0.018 0.012 0.004 0.049
�EXP

⇠ 0.009 0.004 0.004 0.020
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