Estimating Latent Effects in Commercial Property Models

BY CARMELA QUINTOS, PH.D., MAI

ew York City annually values com-

mercial properties by the income
approach. Commercial properties with
an assessed value greater than $40,000
are required to file income and expense
statements with the Department of Fi-
nance. Some of these required filers may
apply for exclusion from filing or they
may choose not to file and instead pay a
penalty. There are also voluntary filers,
who are not required to file but never-
theless submit statements. The filings
received are used to formulate income
and expense regression models. These
models are used to develop comparable
rental models and to formulate assess-
ment guidelines based on location and
physical characteristics.

Regression models that are used for
assessment represent relationships
between a response variable, in our
case income or expense, and property
characteristics and are categorized by
the International Association of As-

sessing Officers (IAAO) as additive
(linear), multiplicative (linear in logs)
or hybrid (nonlinear) (IAAO 2003, 7).
In an additive specification, the con-
tributory effects to income or expense
are added together. In a multiplicative
model, income or expense is affected
by a base rate multiplied by contribu-
tory property-related factors. The hybrid
model accommodates both additive and
multiplicative effects. In all three speci-
fications, the independent variables are
observed factors, such as physical char-
acteristics, or measured variables, such as
neighborhood ratings. Any unobserved
and unmeasured effects are captured in
the residuals.

If there are unobserved and unmea-
sured underlying effects that affect the
response variable, then these variables
are latent. Latent variables do not lend
themselves to representation in a mea-
sured variable, such as class rating or
square footage, but are instead underly-
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ing factors, such as a common trend,
unspecified correlation, or unmeasured
heterogeneity. Latent variables are ran-
dom variables whose realized values are
hidden. Their properties must thus be in-
ferred indirectly using a statistical model
connecting the latent (unobserved) vari-
ables to the observed variables. If these
latent effects are not accounted for in
the model framework, they are pushed
to the residuals and the prediction er-
rors increase. Latent variables occur
not because independent variables are
omitted but because there is nothing in
the model framework that specifies how
to “discover” the underlying factor from
observables.

Consider a hybrid model of income
and expense. A hybrid model is a non-
linear model of income (or expense)
regressed on multiplicative and additive
factors. Examples of multiplicative fac-
tors used in this article are location and
class rating; examples of additive factors
used in our specification are building
and land square footage, age, and stories.
An important factor is lease informa-
tion, which we know affects income,
but we have no data. Even though the
Department of Finance collects income
and expense filings, the details of the
lease—such as the term, rent escalation,
expense stops, and the like—are not re-
ported. Because leases are property specific
but are unknown, they are pushed to the
residual as an wunobserved property-specific
effect (unobserved firm heterogeneity).
Thus we know, and will show later, that
the hybrid model framework is mis-
specified since there is nothing in the
specification about estimating unob-
served property-specific effects. Instead,
we work with a hybrid model in a panel
data framework which allows estimation
of unobserved property-specific effects
without specifying their cause.

Panel data models can be used to
describe the behavior of firms (or prop-
erties) over time. They are widely applied
in the social sciences for their capacity

to capture the complex relationships
that occur within a group across time,
and between groups across time. (See
Baltagi [2008] and Hsiao [2003] for a
review.) Having both the cross-section
and time dimension allows us to specify
group effects, or heterogeneity between
groups, in different forms. This article
demonstrates a latent variable model
called a random effects model (also
called a mixed, multilevel, hierarchical
model) to estimate the unobserved het-
erogeneity (the latent effect). A random
effect is essentially a group effect that
can be measured by a deterministic part
(the mean of the group) and a stochastic
part that affects only that group. The
random effect is the latent variable and
the spreads in intercepts or slopes cap-
ture the heterogeneity in the population
across specified groups.

In this article, we apply the random
effects model to the income and expense
filings of office buildings in Manhattan
for years 2010-2013. We test different
specifications of group effects—between
firms in the multiplicative part of the
hybrid specification (scale effect) and
between office classes, between office
areas, and between firms in the additive
part of their specification (level effect).
The results show that allowing the in-
tercept to vary by office property in the
additive part of the hybrid specification
improves income and expense estimates.

We also discuss a method to extend la-
tent effect estimation to nonfilers. Since
the estimated latent variable, i.e., the
spreads in intercepts for office proper-
ties around an overall mean, is estimated
for each filer, we can map the latent
effect on a surface by location (i.e., by
its -y coordinate). By interpolating the
surface using spline, we geta continuous
surface. Thus for any office property in
Manhattan, we can take its x-y coordinate
and find its latent effect estimate from
the surface. This interpolated latent ef-
fect can be entered into the income and
expense hybrid equation, together with
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physical characteristics, to get an income
and expense estimate for nonfilers.

Random effects models have not been
widely used in the field of mass appraisal.
A hierarchical model application to the
estimation of property prices in the
Netherlands is discussed in Francke
and Vos (2004) and Francke (2008).
Manhattan commercial models of sale
prices using IAAO’s hybrid specification
are explored in O’Connor, Panos, and
Som (1991). For models of income and
expense, however, we are not aware of a
model in a random effects (panel data)
framework—most likely due to the lack
of property-level data of income and ex-
pense filings. Thus this article not only
contributes to the literature in the use
of latent variable (panel data) models to
estimate income and expense, but also
extends it by illustrating an out-of-sample
procedure, based on interpolation meth-
ods, to predict latent effects.

The rest of this article describes our
methods and results and is organized
as follows. The next section sets up our
model framework—the hybrid-panel
data model and its random effects speci-
fication. The following section uses the
hybrid-panel data framework to estimate
income. Various random effect models
are tested to conclude to a specification
that best predicts income. The subsequent
section goes through similar steps but
with expense ratios as the response vari-
able. A model for expenses incorporating
time-varying effects is discussed in this
section. The following section discusses
the extension to nonfilers. It describes
surface interpolation of the latent effect
variable so that the surface can be used for
any property in Manhattan with an ¥y co-
ordinate (whether filer or nonfiler). The
final section summarizes the results and
contribution of this modeling method.

Model Framework

Market analysis using the IAAO hybrid
model structure is most efficiently sup-
ported by nonlinear regression. The

hybrid formula is designed to take into
account effects that enter as additive,
which we denote by Z, and multiplica-
tive, which we denote by X. It is typically
applied to the estimation of marketvalue
using the basic formula:

(1)
MV=T1Xx [(I1X, x 27,)+(I1X, x
57) + 37,

where

MYVis the estimate of market value,

HXq is the product of general quali-
tative variables,

I1X, is the product of building quali-
tative variables,

27,is the sum of building additive
variables,

ITX; is the product of land qualita-
tive variables,

27, is the sum of land additive vari-
ables,

27,is the sum of other additive vari-
ables (IAAO 1990, 351; Gloudemans
1999, 121).

The nonlinear framework permits mul-
tiplicative adjustments only to the land
(topography) or building (size adjust-
ment) or the overall property (location).
When market value is derived by the
income approach, the formula is

(2)
MV = NOI _ Income — Expense
CapRate CapRate

where NOI'is net operating income and
CapRate is the capitalization rate. Thus
MYV is derived from regression models
of income, expense, and capitalization
rates. Modeling income and expense
from a population of filers is the focus of
this article, while modeling of capitaliza-
tion rates, which are determined from
a separate population of filers and sold
properties, is not covered here.
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Income and Expense Model using
Single-year Data
Each year firms or owners are required to
file income and expense statements on
their properties. Regressions based on
the filings are used to formulate income
and expense models. These models are
used to value nonfilers, which are mod-
eled as out-of-sample predictions, and
to develop guidelines based on location
and physical characteristics.

Our data consist of office filers for
Manhattan. The model framework is

(3)
Y=TIX x (£Z,+37,) =TIXx 37

where Yis either income per square foot
(psf) or the expense ratio which is de-
fined as ExpRatio = Expense/Income. Note
that our model, equation 3, is a special
case of equation 1 in which we include
only overall property multipliers such as
location. Taking logarithms, the estimat-
ing equation is

(4)

In(Y) =B, +B,In(X)+--- + B, In(X,)
tIn(Z +-+o,Z)+e

where there are M qualitative adjust-
ments to the total A building and land
additive variables.

For example, to measure income,
the left-hand side would be In(income
psf) regressed on the qualitative adjust-
ments—office area and office class; the
building additive variables—age, office
square footage, retail square footage,
residential square footage, and number
of stories; and the land additive vari-
able—land size.

Panel Data Models to Capture Latent
Effects (Unobserved Heterogeneity)
The regression model consists of the
observed or measured variables, X and
7, and the residuals, ¢, which contain the
unobserved factors. Itis assumed that all
variables that are measured and signifi-
cant are included in the specification so
the residuals contain the best fit given

known regressors X and Z. The goal is
to measure unobserved factors that are
known to affectincome or expense (and
therefore should not be in the residual)
but do not lend themselves to repre-
sentation by a measured variable such
as the independent variables X and Z.
Such variables are called latent variables.
Examples of latent variable models are
random coefficient models allowing f3
and/or a to vary by, say, time or loca-
tion. The random effect is the latent
variable and the spreads in intercepts
or slopes capture the heterogeneity in
the population across time, space (loca-
tion), between firms (office properties),
or within any other grouping. Estimating
latent variables is, in effect, “discover-
ing” underlying relationships or factors
(heterogeneity) that would otherwise be
in the residuals (unobserved and unmea-
sured). The use of latent variable models
acknowledges measurement problems
in defining a complete set of observable
regressors X and Z.

To capture heterogeneity across firms,
we specify a panel data model. Panel
data comprise a dataset that combines
time series and cross section. For N of-
fice properties and T filing periods, the
dataset has sample size Nx T . For each
firm ¢ that files in period ¢, the regres-
sion model is

(5)
In,) = b+ b,In(x )+ -+

len (xMiz) +1n (al Zpto Tt azy,

)te,

where the error ¢, is assumed to be
Normal and independent and identi-
cally distributed (iid). When the iid or
Normal assumption fails, then latent vari-
able models can capture the unobserved
effects in the residual. We will consider
models in two categories: pooled regres-
sion and random effects regression.

Pooled Regression

A nonlinear regression is run on equa-
tion 5 using the full sample N x 7. In
this case, the coefficients  and a are
the same across time and across office

40 Journal of Property Tax Assessment & Administration ® Volume 12, Issue 2



properties so there is no heterogeneity
that is estimated.

Random Effects Regression

Arandom effectis a group effect that can
be measured by a deterministic part (the
mean of the group) and a stochastic part
that affects only that group and can be
independent or correlated with the over-
all error ¢,. Random effect models are a
class of latent variable models designed
to capture heterogeneity across groups
(the latent effect). We will consider four
random effects models in the following
sections.

Random Effect Across Office Properties ()
(or Firm Group Effect Across i)

The model measures heterogeneity
across office properties in the multi-
plicative part of the specification. It is
specified as

(6)
ln(yit) =0, + b ln(xm)+ R

by In@, )+ In(@z, + - +az

Mit A Ait)+ eil

bol': 6ty

where the error u, is assumed iid Normal
and independent of the overall error
e, The model specifies an intercept for
each office property around an overall
mean ¢,. The latent effect is measured
by u,which is the difference between the
firm intercept 4, and the overall mean ¢,.
The test of whether the latent effect s sig-
nificant is a test on the significance of u,

Random Effect Across Office Properties (i)
and Across Office Area (j)
This model can be represented by

(7)

ln(yit) = bo;:+ bljln(xw)q- e

bmln (xMif)+ In (al Zy Tt aAZAit)+ €
by=¢+u,
blj. =6+,

where the errors u, and v, are assumed
iid Normal and independent of the
overall error ¢,. The model specifies
an intercept for each office property
around an overall mean ¢, and a slope

effect across office areas around the
mean ¢,. The subscript jin y, x, z, and ¢,
denoting office area j, is suppressed for
brevity of notation. The latent effects are
the deviations from the overall means
and are measured by the firm effect u,
and the office area effect v. The tests
for the presence of latent effects are
therefore tests on the significance of the
errors u, and v,

Random Effect Across Office Properties
(i) and Across Office Class (k)
This model can be presented as follows:

(8)

ln(yit) =0, + b, ln(xm) + b2kln (xM)
+et by InGe )+ Inaz, + oo

+ aAZAit)+ ez'f

by, = ¢+ u,

b2k =¢,+ w,

where the errors 4, and w, are assumed iid
Normal and independent of the overall
error ¢,. The model specifies an intercept
for each office property around an over-
all mean ¢, and a slope effect across office
class around the mean ¢, The subscript
kin y, x, z, and ¢, denoting office class &,
is suppressed for brevity of notation. The
latent effects are the deviations from the
overall means and are measured by the
firm effect u,and the office class effect w,.
The tests for the presence of latent effects
are therefore tests on the significance of
the errors u, and w,.

Random Effect Across Office Properties (1)
in the Additive Specification (Mean Group
Effect on y,)
This model is specified as

(9)

In(y,) = b, + b In(x,) + b,In(x,,)

Tt len (xMif)+ In (aOi +taz,

tetaz )te,
G = do T

where the error 7,is assumed iid Normal
and independent of the overall error e,
The model specifies a change in the mean
of y, for each office property around an
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overall mean d,. The latent effect is the
deviation from the overall mean and is
measured by the firm effect r. The test
of whether the latent effect is significant
is a test on the significance of r.

The difference between equation
6 and equation 9 is that equation 6
captures the intercept effect in the log
regression. This translates to a group
effect on the multiplier on y,. Itis a scale
effect, in contrast to equation 9 which is
the level effect on y,.

Modeling Income

We illustrate our methodology by mod-
eling income and expense for office
buildings in Manhattan. Each year the
Department of Finance receives filings
from these properties and develops mod-
els that estimate income and expense
for the whole population of filers and
nonfilers. The filers are used to develop
equations (in-sample); then these equa-
tions are used to predict estimates for
nonfilers (out-of-sample). This section
discusses the formulation of the income
equation. The discussion of out-of-
sample estimation is presented later in
the article.

Data: Manhattan Office Filers
There are 2,294 office buildings in Man-
hattan of which 1,652 were valid filers
in 2013. To create a panel dataset, we
use three years of historical data. Of the
1,552 filers in 2013, there are 1,480 that
also filed in years 2012, 2011, and 2010.
Therefore, the sample size we start with
is 1,480 filers over a four-year period.
Outliers, which we define as extreme
changes in year-over-year income beyond
the 1% tails on each end and expense
ratios outside of 10% to 90%, were
removed. Thus of the 1,480 filers each
period, the estimating sample is 1,266
after outlier removal. Figure 1 maps the
location of the 1,266 data points. The
majority of office properties are concen-
trated in the Midtown and Downtown
sections of Manhattan with other areas
showing sparse data.

Office buildings in New York City are
grouped into classes that reflect their
quality and the amenities offered. Office
classes in Manhattan are identified as
trophy, class A, class B, and nontrophy/
A/B. Table 1 shows the breakdown of
income, expenses, net operating income
(NOI), and expense ratios by office
class for 2013 filings. Of note is the wide
range in income levels—for example, the
minimum class A rent is $28.57 psf with
a maximum of $143.06 psf. Even when
office class is broken down by office area
(table 2), the spread in income and ex-
pense levelsis wide. The Plaza, where the
majority of trophy buildings are located,
has a minimum rent of $54.49 psf and
a maximum rent of $153.30 psf in its
premier trophy properties.

The model specification must take into
account the variation in income and ex-
pense across office class and office area,
plus additional variation not explained
by these groupings. To test our models,
we randomly sample the 1,266 points for
a hold-out and estimating sample. The

Figure 1. Map of sample data for Manhattan
office filers, 2010-2013
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Table 1. Data summary of income, expense, NOI, and expense ratios for Manhattan office filers
2013—Breakdown by Office Class

Number of 50th Standard
Office Class | observations| Variable Minimum | percentile | Maximum | deviation
Trophy 38 income $44.07 $78.27 $153.30 $24.86
expense $12.83 $21.10 $37.61 $4.57
NOI $28.34 $54.67 $125.88 $21.76
expense ratio 18% 28% 39% 5%
Class A 186 income $28.57 $61.10 $143.06 $20.84
expense $5.55 $18.69 $36.04 $4.54
NOI $17.63 $42.70 $113.49 $17.21
expense ratio 15% 30% 40% 5%
Class B 345 income $15.62 $45.06 $118.67 $13.76
expense $5.44 $14.50 $37.69 $3.66
NOI $10.18 $30.62 $92.88 $11.35
expense ratio 14% 33% 43% 5%
Nontrophy/A/B 697 income $9.93 $41.29 $269.84 §22.81
expense $2.82 $11.18 $57.78 $5.43
NOI $5.83 $29.87 $212.06 $18.83
expense ratio 10% 28% 48% 7%

Table 2. Data summary of income, expense, NOI, and expense ratios for Manhattan office filers
2013—Breakdown by prime office areas and office class

Number of 50th Standard
Office Area | Office Class |observations| Variable | Minimum | percentile | Maximum | deviation
Financial/ | Trophy 4 income $44.07 | $5418 | %61.60 $7.22
World Trade
expense $15.73 | $18.12 | $20.62 $2.36
NOI $2834 | $36.07 $40.97 $5.55
expense ratio 30% 35% 37% 3%
Class A 12 income $35.22 | $44 $54.64 $6.69
expense $933 | $1560 | $19.58 $2.72
NOI $21.90 | $28.16 $36.99 $4.69
expense ratio 25% 37% 38% 4%
(lass B 26 income $29.50 | $36.30 | $56.46 $§1.73
expense $9.74 | $1445 | $2041 $2.54
NOI $17.58 | $22.01 $38.60 $5.41
expense ratio 32% 39% 42% 3%
Nontrophy/A/B 14 income $26.33 | $39.67 | $64.00 [ $11.81
expense $6.71 | $12.53 $16.17 $2.98
NOI $1545 | $26.29 $49.28 $10.06
expense ratio 20% 32% 42% 6%
Grand Central | Trophy 6 income $63.49 | $8452 |SM579 | $17.79
expense $17.78 | $1937 | $23.2 $2.21
NOI $45.65 | $64.01 $93.94 $16.87
expense ratio 19% 24% 28% 4%
(continued on page 44)
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Table 2. Data summary of income, expense, NOI, and expense ratios for Manhattan office filers
2013—Breakdown by prime office areas and office class (continued)

Number of 50th Standard
Office Area | Office Class |observations| Variable |Minimum | percentile | Maximum | deviation
Class A 43 income $41.79 | $60.65 $98.66 | $10.26
expense $11.58 | $18.70 | $23.12 $2.88
NOI $29.04 [ $4090 | $76.15 $9.21
expense ratio 19% 32% 40% 5%
(lass B 27 income $1562 | $50.29 | $70.53 | $12.64
expense $5.44 | $17.03 | $22.68 $3.96
NOI $10.18 | $34.25 $48.35 $8.99
expense ratio 25% 34% 35% 3%
Nontrophy/A/B 28 income $23.23 | $51.67 | $95.68 | $18.79
expense $936 | $16.46 | $39.53 $6.05
NOI $13.63 | $33.83 $70.23 $15.29
expense ratio 13% 35% 46% 8%
Insurance/ | Trophy 1 income $52.66 | $52.66 | $52.66 -
Civic Center
expense $12.83 | $12.83 $12.83 -
NOI $39.83 | $39.83 $39.83 -
expense ratio 24% 24% 24% -
Class A 10 income $2857 | $38.07 | $48.81 $5.90
expense $5.55 | $13.34 | $1835 $3.26
NOI $17.63 | $24.75 $33.36 $5.09
expense ratio 15% 38% 38% 8%
(lass B 27 income $23.34 | $37.91 510042 | $14.72
expense $9.59 | $1497 | $37.69 $5.30
NOI $13.59 | $22.72 $62.73 $9.55
expense ratio 32% 39% 42% 3%
Nontrophy/A/B 59 income $16.77 | 54036 |$104.23 $15.80
expense $4.58 | $10.91 $26.06 $4.65
NOI $11.85 | $28.10 | $7817 | $1252
expense ratio 14% 28% 43% 8%
Plaza Trophy 24 income $54.49 | $83.82 |$15330 | $26.12
expense $18.03 | $2148 | $37.61 $4.58
NOI $33.24 | 96214 [$125.88 $22.81
expense ratio 18% 28% 39% 5%
Class A 82 income §35.99 | $70.21 [$143.06 [ $23.29
expense $10.94 | 52056 | $36.04 $4.84
NOI $25.05 $48.60 [$113.49 $19.20
expense ratio 19% 30% 37% 4%
Class B 15 income $36.52 | $51.44 | $77.86 | $10.95
expense $8.82 | $16.75 | $20.85 $3.00
NOI $23.80 | $34.18 $58.31 $8.78
expense ratio 21% 32% 35% 4%
Nontrophy/A/B 52 income $29.85 | $60.40 |$269.84 | 93635
expense $8.28 | $18.01 $57.78 $7.63
NOI $19.60 | $42.52 [$212.06 $29.93
expense ratio 14% 27% 45% 7%
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hold-out sample has 254 data points, or
20% of 1,266, and our estimating sample
has the remaining 1,012 data points. Table
3 shows the characteristics of the full,
estimating, and hold-out samples. The
means, medians, and standard deviation of
income, expense, NOI, and expense ratios
are similar. The estimating sample with
1,012 filers is used throughout this section.

Model Specification Using Single-year
Data

The selection of variables entered into
the model is accomplished using 2013
data, the most recent year in our da-
taset. We work with equation 4 for this
purpose. The dependent variable is the
natural log of income per square foot,
denoted as In(incpsf). The independent
variables are selected using stepwise
regression, retaining the group effects of-
fice area and office class. The office area
and office class variables are retained
through the elimination process of the
stepwise procedure because, as indicated

in the previous section, there is hetero-
geneity within these groups that needs
to be modeled. If heterogeneity within
these groups is not taken into account,
certain variables can turn insignificant in
astepwise procedure due to unexplained
variation. The model estimated is

In (incpsf) = B, + BIn (Office Area)

+ B,In(Office Class) + In (o, altage

+ 04,0ffsqft + o, offratio + o retratio

+ o resratio + o landsize + o story) +e
where

Office Area is the office area adjust-
ments,

Office Class is the office class adjust-
ments,

altage is the age since altered,

offsqft is the office area square foot-
age,

offratio is the percentage of the total

gross square footage that is office
area,

Table 3. Income and expense distribution for full sample, estimating sample, and hold-out

sample for Manhattan office filers 2013

Full Sample

Variable Number Median Mean Standard deviation
income 1266 $46.18 $50.89 $22.14
expense 1266 $13.54 $14.20 $5.52
NOI 1266 $32.25 $36.69 $18.01
expense ratio 1266 29% 29% 7%

Estimating Sample

Variable Number Median Mean Standard deviation
income 1012 $45.92 $50.85 $22.24
expense 1012 $13.54 $14.19 $5.50
NOI 1012 $31.94 $36.66 $18.09
expense ratio 1012 30% 29% 7%

Hold-out Sample

Variable Number Median Mean Standard deviation
income 254 $47.20 $51.05 $21.78
expense 254 $13.54 $14.25 $5.62
NOI 254 $32.65 $36.79 $17.71
expense ratio 254 29% 29% 6%
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retratio is the percentage of the total Figure 2. Income regression model for

gross square footage that is retail Manhattan office filers 2013

area, Summary Statistics

resratio is the percentage of the total - - (Campleize = 1012)

gross square footage that is residen- Median erfor ratio 1024

tial area, Pseudo R? 52.07%

landsizeis the land size in square oD 2739

feet, Regressivity 1.106

story is the number of stories for the . .
Nonlinear Regression

entire building.
The results of the nonlinear regres- In (incpsf) = B, + B,In(Office Area)

sion are given in figure 2. The summary + B,In(Office Class) + In (o, altage
statistics for model performance are as + 04,0ffsqft + o offratio + a retratio
follows: + o resratio + oy landsize + o story) +e

e FError ratio. This statistic indi-

cates the predicted income to Dependent variable: In(Income Per Square Foot)

the actual income; therefore a Parameter | Standard
number closer to 1 is indicative Variable | estimate | error | t-value | Pr>|f]
of a better model. In this model, Intercept | —0.19060 [ 0.01662 [ —11.47 | <.0001
the median error ratio is 1.024. Office Area |  0.86230 | 0.07097 | 12.15 | <.0001
o Psoudo R2 This measure is cal- Office Class | —0.02868 | 0.08845 | —0.32 | 0.7458
culated by taking the square of altage —0.06126 | 0.02182| —2.81 | 0.0051
the correlation of the predicted offsqft —0.00002 | 0.00007) —3.44] 0.0006
and actual income. It has the offratio 36.65070 | 2.67140| 13.72 | <.0001
same interpretation as the R?in retratio [ 110.67000 | 6.79710| 16.28 | <.0001
linear regressions. The pseudo resratio | 30.35600 | 12.66850 |  2.40 [ 0.0167
R* for this model is not strong landsize | 0.00038 | 0.00008| 476 | <.0001
at 52.07%. oy 072570] 0.11090] 655 | <.0001
*  Coefficient of dispersion (COD).
This statistic measures the Office Class Adjustments
spread around the median er- Trophy 1.724
ror ratio. It is calculated as the Class A 1399
wei.ghtfd d;lspersiolrt{ of thf}:1 error (lassB 1.000
ratio of each parcel from the me-
dian error rago. A COD between Nontrophy/A/8 0952
this model is 27.39 indicating an Finandial/World Trade 1.000
error spread that is wider than is Grand Central 1523
normally acceptable. Grand Central South 1.210
e Reoressivity/progressivity. This Harlem East 0.760
g y/prog y —
measure serves a similar func- Insurance/Civic Center 0.997
tion to the price-related dif- Manhattan—North 110th 0.858
ferential (PRD). The PRD typi- Midtown South 1.097
cally is applied to sale prices; Midtown West 1.041
however, the concept and cal- Plaza 1.6%
culation can be extended to Upper East Side (59th—96th) 2.056
Upper West Side (59th—96th) 1.564
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any variable. The regressivity/
progressivity statistic measures
how the error ratio moves
in relation to the level of the
variable being estimated. For
our income variable, if the er-
ror ratio decreases for higher
levels of income, then we call
this regressive (we are under-
estimating income for higher-
income properties). Similarly,
if the error ratio increases as
the income level increases, then
the model is progressive (we
are overestimating income for
higher-income properties). The
desirable range is between 0.98
and 1.03, with values higher
than 1.03 indicating significant
regressivity. Our model is re-
gressive with a measure of 1.106.

The group effects specified in the
model—the Office Area and Office Class
variables—are multiplicative adjust-
ments to the physical characteristics.
Office class adjustments are calculated as
the ratio of the median income of each
class to the class B median. An office
class with a ratio greater than 1 means
an upward adjustment is warranted. For
example, as shown in figure 2, the tro-
phy class has a ratio of 1.724; this means
trophy properties get a 72.4% upward
adjustment in rents, while properties in
class B get no adjustment (the ratio is
1). Similarly, office area adjustments are
constructed as ratios of median rents by
area to a base median. In this case, the
base is the median rent in the Financial /
World Trade area. Thus, in the Plaza
area, with an adjustment factor of 1.696,
rents are adjusted upward by 69.6%.

These results indicate that the two
group effects, meant to address het-
erogeneity across office properties, are
inadequate since the model does not
significantly explain the variation in
income. Thus, unmeasured effects that
we know affect income must be included
in the error. For example, we know that

income is strongly related to historical
income because leases often contain
provisions for rent escalation. Table 4
shows the correlation of income filed in
2013 and historical filings. The correla-
tion of income filed in 2013 with 2012
is 95.73%, the correlation with 2011
filings is 92.70%, and with 2010 filings,
the correlation is 90.32%. The use of
historical income can therefore improve
prediction by modeling the unmeasured
effects in the residuals.

Table 4. Correlation of income per square
foot between years 2013, 2012, 2011, and
2010

Pearson Correlation Coefficients, N=1012
Prob > |r| under HO: Rho=0
Income | Income | Income | Income
2013 | 2012 | 2011 | 2010
Income 2013 1 0.95730 1 0.92703 ] 0.9032
<.0001 | <.0001 |<.0001
Income 2012 [0.95730| 1 0.97148 | 0.94327
<.0001 <.0001 |<.0001
Income 2011 [0.92703 | 0.97148 [ 1 0.96271
<.0001 | <.0001 <.0001
Income 2010 | 0.90320 | 0.94327 | 0.96271 1
<.0001 | <.0001 | <.0001

Modeling Latent Effects: Panel Data
Models

We include historical information in the
prediction of income in a panel data
structure. The sample size for this section
is 4,048 which consist of the 1,012 filers
in each of the years 2013, 2012, 2011, and
2010. We ran five models—one pooled
regression and four random effects
regressions—based on the framework
introduced previously.

Pooled Regression

A pooled regression based on equation
5 was run with the variables selected for
the single-year data model plus an ad-
ditional variable, the inflation rate per
period. This variable was added since
rent escalations are usually indexed to
the Consumer Price Index (CPI). The
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inflation rate is calculated as the year-
over-year change in the CPI. The model
estimated is

In(incpsf,) = b,+ bIn(Office Area,)

+ b,In(Office Class,) + bln(CPI Rate,)
+1n(a altage, + a,offsqft, + a,offratio,
+ a,retratio, + aresratio, + alandsize,
+ astory )+ e,

The results are presented in appendix
A, figure Al. As expected, the pooled
regression performs like the single-
year data model because there is no
attempt to explain group effects other
than by office area and office class. The
median error ratio is 1.026, the pseudo
R? is 51.86%, the COD is 28.71, and
the regressivity measure is 1.104. These
summary model performance measures
are not significantly different than those
based on single-year data. Thus, the
pooled regression specification does not
capture the additional information that
historical information can provide.

Random Effects Regression

Random Effect Across Office Properties (i)
This model, which is based on equation
6, is written as

In(incpsf,) = b,+ b,In(Office Area,)

+ b,In(Office Class,) + bn(CPI Rate,)
+In(a, altage, + ayoffsqft, + a,offratio,
+ a,relratio, + aresratio, + alandsize,
+ astory )+ e,

b()i = c() + ui'

Heterogeneity is now modeled by the
intercepts varying between office prop-
erties. The effect differentiates the scale
adjustments across offices. As shown in
the summary statistics table in appendix
A, figure A2, the improvement in the
model is significant with a median error
ratio of 0.997, a pseudo R? of 89.77%
(up from 51.86%), a COD 0of 9.53 (down
from 28.71), and a regressivity measure
of 1.014, which is below 1.03 indicating
there is no regressivity in the estimates.

The improvement in the model fit re-
sults from the specification of the second
equation, b, = 6t Uy which is statistically
significant as shown in the last table of
figure A2 in appendix A. This table pres-
ents the tvalues that test the significance
of the change in intercept by firm. An
absolute value of the tratios greater than
1.96 indicates a significant deviation of
the firm intercept from the overall mean
¢, at the 95% confidence interval. More
than 50% of the office properties have
significantly different intercepts from c,.

Random Effect Across Office Properties (1)
and Across Office Area ()

The model, which is based on equation
7, s written as

In(incpsf,) =b,+ b]],ln (Office Area,)

+ b,In(Office Class,) + b,In(CPI Rate,)
+In(a,altage, + a,offsqft, + a,offratio,
+ a,retratio, + a resratio, + alandsize,
+ astory )+ e,

b07.= 6t u,
blj: 6+,

Heterogeneity is now modeled by the
intercepts varying between office prop-
erties and slopes varying across office
areas. The addition of the varying slope
by office area is not significant. The sum-
mary performance measures (appendix
A, figure A3) do not improve on the
firm-varying intercept in the previous
model (appendix A, figure A2). The
median error ratio is 0.996, the pseudo
R? is 89.85% (up from 89.77%), the
COD is 9.50 (down from 9.53), and the
regressivity measure is the same at 1.014
which indicates no significant regressivity
in estimates.

The last table in figure A3 in appendix
A presents the tests of significance of the
second equation, bl], =+, Except for
Midtown West, the t-values indicate that
office area effects as modeled by differ-
ent slopes are not significant.
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Random Effect Across Office Properties (i)
and Across Office Class (k)

This model, which is based on equation
8, is written as

In (incpsf,) =b,+ bIn(Office Area,)

+ b,, In(Office Class,) + bln(CPI Rate,)
+In(a, aliage, + a,0ffsqft, + a,offratio,
+ a,relratio, + aresratio, + alandsize,
+ a,story )+ e,

b()i: C()+ui
bgk =, + w,

Heterogeneity is now modeled by the
intercepts varying between office prop-
erties and slopes varying across office
class. The addition of the varying slope
by office class is not significant. The sum-
mary performance measures (appendix
A, figure A4) do not improve on the
firm-varying intercept in the first random
effects model (appendix A, figure A2).
The median error ratio is 0.998, the
pseudo R?is 90.02% (up from 89.77%),
the COD is 9.46 (down from 9.53), and
the regressivity measure is the same at
1.014 which indicates no significant
regressivity in estimates.

The last table in figure A4 in appendix A
shows the results of significance tests of the
equation, b,, = ¢, + w,. None of the t-values
show that office area effects as modeled by
different slopes are significant.

Random Effect Across Office Properties (1)—
Level Lffects on Income

This model, which is based on equation
9, is written as

In(incpsf,) = b, + b In(Office Area,)

+ b,In(Office Class,) + bln(CPI Rate,)
+1In(a,, + a,altage, + a,offratio,

+ a,relratio, + a,resratio, + a landsize,
+ agstory )+ e,

;= do T

The results are reported in appen-
dix A, figure Ab. Heterogeneity is now
modeled by the intercepts that affect
the income level varying between office
properties. The median error ratio is
0.997, the pseudo R?is 95.74% (up from

89.77%), the COD is 6.13 (down from
9.53), and the regressivity measure is
lower at 1.009 which indicates no signifi-
cant regressivity in estimates.

The improvement in the model fit can
be attributed to the specification of the
equation, a, = d,+r, which is statistically
significant as shown in the last table of
figure Ab in appendix A. The median
of the tvalue ratios is —1.4080, which,
compared to —0.2186 in appendix A,
figure A2, represents more intercepts
that significantly vary from the overall
mean. Heterogeneity is better captured
by varying the mean level rather than the
scale of income across office properties.

Final Model Selection

Based on the previous results, the final
model for income is the level effects
model. Thus, the predicted income
for office property ¢ in filing period ¢ is
calculated as

(10)

”@fn = MM Office Area”)o'on
(Office Class,)"*® (CPI Rate )**'
(31.52+ 7. + 0.041 altage,
+4.584 offratio, + 27.792 retratio,
+0.0001 landsize, + 0.328 story,)

where 7, is the estimated latent effect.
The estimated latent effect is now part
of the measurement equation which
includes the observed building and land
characteristics (Xand Zin our notation).

Modeling Expenses
Expenses are modeled from expense
ratios and income using the identity,

Expenses = ExpRatio x Income.

Given estimated income using equation
10 and estimated expense ratios, the
expense model is

(11)
In(exppsf,) = g + gn(expralio,)
+ gln(incpsf,) + €,

where exppsfdenotes expense per square
foot.
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Modeling the Expense Ratio

The steps for modeling expense ratios
are the same as for modeling income.
A stepwise regression was run on single-
year data (2013) to determine significant
variables. With the model variables deter-
mined, several panel data models were
run to determine the best fit. We report
only the random effects models as these
gave the bestresults (see appendix B, table
B1). The best fit was obtained from the
expense-ratio model measuring the level
effect varying by office property, with a
median error ratio of 0.995, a pseudo R? of
80.75%, a COD of 12.71, and a regressivity
measure of 1.039.

The estimated model is given in appen-
dix B, figure B1 together with the #value
tests of whether the changing intercepts
are significant. The median error ratio
is 0.9947, the pseudo R? is 80.75%, the
COD is 12.71, and the regressivity mea-
sure is 1.039. The #statistics for testing
the significance of the different inter-
cepts are significant for over 50% of the
properties. From the figure Bl model
in appendix B, the predicted expense
ratio for office property in filing period
tis calculated as

(12)

expratio, = "' (Office Area,) "
(Office Class,)"***( CPI Rate,)">>%
(0.32 + 7 + 0.00009 altage,
+0.02898 offratio, - 0.125 retratio,
= 0.05 resratio, + (9.36E - 06) bldfrt,
+0.0012 story,)

where bldfrt is building frontage in feet
and 7 is the estimated latent effect.

Modeling Expense

Expense is then estimated using es-
timated income (from equation 10)
and the estimated expense ratio (from
equation 12). This section compares two
expense model specifications—a pooled
regression model where parameters
are constant and a random coefficients
model that varies by time period.

Pooled Regression

A linear regression on equation 11 is a
pooled regression with the parameters
(g, g, and g,) constant across groups.
It should be noted, however, that in
this equation, firm (or office property)
heterogeneity is captured by incpsf, and
expratio,. Figure B2 in appendix B con-
tains the results of the pooled regression.
The median error ratio is 0.998, the
pseudo R? is 88.84%, the COD is 13.89,
and the regressivity measure is 1.035.

Random Effects Regression—
Time-varying Coefficients

Heterogeneity across firms is captured
through our models of income and ex-
pense ratios. It could be, however, that
the relationship of expense and income
is different across filing periods. This
means that the regression (equation 11)
should be run for different filing peri-
ods instead of as a panel. Time-varying
coefficients can be tested by estimating
the model,

(13)

In(exppsf,) = g, + g, In(expratio,)
+ 8, ln(z'n/cp\s];) +€,

&, =Jot Yo,
g, =htV,
ng:fz Y,

where ¥, ¥,,, and Y,, are assumed iid
Normal and independent of the overall
error €. The model specifies different
intercepts and slopes for each time pe-
riod implying a time-varying relationship
between expense and income.

Figure B3 in appendix B contains the
results of the time-varying coefficients
regression. The performance improves
slightly with the median error ratio at
0.9926, the pseudo R? at 90.80% (up
from 88.84%), the COD at 13.01 (down
from 13.89), and the regressivity mea-
sure at 1.0294 (down from 1.035).

The last table in figure B3, appendix
B shows that filing periods 2011 and
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2013 have significantly different inter-
cepts and slopes. Therefore, the model
for expense should be the time-varying
coefficients model. The 2013 regression
coefficients are derived as

g,=0.2529 - 0.1178 = 0.1351
g, =1.2341 - 0.2348 = 0.9993
g =1.0075 - 0.0485 = 0.9590.

Income and Expense Estimates

Finally, income and expense estimates
for the period of interest, in this case
2013, are obtained by the following equa-
tions (using ¢= 2013 data):

Income Model Specification:

ln/cj7sﬁ= 0074 (Oﬁ%e Areai)o.()ﬂ
(Office Class) " (CPI Rate)**'
(31.52+ 7 + 0.041 altage,
+4.584 offratio, + 27.792 retratio,
+0.0001 landsize, + 0.328 story,)

Expense Ratio Model Specification:

expralio, = ¢**'* (Office Area) "
(Office Class)*"**( CPI Rate) ">
(0.32+ 7.+ 0.00009 altage,

- 0.02898 offratio, - 0.125 retratio,
= 0.05 resratio, + (9.36E — 06) bldfrt,
+0.0012story)

Expense Model Specification:

PSS, = 13 ( exwioi) 09993 s 09590

Figure B4 in appendix B compares the
actual and predicted income, expense,
and NOI for 2013. The first table shows
the distribution of the actual and predict-
ed values. The model predicts the actual
values well even in the 1% and 99% tails.
The fit at the median and mean are tight.
The graphs show the predicted estimates
on the y-axis and actual values on the xax-
is. Comparing the results here to the 2013
income estimates without the panel data
structure (figure 2), the median income
error ratio is 1.002 (down from 1.024), the
pseudo R*is 96.90% (up from 52.07%),
the COD is 6.58 (down from 27.39), and
the regressivity measure indicates no

regressive estimates at 1.011 (down from
1.106). These improvements highlight the
importance of modeling unobserved het-
erogeneity which otherwise would remain
unmeasured in the residuals.

Extension to Nonfilers

The methods used to calculate income,
expense ratios, and expenses for filers
can be applied to nonfilers as well. Each
year estimates of income and expense
must be determined for all offices,
whether they are filers or nonfilers. Non-
filers are considered an out-of-sample
population since they have no income
or expense to include as a dependent
variable in the regressions.

The income and expense ratio equa-
tions previously described enable us to
enter in the physical attributes of non-
filers and obtain estimates of income,
expense ratios, expenses, and hence NOI
which when capitalized equals value. The
only attribute that nonfilers do not have
are the estimated latent effects 7, in the
income equation and 7, in the expense
ratio equation. Each firm in our filer
dataset has an estimated latent effect and
xy coordinates that denote its location.
From this information, a three-dimen-
sional graph of the latent effect (zaxis)
on the xy coordinates can be rendered
that shows the geographical (or spatial)
distribution. This relationship between
the latent effects and the xy coordinates,
which we refer to as a surface, can be es-
timated by several known methods such
as spline, kriging, k-nearest neighbor,
and inverse weighted distance. In this
way, any parcel that has an xy coordinate
can be mapped on this estimated surface
to obtain the interpolated latent effect.

In summary, the steps to obtain esti-
mates for the nonfiler population are:
first, develop estimating equations for
income, expense ratios, and expense
from filings as outlined in the Estimating
Income and Modeling Expenses sections;
second, interpolate latent effect estimates
for nonfilers using the surface generated
by filers; and third, predict out-of-sample
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estimates for nonfilers by entering the
interpolated latent effect and physical
characteristics into the three equations.

Verification of the performance of the
out-of-sample predications is done by ap-
plying the estimating equations used for
nonfilers to a hold-out sample of filers.
In this case, the hold-out sample is the
254 filers that were not included in the
derivation of the equations. By holding
out a sample of filers and treating them
as we would nonfilers, we can compare
the estimates from the holdout sample
to their actual filings to gauge the out-
of-sample model performance.

Figure Cl in appendix C summarizes
these steps for our hold-out sample. The
estimated latent effects for income, 7,
and for expense ratios, 7,, are graphed as
surfaces on the xy coordinates. Both the
income and expense-ratio latent effect
surfaces are estimated using spline. Each
surface shows the geographical distribu-
tion of the latent effects. It should be
noted that the surfaces are continuous,
i.e., the latent effects are interpolated
for all xy coordinates. Thus, for any
office property in Manhattan, we can
estimate its income and expense-ratio
latent effect based on its location, i.e.,
its xy coordinate. Therefore, given the
location (x-y coordinate) of any property
in the hold-out sample, the surface will
tell us its estimated latent effect.

By entering the interpolated latent
effect and physical characteristics of
hold-out sample properties into the
estimating equations, we can obtain the
income, expense ratio, and expense esti-
mates. These estimates are compared to
the actual filings in the hold-out sample
to get the summary measures of model
performance shown in appendix C, fig-
ure Cl. For income, the median error
ratio is 1.0117, the pseudo R? is 66%,
the COD is 26.23, and the regressivity
is 1.1033.

Table C1 in appendix C compares the
summary measures shown in figure C1
for hold-out sample models with latent
effects to models without latent effects.

The model improvement with latent ef-
fects is evident in the expense ratio and
expense models. For expense ratios, the
pseudo R? increases to 52.02% (from
26.53%) and the COD decreases to 17.67
(from 20.08). For expenses, the pseudo
R? increases to 67.09% (from 55.21%),
the COD decreases to 25.36 (from
31.91), and the regressivity measure
decreases to 1.0979 (from 1.139). Thus,
based on this in-sample performance,
it can be demonstrated that when ap-
plied to the out-of-sample estimates of
nonfilers, the latent variable models will
perform better than models that do not
estimate latent effects.

Summary

In summary, this article introduced a
method of improving annual regression
estimates of income and expense by
using historical information to extract
latent effects. Historical information is
incorporated in a panel data structure
which has time and cross-section dimen-
sions. The panel structure gives access
to the class of latent variable models
that estimate and test the presence of
group effects (heterogeneity), which are
unobserved but known to affect income
or expense. Heterogeneity in the panel
data structure manifests itself in different
intercepts and/or slopes across groups.
In our case, intercepts were allowed to
vary for each office property giving us a
distribution of mean income and mean
expense ratios. Using this distribution,
we estimated a surface across x-y co-
ordinates using spline. By estimating
this surface, we are able to interpolate
latent effects for any property—even
those without income and expense fil-
ings—based on location. We showed that
incorporating latent effects increases
performance both in-sample and out-
of-sample. Thus this article not only
contributes to the literature in the use
of latent variable (panel data) models to
estimate income and expense, but also
extends it by illustrating an out-of-sample
procedure, based on interpolation
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methods, to predict latent effects. We
showed that inclusion of latent effect
estimates substantially improves income
and expense predictions for both filers
and nonfilers.
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Appendix A. Results from lests of Five Different
Specifications for a Panel Data Income Regression Model

Figure A1. Panel income regression model—Pooled

Summary Statistics Model
(Sample size = 4048) . .
Median error ratio 1.026 InGincp Sﬁ'). = by + b In(Office Area,)
peerdo T 86% + b,In(Office Class,) + b,In(CPI Rat.eit)
+1n(a altage, + a,offsqft, + a,offratio,
(oD 28.71 + a,retratio, + a resratio, + alandsize,
Regressivity 1.104 + astory,)+ e,
Dependent variable: In(Income Per Square Foot)
Parameter | Standard

Variable estimate | error | t-value | Pr>|f]
Intercept —0.14 0.01 —12.66 | <.0001
Office Area 0.70 0.03 21.83 | <.0001
Office Class —0.03 0.04 —0.90 | 0.3660
(PI_Rate 0.27 0.32 0.83 | 0.4056
altage 0.01 0.01 0.80 | 04214
offsqft —3.00E-05 | 2.84E-06 | —10.10 | <.0001
offratio 26.00 0.97 26.89 | <.0001
retratio 105.01 3.18 33.05 | <.0001
resratio 21.65 6.03 3.59 | 0.0003
landsize 0.00 0.00 11.90 | <.0001
story 0.93 0.05 19.78 | <.0001
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Figure A2. Panel income regression model—Office scale effects

Summary Statistics
(Sample size = 4048)
Median error ratio 0.997
Pseudo R? 89.77%
oD 9.53
Regressivity 1.014

Model

In(incpsf,) = b+ bIn(Office Area,)

+ b,In(Office Class,) + b,In(CPI Rate,)
+1In(a,altage, + a,offsqft, + a,offratio,
+ a,retratio, + a resratio, + alandsize,
+ astory,)+ e,

bm =ty

Dependent variable: In(Income Per Square Foot)

Parameter | Standard

Variable estimate | error | t-value | Pr>|i
Mean Intercept(c)) | —0.14 0.01 —10.66 | <.0001
Office Area 0.69 0.05 13.18 | <.0001
Office Class —-0.20 0.05 —4.16| 0.3660
(PI_Rate 0.36 0.15 2.36| 0.4056
altage 0.01 0.01 0.80| 04214
offsqft —3.00E-05 | 2.84E-06 | —10.10 | <.0001
offratio 26.00 0.97 26.89 | <.0001
retratio 105.01 3.18 33.05] <.0001
resratio 21.65 6.03 3.59( 0.0003
landsize 0.00 0.00 11.90 | <.0001
story 0.93 0.05 19.78 | <.0001

Distribution of Estimates of b and t-values that Test Whether Difference from Mean ¢, is Significant

25th 50th 75th
Variable | Number | Minimum | percentile percentile percentile | Maximum | Mean
b,; 1012 —1.1337 —0.3450 —0.1553 0.0599 1.1843 | —0.1370
t-value 1012 | —12.1281 —2.4962 —0.2186 2.3806 15.2439 | —0.0043
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Appendix A (continued)

Figure A3. Panel income regression model—Office scale and office area effects

Summary Statistics Model
(Sample size = 4048) 1 ( . ﬁf) b b1 (Oﬂ A )

- - n(incpsf,) = b+ b In ice Area,
Medlan erorrati o + bIn(Office Class,) + b,In(CPI Rate,)
Pseudo R 89.85% +1In(a,altage, + a,offsqft, + a,offratio,
(oD 9.50 + a,retratio, + a resratio, + alandsize,
Regressivity 1.014 + astory,)+ e,

b= ¢ty
b.=c +v
j 1 J

Distribution of Estimates of b and t-values that Test Whether Difference from Mean ¢ is Significant

25th 50th 75th
Variable | Number | Minimum | percentile | percentile | percentile | Maximum Mean
b, 1012 —1.1262 | —0.3372 —0.1496 0.0652 1.0977 —0.1329
t-value 1012 —12.0916 | —2.4074 | —0.1784 2.3054 14.8835 | —0.0027
Tests of Whether Difference of bv from Mean ¢ is Significant (Test for Office Area Effect)
Office Area Estimate StdErrPred |  t-value Pr>|t|
Financial/World Trade 9.17E-1 0.3216 0 1
Grand Central —0.06748 0.1462 —0.46 0.6445
Grand Central South —0.09933 0.1966 —0.51 0.6133
Harlem East 0.12280 0.2754 0.45 0.6558
Insurance/Civic Center 0.27770 0.2025 137 0.1704
Manhattan—nNorth 110th —0.05070 0.1852 —0.27 0.7843
Midtown South —0.13540 0.1712 —-0.79 0.4292
Midtown West —0.58540 0.2131 -275 0.0060
Plaza 0.14030 0.1328 1.06 0.2912
Upper East Side (59th—96th) 0.39850 0.1663 240 0.0166
Upper West Side (59th—96th) —0.00097 0.2328 0 0.9967
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Figure A4. Panel income regression model—Office scale and office class effects

Summary Statistics
(Sample size = 4048)
Median error ratio 0.998
Pseudo R? 90.02%
oD 9.46
Regressivity 1.014

Model

In(incpsf,) = b+ bIn(Office Area,)

+ b, In(Office Class,) + bln(CPI Rate,)
+1In(a,altage, + a,offsqft, + a,offratio,
+ a,retratio, + a resratio, + alandsize,
+ a,story,)+ e,

bm =ty

ka =Gt w,

Distribution of Estimates of b, and t-values that Test Whether Difference from Mean ¢, is Significant

25th 50th 75th
Variable | Number | Minimum | percentile | percentile | percentile | Maximum Mean
b, 1012 -1.2269 | —04138 | —0.2252 | -0.0126 1.1181 —0.2089
t-value 1012 —124999 | —24949 | —0.1943 2.3408 15.4490 | —0.0041

Tests Whether Difference of b, from Mean ¢, is Significant (Test for Office Class Effect)

Office Class Estimate Std Err Pred t-value Pr>|t|
Trophy 0.3425 0.3531 0.97 0.3322
(lass A 0.3422 0.3515 0.97 0.3304
(lassB =5.14E-1 0.5994 0 1
Nontrophy/A/B —0.6846 0.3557 -1.92 0.0544
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Appendix A (continued)

Figure A5. Panel income regression model—Office level effects

Summary Statistics Model
(Sample size = 4048)
Median error ratio 0.997 In(incpsf,) = b, + b,In(Office Area,)
I 95.74% + b,In(Office Class,) + bgln(QPl Rate,)
) E +1In(a, tq altage, + c?Qoﬂmtzoﬁ .
— + ayretratio, + a,resratio, + a landsize,

Regressivity 1.009 + agstory )+ e,

Dependent variable: In(Income Per Square Foot) a,=d, +r,

Parameter | Standard

Variable | estimate | error |t-value|Pr> |t

Intercept | —0.074 0.003 |—28.94|<.0001

Office Area 0.022 | 0.008 2.891 0.0038

Office Class | 0.009 | 0.009 1.11 [ 0.2688

(PI_Rate 2451 0.076 32.13 1 <.0001

MeanBase | 31.522 2.307 13.66 | <.0001

PSF (d))

altage 0.041 0.021 1.94 | 0.0521

offratio 4584 | 0.644 7.111<.0001

retratio 27792 | 2920 9.52 1 <.0001

landsize 0.000 | 0.000 2.53(0.0113

story 0.328 | 0.070 4.711<.0001

Distribution of estimates of a  and t-values that Test Whether Difference from Mean d, is Significant
25th 50th 75th

Variable | Number | Minimum | percentile | percentile | percentile | Maximum | Mean
a, 1012 —0.6926 18.751 27.1582 39.0586 205.7770 31.5217
t-value 1012 | —10.3221 —4.1363 —1.4080 2.4297 56.7492 | —0.0279
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Appendix B. Results from Tests of Panel Data
Expense Regression Model Specifications

Table B1. Expense ratio panel data model comparison

Office scale and Office scale and
Office scale effect office area office class Office level effect
Median error ratio 1.001 1.000 1.003 0.995
Pseudo R? 74.46% 74.72% 74.75% 80.75%
(0D 13.50 13.46 13.41 1271
Regressivity 1.034 1.033 1.034 1.039

Figure B1. Panel expense ratio regression model—Office level effects

Summary Statistics
(Sample size = 4048)
Median error ratio 0.9947
Pseudo R? 80.75%
oD 12.71
Regressivity 1.03913

Model
In(expratio,) = b, + bIn(Office Area,)
+ bIn(Office Class,) + bIn(CPI Rate,)
+In(a, + a altage, + a,offratio,

+ a,retratio, + a,vesratio, + abldfrt,
+agstory,) +e,

a0i=d0 7

Dependent variable: In(Expense Ratio)

Parameter | Standard

Variable | estimate | error |t-value|Pr> |t
Intercept 0.01840 | 0.004933 | 3.73 | 0.0002
Office Area | —0.01471 | 0.014530 [ —1.01 | 0.3113
Office Class |  0.02245 | 0.016460 | 1.36 | 0.1726
(P[_Rate |—1.55960 | 0.146700 |—10.63 | <.0001
Mean 0.32200 | 0.010260 | 31.39 | <.0001
Base (d))

altage 0.00009 | 0.000078 | 1.16 | 0.2470
offratio | —0.02898 | 0.005976 | —4.85 | <.0001
retratio —0.12490 | 0.021310 | —5.86 | <.0001
resratio | —0.05446 | 0.040560 | —1.34 | 0.17%4
bldfrt 9.36E-06] 0.000011| 0.85 | 0.3945
story 0.001218] 0.000235| 5.19 | <.0001

Distribution of Estimates of 4, .and t-values that Test Whether Difference from Mean d_ is Significant

25th 50th 75th
Variable | Number | Minimum | percentile | percentile | percentile | Maximum Mean
a, 1012 0.1659 0.2800 0.3207 0.3608 0.5027 0.3220
t-value 1012 —5.3885 —1.4593 —0.0448 1.3545 6.3223 0.0014
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Appendix B (continued)

Figure B2. Panel expense regression—Pooled

Summary Statistics Model
(Sample size = 4048) In(exppsf,) = g, + gIn( exﬁﬁtioi,)
Median error ratio 0.99836 + gIn(inepsf,) + €,
Pseudo R? 88.84%
oD 13.89
Regressivity 1.03459

Dependent variable: In(Expense Per Square Foot)

Variable

Parameter
estimate

Standard
error

t-value| Pr> ||

Intercept

0.2416

0.029650

8.15 | <.0001

Pred_expratio

1.2286

0.015240

80.62 | <.0001

Pred_incpsf

1.0092

0.008057

125.26 | <.0001
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Figure B3. Panel expense regression—Time-varying coefficients

Summary Statistics
(Sample size = 4048)
Median error ratio 0.9926
Pseudo R 90.80%
(0D 13.01
Regressivity 1.0294

Dependent variable: In(Expense Per Square Foot)

Parameter | Standard
Variable | estimate | error |t-value|Pr>|f|
Intercept 0.2529 | 0.14850 | 1.70 | 0.1872
Pred_expratio | 1.2341 ] 0.10060 | 12.27 | 0.0012
Pred_incpsf | 1.0075 | 0.02141 | 47.05 | <.0001

Model
In(exppsf,) = g, + g In(expratio,)

+ g In(inepsf) + €,

&= Jo+ Yo,
& =htV,
& =Syt Yy,

Tests of Time-varying Coefficients (t-value tests of Voer Var yn)

Effect Period Estimate Std Err t-value Pr>|t
Intercept 2010 —0.207800 0.15240 -1.36 0.1729
Pred_expratio 2010 0.006422 0.10250 0.06 0.9500
Pred_incpsf 2010 0.040700 0.02332 1.74 0.0811
Intercept 201 0.424700 0.15270 2.78 0.0054
Pred_expratio 2011 0.247400 0.10250 241 0.0158
Pred_incpsf 201 —0.006560 0.02336 —0.28 0.7789
Intercept 2012 —0.099110 0.15290 —0.65 0.5168
Pred_expratio 2012 —0.019030 0.10250 -0.19 0.8527
Pred_incpsf 2012 0.014360 0.02338 0.61 0.5392
Intercept 2013 —0.117800 0.15320 —0.77 0.4418
Pred_expratio 2013 —0.234800 0.10240 -2.29 0.0220
Pred_incpsf 2013 —0.048490 0.02345 =207 0.0387
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Appendix B. (continued)

Figure B4. Predicted and actual income and expense for 2013 filers

25th 50th 75th
Variable Number Minimum percentile | percentile | percentile Maximum  Mean
Actual Income PSF 1012 $9.93 $35.79 $45.84 $60.94  $269.84 $50.85
Predicted Income PSF 1012 $16.60 $36.27 $45.53 $60.08  $241.20 $50.73
Actual Expense PSF 1012 $2.82  $1033 | $1354 | 91725 %5778 %1419
Predicted Expense PSF 1012 $4.34 $10.37 $13.33 $17.00 $46.93 $14.03
Pred NOI PSF 1012 $10.44 $25.03 $32.30 $4413  $194.26 $36.70
Actual NOI PSF 1012 $5.83 $24.44 $31.85 $44.00  $212.06 $36.66
Income PSF 2013
Summary Statistics
Median error ratio 1.002
Pseudo R? 96.90%
(0D 6.58
Regressivity 1.011
™
Actual
Expense PSF 2013
Summary Statistics
Median error ratio 0.991
Pseudo R2 89.54%
(0D 12.70
Regressivity 1.027
Predicted
0
0
% v e
% +
: ] 10 n » 0 0 L]
Actual
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Appenidix C. Results of Hold-out Sample Test
of Nonfiler Model Methodology

Figure C1. Latent effect models—Hold-out sample estimates

Income PSF
Summary Statistics
(Sample size = 254)

Median error ratio 1.0117
Pseudo R? 66.00%
0D 26.23

Regressivity 1.1033

Spatial Distribution of Latent Effect Estimate

latent effect
N
T

417659

139964

437N
1008043
" 998776
415426 xcoord
56111 989510
235844 )
yeoord 215578 .
980243

195311

Actual and Predicted Income PSF

5th 25th 50th 75th 95th

Variable Number | percentile | percentile | percentile | percentile | percentile| Mean
Actual Income PSF 254 $25.80 | §35.54 | $47.20 [ $59.81 $89.20 $51.05
Predicted Income PSF | 254 $3242 | $40.59 | $47.17 [ $56.62 | $76.70 $50.13

(figure continued on next page)
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Appendix C (continued)

Figure C1. Latent effect models—Hold-out sample estimates (continued)

Expense Ratio
Summary Statistics
(Sample size = 254)
Median error ratio 0.9941
Pseudo R? 52.02%
(0D 17.67
Regressivity 1.0511
_ Spatial Distribution of Latent Effect Estimate
latent effect
7
0.05018 -
-0.05526
-0.1607
1008043
98776
-0.2681 xcoord
256111 = 989510
235844 i
ycoord 215578
195311 980243
Actual and Predicted Expense Ratios
5th 25th 50th 75th 95th
Variable Number| percentile | percentile | percentile | percentile | percentile| Mean
Actual Expense Ratios 254 17.30% | 25.71% | 29.38% | 33.00% | 38.29% | 28.82%
Predicted Expense Ratios 254 24.10% | 27.18% | 29.28% | 31.02% | 33.90% [ 29.14%
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Figure C1. Latent effect models—Hold-out sample estimates (continued)

Expense PSF
Summary Statistics
(Sample size = 254)

Median error ratio 1.0205
Pseudo R? 67.09%
(0D 25.36
Regressivity 1.0979

Actual Expense PSF and Predicted Estimates
Predicted -, .

20 * + + b.o

Actual

Actual and Predicted Expense PSF

40

5th 25th 50th 75th 95th
Variable Number| percentile | percentile | percentile | percentile | percentile

Mean

Actual Expense PSF 254 $6.63 $9.59 $13.54 $18.08 $23.78

$14.25

Predicted Expense PSF 254 $9.90 $11.57 | $13.01 $1613 | $22.23

$14.18
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Appendix C (continued)

Table C1. Hold-out sample estimates—Model comparison with and without latent effects
(Hold-out sample size = 254)

Income
Without latent effects With latent effects
Median error ratio 1.0136 1.0117
Pseudo R? 53.46% 66.00%
(0D 27.70 26.23
Regressivity 1.1109 1.1033
Expense Ratio
Without latent effects With latent effects
Median error ratio 0.9975 0.9941
Pseudo R? 26.53% 52.02%
(0D 20.08 17.67
Regressivity 1.0568 1.0511
Expense
Without latent effects With latent effects
Median error ratio 0.9889 1.0205
Pseudo R? 55.21% 67.09%
(0D 31.91 25.36
Regressivity 1.1390 1.0979
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