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Abstract

In this article, we combine a random effects model with
different machine learning algorithms via an iterative
process when predicting commercial real estate asset
values. Using both random effects and machine learning
allows us to combine the strengths of both approaches.
The random effects will be used to estimate a common
trend, property type trends, location value, and property
random effects for properties that sold more than once.
The machine learning algorithm will fit the observed
characteristics (features) in a complex nonlinear fash-
ion. The model is applied to a small sample of 2652
transactions in Phoenix (AZ) between 2001 and 2021.
We only observe a limited number of property char-
acteristics. The average out-of-sample MAPE is below
11%, which is as good or even better compared to the
average appraisal error found in literature. The out-of-
sample MAPE is even 9% for properties that sold more
than once in the training set. In addition, our model pro-
vides indexes and locational heatmaps. These have their
own uses and cannot be obtained with standard machine
learning algorithms.
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1 | INTRODUCTION

This article focuses on the estimation (out-of-sample prediction) of property prices in the com-
mercial real estate (CRE) asset market. We do so by combining two cultures of statistical modeling
(Breiman, 2001): Statistical models using stochastic data models (econometric models, like linear
regression) and algorithmic models (machine learning). Machine Learning (ML) algorithms have
become easier to use due to recent developments in both soft- and hardware' and can describe
complex nonlinear relations including interaction effects between explanatory variables. Unlike
standard ML algorithms, econometric models can explicitly control for spatial and temporal
correlations and unobserved heterogeneity.

The main contribution of the article is providing ways to combine the two approaches, either
in one go or in an iterative way, depending on the ML algorithm used. This allows us to combine
the strengths of both ML and econometrics. In our application of CRE price modeling, this means
that we can use a flexible and nonlinear function for property characteristics (ML part) while
obtaining estimates of location values (heatmaps) and price indexes (econometric part).

ML algorithms have become popular and helpful tools for classification, clustering, pattern
recognition, and prediction in many different disciplines (Abiodun et al., 2018), including real
estate (Deppner & Cajias, 2022; Deppner et al., 2023; Kok et al., 2017; Lorenz et al., 2023; Peterson
& Flanagan, 2009. One of the key differences between supervised ML algorithms (which predict
one or more target variables, for example, a transaction price) with econometric models, lies in the
model structure. Econometric models require a priori assumptions on the Data Generating Pro-
cess (DGP), formulated by the econometrician: The specification of the appropriate functional
form, including transformations of variables and potential interaction effects, and distributional
assumptions on the error term. Conditional on the DGP one can obtain, among others, estimates
and credible intervals of the unknown model parameters. Moreover, it is possible to test the valid-
ity of the assumptions made afterward. Unlike econometric models, most ML algorithms like
neural networks, support vector machines, and regression trees determine the model’s structure
and parameter values simultaneously (Athey, 2018), avoiding the specification of the DGP. They
are less rigid compared to standard econometric models like linear regression, providing nonlin-
ear relations and interaction effects between variables. The goal of most ML algorithms is the
“best” out-of-sample prediction accuracy, whereas the focus of econometric values is mostly on
(causal) inference on the unknown model parameters (Mullainathan & Spiess, 2017). One of the
main advantages is that ML algorithms can easily outperform simple econometric models in terms
of out-of-sample prediction precision. Not surprisingly, ML algorithms have been proposed for the
appraisal of residential asset and rental values (see among others, Chiarazzo et al., 2014; Deppner
& Cajias, 2022; Nghiep & Al, 2001; Worzala et al., 1995).

However, ML algorithms have some serious drawbacks. It is well known that they are hun-
gry for data, both in terms of number of observations and features, and in many applications,
these are not available. Moreover, most algorithms implicitly assume identically and indepen-
dently distributed error terms (Varian, 2014). Spatial and temporal data, for example, violate this
assumption (Pace & Hayunga, 2020). Finally, ML algorithms lack explainability of the predictions

! As a point of reference, the “caret” package in R comes with 238 different preinstalled ML tools, which one can run
within the same environment; see: https://topepo.github.io/caret/available-models.html. (Consulted on Nov. 15, 2023.)
The package is optimized to run the code on parallel (CPU) cores. New developments in Python (Pandas) even allow
ML software to run on parallel GPU cores, decreasing computation time even further, without specialized knowledge in
CUDA.
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(Mullainathan & Spiess, 2017) due to their complex structure that varies for each repeated cali-
bration of the algorithm. Despite the substantial body of literature on interpretable ML (Arrieta
et al., 2020; Lorenz et al., 2023; Molnar, 2019), there is still a large gap with econometrics in terms
of complexity and standardization of methods.

CRE and other illiquid markets, like smaller housing markets, are characterized by a small
number of sales. To compensate for these low counts, long sample periods are often used. More-
over, in many practical applications, only a limited number of observed characteristics is available,
so there is considerable unobserved heterogeneity for the econometrician. Finally, real estate is
characterized by the importance of spatial location (Francke & Van de Minne, 2021). Because of
the small number of observations and characteristics, the unobserved heterogeneity, and the tem-
poral and spatial dependence of the data, there are few applications of ML in CRE property price
(index) models. Exceptions include Calainho et al. (2022), Kok et al. (2017), and Deppner et al.
(2023). Kok et al. (2017) develop an automated valuation model focusing only on the largest metro
area in their data (Los Angeles) and employing a small sample period, from 2011 to 2016. More-
over, they manually collect a large set of additional variables about local amenities to deal with
the spatial dependence. Consequently, it is difficult to generalize such a methodology to other
cities or illiquid markets. Calainho et al. (2022) use ML algorithms for the construction of CRE
property price indexes. They calibrate ML algorithms period-by-period and calculate price indexes
in a Paasche setup. However, this approach requires a large amount of observations per period.
Finally, Deppner et al. (2023) use ML algorithms to calibrate appraisal errors, the log difference
between sale price and appraisal value per square foot, for different CRE property types, using
feature importance techniques to analyze which factors contribute to appraisal errors. They use
properties included in the NCREIF Property Index between 1997 and 2021.

In this article, we combine machine learning and econometrics to model CRE property prices,
and construct price indexes and heat maps. The joint model for sale prices consists of five com-
ponents: (1) a common trend; (2) a property type trend; (3) a spatial component; (4) a property
random effect for unobserved heterogeneity; and (5) a property characteristics component. We
assume a DGP for the first four components. When the fifth component is modeled by, say, a lin-
ear function, one has a fully specified, econometric model. This model is closely related to the
one in Francke and Van de Minne (2021). The common and property type trends are specified
as random walks; however, more complex trend structures can be easily incorporated. From the
common and property type trends, one easily obtains constant quality price indexes (conditional
on the observed property characteristics). The spatial component is modeled by a Besag model
(Besag & Kooperberg, 1995). From these spatial random effects, one can derive “constant quality”
heat maps. Note that the Besag random effects can be replaced by an alternative spatial model.
The fourth component represents unobserved heterogeneity specified by property random effects.
These are in specific useful, in terms of out-of-sample prediction accuracy, for properties that are
sold more than once (Francke & Van de Minne, 2021).

In our mixed econometric machine learning approach, we replace the linear function for the
property characteristics component (the fifth component) by a neural network, allowing for non-
linear relations and interaction effects. One advantage of using a parametric ML algorithm such
as aneural network is that the joint model can still be estimated using for example Bayesian meth-
ods, so parameter estimates, and credible intervals are readily available. This is not possible for
nonparametric ML algorithms, especially tree-based ones.? Therefore, we also apply an iterative
approach, inspired by Ceyhan (2017). First, we estimate the joint model with a linear function

2 Regression trees and random forests are arguably the most famous ones that fall within this category.
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for the property characteristics component. Second, we take the ML “residual” as the observed
value minus the estimates of components 1 to 4 and calibrate a ML algorithm. Third, we take
the DGP “residual” as the observed value minus the prediction of component 5, and estimate
the econometric model, consisting of components 1 to 4. We repeat these steps until convergence
occurs.

To illustrate our newly proposed methodology, we utilize data provided to us by MSCI/Real
Capital Analytics. The data contains transaction prices of 2600 CRE properties between 2001 and
2021 in Phoenix, AZ. Other than transaction prices, we also observe the net operating income
(in the year leading up to the sale), the property size, quarter of sale, the age of the building,
its walk score, the exact location (latitude/longitude), and a unique property identifier. We run
(1) a basic neural network and (2) a random effects hedonic price model, inspired by Francke
and Van de Minne (2021). Both these models provide us with a baseline to compare the perfor-
mance of our “mixed” models with. Subsequently we run (3) a fully specified Bayesian model
which combines the neural network with the random effects hedonic price model in one, and
finally (4) the proposed iterative approach. We perceive this final model as our main contri-
bution to existing literature. The full Bayesian estimation was approximately 400 times slower
during our test and cannot be generalized to (most) other machine learning algorithms. To stress
this latter point we therefore also replace the neural network in our algorithmic approach with
a Support Vector Machine, Gradient Boosting Machine, and a Regression Tree, as a robustness
test.

We employ 10 K-folding to measure the out-of-sample fit. We find that the neural network
has an out-of-sample mean absolute prediction error (MAPE) of 14% compared to a MAPE of
15% for the random effects hedonic price model. The combined model has a MAPE of 11%, an
improvement on the neural network and the random effects hedonic price model by 22% and
26%, respectively. For properties that were sold more than once in the training sample, the MAPE
reduces further to just 9%, which is below the average appraisal error in the United States found
in previous literature (Cannon & Cole, 2011; Fisher et al., 1999). Moreover, if we omit key variables
(net operating income and walk score), the MAPE does not deteriorate much for properties that
were sold more than once. The differences in results between the full Bayesian estimation and
our proposed iterative approach are negligible. Both have an out-of-sample MAPE of 11%, and
the correlation between the fitted values is 1.00. Adding spatiotemporal features to a basic neural
network helps improve its fit, but our mixed model approach is still superior by far. Using other
ML algorithms does not change the fit erratically and can therefore be used as well. These results
are very encouraging, as we only lay out the basic principle of mixing machine learning with
econometric models. We are not optimizing the fit per se, and future research should be able to
improve on this quite considerably.

As noted earlier, other than improving the out-of-sample fit of ML algorithms, our proposed
methodology can be used to compile price indexes and heatmaps of location values. Indexes have
their own use—separate from appraising property values—as they can be used as input in fore-
casting models of real estate returns (a crucial input for pro formas, Van de Minne et al., 2022),
giving a sense of what the current mood is in the real estate market, and as a future tool for deriva-
tive trading (Deng & Quigley, 2008). Even though it is hard to measure the “fit” of an index (Guo
et al., 2014; Van de Minne et al., 2020), the estimated indexes look very promising and do not
deviate much from the indexes estimated from the random effects hedonic price model.

This article provides a straightforward framework to combine machine learning algorithms
with more standard econometric models, while keeping the strengths of both. As such, this article
fits in the literature of automated valuation models in CRE (Kok et al., 2017), although it can easily
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be extended to other types of illiquid assets. Given that our method produces indexes, our research
also relates to the small field that studies real estate indexing using ML (Calainho et al., 2022). The
article also fits in the growing field of Bayesian(-like) model estimation for real estate, where fixed
effects are replaced by random effects (Bollerslev et al., 2016; Francke, 2010). These models have
the benefit of being able to fit quite well on smaller and/or higher frequency samples, a weakness
of ML algorithms in general. Finally, this article adds to the more general discussion on which
type of statistical modeling is preferred, and when: Stochastic data models versus algorithmic
modeling (Breiman, 2001).

This article is structured as follows. We start Section 2 with describing the standard neural
network, and the random effects hedonic price model, which will both be used a baseline for the
other models. After this, the full Bayesian estimation and the iterative approach is discussed. In
Section 3, we give a description of the data, followed by the results in Section 4. Finally, Section 6
concludes.

2 | METHODOLOGY
2.1 | Baseline neural network (NN)

The term “neural network” has its origins in attempts to find mathematical representations
of information processing biological systems (McCulloch & Pitts, 1943; Rumelhart et al., 1986;
Widrow & Hoff, 1960). Even though the biological realism is debatable (Bishop & Nasrabadi,
2006), neural networks have been applied successfully to a variety of different disciplines. Abio-
dun et al. (2018) survey many applications of neural network techniques in various disciplines
which include computing, science, engineering, medicine, environmental, agriculture, mining,
technology, climate, business, arts, and nanotechnology. Throughout this article, we employ a
single-layer feed-forward network. Such models are represented by the following equations:

yi=f"N(x)+e, € NN(O,O'?), (1a)
M
SN )=+ Y, S (ami) Ams (1b)
m=1

K
i = Wi, mXik + Do,m> (lc)

k=1

-1

f (am,i) = (1 + €Xp (_am,i)) ’ (ld)
where y; is the dependent variable (log sale price) for individual transaction i =1, ..., N. The

error term € is assumed to be independently normally distributed with mean zero and standard
deviation o.. The functional form of the neural network is given by Equation (1b). We have M
hidden nodes f(a,,;) in our single layer, with corresponding coefficients 1,,, and 4 is a constant.
The quantities a,, ; in Equation (1c), known as activations, are a linear function of the explanatory
variables x; , with weights wy ,,, and a bias w, ,,. The activations are transformed by a differen-
tiable, nonlinear activation function, in our case a sigmoid; see Equation (1d), with values between
0 and 1. Such models can be calibrated by a variety of methods. For our baseline neural network,
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we use an iterative backpropagation algorithm, as detailed in Bishop and Nasrabadi (2006), which
is readily available in R (Glinther Fritsch, 2010) and other software packages.

A few observations are in order here. First, because of the sigmoid transformation, it is recom-
mended to normalize or scale the variables. If a variable has a large (positive of negative) value, it
decreases the variability in f. In our article, we log transform our variables and subtract the mean
of the log of said variable. This makes it easier to interpret the results (compared to normalizing),
especially when estimating indexes. Second, how many nodes M should one use? In principle, one
can try multiple nodes, and compare the in-sample MAPE. In our case, due to the large amount
of models we already have to estimate, this is not feasible. Instead, we use the rule-of-thumb, that
the number of nodes should be approximately M = K X 2 + 1. We also limit ourselves to one hidden
layer only. Finally, the issue of multimodality persists, even though the system is identified (Yao
et al., 2018). In practice, this means that you can achieve different parameter estimates, depend-
ing on the starting values. We solve this by rerunning the model multiple times (seven in our
case)® with different starting values and picking the starting values which resulted in the lowest
(in-sample) MAPE.

2.2 | Random effects model (REM)

Our random effects model is based on Francke and Van de Minne (2021) (FM henceforward).
The FM is a hedonic price model with several components, including (1) a trend component,
(2) a spatial component, and (3) property specific random effects. We also include sub trends for
property types, as was done earlier for residential real estate (Francke & Vos, 2004) in a hedonic
price model and for CRE in a repeat sales model by Francke and van de Minne (2017).

The model is given by

Yiep = X[ B+ e + 8y + 0+ ¢ +ei, €~ N(0,07), (2a)
My "’N(ﬂt—l,ai)’ U =1 =0, (2b)
5t,p ~ N (6[—1,[)’ O’g) ) 51 =1,p = 05 (2C)

I
6:16_;,07 ~ < Y wighys ) Z : (2d)

qu
¢~ N (0, O'g¢>, (2e)

where y are the log sale prices of individual transactions i of property type p in quarter ¢ (in devi-
ation from the mean to keep it comparable with the baseline neural network). The covariates
are given by x with corresponding parameter vector 8 and include among others a constant and
dummy variables per property type. The error term ¢ is assumed to be independently normally
distributed with mean zero and standard deviation o..

3We ran this model on a laptop with 8 cores. Hence, we run seven neural networks with different starting values on 8 cores
in parallel. Having more starting values can increase the fit even further. We fixed the seed (12345) to ensure reproducibility.
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The common trend is provided by y;, specified as a random walk; see Equation (2b). The prop-
erty type subtrends, in deviation from the common trend, are also specified as random walks; see
Equation (2c¢). We assume that the standard deviation parameter oy is shared by all property type
trends. Note that 4, —; = 0 and &, _; , = O for identification purposes, as a constant and property
fixed effects have already been included in the covariates x.

The spatial random effects component 6 is specified as an improper intrinsic conditional
autoregressive (ICAR) model (Besag, 1974; Besag & Kooperberg, 1995; Besag et al., 1991): A set
of conditional distributions of one spatial unit 8; given all other units 6_;; see Equation (2d). Let
w;, denote a symmetric proximity measure for properties i and g. It is nonnegative when i# q and
0 otherwise. In our application, we use w;, = 1 if the distance between the properties is smaller
than a predefined threshold, and 0 otherwise. Let Q; denote all m; neighbors of property i, all
properties g for which it holds that w;, # 0. As a result, the expected value of the spatial random
effect 6; will be the average of the spatial random effect of property i’s neighboring properties.*
The precision is higher if there are more neighboring properties. We impose that the sum of the
spatial random effects has to equal zero for identification purposes: Zf: 6= 0.

Finally, individual property random effects ¢ are given by Equation (2e). Conditional on the
standard deviations (o, o), it is possible to estimate (¢, ¢), also for properties that have only been
sold once. In order to estimate (o, 04) in absence of prior information, it is necessary to have some
repeat sales for some properties (multiple sales of the same property). Francke and Van de Minne
(2021) show that the out-of-sample prediction accuracy is much higher for properties that have at
least one sale in the training set. We estimate Equations (2a)-(2¢) with Integrated Nested Laplace
Approximation (INLA) due to its computation speed (Rue et al., 2009).

2.3 | Full Bayesian representation of the neural network and random
effects model (fNNREM)

In this section, we combine the random effects model with a neural network. To do so, in Equa-
tion (2a), we replace the linear term x/ . B by the neural network by the neural network f NN (xiep),
giving:

Yiep = NN (Xiep) + Mo +8p +6; + i +€11p, €~ N (0,07). 3)

The components (u, 6, 6, ¢) are given by Equations (2b)-(2e). The specification of the neural net
component fNV (xitp) is given by Equations (1b)-(1d). Because model (3) is a mix of an algorithmic
(neural network) and a statistical (random effects model) model, it cannot be estimated by back-
propagation (for neural networks) or INLA (for models that can be expressed as Gaussian Markov
Random Fields). Instead, we will use the No-U-Turn-Sampler (Hoffman & Gelman, 2014), with
mostly uninformative priors (Gelman, 2006).

For identification purposes, we impose the following two constraints on our hidden nodes.
First, we have an ordering constraint on our biases in Equation (1c), where wg ; <@ 5 - - - <@g k-
Our second constraint is that the sum of the coefficients within a node (excluding the bias) has to
equal zero. As with the baseline neural network, the issue of multimodality still persists even with

4We chose a distance of 800 m as a threshold. In other words, if a property is within 800 m of another property (about half
a mile) they are considered “neighbors.” With this distance, at least 90% of the observations have at least 1 “neighbor.”
This is inline with Francke and Van de Minne (2021).
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such constraints; see Yao et al. (2018). We therefore use the same principle as with our baseline
neural network and estimate the model seven times with different starting values and pick the
one with the lowest in-sample MAPE.”

To ensure that the code is efficient and as fast as possible, we employed multiple “tricks.” Most
of these have to do with variable transformations and vectorization of the code. However, it is
out of the scope of this article to detail how we exactly achieved this. For full transparency, we
therefore provide the Stan code in the Appendix A.°

2.4 | Iterative approach combining ML and random effects model
(iNNREM)

Combining a fully specified stochastic data model, as in Equation (2), with a ML algorithm is
generally not possible. Most ML algorithms cannot be formulated in an explicit functional form,
as is the case for a neural network, and therefore cannot be estimated by likelihood-based meth-
ods. And if one can, estimating such a combined model requires a lot of computing power.” We
therefore propose the following iterative estimation approach as specified in algorithm 1.

Algorithm 1 Iterative approach for ML algorithm with random effects models iNNREM)

0. Initialize: Estimate REM (Equation 2) including linear term x ,6‘ using INLA:

- Compute model prediction and corresponding MAPE(®;

- Set MAPE(V to a large number;

while | MAPEY) — MAPEU™ | <edo

1. Train: ML algorithm on {y;,, — & — 5/;, — §l - $i, X;;p}, Where the hats indicate estimates
from REM. This gives the predictions from the ML algorithm: @ );

- Compute y; = Yiep — f(Xiep);

2. Estimate: REM (Equation 2) without linear term xlf tpﬁ with dependent variable yi”;p by
INLA;

- Compute model predictions and corresponding MAPEY);

end while

We first initialize the model using our baseline random effect model as provided by Equation
(2), which is computationally efficient estimated by INLA. Subsequently, we compute its MAPE
(Step 0). Next, we adjust the prices by subtracting the estimates from the random effects model,
apart from the linear term xl.’tpﬁ . This is equal to the residual plus x{tpﬁ. We can now use any

3 It should be noted here that Yao et al. (2018) propose a different technique. They propose to estimate the Bayesian neural
network with different starting values (similar as before), but subsequently weigh the estimated parameters by the log
density of the posteriors. However, we use the more straightforward method of picking one chain based on the in-sample
fit as it is more comparable with the approach used for the baseline Neural Network.

6 Stan is a compiler that can run such Bayesian code in R or Python; see Hoffman and Gelman (2014).

7Tt is for example possible to estimate decision trees using a Gibbs sampler using Dirichlet distributions. This will require
even more computing power (Hoffman & Gelman, 2014). Even in our application, it took a week to estimate the full
Bayesian model described in Section 2.3, whereas the proposed iterative procedure in this section takes about 30 min-
utes. To be more precise, it takes approximately 20 hours to estimate onefold within Stan, and we estimate 10-folds; see
Section 2.5.
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ML algorithm to increase the fit of the model using the adjusted prices and the covariates in x
(Step 1). For the main results, we will focus on neural networks, as provided by Equation (1),
but in the robustness section, we will also experiment with other ML algorithms. Subsequently,
we subtract the predicted values by the ML algorithm from the transaction prices, giving y*.
Now we can re-estimate (using INLA) the random effects model, this time without the linear
term xl.’ [pﬁ, on the dependent variable y* (Step 2). We compute its MAPE, and until the change
in the MAPE is smaller than some threshold ¢, we repeat Steps 1 and 2. In this article, we set
€ =0.001.

Note that one can use another fit measure as convergence statistic, like Root Mean Square
Error (RMSE). Further note that it is not required that the MAPE improves every step, MAPE()
< MAPEU=D_ 1t is only required that the absolute difference is smaller than a threshold. Theo-
retically, there is no guarantee for this highly nonlinear model that this iterative method leads
to a global optimum (but that also applies to the standard calibration of ML algorithms). So, it
may happen that a local rather than a global optimum is found. In other words, there could in
theory be even better performing models than the ones found. We do not consider this a prob-
lem. The iterative approach already leads to a substantial improvement over both the baseline
neural network and the random effects model. Moreover, in order to increase the likelihood of
finding a global optimum, we run the algorithms with different starting values. Finally, we do
compare our results from the iterative approach to the ones from the full Bayesian estimation
of the neural network and random effects model, and see that results are very close to each
other.

2.5 | K-folding and index range over the folds

In order to measure out-of-sample fit we employ 10 K-folding. More specifically, we randomly
select 10% of the data and omit these observations when training the model. The omitted data is
also referred to as the test data. The 90% of the data we keep for training the models is typically
referred to as the training data. The estimated parameters from the training set are subsequently
used to predict the (log) prices of the test data. The predicted values from the test set are used to
calculate the out-of-sample MAPE and is reported throughout this article. We redo this analysis
10 times, where the test set is unique at each draw. As such, we get an out-of-sample MAPE for
every transaction in the data exactly once. The out-of-sample MAPE will give us a good sense of
how well the model can predict values of properties not (yet) sold.

Second, we want to measure the quality of the estimated indexes. Extant literature has estab-
lished that testing for index “fit” is hard, if not impossible (Clapham et al., 2006; Clapp &
Giaccotto, 1999; Guo et al., 2014; Van de Minne et al., 2020). The core of the issue being that
we do not know the “true” index, and as such cannot calculate residuals and subsequent
fit.

To still get a sense of the quality of the index, we look at the range of estimated index values
(ﬂ; =i + 5/;,) over the 10-folds. More specifically, for every period ¢ we first take the range in
(log) index per property type—or: max(ﬂ;)—min@;)—and subsequently take an average over all
t. This exercise gives us an idea of how stable the estimates are. Indexes are at their most useful
if they do not revise whenever new data is added (Van de Minne et al., 2020). Economic models
of mortgage prepayment and default, measures of (national) wealth, the total value of collateral
behind a portfolio of mortgage loans, real estate derivatives, among many other applications, are
all informed by real estate indexes subject to unwanted, but substantial revisions.
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TABLE 1 Descriptive statistics of our main variables.

Statistic N Mean St. Dev. Min Max
Sales price 2652 $17,702,190 $21,448,988 $787,000 $280,000,000
NOI (p. sqft) 2652 $11.309 $8.837 $1.239 $115.914
Building size (sqft) 2652 129,127 132,461 2000 1,366,600
Age of building 2652 19.627 13.572 1 78
Walk score 2652 47.006 16.470 0 96
Property type count All Apartment Industrial Office Retail

2652 1174 263 484 731

Note: NOI: net operating income. Walk score is a number from 0 to 100, where 0 means not walkable, and 100 denotes very
walkable.

3 | DATA

Our data is provided to us by MSCI/Real Capital Analytics and captures approximately 90% of all
commercial property transactions in the United States over $2.5 million. The data provider has
at least two independent sources confirming the transaction prices, resulting in a high-quality
database. In total, our database contains 2652 prefiltered transactions for Phoenix (AZ) for which
we have all necessary explanatory variables, for the period 2001-2021. As a result, we observe
130 transactions per year on average. Other than transaction prices and the quarter of sale, our
data contains the net operating income (NOI) per square foot of building in the year prior to
the sale,® property type (apartment/industrial/office/retail), the age and size of the structure (in
square feet), latitude and longitude, a unique property identifier, and finally the walk score (with
zero being not walkable, and 100 being very walkable). The average transaction price is about $17.7
million; the average net operating income per square foot is approximately $11. Combined with
an average structure size of about 130,000 square feet, this results in a total yearly net operating
income of almost $1.5 M at the time of sale. The average walk score is 47, and the average age is 20
years. Most properties are designated apartment (44% of transactions), followed by retail (27%),
office (18%), and finally industrial (10%) properties (Table 1).

Figure 1 gives a map of the city of Phoenix and the location of our transactions (red dots). We
just focus on the city on the map for readability, but our transaction data contains the entirety of
the metro area. As such, Figure 1 only represents approximately 70% of our transactions. Phoenix
(AZ)is a unique city, as there is no clear center. Indeed, the black square (representing highways)
in the middle of Figure 1 is typically seen as the central business district, however, relatively little
transactions took place there. Phoenix has been characterized by rapid population growth, partly
fueled by little space and regulatory constraints for new development (Saiz, 2010). The little supply
constraints means that new development at the boundary of the city is often cheaper than increas-
ing the city’s density whenever there is a demand shock. As a result, Phoenix’s commercial real
estate is more “spread out,” akin to cities like Houston and Dallas.’

8 Net operating income is defined as the total rental income and other type of income of the property, minus operating
expenses. Operating expenses include property tax, utilities, regular maintenance, and management fees.

9 Interestingly, in June 2023, Arizona determined that there is not enough groundwater for all of the development that has
already been approved in the Phoenix area and will stop developers from building some new subdivisions. This is likely a
start of more stringent supply constraints going forward in Phoenix. However, our data ends before this pivotal decision
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Phoenix

Arizena

FIGURE 1 Everyred dot represents a property sold in our data. There are also some transactions outside of
the city, but within the MSA, which we omitted in this Figure to conserve space and to make it more readable.
[Color figure can be viewed at wileyonlinelibrary.com]

4 | RESULTS
4.1 | Cross-sectional fit
Table 2 gives the main results for Phoenix. We provide the out-of-sample and in-sample statistics

(MAPE) for all our different specifications. The results for the index revisions can be found in
Figure 4.

was made by the state. See https://www.nytimes.com/2023/06/01/climate/arizona-phoenix-permits-housing-water.html
for more details.
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TABLE 2 Main results for Phoenix.

(€Y) ¢) 3 @

NN REM fNNREM iNNREM
MAPE, out of sample, all 0.139 0.147 0.111 0.109
MAPE, out of sample, k =0 0.142 0.157 0.111 0.114
MAPE, out of sample, k =1 0.136 0.138 0.113 0.106
MAPE, out of sample, k > 1 0.133 0.117 0.102 0.090
MAPE, in sample, all 0.127 0.095 0.104 0.079
Obs, all 2652 2652 2652 2652
Obs, k=0 1685 1694 1694 1694
Obs, k=1 659 647 647 647
Obs, k> 1 308 311 311 311

Note: NN = baseline neural network, as provided by Equations (1a)-(1d). REM = random effects model, as given by Equations (2a)-
(2e). fNNREM = full Bayesian representation of a neural network with random effects; see Equation (3). INNREM is an iterative
approach of combining random effects with neural networks, as shown in algorithm 1. MAPE = mean absolute prediction error.
Obs = number of observations. k gives the amount of times the (unique) property was sold in the training sample. We K-folded 10
times to get our out-of-sample statistics. The explanatory variables are net operating income (per square foot), walk score, size of
property, age, industrial (Dummy), retail (Dummy), and office (Dummy). The dependent variable is the log sale price minus the
average log sale price.

The standard neural network (NN) gives an average out-sample MAPE of 0.14, which is lower
compared to the baseline random effects model (REM) with a MAPE of 0.15. However, note that
the fit is equal between these two models for properties that were sold at least once in the training
data (k = 1), and even better (albeit modestly) for the REM when the property was sold more than
once (k > 1). As explained in Francke and Van de Minne (2021), this is mostly due to the property
level random effects that effectively control for most unobserved heterogeneity.

Similarly, note that the in-sample MAPE is considerably lower compared to the out-of-sample
MAPE for the REM model. (This is also the case for the iNNREM model described later.) More
specifically, the average out-of-sample MAPE is 0.147. In contrast, the average in-sample MAPE is
0.095, or 50% lower. This “overfitting” is mostly caused by the property random effects. Albeit it is
not completely fair to compare the out-of-sample and in-sample fit for such models. The reason
being that the training set is 9 times larger compared to the test set and, therefore, has a larger
probability of containing multiple sales of the same property. As explained earlier, the fit improves
drastically when a property sold multiple times. Note that the averages for the in-sample statistics
are provided over 90% of the data x 10-folds. The out-of-sample statistics are given over 10% of the
data x 10 (nonoverlapping) folds.

Next, we turn our attention to the fit of the mixed models (fNNREM and iNNREM). Both the
full Bayesian specification (fNNREM, column 3) and the iterative approach of mixing random
effects with the neural network (iNNREM, column 4) give an out-of-sample MAPE of 0.11 on
average, an approximate 20% decrease compared to the baseline models. Even with no similar
property in the training set (k = 0) do both mixed models outperform the REM model with more
than 1 similar property (k > 1) in the training set. A few things can be noted. First, the differ-
ences in fit between the full Bayesian specification and our iterative approach are negligible.
This is further buttressed by plotting the residuals and fit in a scatterplot; see Figure 2a and b,
respectively. The correlation between the residuals is 0.89 and between the fitted values 1.00. This
gives us confidence that our iterative approach gives similar results compared to the full Bayesian
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(a) Residuals (b) Fit

Residuals (fNNREM)
Fit (INNREM)

Residuals (iNNREM) Fit (INNREM)

FIGURE 2 Scatterplot of residuals and fit between the full Bayesian model (fNNREM) and our iterative
approach of mixing random effects models with neural networks (iNNREM).

specification. This is important as the iterative approach is faster to estimate and is easier to
generalize (i.e., use other ML algorithms). As a result, we will focus on this iterative approach
throughout this article, instead of providing similar statistics twice. Second, we find that the fit
is close to or even below (for properties that sold more than once) 10%. Previous literature found
that the average error of professional appraisers has been somewhere between 10% and 14%; see
Fisher et al. (1999) and Cannon and Cole (2011). Given that databases mature over time—meaning
more repeat sales—the overall model fit will improve even more in the future.

In Figure 3, we provide a “heatmap” of 6; (Equation 2d), which represents the property specific
locational premium/discount. The estimates are taken from the iNNREM model and are calcu-
lated by taking the average over all 10 K-folds. Our estimates show a clear pattern in clusterings of
locational values. For example, we find large discounts in the Southwest part of the provided map,
and the larger premia can be found in the Eastern part of downtown. The range is between approx-
imately —10% and +10%. This relatively low range on location premia has two causes. First, we
control for net operating income. Thus, the discount/premia reflect cap rates, which is only one
component of property values. Second, Phoenix is characterized by high supply elasticity (Saiz,
2010). Demand therefore more easily translates into new development, instead of higher prices.

4.2 | Indexes

In this section, we will discuss the resulting (log) price indexes per property type for the REM and
the INNREM. Note that the baseline neural network (NN) does not provide us with indexes, and
we leave out the results of the full Bayesian model (fNNREM), given how similar it behaves to the
iNNREM. These indexes are available upon request. We can plot an index and take the returns
by taking the average values of the relevant index over the 10 K-folds. Subsequently, we take the
range (max-min) per time period to get a sense of the stability of the estimated index. The indexes
(black line) and subsequent ranges (blue area) are visualized in Figure 4. The average returns and
range per property type and model is provided in Table 3.

The left column of Figure 4 gives the results for our baseline random effects model (REM),
whereas the right column gives the results for our iterative approach of combining neural
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FIGURE 3 Heatmap. Every red dot represents a property sold in our data. Darker red (green) color
represents higher (lower) value for our Besag spatial random effect (6; in Equation 2d). The estimates are taken
from the INNREM model and is the average over the 10 K-folds. [Color figure can be viewed at
wileyonlinelibrary.com]|
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FIGURE 4 Estimated subtrends.
REM: random effects model, iNNREM is
our iterative approach of combining
random effects models with neural
networks. [Color figure can be viewed at
wileyonlinelibrary.com]

Apartment, REM Apartment iNNREM

Industrial, REM Industrial, INNREM

Office, REM Office, INNREM

02
.

Retail, REM Retail, INNREM

networks with random effects models (iNNREM). The rows provide the results for the different
property types: apartment, industrial, office, and retail. Some correlation between the indexes (in
the returns) is expected. Especially because in our model we hold constant for the net operating
income. Thus, the indexes represent something close to the changes in (the inverse of the) cap
rates (Francke & Van de Minne, 2022). Cap rates are driven by investors that compete on a single
capital market. For example, lower interest rates are expected to lower cap rates for all property
types throughout the country.
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TABLE 3 Average index returns and range (in log levels) for Phoenix.

Returns Range

) €) 3 4)
Property type REM iNNREM REM iNNREM
Apartment 0.0346 0.0360 0.0235 0.0272
Industrial 0.0334 0.0283 0.0225 0.0337
Office 0.0339 0.0258 0.0236 0.0424
Retail 0.0335 0.0253 0.0230 0.0427

Note: REM = random effects model, as given by Equations (2a)-(2e). INNREM is an iterative approach of combining random
effects with neural networks, as shown in algorithm 1. The average returns are calculated by taking the average values over all the
K-folds. We multiply the returns by 4 to get annualized returns. The range is computed by taking the max value for every period
per property type and subtracting the minimum value. The reported numbers are the averages over these ranges per property type.
The explanatory variables are: net operating income (per square foot), walk score, size of property, age, industrial (Dummy), retail
(Dummy), and office (Dummy). The dependent variable is the log sale price minus the average log sale price.

However, the comovement between the property types for the REM specification is larger than
expected. In fact, all property types grew between 3.3% (industrial) and 3.5% (apartment) annually
between 2001 and 2021 (Table 3). This could be caused by the relative lack of observations, result-
ing in the variance parameter on the subtrends going toward zero. In contrast, the differences
between the property type indexes are larger for the iNNREM model. More specifically, retail
prices grew the least with an average of 2.5% per annum, whereas apartment prices increased the
most with 3.6% per annum. On the downside, it is also obvious from the get-go that the differ-
ences per K-fold are larger for the INNREM model compared to the baseline REM, meaning less
stable estimates. As shown in Table 3, the range is almost twice the size for office and retail for
the iNNREM model as compared to the REM model. Thus, on the one hand, our iterative model
results in more variation in the indexes (which is more desirable), but also in less stable estimates
(which is less desirable).

5 | ROBUSTNESS
5.1 | Results without net operating income and walk score

In Table 4, we present the same models, on the same dataset as in Section 4, but we purposefully
omit key variables: (1) net operating income and (2) the walk score. Thus, we only have the fol-
lowing features: size of the building (in square footage), log of age of the building, and dummies
for property type (industrial, retail, and office, where apartment is left out to avoid the dummy
trap).

The idea behind this exercise is twofold. First, it shows that random effects models are good at
explaining away unobserved heterogeneity and are less affected by dropping variables that have
a spatial and/or time component. Second, these variables are difficult to get by in many other
countries, asset types, or lower-level geographies. For example, MSCI/Real Capital Analytics (our
data provider, Section 3) observes net operating income during the time of sale for only about
a third of all transactions. Our data came prefiltered, and net operating income is an important
variable. This is fine in a larger market like Phoenix but may result in too little data in secondary
and tertiary cities. Other asset classes, like single family housing, will not have a net operating
income variable as well.
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TABLE 4 Results for Phoenix with reduced set of features.

(€Y (€) 3 @

NN REM fNNREM iNNREM
MAPE, out of sample, all 0.313 0.234 0.163 0.148
MAPE, out of sample, k =0 0.317 0.268 0.196 0.163
MAPE, out of sample, k =1 0.306 0.193 0.143 0.132
MAPE, out of sample, k > 1 0.302 0.132 0.101 0.100
MAPE, in sample, all 0.292 0.083 0.066 0.060
Obs, all 2652 2652 2652 2652
Obs, k=0 1685 1694 1694 1694
Obs, k=1 659 647 647 647
Obs, k> 1 308 311 311 311

Note: NN = baseline neural network, as provided by Equations (1a)-(1d). REM = random effects model, as given by Equations (2a)-
(2e). fNNREM = full Bayesian representation of a neural network with random effects; see Equation (3). INNREM is an iterative
approach of combining random effects with neural networks, as shown in algorithm 1. MAPE = mean absolute prediction error.
Obs = number of observations. k gives the amount of times the (unique) property was sold in the training sample. We K-folded 10
times to get our out-of-sample statistics. The explanatory variables are size of property, age, industrial (Dummy), retail (Dummy),
and office (Dummy).

In the first column (NN), we find that the fit decreases dramatically, from 0.14 in Table 2 to
0.31 in Table 4. In other words, the MAPE increased by approximately 130%. Our baseline ran-
dom effects model (REM) on the other hand deteriorates from 0.15 in Table 2 to 0.23 in Table 4,
or an increase of 60%. Even though this decrease is not as steep compared to the standard neu-
ral network in column 1, it is still substantial on its own. Looking at our iterative approach of
mixing random effects with neural networks (iNNREM)), the fit deteriorates on average with 36%,
as it goes from 0.11 in Table 2 to 0.15 in Table 4. However, what is more interesting, is that the fit
hardly deteriorates for properties that were sold more than once (k > 1). As noted earlier, databases
mature, and more repeat sales enter the data. This means that we can achieve the 10% MAPE even
when only using a small set of features. Also note that our baseline random effect model (REM)
gives a MAPE for properties that sold more than once (k > 1) of 0.132, or 32% higher compared
to the INNREM model. This indicates that even though we have very little features, the neural
network still improves fit compared to the linear representation in the REM. As before, there is
hardly any difference between the fully specified Bayesian model (fNNREM) in column 3, and
our iterative approach in the fourth column (iNNREM).

In Figure 5, we give a graphical representation of the Besag component of the INNREM model
with a reduced set of features. Compared to the same map on the full set of features in Figure 3,
the regions with premia and discounts largely coincide. This result indicates that in general there
is some sort of (negative) correlation between the net operating income and cap rates in Phoenix.
Properties with high net operating income also tend to have low cap rates. This in itself might
be driven by a risk channel, where a high net operating income property is perceived to be a
less risky investment. However, there is one large difference between the heatmaps (Figures 3-5),
namely, the range of possible values. Whereas on the full set of features, the range only went
from approximately —10% to +10%, the range of the Besag estimates on the reduced dataset goes
approximately from —40% to +20%. The spatial random effect effectively controls for the unob-
served heterogeneity created by leaving out the key variables. Both net operating income and walk
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FIGURE 5 Heatmap on reduced dataset. Every red dot represents a property sold in our data. Darker red
(green) color represents higher (lower) value for our Besag spatial random effect (6; in Equation 2d). The
estimates are taken from the INNREM model, and is the average over the 10 K-folds. [Color figure can be viewed
at wileyonlinelibrary.com|
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FIGURE 6 Estimated subtrends,
using subset of Features only. REM:
random effects model, INNREM is our
iterative approach of combining random
effects models with neural networks.
These models do not include net
operating income, nor walk score. [Color
figure can be viewed at

: - “ - . . - . . . wileyonlinelibrary.com|

Apartment, REM Apartment iNNREM

Industrial, REM Industrial, INNREM

Office, REM Office, INNREM

Retail, REM Retail, INNREM

score are spatially clustered. Hence, the performance does not deteriorate as much when such key
variables are omitted from the model.

Next, we will focus on the estimated property type subtrends. Note that in this case, we can
directly interpret the trends as price indexes now, as we are not controlling for net operating
income in this section. As such, you cannot directly compare the estimated log trends between
the reduced and the full set of data. We provide the indexes themselves in Figure 6 and a summary
of the average returns and ranges over the 10 K-folds in Table 5.
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TABLE 5 Average index returns and range (in log levels) for Phoenix, reduced set of data.

Returns Range

@ ) 3 4)
Property type REM iNNREM REM iNNREM
Apartment 0.0674 0.0672 0.0385 0.0385
Industrial 0.0372 0.0368 0.0620 0.0617
Office 0.0424 0.0407 0.0592 0.0654
Retail 0.0466 0.0435 0.0542 0.0634

Note: REM = random effects model, as given by Equations (2a)-(2e). INNREM is an iterative approach of combining random
effects with neural networks, as shown in algorithm 1. The average returns are calculated by taking the average values over all the
K-folds. We multiply the returns by 4 to get annualized returns. The range is computed by taking the max value for every period
per property type and subtracting the minimum value. The reported numbers are the averages over these ranges per property type.
For this analysis, we dropped the net operating income (per square foot) and the walk score, as compared to the results in Table 3.
The remaining explanatory variables are size of property, age, industrial (Dummy), retail (Dummy), and office (Dummy). The
dependent variable is the log sale price minus the average log sale price.

As compared to the earlier findings in Table 3 (where we used the full dataset), the estimated
log returns are more in line between the REM and iNNREM models. For example, the REM gives
an average annual appreciation of 4.2% for office, whereas it is 4.1% according to the INNREM. On
the full dataset, the estimated returns were 3.4% and 2.6%, respectively. (The fact that the returns
are lower on the full dataset indicates that—on a market level—net operating income increased
over time.) In general, the REM estimated returns are not as correlated as they were before. To be
more specific, the average correlation between the index returns using the full set of characteristics
was 0.99, whereas it is “only” 0.80 for the log index returns on the reduced set. On the reduced
set, we find that industrial properties appreciated the least in value during our analyzed period
(with 3.7% annually), and apartment the most (with 6.7% annually). Unsurprisingly, we find that
without net operating income and walk score, the range of the estimated (log) indexes increase
over the 10 K-folds, making these estimates less stable. However, the ranges are more in line as
well between the two models.

To give more insight into the differences between the performance of the iINNREM when apply-
ing it to the full and reduced dataset, we provide a variance decomposition of the fitted values for
the iNNREM. More specifically, let g be all the individual components that constitute the fit ()
of the INNREM model,org = {f, 8,8, $, @)}, where ) g = y . In words, these elements are;
the common trend, the property type subtrends, the spatial random effects (Figures 3 and 5), the
property specific random effects, and the impact of the property characteristics on property val-
ues respectively. Then the individual contribution of each element is given by: |g|/ Y. |g|. We only
look at the out-of-sample fit for this exercise. The resulting fractions are given in Table 6. Column
1 contains the results using the full data, and column 2 gives the results for the reduced dataset.

A few things are of interest. First, note that less variation is explained by the property type
subtrends in the full dataset, as compared to the reduced dataset. This was expected, as the net
operating income (which is omitted in the reduced dataset) explains changes in property values
over time as well as cap rates. The common trend is not impacted as much, as this captures the
change in cap rate, which we do not control for.'° The combined explanatory power of the tempo-
ral components is between 18% and 22%. Second, is that the impact of the (Besag) spatial random

10 Cap rates are driven by the asset markets. Most famously, interest rates and subsequent discount rates. This impact real
estate values relatively similarly throughout the US.
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TABLE 6 Contribution of the individual elements to the total fit of the iINNREM, for both full and reduced
datasets.

@ ¢)
Description Parameter Full Reduced
Common trend ) 15.36% 14.94%
Property type subtrends ) 2.92% 8.46%
Spatial random effect 6 3.96% 11.55%
Property random effect ) 0.07% 2.80%
Property characteristics £ Ceip) 77.69% 62.26%

Note: The full set of explanatory variables are NOI (p. sqf), walk score, size of property, age, industrial (Dummy), retail
(Dummy), and office (Dummy). For the reduced dataset, we omit net operating income and walk score. The contributions are
calculated by dividing the absolute values of individual elements/parameter, by the sum of the absolute values of these same
elements/parameters.

effect triples between the full and reduced dataset. More specifically, the contribution of the spa-
tial random effect on the fit of the iINNREM is 3.96% on the full dataset, and 11.55% on the reduced
dataset. These further buttress how the random effects control for the unobserved heterogene-
ity. The same can be observed when looking at the property specific random effects (¢). On the
full dataset, the property specific random effect has close to zero impact. For the reduced dataset,
the contribution is close to 3%. This number is still modest, because it represents the average of
the entire out-of-sample MAPE. For properties with repeat sales in the training set, this compo-
nent increases in importance (not shown, but available upon request). In total, these two random
effects contribute 4%-15% of the total fit. Finally, the fit that is provided by the neural network
(and thus the property characteristics) is given in the last row of Table 6. For the full dataset, we
find that the contribution to the total fit is 78%. This number drops considerably to 62% for the
reduced dataset. This drop was obviously expected, given we omitted key variables from X.

5.2 | Including spatial and time series data in neural network

So far, we have not included time and location dummies in the neural network. The reason is sim-
ply that this can result in too many parameters to estimate, and as a consequence will dominate
the neural network. To elaborate, we only have 4 property characteristics, and we would have to
include (20 years times 4 quarters) 80 quarterly dummies. This does not even include the interac-
tion with the property types and any location dummies we might want to include. However, there
are more parsimonious ways of including time and location parameters in a neural network. This
could make the comparison between the performance of the standard neural network and the
random effects and mixed models more fair.

First, we add a linear time trend. Second, we want to include the latitude and longitude. Using
latitude and longitude coordinates have been used in previous literature (see Yadav & Chandel,
2014, for a review). However, using said coordinates creates an issue as they are 2 features that
represent a three-dimensional space. For example, one issue might arise when looking at two
extreme coordinates. In this case, the actual observations will be close by. One way to circumvent
this and other issues is by transforming latitude and longitude in the following way:

s*¥ = cos (Lat) x cos (Lon), s” = cos (Lat) X sin (Lon), s* = sin (Lat).
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TABLE 7 Results for neural network with spatial and time series data included.

@ )

Full Reduced
MAPE, out of sample, all 0.121 0.250
MAPE, out of sample, k =0 0.125 0.265
MAPE, out of sample, k =1 0.116 0.239
MAPE, out of sample, k > 1 0.114 0.190
MAPE, in sample, all 0.095 0.214
Obs, all 2652 2652
Obs, k=0 1685 1685
Obs, k=1 659 659
Obs, k> 1 308 308

Note: All estimates are based on the baseline neural network, as provided by Equations (1a)-(1d). MAPE = mean absolute pre-
diction error. Obs = number of observations. k gives the amount of times the (unique) property was sold in the training sample.
We K-folded 10 times to get our out-of-sample statistics. The full set of explanatory variables are NOI (p. sqf), walk score, size of
property, age, industrial (Dummy), retail (Dummy), and office (Dummy), a time trend, s* (= cos(Lat) X cos(Lon)), s’ (= cos(Lat)
X sin(Lon)), and s* (= sin(Lat)). For the reduced dataset, we omit net operating income and walk score.

By applying these transformations, the spatial dependence between nearby properties is cap-
tured. Together with the time trend, it gives in total four new features within the neural network.
We provide the results of the neural network with a time trend and locational feature for both the
full (column 1) and the reduced data set (column 2) in Table 7.

Somewhat comforting is the fact that the fit—indeed—improves when adding spatiotemporal
features. For example, the overall MAPE of the neural network went from 0.139 (Table 2, col-
umn 1) to 0.121 (Table 7, column 1), or an improvement in MAPE of 13%. On the reduced set, the
improvement is even larger with 20%, indicating that the spatiotemporal features partly control
for the left-out variables. A second observation is that including these features helps the fit when
a property got sold more than once, especially on the reduced set. More specifically, a property
that did not sell in the training set (k = 0) has an average MAPE of 0.265 (column 2, Table 7),
whereas if the property was sold more than once in the training set (k > 1), the MAPE is 0.190
on average. This is an improvement of almost 30%. The final observation is that the neural net-
work with spatiotemporal features still performs worse compared to our iterative approach. Our
iNNREM got an average MAPE of 0.109 and 0.148 for the full and reduced sample respectively
(column 4, Tables 2—-4). In addition, it is still not possible to produce an index or a heatmap using
the spatiotemporal augmented neural network.

5.3 | Using other machine learning algorithms

In this section, we will replace the neural network in our algorithm, as described in Section 2.4,
with other readily available machine learning algorithms. We use all the features available to us:
net operating income, size of property (in square footage), log age of the building, walk score, and
property type dummies. Even though we cannot provide the full specification of all the differ-
ent machine learning algorithms used in this section, we will provide a short description of the
parameters we will be tuning for each model.
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TABLE 8 Results of other ML model for Phoenix.

(€Y) () 3

iSVM iRT iGBM
MAPE, out of sample, all 0.110 0.116 0.116
MAPE, out of sample, k =0 0.114 0.122 0.120
MAPE, out of sample, k =1 0.107 0.114 0.112
MAPE, out of sample, k > 1 0.092 0.092 0.099
MAPE, in sample, all 0.085 0.085 0.082
Obs, all 2652 2652 2652
Obs, k=0 1694 1694 1694
Obs, k=1 647 647 647
Obs, k> 1 311 311 311

Note: iSVM = iterative approach as given in Section 2.4, but we replace the neural network with a Support Vector Machine. iRT =
iterative approach as given in Section 2.4, but we replace the neural network with a Regression Tree (the M5 algorithm to be exact).
iGBM = iterative approach as given in Section 2.4, but we replace the neural network with a Gradient Boosting Machine. MAPE =
mean absolute prediction error. Obs = number of observations. k gives the amount of times the (unique) property was sold in the
training sample. We K-folded 10 times to get our out-of-sample statistics. The explanatory variables are net operating income (per
square foot), walk score, size of property, age, industrial (Dummy), retail (Dummy), and office (Dummy). The dependent variable
is the log sale price minus the average log sale price.

Our first alternative is the Support Vector Machine (iSVM). We use a polynomial kernel—
which we found gave best fit in earlier experiments—and tune the following hyperparameters:
learning distance and the margin of the hyperplane, also known as the “o” and “C” in the SVM
literature, respectively. The second alternative is a Regression Tree. More specifically, we use
the M5-algorithm (Wang & Witten, 1996). This model is denoted iRT. The trees are pruned and
smoothed. Finally, our third alternative example is that of a Gradient Boosting Machine (iGBM).
With this specification, we tune the number of trees, the interaction debt, and the shrinkage
parameter (also known as the “learning rate”). All hyperparameter tuning is done via a sepa-
rate 10 K-folding within each fold. The resulting MAPE statistics can be found in Table 8. Some
summary statistics on the estimated indexes can be found in Table 9.

The model fit is similar to the earlier findings when using a neural network (Table 2). The
average out-of-sample MAPE is between 0.110 and 0.116, whereas the neural network gave a fit
of 0.109 (column 4, Table 2). As before, the fit improves whenever the property is sold (at least
once) in the training sample. We find that especially the estimated indexes between the Support
Vector Machine and our earlier estimated neural network are very similar. Both in average return
(column 1) and average range over the K-folds (column 4). In fact, the range of possible indexes is
lower for the aSVM compared to the iNN, except for apartment. The Regression Tree and Gradient
Boosting Machine result in the least stable indexes; see columns 5—6, respectively, in Table 9. Thus,
even though the cross-sectional fit is comparable to the other machine learning algorithms used
in this article, their indexes leaves room for improvement.

5.4 | Using root mean squared errors as metric of accuracy

Throughout this article, we have been using the Mean Average Prediction Error (MAPE) to mea-
sure the accuracy of our models. Another popular way to express accuracy is by looking at the
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TABLE 9 average index returns and range (in log levels) for Phoenix, using other machine learning
algorithms.

Returns Range

)] ()] 3 ) 5 (6)
Property type iSVM iRT iGBM iSVM iRT iGBM
Apartment 0.0360 0.0157 0.0219 0.0301 0.0438 0.0405
Industrial 0.0269 0.0200 0.0220 0.0297 0.0516 0.0406
Office 0.0229 0.0218 0.0215 0.0385 0.0367 0.0406
Retail 0.0223 0.0255 0.0224 0.0397 0.0793 0.0412

Note: iSVM = is an iterative approach of combining random effects with a Support Vector Machine. iRT is an iterative approach of
combining random effects with a Regression Tree (M5 algorithm). iGBM is an iterative approach of combining random effects with
a Gradient Boosting Machine. The principle of mixing both approaches is given in algorithm 1. The average returns are calculated
by taking the average values over all the K-folds. We multiply the returns by 4 to get annualized returns. The range is computed
by taking the max value for every period per property type and subtracting the minimum value. The reported numbers are the
averages over these ranges per property type. The explanatory variables are net operating income, walk score, size of property, age,
industrial (Dummy), retail (Dummy), and office (Dummy). The dependent variable is the log sale price minus the average log sale
price.

TABLE 10 Main results for Phoenix using the RMSE as the measure of accuracy.

@ () 3 @

NN REM fNNREM iNNREM
MAPE, out of sample, all 0.189 0.210 0.151 0.151
MAPE, out of sample, k =0 0.190 0.225 0.152 0.156
MAPE, out of sample, k =1 0.189 0.190 0.156 0.147
MAPE, out of sample, k > 1 0.182 0.163 0.139 0.127
MAPE, in sample, all 0.168 0.135 0.141 0.108
Obs, all 2652 2652 2652 2652
Obs, k=0 1685 1694 1694 1694
Obs, k=1 659 647 647 647
Obs, k> 1 308 31 311 31

Note: RMSE = root mean squared error. In this table, we replicate the results from Table 3, but we express the measure of fit as the
RMSE instead of the MAPE. NN = baseline neural network, as provided by Equations (1a)-(1d). REM = random effects model, as
given by Equations (2a)-(2e). fNNREM = full Bayesian representation of a neural network with random effects; see Equation (3).
iNNREM is an iterative approach of combining random effects with neural networks, as shown in algorithm 1. MAPE = mean
absolute prediction error. Obs = number of observations. k gives the amount of times the (unique) property was sold in the training
sample. We K-folded 10 times to get our out-of-sample statistics. The explanatory variables are net operating income (per square
foot), walk score, size of property, age, industrial (Dummy), retail (Dummy), and office (Dummy). The dependent variable is the
log sale price minus the average log sale price.

Root Mean Square Error (RMSE). Average errors are less sensitive to large outliers as compared to
squared errors, meaning the MAPE and RMSE can give different results. Therefore, as a robust-
ness, we replicate our main findings of Table 2 but express the measure of fit using the RMSE. The
results can be found in Table 10.

Compared to the MAPE statistics in Table 2, the RMSE results are very similar. More
specifically, the RMSE is still superior for the mixed models (fNNREM and iNNREM), espe-
cially for properties sold more than once. The difference in fit between the fully Bayesian
and its iterative counterpart is negligible as was previously the case as well. Taken together,
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we do not believe our specific measure of accuracy (MAPE) is a first order concern in this
article.

5.5 | Index stability (alternative)

In Section 4.2, we inspected the stability of the indexes by looking at the range of possible
indexes over the 10K-folds. Here, we introduce an alternative approach of testing index stabil-
ity by following the procedure detailed in Francke and van de Minne (2017) and Calainho et al.
(2022).

More specifically, we pick a market with plenty of observations and estimate the property
type subtrends from this data using our algorithmic approach (iNNREM). Afterward, we keep
sampling—without replacement—smaller subsets of the data and re-estimate the subtrends from
that subset, making the data “scarce.” If the subtrends based on a small subset of data still resem-
bles the “true” estimates based on the full sample, we can conclude that the methodology provides
robust trends even in small data environments.

In addition, we will also compare our estimated indexes with the indexes estimated from
a more conventional hedonic model. An index based on structural time series models are
expected to be more smooth in the short-run compared to indexes based on fixed effects (Francke
& van de Minne, 2017). However, in the long-run the indexes should more or less coalesce.
This helps us validate our methodology. The hedonic model is only estimated on the full
sample.

The conventional hedonic model is given by

Yitp = Xjy, B+ 61p + i, e~ N (0,02), 4)

where x includes (log) square footage, walk score, (log) age, and location fixed effects for six
submarkets, of which one is omitted to circumvent the dummy trap.!! The parameter esti-
mates are given by 8. These will not be reported here but are available upon request. More
importantly, §,, are quarterly times property type fixed effects. The model is estimated by
OLS.

We picked the largest market (New York metro area) in our dataset for this exercise and dropped
net operating income (we miss NOI for about two- thirds of our data). The total amount of obser-
vations for the full dataset is over 24,000. (A summary of the data can be found in Table 11.) We
sample without replacement 25% (6250 obs), 10% (2400 obs), 5% (1200 obs), 2.5% (600 obs) and 1%
(240 obs) from this data and re-estimate the subtrends. The results are presented in the Figure 7.
Note that that there is no K-folding in this exercise. We simply iterate until the in-sample MAPE
does not improve anymore and report the in-sample subtrends.

The blue line in Figure 7 represents the subtrends based on only 1% of the data (or approxi-
mately 240 observations). These trends are the only visible dissonant among its counterparts for
all property types. The 1% index stays relatively flat, which is likely caused by the lack of obser-
vations itself (Francke et al., 2023). However, already the 2.5% index (orange line with cross) do
we see subtrends that resembles the subtrends based on the full sample (black line with blocks)
to a large extent for all property types. The correlation between the returns of the 5%-index and
the full sample index is already 0.85 on average (not reported here, but available upon request).

I The markets are Long Island, Manhattan, North New Jersey, the Boroughs, Stamford, and Westchester.
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TABLE 11 Descriptive statistics of our main variables in New York.

Statistic N Mean St. Dev. Min Max
Sales price 24,336 $23,672,558 $109,354,087 $80,000 $5,400,000,000
Building size (sqft) 24,336 71,084 177,636 1016 10,247,000
Age of building 24,336 68.973 32.870 1 273
Walk score 24,336 82.986 24.440 0 100
Property type count All Apartment Industrial Office Retail
24,336 10,542 3593 4670 5531

Note: Walk score is a number from 0 to 100, where 0 means not walkable, and 100 denotes very walkable.

—1.0% 25%  —5.0% 10.0% —1.0% 25%  —5.0% 10.0%

—25.0% —=100.0% —THedonic —25.0% —100.0% —Hedonic

Apartment, INNREM Industrial INNREM

—1.0% 25%  —5.0% 10.0% —1.0% 25%  —5.0% 10.0%

—25.0% —100.0% —Hedonic —25.0% —100.0% —Hedonic

Office, INNREM Retail, INNREM

FIGURE 7 Estimated subtrends for New York after Sampling the Data. INNREM is our iterative approach of
combining random effects models with neural networks. The model is estimated on New York (N = 25,000)
without the inclusion of net operating income due to missing observations for said variable. We sample the data
without replacement and re-estimate the data. This gives a sense of index stability. We also provide the index from
a standard hedonic model with time dummies (times property type), this model is only estimated on the full data
using Equation (4). [Color figure can be viewed at wileyonlinelibrary.com]|

As such, we can say that the evidence so far indicates that our proposed methodology produces
reliable and stable indexes even in small sample environments.

If we compare our findings with the standard hedonic model (thick red line), we get results
that were expected a priori. The estimated indexes from the more conventional hedonic model are
impacted by (cross-sectional) noise, resulting in volatile indexes. However, in the long-run, both
the hedonic model and our iterative approach result in similar indexes. Given that the indexes
are based on a very different model and estimation technique, some differences are expected. The
differences in Figure 7 do not raise any concerns.
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6 | CONCLUSION

This article focuses on the prediction of property prices in the commercial real estate (CRE)
asset market by combining two cultures of statistical modeling: statistical models using stochastic
data models (econometric models, like linear regression) and statistical models using algorithms
(machine learning). This allows us to combine the strengths of both approaches. Machine learning
(ML) algorithms are easy-to-use and can describe complex nonlinear relations including inter-
action effects between explanatory variables. Unlike ML algorithms, econometric models can
explicitly control for spatial and temporal correlations and unobserved heterogeneity. Our com-
bined approach leads to accurate out-of-sample predictions and to estimates of location values
(heatmaps) and property price indexes.

For our baseline specification, we break down sales prices into five components: (1) a common
trend; (2) a property type trend; (3) a spatial component; (4) a property random effect to capture
unobserved heterogeneity; and (5) a property characteristics component. The first four compo-
nents are modeled by a random effects model, estimated using Integrated Laplace Approximation.
The fifth component is calibrated using a neural network. To achieve this, we first estimate the
joint model with a linear function for the property characteristics component. Second, we take
the ML “residual” as the observed value minus the estimates of components 1 to 4, and calibrate
a ML algorithm. Third, we take the DGP “residual” as the observed value minus the prediction
of component 5, and estimate the econometric model, consisting of components 1 to 4. We repeat
these steps until convergence occurs.

We apply our proposed iterative methodology to 2652 commercial real estate transactions in
Phoenix, AZ. The data was provided to us by MSCI/Real Capital Analytics for the period 2001-
2021. We find an average out-sample MAPE of 11%, which is as good or even lower compared to
the average appraisal error found in the United States (Cannon & Cole, 2011; Fisher et al., 1999).
The fit is especially good for properties that sold at least once in the training set, which gives a
MAPE of 9%. Moreover, it is possible to estimate a full Bayesian model that encompasses all five
components into one model (including the neural network). This model takes approximately 400
times longer to estimate and is not possible for all machine learning algorithms. However, it does
provide an important benchmark to which we can compare our iterative approach. Fortunately,
the estimates are close to identical to our iterative approach, with a correlation of 1.00 between the
fitted values of the two models. When leaving out key variables, net operating income and the walk
score, we find that the spatial and property random effects play a greater role. This stresses how
important such random effects are in controlling for unobserved heterogeneity. Augmenting the
baseline neural network with spatiotemporal variables, does improve its fit, but it is still nowhere
near the fit produced by our proposed methodology. We also replace the neural network with
other machine learning tools: Support Vector Machine, Regression Tree, and Gradient Boosting
Machine. The fit is comparable, although the estimated indexes of the tree-based models are less
stable.

The fit reported above is impressive. However, there is room for improvement in future
research. The goal of this article is to present the methodology, not to get the best fit per se.
For example, there are 100s of other off-the-shelf machine learning algorithms that could be
tested. And even within the machine learning algorithms used in this article, there are many
smaller and larger optimizations possible that we did not pursue for the sake of brevity (e.g.,
changing the number of hidden layers and/or nodes in the neural network). For the spatial ran-
dom effects, a different definition of “neighbor” could be used, or a different spatial structure
could be proposed altogether. The same goes for the temporal components, which we modeled as
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simple random walks. However, extant literature found that real estate prices evolve more around
autoregressive terms (Nagaraja et al., 2011; Van de Minne et al., 2020). Finally, we do not consider
an “ensemble” of models in this article. An easy example of an ensemble would be obtained by
taking the average (weighted) prediction of multiple different models. If the residuals of the indi-
vidual models have low correlation (or preferably negative), the fit of the ensemble model will
be superior to the fit of the individual models (Mullainathan & Spiess, 2017). In short, an even
more impressive fit should easily be achievable in the future. Future research could also apply
the proposed methodology to other illiquid markets with little features, like low granular housing
markets.
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STAN code

model_string ="

data {
int<lower=0> N;  //number of observations
int<lower=0> Nt; // number of time periods
int<lower=0> Np; // number of explanatory variables

int<lower=0> Nd; //number of property types
int<lower=0> Nh;  // number of knots (only 1 layer)

int<lower=0> Nn; // scale for ICAR parameter
int<lower=0> N_edges; // size of vectorized distances
int<lower=0> Ntest; // size of testing dataset
int<lower=0,upper=Nn> id[N]; // identification

int<lower=0,upper=Nd> pt[N]; // property type identification
int<lower=0,upper=Nn> node1[N_edges]; // vector neighbor 1
int<lower=0,upper=Nn> node2[N_edges]; // vector neighbor 2
int<lower=0,upper=Nt> sell[N]; // period sold, sell = 1, ..., Nt

vector[N] yVar; // explained variable
matrix[N,Np] X;  // explanatory variables

vector[Ntest] yTest; // testy variable
int<lower=0,upper=Nt> sTest[Ntest]; // test period sold
matrix[Ntest,Np] xTest; // testing dataset
int<lower=0,upper=Nn> idTest[Ntest]; // identification
int<lower=0,upper=Nd> ptTest[Ntest]; // property type idenification
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transformed data {

}

matrix [Np,Np] A = diag_matrix(rep_vector(1,Np));
matrix [Np,Np-1] A_qr;
for(iin 1:Np-1)
A[Np,i] =-1;
A[NpNp] =0;
A_gr =qr_Q(A)[1:(Np-1)];

parameters {

}

vector[Nt-1] innovMu; // time series parameter

matrix[Nt-1,Nd] innovDelta;  // subtrends time series

vector[Nn] theta; // icar random effects

vector[Nn]  phi; // normal random effects

real fMu; // first Mu, i.e. the constant.

ordered[Nh] beta; // bias
matrix<lower=-10,upper=10>[Np-1,Nh] omega_clean; // weights in layer
vector[Nh] lambda; // estimates measurement Eq.

real<lower=0,upper=2> sigMu; // variance of innovations (mu)
real<lower=0,upper=2> sigDelta; // variance of sub innovations (delta)
real<lower=0,upper=2> sigEps; // RMSE of measurement Eq.
real<lower=0> sigTheta; // variance of icar

real<lower=0> sigPhi; // variance of random effects

transformed parameters {

}

vector[N] yHat;
vector[Nt] mu;
matrix[Nt,Nd] delta;
matrix[N,Nh] h;
matrix[Np,Nh] omega;

vector[N] resids_in;

// hidden layers
for(kin 1:Nh)
omegal[, k] = A_qr* omega_clean[k];

// common trend, including constant
mu([1] = fMuy;
for(tin 2:Nt)

mu[t] = mu[t-1] + innovMu[t-1]*sigMu;

// property type subtrends
for(p in 1:Nd){
delta[1,p] = 0;
for(tin 2:Nt){
delta[t,p] = delta[t-1,p] + innovDelta[t-1,p]*sigDelta;
1
for(k in 1:Nh)
h[k] =x*omegalK] + beta[k];
for(iin 1:N)
yHat[i] =muf[sell[i]] + delta[sell[i],pt[i]] + theta[id[i]]*sigTheta +
phi[id[i]]*sigPhi + (inv_logit(h[i])*100)*lambda;
resids_in =yVar - yHat;

model {

lambda ~normal(0,1);
to_vector(omega_clean) ~ normal(0,1);
to_vector(innovDelta) ~ normal(0,1);

beta ~normal(0,1);
innovMu ~normal(0,0.1);
theta ~normal(0,1);

phi ~normal(0,1);

fMu ~normal(0,10);

8518017 SUOLULIOD BAIRERID 3|qedl|dde au) Aq peuenob e sapiLe O ‘88N 40 Sajni 10} A1e1q1T8UIUO 8|1 LD (SUORIPUOD-PUR-SWIBY W00 A 1M ATed 1 Bul|Uo//SdIy) SUORIPUOD PUe SWiB | 8U) 88s *[9202/£0/9T] Uo AReiqiauljuo A1 “eeuioliqigsielSeAIuN BAN AQ £8YZT 6229-0PST/TTTT OT/I0p/W00"A8|Im AReiq1jpuljuo//:Sdny wolj pepeojumod 'S ‘v202 ‘622907ST



FRANCKE AND VAN DE MINNE 1339
B wiey 1=

sigEps ~normal(0,0.5);
sigMu ~normal(0,0.5);
sigTheta ~normal(0,1);
sigPhi ~normal(0,1);

for(kin 1:Nh)
sum(omega_clean[,k]) ~ normal(0,1/sqrt(1-inv(Np))); // zero sum constraint within node

yVar ~ normal(yHat, sigEps);
target +=-0.5*dot_self(theta[nodel] - theta[node2]); // vectorized ICAR
sum(theta) ~ normal(0, 0.001 * Nn); // zero sum constraint on ICAR

}
generated quantities {
vector[Ntest] yPred;
matrix[Ntest,Nh] hTest;
vector[Ntest] resids_out;

for(kin 1:Nh)
hTest[,k] = xTest*omegal[ k] + beta[k];
for(iin 1:Ntest)
yPred[i] = mu[sTest[i]] + delta[sTest[i],ptTest[i]] + theta[idTest[i]]*sigTheta +
phi[idTest[i]]*sigPhi + (inv_logit(hTest[i])*100)*lambda;
resids_out =yTest - yPred;
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