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Geographical HPA Modeling and Forecasting
By Alex Levin

Introduction

In a number of Pipeline articles and at the 2009 Conference, we presented a stochastic framework
for HPI/HPA modeling. It is applied to any single home price index; we only briefly discussed the
broader geographical aspect. AD&Co has now reached an essential analytical milestone in HPI
modeling by setting up the framework for geographical models, both static and stochastic. This
article describes the concept and some results.

AD&Co’s single-index model is a stochastic HPA simulator, which depends on mortgage rate,
income inflation rate, and two simulated, unobserved, random components called “diffusion” and
“jump”. Jumps and diffusions are separated using Kalman filtering so that, at any point of history,
we have the best statistical guess for each of them. This fact lets us project HPA and HPI going
forward, without random terms and with the diffusion starting from its most recent value. Such a
projection is usually called “forecast” (i.e. the mean or median trajectory), and we show some of
geographical forecasts in this article. In contrast, the inclusion of random terms results in
“simulations”. Of course, a real life trajectory can match a forecast only by coincidence.

Geographical Modeling Concept and Principal MSAs

In principle, one could apply our jump-diffusion-affordability-inflation stochastic modeling
approach to any geographical region. We will face a problem of determining correlation among
the local shocks and simulating this myriad in a reliable fashion. We could simplify the problem
by extracting “principal components”- the way it is normally done in multivariate analyses. These
approaches bring in lots of complexity with spurious accuracy, possible instability and little
economic rationale while still leaving out idiosyncratic volatility.

the Pipeline | Issue 81 | Sept 2009 | ANDREW DAVIDSON & CO © 2009 1



Instead of using principal components, AD&Co proposes linking geographical HPAs to few large
MSAs occasionally traded at the RPX forward market, the 25-MSA Composite, Los Angeles, Miami,
New York, and Phoenix (“geographical basis”). At the 2009 AD&Co Annual Conference, we
mentioned that this way we can achieve an 87% adjusted R’ averaged among 447 historical
regressions built for all MSAs and states. If we have reliable forward curves for the Composite,
LA, MIA, NY, and PX, we can employ them for the risk-neutral HPI modeling; the historical
regressions will give us related forecasts for all other MSAs. If we do not have reliable forwards,
we can first apply our physical HPI modeling approach to the Composite, LA, MIA, NY, and PX and
form forecasts or simulations. The empirically constructed regressions will translate each path of
our basis into MSAs.

Therefore, we effectively employ 5 mutually correlated geographical indices? in lieu of principal
components. Even if our approach does not improve the accuracy, it is more transparent,
controllable and straightforward in use.

Modeling the Geographical Basis

We have a stochastic framework for HPA/HPI modeling. We estimated the model for a 25-MSA
FHFA Composite. Let us extend it to LA, MIA, NY, and PX.

Assumptions

e Retain Composite’s model structure and parameters that are responsible for the dynamics
and the propagation of the interest rate effect. This leads to the same dynamical pattern
and the same interest rate effect, for all four regions.

o Define the effective rate discount spread that averages the 2002-2006 “affordable”
lending. It starts at -1% in 2002, gradually becomes -2% in 2005-2006, zero thereafter.
This curve is used for the Composite model.

e Employ the actual local income inflation history
e For each region of our basis, find/optimize:

— Jump Size
— Diffusion Volatility Size
— Exposure to the affordable lending discount (Beta)

Optimization results and conclusions

Because we fixed some parameters to match the Composite, our geographical models become
suboptimal. The last column of Exhibit 1 depicts the internally used best-fit statistical score (the

! On an annualized base. Quarterly average adjusted R is 77%. Regressions are developed by Stefano Risa.
2 LA, MIA, NY and PX contribute 47% to the Composite.
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lower — the better) computed for the regional optimization. By definition, the Composite model
was optimal to the selected rate discount curve and has the lowest score.

Exhibit 1. Optimization results

Jump Diffusion Beta ADCO score
25 MSA 1.54 2.63 1.00 0.25
LA 3.79 3.18 1.72 0.37
MIA 2.90 3.93 2.38 0.37
NY 2.76 2.18 0.43 0.40
PX 4.90 4.98 2.55 0.39

As seen, regions vary in volatility and exposure to the affordable lending. PX is clearly the most
volatile followed by LA and MIA. These three regions also exhibit about twice-larger dependence
on the affordable lending than the Composite whereas NY looked immunized. This matches the
perceived proliferation of affordable lending. The ADCO score measures look satisfactory relative
to the Composite given the statement of optimization problem.

The next table exhibits the correlation matrix for random geographical shocks.

Exhibit 2. Cross-correlation matrix

25MSA LA MIA NY PX
25MSA 100.0% 73.0% 55.7% 55.5% 53.7%
LA 73.0% 100.0% 39.8% 25.7% 37.5%
MIA 55.7% 39.8% 100.0% 37.7% 33.6%
NY 55.5% 25.7% 37.7% 100.0% 23.6%
PX 53.7% 37.5% 33.6% 23.6% 100.0%

Forecasting the Basis

The model enables both forecasting and simulation of our geographical basis. For each of the five
regions, we first process historical HPAs via Kalman filter thereby finding the best estimate for the
respective diffusion terms. Having established diffusion’s initial conditions (HPA value and speed
today), we can start solving equations forward. Without random forces, this process results in
HPA/HPI median forecasts®. If we include random forces simulated according to the cross-
correlations shown in Exhibit 2, we will have HPA/HPI simulations.

In this first round of forecasting, we decided to make two assumptions:

e We applied universal income inflation projections starting from 1% now and gradually
rising to 4% per year to all regions. Our model can regard geographical income differences,
but we simply did not project them.

® HPI’s statistical mean and median won’t be identical due to the nonlinear HPA->HPI translation.
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e The MBS current coupon rate stays at 4.5% where it has been recently.

Exhibit 3 depicts HPA and HPI forecasts starting from 2009Q1 and from 2009Q2, the last FHFA
release available at the time of writing.

Exhibit 3. Forecasts for Geographical Basis

A. As of 2009Q1
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The 2009Q1 forecasts are materially influenced by the 2009Q1 “surprising” FHFA release and look
much more optimistic than the ones we could form using 2008Q4 as the starting point. The
2009Q2 forecasts are affected by a better-than-expected 2009Q2 HPI print from Miami. At first,
this may seem like a source of risk as the recent data points can swing the outlook materially. In
reality, the forward outlook did swing as it can be attested by the RPX trades. For example, the
RPX Composite (actual level = 207.24 dollar per square foot on Dec. 31, 2008) saw it traded trough
at 142 for the Dec. 31 2009 settlement back in April and improved drastically to 190 at the time of
writing. In the last section of this article, we quantify the translation of HPI “surprises” into our
forecasts.

As seen in Exhibit 3, we predict a further decline in Miami and Phoenix, but not in Los Angeles and
New York. Some expect the New York housing market to fall, but, without a grim income decline,
our model produces a positive outlook. According to Radar Logic, home prices have actually
appreciated since 2009Q1 in 4 out of 5 regions that form our basis (most prominently in LA), and
stayed flat in NY. Note that the RPX family has a stronger seasonality than the FHFA or the CS
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indices and we should expect it to do better during summer. Also, the FHFA indices that we
actually model include only purchases financed by conforming loans and exclude foreclosed sales.
Hence, any volatility of defaults and shift in their share of total transactions that strongly affect
RPX will not be material for the FHFA indices.
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We noticed above that improved or deteriorated HPI data affect materially both short-term and
long-term outlook. Quantification of this effect is important from the risk measurement
standpoint.

If the HPI random process was a Brownian motion (or a martingale, in general), any change in its
observed initial condition would be equally propagated forward. That is, a 1% shock to the initial
condition will shift the entire distribution by 1%, for any point in the future. In our model, only the
jump component of the HPA moves future HPI 1-per-1. Disturbances of the HPA diffusion part will
cause some greater change in HPI.

Exhibit 4 depicts the HPI effect of 1% HPI sudden shock. The Kalman filter optimally splits this
“surprise” into diffusion and jump. As seen, the long-term HPI shifts by more than 1% and varies
from region to region. Indices featuring large jumps (e.g. PX) will change less than indices having
large diffusion (e.g. 25MSA Composite).

Exhibit 4. Forecast change followed by a 1% sudden HPI shock
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This feature of the model does not contradict historically realized volatility of forward prices. For
example, having reviewed the daily trading quotes of the RPX-25 index for the second half of
2008, we estimate the annualized volatility at 6.6% for the 2008-end settlement, 11.9% (2009-
end), 12.7% (2010-end), 12.0% (2011-end), and 12.5% (2012-end). Other historical periods exhibit
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different levels, but a similar pattern: the nearest contract is the least volatile one and the long-
term volatility structure almost saturates for the second-year contract. Hence, market does
amplify shocks in short-term HPI data in setting longer-term forward prices.
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