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Home Price Modeling and Forecasting

New in AD&Co’s HPI2 Model: Geographical Localizer

By Alex Levin

When modeling the future behavior of borrowers, should one use MSA-level home price scenarios or will a
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will vote for full geographical model i KA y 1 A Yy 3 ¥ & $ K& SMicRe® B résearch confirms that

a single-index home price view is insufficient for accurate MBS credit analyses, not every form of
geographical modeling yields reliable results.

Not every path leads to Rome

We considered several methods of forming MSA-level projections and back-tested them. Mainly, we
compared three alternatives:

1. Using asingle index, the 25-MSA Composite, for all MSAs.

2. Constructing a full jump-diffusion-affordability-inflation model, for each MSA. In other words,
extending the concept of modeling we developed for 5 indices (25-MSA Composite, Los Angeles,
Miami, New York and Phoenix) to other geographical areas.
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expanding them to other geographical units (MSAs, states) via linear historical regressions.

Our analysis proved that method 1 is historically unreliable. When the economy showed signs of a
national-wide recovery (2009) and regions start moving in unison, method 1 may, in fact, be more accurate
than 2 and 3. However, over longer historical periods (let us include the troubled 2008 year) methods 2
and 3 are more accurate.

Historical accuracy of 1l-quarter geographical forecasts using methods 2 and 3 are very comparable.
Method 2 requires much greater efforts and computational time. For smaller MSAs, we cannot rely on the
accurate extraction of the trend from often-chaotic HPI reports. This defeats the main advantage of
method 2 ¢ consideration of the current HPA momentum.

We favor method 3 and start with modeling the core MSA indices. Using historical purchase-only HPI data
series by FHFA, we separate jumps from diffusion; thereby determining the initial conditions for both
forecasting and simulations. We then employ linear regressions that link our core to the rest of the
O2dzy iNE® ¢KSNB FNB noc GRSNAGSRE AYRAOSA AyOf dzRAY:
(national index).
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Historicalregressiors

For the 5-index geographical core, our HPI Localizer employs the following regression to determine HPA for
the k-th derived index:
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where "O0 is a common factor explained below. Some of the Betas can be negative; however, we
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seasonally adjusted; local seasonality should be added on the top.

As seen, we build the regression for the deviations of all HPAs off the common factor F. In essence, one can
view the HPI Localizer as a regression against 6 indices: 5 core HPIs and F. The use of the common factor
AYLINR@Sa GKS NI 3 NBvisforogeyisofdl propédtd ditNdrivédHPAs wilRnove in unison
if we change F It is important to realize that F enters modeling of all core indices. Although there is a
freedom in selecting F, it is natural to associate it with the national affordability factor and income inflation.
For example, when we change interest rates, this change will affect all MSAs synchronously.

It is important to construct the HPI Localizer from seasonally adjusted HPAs. Had we not done so,
seasonality would drive tK S NB INB aairz2yQa O2SFFAOASyGa o. Sidlaovoo
index is comparable to that of the 25-MSA Composite. However, the latter is twice as volatile. Hence, if we

regress the seasonally adjusted US HPA against the seasonally adjusted Composite, the Beta is expected to

be around 0.5. If we performed the same operation with seasonally unadjusted HPAs, the Beta would be

much higher thereby setting up a wrong volatility model.

Exhibit 1 reports the quality of historical regressions using the 5-index core and the 9-index core; the latter
adds Chicago, Detroit, Washington (DC) and Oakland.

Exhibit 1. Historical quality (for HPAs net of the common factaweighted by balances

5-index Core 9-index Core
States MSAs States MSAs
Weighted Average R-sq 75% 69% 80% 76%

Loan % of R-sq > 60% 78% 74% 83% 81%

Note that the reported R-sq levels somewhat understate the actual quality of modeling. We computed
them for HPAs net of F, hence, variability explained by Fis not included in R-sq. The extension of our
geographical core from 5 to 9 indices improves R-sq by 5% to 7%. Many small MSAs show modest levels of
R-sq, but the majority of loans and balances are covered by the HPI Localizer with R-sq exceeding 60%.

Effect on loan losses
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loan losses. We will start with individual loans located in 50 different states. We compare them to a loan
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To exclude the effect geographical location has on past changes in LTV, we assume a new origination (age =
0). We compute losses along the base case line (forward rates, deterministic HPIs) as well as Monte-Carlo
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averages (both rates and HPIs are stochastic). Exhibit 2 depicts and compares losses for different locations,
methods and loan quality.

Comparing base case losses (blue lines) for new conforming loans, we see that our loss estimates for
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expect only 1% of loss and a geographical average close to the loss of the US loan. The situation changes if

we start assessing future loan losses probabilistically. Monte-Carlo averages are shown in red and the loss

ratio of worst-to-best location jumps up to 4:1. Interestingly, California is now viewed as a
growing/recovering state, with the base case projection better than the US national average. However,

California is also the most volatile state in terms of real estate prices. Hence, the default option has a
considerable value tK I G A& YI yAFTSAaGSR o0& (GKS NBR fAySQa LISH | d
originated in CA is 5% with the base case loss of only 0.8%. The national HPI is much less volatile; it

understates Monte-Carlo losses ¢ relative to geographically dispersed portfolio.

Exhibit 2. Geographical viewf loan losses

A. Newconforming FRMs (750 FICO, 80 OLTV, 4.5 Coupon, $200K OLS)

———base case loss

average loss

=== Us
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B. NewAlt-A FRMs (700 FICO, 80 OLTV, 5.5 Coupon, $200K OLS, 50/50 Doc)

12

10

———hase case loss

—— average loss

C. Newsubprime FRMs (650 FICO, 85 OLTV, 6.5 Cou@®®KLS, 50/50 Doc)

25

———hase case loss

—— average loss

We are unlikely to see Alt-A (much less subprime) origination soon, but the theoretical understanding of
theroleofthef 2 I ya Q O N@n&rk iinpolfadtl As fvéicdmpromise it, i K S estitndteicertainly
grows, but the loss ratio of worst-to-best remains roughly at 2:1 for the base case. The role of volatility
gradually decreases on a relative base. The same ratio of Monte-Carlo losses measured for subprime loans
is only 2:1, compared to 2.7:1 for Alt-As and above-mentioned 4:1 for conforming loans. Good loans are
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unlikely to default and it would take a dramatic turn of events to trigger the case. In contrast, bad loans
may look grim, even in the base case.

Hence, the knowledge of geographic location hasproven 12 6S A YL NI y i ® 2 K
risk by constructing a hypothetical portfolio of loans that resembles the home price index?

Exhibit 3.Does geography diversify the HPI risk?

The base case loss Monte-Carlo average loss

14 20
18
16

12

10

14
12

u Portfolio 10 m Portfolio
6
= US loan 8 HUS loan
i 6
4 -
2
2
0 o -
FNMA Alt-A Subprime FNMA Alt-A Subprime

Exhibit 3 proves that the base case losses measured for the diversified portfolio and a single US loan are
very close to each other. Monte-Carlo averages are not ¢ the single-loan surrogate understates losses by as
much as one-third (conforming case). The reason for this mismatch is that the portfolio construction and
the non-linearity of option exercise: idiosyncratic HPl movements of different regions can offset each other,
but loan losses of more volatile areas (like CA) cannot be offset.

G2 KFEG Aa Ay Al F2N) YSKE

LoanDynamics™ Model (LDM) users will get AD&Co-supplied core HPI base forecasts and the built-in HPI
Localizer function. Hence, when running the LDM through a vendor system or a proprietary system, each
loan will use both the past HPI data for its MSA and an MSA-relevant future path. Users can bring in their
own national forecast ¢ this will change all MSAs in unison using the same concept of common factor that
we described in this article.

'aSNAR 2F 153/ 204 h! {Mwil dadela&ess td theRull stokhastictHNEngdal nf NJ
scenario model (e.g. relationship between interest rate shocks and HPI changes). This includes HPI
scenarios for the base case, Credit OAS, and Breakpoint analyses employed for financial exercises ranging
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exposed: short-term HPA, short-term HPA speed, and long-term HPA.
Finally, the HPI2 model is available on its own for independent integration.
Conclusion

Geography and volatility matter when modeling home prices and related loan losses.

The information contained in The Pipeline is believed to be reliable, but its accuracy and completeness are not guaranteed. All
expressions of opinion are subject to change without notice. Pipeline is provided for informational purposes only and is not a
solicitation, endorsement or a recommendation for purchase or sale of any particular security. An affiliate of Andrew Davidson & Co.,
Inc. engages in trading activities in securities that may be the same or similar to those discussed in this publication. All Rights Reserved.
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