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ABSTRACT

Most US mortgages are traded in the form of mortgage-backed securities (MBSs)
guaranteed by the US government-sponsored enterprises Fannie Mae and Freddie
Mac and the government agency Ginnie Mae. A significant portion of agency MBSs
trading occurs in the to-be-announced forward market. Yet, the existing margin mod-
els for TBA/MBSs mostly rely on mortgage model suites such as interest rate, pre-
payment and potentially other macroeconomic models, which makes the modeling
process intrinsically complicated from both a model risk perspective and an oper-
ational risk perspective. In addition to these complexities, dynamics in the hous-
ing market, changes to mortgage regulatory regimes and governmental interven-
tions always make mortgage modeling a challenge (as evidenced historically). In
this paper, we conduct a study of margin models for to-be-announced MBSs using
common margin frameworks for market risk such as the generalized autoregres-
sive conditional heteroscedasticity (GARCH) t-copula and filtered historical sim-
ulation approaches. These are commonly used for other asset classes such as credit
default swaps and equity-based markets but have not been widely used in the MBSs
market. Such econometric models, which rely solely on market volatility and price
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return behavior, could potentially be used as a supplemental model framework for
to-be-announced MBS margin and stress testing purposes.

Keywords: agency mortgage-backed securities (MBSs); generalized autoregressive conditional
heteroscedasticity 7-copula (GARCH-7-copula); filtered historical simulation (FHS); fat-tailed
distribution; margin model; central clearing counterparties (CCPs).

1 INTRODUCTION

The US mortgage market is characterized by two key features. First, most securitized
mortgages carry a credit guarantee (often called “agency mortgage-backed securi-
ties (MBSs)”) from government housing agencies that protects investors from credit
losses in case of defaults on the underlying mortgages.' Second, a significant portion
of such agency MBSs trading occurs in the to-be-announced (TBA) forward market
(see Huh and Kim 2021). In a TBA trade, the seller of the MBS agrees to a sale price
but does not specify which particular securities will be delivered to the buyer on set-
tlement day. The precise securities to be delivered are announced only 48 hours prior
to settlement, and they are chosen on a “cheapest-to-deliver” basis. The institutional
features of the TBA market and their role in supporting the functioning of the US
mortgage market are well documented in the growing body of academic literature
and industry studies (see, for example, Vickery and Wright 2013). Agency MBSs
are considered among the important liquid and safe assets, at par with US Treasury
securities, comprising more than US$11 trillion of securities outstanding and nearly
US$300 billion in average daily trading volume (see Figures 1 and 2).

Agency MBSs are actively used as collateral in the repo market by a broad range
of market participants for various purposes, from financing market-making activity
to obtaining leverage and securing investments. For example, in December 2022,
market participants provided around US$650 billion of agency MBS collateral in the
triparty repo market.” Further, agency MBSs receive a low haircut in the liquidity
coverage ratio requirement of Basel III and play a role in the implementation of US
monetary policy.?

!In this paper the term “agency MBSs” refers only to securities issued by Freddie Mac and Fannie
Mae or guaranteed by Ginnie Mae and backed by residential properties. Since June 3, 2019, Freddie
Mac and Fannie Mae have offered uniform MBSs (UMBSs) to standardize and simplify MBSs
issuance.

2 URL: www.newyorkfed.org/data-and-statistics/data-visualization/tri-party-repo#interactive/volu
me.

3 URL: www.newyorkfed.org/markets/domestic-market-operations/monetary-policy-implementati
on/agency-mortgage-backed-securities.
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FIGURE 1 US agency MBSs outstanding.
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FIGURE 2 Trading volume of US MBSs for TBA and specified pools.
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The liquidity of the agency MBSs market is largely attributed to a standardized
TBA contract that concentrates trading of heterogeneous MBSs into a smaller num-
ber of thickly traded TBA contracts. For example, a TBA contract specifies only
that a delivered agency MBS must consist of 30-year fixed-rate mortgages and pay
a specific coupon, known as a coupon cohort. Similar cohort trading with delivery
flexibility is also used in other markets, such as Treasury futures and commodity
futures. Since it was first introduced a few decades ago, the TBA market has grown
significantly, with TBA trading volumes substantially surpassing specified pool MBS
trading (see Figure 2).

As mentioned above, the credit risk of agency MBSs is limited because they are
guaranteed by the US government. However, investing in agency MBSs is still sub-
ject to duration, prepayment and liquidity risks. In addition, due to the forward-
settling nature of the TBA contract, it exposes both sides of the trade to a meaningful
counterparty risk, which is the risk that a counterparty is unable or unwilling to meet
its contractual obligations. One way of mitigating the counterparty credit risk is by
posting collateral (or margin) to compensate the nondefaulting party for the change
in the market value of the securities in case of default. For example, the posting
of margin is a common practice in the trading of agency MBSs between members
of the Mortgage-Backed Securities Division (MBSD) of the Fixed Income Clear-
ing Corporation (FICC).* While the FICC’s margining methodology is governed by
its rule book, margining practices are less transparent in bilateral trading between
dealers and customers that are not MBSD members. To the extent that such trading
is insufficiently margined, it can pose significant counterparty risk and, in case of
default, potentially transmit losses to a broad array of market participants.’

The objective of this paper is to study margin models for TBA/MBSs using some
common econometric-based margin models. These models, namely, the generalized
autoregressive conditional heteroscedasticity #-copula (GARCH-¢-copula) (see, for
example, Cont and Kan 2011) and filtered historical simulation (FHS) (see, for exam-
ple, Gurrola-Perez and Murphy 2015), which largely rely on market volatility and
risk factor price return behavior, could potentially be used by a wide range of mar-
ket participants as one of their model frameworks for TBA/MBSs margin and stress
testing purposes. These approaches have been developed and refined for other assets
such as credit default swaps, equity options and equities since the global financial
crisis of 2007-9. Over the past two decades various volatility estimators have also
been widely and comprehensively studied, and sophisticated models, such as vari-
eties of multivariate GARCH or stochastic volatility have been built to account for

4The MBSD clearing rules are available at www.dtcc.com/legal/rules-and-procedures.aspx.

3 This research is not an attempt to advocate for or promote a specific margin model or methodology
for use by any clearing counterparty; rather, it explores an alternative approach to thinking about
risks associated with MBSs and other related products.
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volatility clustering and heteroscedasticity. At the multivariate level, the GARCH-z-
copula approach provides either a dynamic parametric estimator (eg, GARCH-DCC)
or a static parametric estimator (GARCH-CCC)® for correlation (Li and Cheruvelil
2019; Ivanov 2017), whereas FHS essentially leaves the correlation scheme to the
spot historical comovements.

Our data for model fitting and backtesting comprises several data sets (see Sec-
tion 4 for more details). First, we examine 11 historical time series of UMBSs TBA
with different coupon stacks: from 2% to 7% with 0.5% increments. MBSs can be
structured with different coupon levels because the mortgages underlying an MBS
may have different loan rates due to the timing of loan origination dates or other
factors. The benchmark TBA contract is the so-called current coupon, a synthetic
30-year fixed-rate MBS that interpolates to a price of par. Second, we use data
series tracking the historical performance of the S&P US Mortgage-Backed Secu-
rities Index (S&P US MBS Index) and share price series of the Vanguard Mortgage-
Backed Securities Exchange-Traded Fund (VMBS ETF).” Lastly, we analyze the
Bloomberg (BBG) US MBS Index, which provides unhedged total return values.
All these data sets provide daily observations and cover multiyear periods including
recent episodes of extreme market volatility such as the onset of the Covid-19 pan-
demic in March 2020, Fed rate hikes beginning in 2022 and the regional bank crisis
of March 2023.

The remainder of this paper is organized as follows. In Section 2 we discuss the
related literature. In Section 3 we describe the general framework for modeling the
multivariate distribution for MBSs. In Section 4 we provide details on model fitting
and estimation results as applied to various MBS time series, while in Section 5 we
describe the modeling approach in greater detail. In Section 6 we describe portfolio
margin generation for the backtesting results. In Section 7 we provide the results
from the backtesting of the model, including procyclicality analysis. In Section 8 we
state our conclusions.

®Here DCC denotes dynamic conditional correlation and CCC denotes constant conditional
correlation.

7The S&P US MBS Index is a rules-based, market-value-weighted index covering US-dollar-
denominated, fixed-rate and adjustable-rate/hybrid mortgage pass-through securities issued by
Ginnie Mae, Fannie Mae and Freddie Mac. The VMBS ETF tracks the performance of the
Bloomberg US MBS Float Adjusted Index, which covers US MBS pass-through securities issued
by Ginnie Mae, Fannie Mae and Freddie Mac. To be included in the index, pool aggregates
must have at least US$1 billion currently outstanding and a weighted average maturity of at least
one-year market-weighted MBS index (Vanguard 2023).
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2 RELATED LITERATURE REVIEW

Our results contribute to the existing literature in several ways. First, we contribute to
the literature that examines the structure and institutional features of the MBS TBA
market. Vickery and Wright (2013) described the TBA market and the mechanics of a
TBA trade and presented evidence suggesting that the liquidity associated with TBA
eligibility increases MBS prices and lowers mortgage interest rates. Bessembinder
et al (2013) analyzed trading costs for various structured products, including MBSs,
and found these costs to be lower for TBAs. Gao et al (2017) studied parallel trad-
ing in a TBA market and a specified pool MBSs market and found that MBS TBA
eligibility enhances the trading liquidity of specified pools. Huh and Kim (2022)
quantified the impact of the TBA trading structure on mortgage rates and concluded
that a liquid TBA market lowers mortgage rates. However, Huh and Kim (2021) also
found that despite improved trading liquidity, the adverse selection of mortgage loans
can limit the liquidity benefit of the TBA structure. More recently, Fuster et al (2022)
highlighted the use of the TBA market as a funding vehicle through the execution of
“dollar roll” transactions.® Liu et al (2021) studied a change in the MBSs market
design called the Single Security Initiative, which in June 2019 consolidated MBS
issuance by the US government housing agencies Fannie Mae and Freddie Mac into
a single market. They found that the Single Security Initiative eliminated the liquid-
ity disadvantage of Freddie Mac, a smaller agency, without any noticeable negative
effect on the liquidity of Fannie Mae, a larger agency, resulting overall in better lig-
uidity for the MBSs market. We add to this literature by looking at the use of TBA
MBS assets in the context of central clearing, in which margining and collateral prac-
tices play a major role. This is one of the first papers to consider alternative margin
models that rely solely on market volatility and return behavior for this asset class.
Second, we provide an additional contribution to the growing body of studies
on financial risk management practices in central clearing counterparties (CCPs).
Since the global financial crisis of 2007-9, CCPs have assumed a major role in
global financial markets (see Koeppl and Monnet 2010; Norman 2011). In 2012,
the CPMI and IOSCO published their “Principles for Financial Market Infrastruc-
tures” (Committee on Payment and Settlement Systems—Technical Committee of the
International Organization of Securities Commissions 2012) and in 2017, followed
up with additional CCP resiliency guidance (Committee on Payments and Market
Infrastructures—Board of the International Organization of Securities Commissions

81n a dollar roll, TBAs for a coming delivery month are sold and TBAs for a later month are
purchased simultaneously. This provides short-term funding to the seller by postponing the date on
which the payment for the long TBA position is due.
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2017).° Despite significant improvements in CCP resiliency following the publica-
tion of the principles, market volatility in the wake of the Covid-19 pandemic high-
lighted areas of potential weakness, particularly around margin call mechanics and
their effects on systemic stability (Financial Stability Board 2020). In 2022, the Basel
Committee on Banking Supervision, the CPMI and IOSCO conducted an in-depth
analysis of margining practices and proposed further work to better understand the
degree and nature of CCP margin models’ responsiveness to volatility and other mar-
ket stresses (Basel Committee on Banking Supervision—-Committee on Payments and
Market Infrastructures—Board of the International Organization of Securities Com-
missions 2022). These reports by the international standard-setting bodies provide
a high-level view of the existing practices, but more work is needed, particularly
regarding the application of margin to specific assets classes.

Regarding the agency MBSs in particular, in 2012 the Treasury Market Practices
Group recommended that forward-settling transactions, such as TBAs, be margined
in order to prudently manage counterparty exposures (Treasury Market Practices
Group 2012). Following this recommendation, in 2016 the Financial Industry Regu-
latory Authority amendment to Rule 4210 (margin requirements) established margin
requirements for TBA transactions (Financial Industry Regulatory Authority 2016).
Amid these regulatory developments, market participants and CCPs have used an
array of approaches to calculate margin requirements.'® The current common mar-
gin modeling approaches typically involve the direct use of mortgage-related models,
such as the interest model, the current coupon model and the prepayment model, or
the outputs from such models (eg, sensitivity data such as option-adjusted duration,
option-adjusted spread, convexity, etc). Due to the complex nature of these models,
the margin models built on top of them generally require significant resources to be
developed and maintained on an ongoing basis. This paper offers an alternative or
supplemental model framework for to-be-announced MBS (TBA/MBS) margin and
stress testing purposes. It is outlined below.

To compute the value-at-risk (VaR) for MBSs or TBA/MBSs, common practice
is typically to generate projective scenarios of market conditions. Broadly speaking,
there are two ways to derive this set of scenarios:

(1) we can project future market conditions using a Monte Carlo simulation
framework;

° The latter report focuses on five key aspects of a CCP’s financial risk management framework:
governance, stress testing for both credit and liquidity exposures, coverage, margin and a CCP’s
contribution of its financial resources to losses.

10The TBA market is a US market and there is only one CCP clearing the market, FICC; thus,
there is limited consensus or best practice around CCP margin models in this area (Fixed Income
Clearing Corporation 2023).
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(2) we can project future market conditions using historical (actual) changes in
market conditions.

The first approach typically involves employing interest rate and prepayment mod-
els to simulate various interest paths where prepayment speed along each path can
be calculated. In this type of approach, a straightforward full valuation approach
is typically computationally intensive. An alternative is to use a delta-normal or
delta-gamma sensitivity approach, in which only interest rates are simulated (Han
et al 2007).!! The historical simulation approach projects future market conditions
by using actual (observed) n-day changes in market conditions over the lookback
period.'? This approach allows the VaR scenarios to account for natural changes in
correlation under extreme market moves, such as occur during a flight-to-quality,
where risky assets tend to underperform risk-free assets and move in a highly cor-
related manner. Generally, there are two methods employed to calculate VaR under
this framework:

(1) a Taylor approximation of profit and loss (P&L) for each instrument, some-
times called “sensitivity VaR” or “delta-gamma”;

(2) a full revaluation of each instrument using its market-accepted technique
(ie, pricing model) for valuation.

Both of these methods use the current pricing scheme to reevaluate historical mar-
ket risk factor (eg, interest rate) moves; the only difference is how the price (or the
price change, to be exact) is calculated from an MBS pricing model or estimated
via a sensitivity approach. The former uses a sensitivity approach to approximately
emulate price, whereas the latter has to rely on a pricing model that typically includes
interest rate and prepayment models to reevaluate these historical scenarios. Regard-
less of whether the pricing scheme uses a sensitivity approach or a full valuation
approach, these VaR approaches both need a complete mortgage model suite either
directly (full valuation) or indirectly (sensitivity approach).

This paper fills this critical gap by applying a consistent and coherent model
framework: specifically, the GARCH-¢-copula and FHS approach, which relies
solely on TBA/MBSs’ market volatility and return behavior and could potentially
be used as a supplemental model framework for margin and stress testing purposes.

"1'The delta-normal and delta-gamma sensitivity approaches, or indeed general sensitivity app-
roaches based on the Taylor expansion, are quite common VaR estimation approaches in the in-
dustry.

12 For TBA/MBSs or general MBSs the liquidation horizon is three days.
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3 MODELING THE MULTIVARIATE DISTRIBUTION FOR
MORTGAGE-BACKED SECURITIES
3.1 The univariate autoregressive GARCH model framework

The MBS price log return over a time interval At is defined as

Pi;
Xi,t =In _,
i,t—At

where P; is the MBS price observed at time ¢.
The autoregressive GARCH (AR-GARCH) framework takes the following gen-
eral form:

L

Xio = aigXis1+¢is,
I=1

€ijt = Oit€it,
q p
2 — e Y . g2 -
07 =¢i + E aiméi 1 + E YinOis—1, 1 =1,... .k
m=1 n=1

With consideration of model sufficiency and parsimony, our model implementa-
tion follows an AR(1)-GARCH(1, 1) model framework for univariate modeling of
an MBS price time series. The AR(1) process follows

Xit=aiXis—1+ €y, iy = 0is€iy, 3.1

where a; is the autocorrelation coefficient, o; ; is volatility and €; ; is a standardized
residual with unit variance; i stands for any risk factor;

El(ei)] =0,
E[(e})] = I;
and o; follows a GARCH(1, 1) process:

2 o2 g2
07y = wi +0i& 1+ Yioi,_q, (3.2)

where w is a dummy constant, and where ¢; and y; are two GARCH model parame-
ters that follow Nelson and Cao (1992) restrictions (ie, o; + y; < 1). The conditional
distribution of the standardized residuals (or innovations) is calculated as

€ = —— lI’i,t—h

where €; is modeled by a symmetric Student ¢ distribution with the degrees of
freedom (DoF) estimated by maximum likelihood using a historical time series.
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3.2 The Student 1 and FHS frameworks

For the Student ¢ copula and multivariate Student ¢ distribution, we refer the reader
to the online appendix, and for a detailed description of the FHS model framework,
we refer the reader to Gurrola-Perez and Murphy (2015).

4 MODEL FITTING AND ESTIMATION RESULTS

4.1 MBS price time series

For modeling purposes, we consider daily observations of the various MBS price
time series. These include (see Table 1 and Figure 3)

e individual UMBSs TBA with various coupon stacks, from January 2019 to
April 2023;"3

e a TBA current coupon time series obtained from Bloomberg, calculated using
Bloomberg’s prepayment and pricing models;

e an MBS index or ETF (seasoned MBS as well as TBA), from October 2017 to
October 2022 sourced from Yahoo! Finance; and

e the Bloomberg MBS Index (only TBA) data from Bloomberg for January 2008
to October 2022.

Table 1 shows that in all cases the means are very small and effectively close to
zero, which indicates a centered mean-reverting process over the long term. UMBSs
show various levels of skewness depending on the coupon; the UMBS with the high-
est coupon (7%) and the Vanguard MBS ETF (VMBS) series appear highly skewed.
On the other hand, the iShares MBS ETF (MBB) and Bloomberg US MBS Float
Adjusted Indexes (BBG MBS) have relatively small skewness, indicating a more
symmetrical distribution. Both the VMBS and the MBB series have relatively large
kurtosis, indicating heavy tails and more outliers.

4.2 Univariate model estimates (AR-GARCH-Student ¢)

Univariate calibration is based on AR(1, 1), GARCH(1, 1) and Student ¢ innovation.
The residual after AR component is calibrated simultaneously using the maximum
likelihood method.

Tables 2 and 3 show the following results for both the individual TBAs and
TBA/MBS indexes or ETFs:

13'We use the pricing source “BGR” and the function “LAST_PX”, which represents the end-of-day
consensus price derived by Bloomberg from pricing quotations provided by various pricing agents
and deemed to be reliable. If, on a given day, no reliable quotations are provided, the consensus
price is not calculated.
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TABLE 1 Summary statistics of various MBS time series.

Name Mean Min Max SD Skewness Kurtosis
UMBS 1.52 —0.000136 —0.027 0.034 0.0046 0.223 5.85
UMBS 2b —0.000110 -0.026 0.029 0.0044 0.084 5.06
UMBS 2.5 —0.000085 —0.026 0.028 0.0041 —0.009 5.94
UMBS 3 —0.000078 —0.024 0.029 0.0036 0.124 8.78
UMBS 3.5 —0.000068 —0.022 0.026 0.0032 0.135 10.19
UMBS 4.5 —0.000053 -0.019 0.023 0.0025 0.489 14.25
UMBS 5.5 —0.000044 -0.013 0.018 0.0018 0.464 15.25
UMBS 6 —0.000049 -0.013 0.014 0.0024 0.169 9.69
UMBS 6.5 —0.000039 -0.014 0.014 0.0024 0.044 13.19
UMBS 7¢ —0.000036 —0.015 0.030 0.0029 1.180 17.40
SPY MBS Index —0.000030 -0.018 0.020 0.0032 —0.630 15.38
VMBS ETF 0.000210 -0.009 0.013 0.0018 1.837 20.29
MBB —0.000018 -—0.032 0.031 0.0031 —0.267 23.53
BBG MBS Index |  —0.000080 —0.020 0.019 0.0021 -0.270 11.44
BBG MBS Index Il  —0.000090 —-0.021 0.013 0.0020 —0.350 11.53

aData started on January 25,

the text for more details).

2021. PData started on January 25, 2021. °Data started on February 12, 2020. The
rest of the time series are imputed. SD, standard deviation. Source: data from Bloomberg and Yahoo! Finance (see

o All model parameters are statistically significant.

e Some instruments (eg, TBA high coupon stacks 6%, 6.5% and 7%) exhibit
strong autocorrelation (ie, @ > 20%).

e Some instruments (such as TBA high coupon stacks (more than 4%) exhibit
fat tails; as a reference, VIX’s DoF is approximately 4.43 using the same

calibration method.

e The TBAs and MBS indexes or ETFs typically exhibit low autocorrelation and

slightly fat tails.

It can be seen from Figure 4 that the average DoF of the TBAs and MBS indexes
and ETFs (around 6.3) is close to the average of the TBA coupons 2.5%, 3% and
3.5%, indicating that the composition of most of these indexes or ETFs might
still be dominated by the low-coupon MBSs originating in the low-interest regimes

before 2022.

Low coupons tend to have relatively high DoF, whereas high coupons tend to have
low DoF, indicating that these high coupons (in the money (ITM) most of the time
during various interest regimes) tend to have fatter tails, which may be related to the

more pronounced embedded optionality.
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FIGURE 3 TBA price and current coupon time series (January 2, 2019 to May 23, 2023).
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TABLE 2 TBA all coupons univariate model parameters.
Model
parameters o v o o 71
TBA 1.5% —0.010 8.3 0.0000000780 0.1276 0.8690
TBA 2% —-0.017 7.5 0.0000000735 0.1262 0.8705
TBA 2.5% —0.005 6.6 0.0000000765 0.1318 0.8646
TBA 3% —0.008 6.2 0.0000000273 0.1229 0.8751
TBA 3.5% 0.010 5.7 0.0000000159 0.1294 0.8689
TBA 4% 0.010 4.4 0.0000000114 0.1080 0.8831
TBA 4.5% —0.006 4.8 0.0000000114 0.1246 0.8735
TBA 5% —0.008 4.5 0.0000000129 0.1253 0.8622
TBA 5.5% —0.041 3.1 0.0000000207 0.2445 0.7521
TBA 6% —0.281 2.7 0.0000000233 0.5480 0.4517
TBA 6.5% —0.285 2.9 0.0000000221 0.5310 0.4636
TBA 7% —0.258 3.1 0.0000000532 0.3829 0.6058
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TABLE 3 TBA/MBS index or ETF univariate model parameters.

Standard

Name Parameter Estimate error t value Pr> |¢|

MBB o —0.038
v 5.78 0.02 8.36 < 0.0001
aq 0.13 0.02 8.08 < 0.0001
71 0.86 0.02 52.27 < 0.0001

VMBS o —0.037
v 6.20 0.02 7.97 < 0.0001
oy 0.18 0.03 7.09 < 0.0001
71 0.80 0.02 32.88 < 0.0001

BBG MBS | a 0.041
v 6.792 0.0124 11.84 < 0.0001
aq 0.098 0.0082 11.86 < 0.0001
71 0.901 0.0083 108.47 < 0.0001

BBG MBS i o 0.039
v 6.799 0.0125 11.80 < 0.0001
aq 0.097 0.0083 11.81 < 0.0001
7 0.901 0.0083 108.23 < 0.0001

FIGURE 4 Calibrated DoF from ¢ distribution for both individual TBAs and TBA/MBS

indexes and ETFs.
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5 MODELING APPROACH
5.1 Individual TBAs

There are generally two approaches to modeling individual TBA time series using
historical market prices without relying on complicated mortgage-related model
suites such as interest rate, prepayment and other macroeconomic models.

(1) The first approach is to use the price time series with the same coupon
consistently through the historical periods regardless of different interest
regimes.

(2) Given the optionality embedded in the TBA/MBS products, the second
approach is to construct a synthetic moneyness time series (ie, a current
coupon time series and all other ITM and on the money (OTM) moneyness
time series) with fixed spread intervals (eg, 50bps).!*

The first approach is generally acceptable if the interest regimes remain relatively
stable over the whole lookback period, and if the future interest environment looks
similar to the historical one. As history has shown, this assumption is very restrictive
and holds true only for a particular lookback period. In this paper we perform the
analysis for both approaches, and our findings are compared in the online appendix.
The results show that the first approach generally incurs considerably more breaches
than the second, especially for long positions. This is due mainly to the rapid interest
regime changes since 2022 Q1, which invalidate the assumption needed for the first
approach to be viable. Hence, this paper focuses more on the second approach.

5.1.1 Synthetic moneyness time series

Due to the optionality embedded in MBSs, the same TBAs could be classified as
OTM, at the money (ATM) and ITM at different points in time depending on vari-
ous historical interest regimes, and, subsequently, the price behavior could be vastly
different (eg, compare a plain vanilla Treasury bond with an MBS that has nega-
tive convexity). Take, for example, a 4% MBS that was ITM throughout the whole
Covid period, ATM in summer 2022 and OTM from the summer of 2022 to the
present. From a price perspective, an MBS would have experienced a premium price
(ie, more than 100), par price and discount price (ie, less than 100). An MBS with an
ITM option that is subject to prepayment behaves very differently from one with an
OTM option, which behaves more like a plain vanilla bond. To solve this problem, a
series of moneyness time series (eg, current coupon, and current coupon +50bps) can

14 Increments of 50bps are typically used to build separate moneyness buckets for TBA/MBSs in
the mortgage industry.
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FIGURE 5 TBA synthetic moneyness time series: ITM time series.
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be constructed. For a specific moneyness time series, each price data point represents
the price from a TBA or MBS that had that same moneyness historically.

The following steps are used to construct a moneyness time series (see also
Figures 5 and 6).

STEP 1  Prepare a TBA current coupon time series. !

STEP2  Prepare a TBA price time series with all coupon stacks. For the data
points missing from the data source (TBA 1.5% and 2% prior to January 25, 2021
and 7% prior to February 12, 2020) a data imputation method is employed.

STEP3  On any given day use a weighted approach to derive “par price” based
on the two market observable TBA prices whose coupons are the two closest to the
current coupon for that day.

STEP4  The weighted current coupon price p;° is given by the following formula:

P = ((r1e —cci) pi® + (cer —r2,0)py)
! 50bps
where r1; — 1y, = 50 bps, 11, = cc; = ray, p;' is the price for ry, and p;? is the
price for r ;.

’

15 This paper uses the current coupon calculated using Bloomberg’s prepayment and pricing model.
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FIGURE 6 TBA synthetic moneyness time series: OTM time series.
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STEPS5  Once the current coupon synthetic price time series is constructed, all
the other moneyness time series can be constructed using the following moneyness
structures:

cc—350bps __cc—300bps cc—100bps __cc—50bps
t » Dt veees Py » Dy ]

cc+50bps  __cc+100bps cc+300bps __cc+350bps
ey . P NN . Di :
STEP 6  Once all the time series in step 5 are constructed, the model calibration
can be performed for each of them. The model parameters are given in Table 4.

STEP7  Once the model calibration is completed, margin (ie, a margin rate) can
be calculated using the selected model methods: z-copula and FHS-EWMA with
various decay factors.

Table 4 shows the calibration result for each of these time series. It can be seen
that the DoF for the OTM time series are relatively stable and closer to normal dis-
tribution, whereas the ITM time series appear to have fatter tails, especially beyond
current coupon +150bps. This calibration result seems to align well with the previ-
ous univariate calibration result for the individual TBAs with various coupons; that
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TABLE 4 Synthetic TBA moneyness time series univariate model parameters.

Model parameters o v g aq 71

Current coupon +350bps —0.098  4.02 0.00000017 0.2518 0.7186
Current coupon +300bps  —0.223 3.48 0.00000072 0.4168 0.5103
Current coupon +250bps  —0.099 5.10 0.00000013 0.2192 0.7534
Current coupon +200bps  —0.132 5.19 0.00000009 0.1853 0.7915
Current coupon +150bps 0.011 6.21 0.00000008 0.1813 0.8005
Current coupon +100bps 0.012 6.80 0.00000011 0.1478 0.8309
Current coupon +50bps 0.039  8.01 0.00000016 0.1534 0.8279
Current coupon 0.016 5.71  0.00000009 0.1642 0.8240
Current coupon —50bps 0.001 9.89 0.00000011 0.1735 0.8157
Current coupon —100bps  —0.029 10.06 0.00000009 0.1530 0.8380
Current coupon —150bps  —0.011 8.78 0.00000008 0.1309 0.8610
Current coupon —200bps  —0.015  8.08 0.00000007 0.1271 0.8673
Current coupon —250bps  —0.006 8.70  0.00000007 0.1248 0.8700
Current coupon —300bps  —0.025 7.99 0.00000008 0.1335 0.8608
Current coupon —350bps ~ —0.057 7.61 0.00000009 0.1401 0.8536

is, the low coupon ones tend to have high DoF, which resemble normal distributions,
and the high coupon ones tend to have low DoF, which resemble fat-tailed distribu-
tions. As was discussed in Section 4.2, this result basically indicates that the TBAs
with higher coupons are more likely to be prepaid in various interest regimes studied
in this paper, and hence have more volatile returns in their tails.

5.2 TBA/MBS indexes and ETF

Since the selected indexes and ETFs are already made of MBSs or TBAs with differ-
ent coupon stacks regardless of the moneyness effect in different historical interest
regimes, we use the straightforward first approach (ie, the individual product or index
price time series) to model them. The calibration results are shown in Section 4.2.

6 PORTFOLIO MARGIN GENERATION FOR BACKTESTING
ANALYSIS

6.1 Margin generation for the TBA synthetic time series

Once the model parameters are calibrated based on the synthetic time series in
Section 5, namely,

cc—350bps __cc—300bps cc—100bps _cc—50bps _cc
p[ ’pt ,"'apt apt apta
cc+50bps __cc+100bps cc+300bps _cc+350bps
P: » Dy 1o Dr » Dt )
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margin can be generated using the selected models for each synthetic TBA,
—350b —300b —100b —50b
M;© P oMc P M DM MEe,

cc+50bps cc+100bps cc+300bps cc+350bps
M, .M, , M, .M, ,

R

on each day in the lookback period. However, to produce margin for an instrument,
for instance, margin for the 4% TBA has to be calculated based on whether the 4%
TBA was ITM or OTM, and more specifically which moneyness bucket it belongs to.
Hence, at any time during the lookback period, margin for a TBA with a fixed coupon
needs to be synthetically constructed. We do this by following the steps below.

STEP 1  Produce margins for each moneyness bucket M t“_", including the current
coupon one. Here i represents different moneyness buckets ranging from —350bps
below the current coupon (ie, cc — 350bps) to above the current coupon (ie, cc +
350bps) on any day ¢.

STEP2  Margin (ie, margin rate) is calculated using the selected model methods
in this paper: namely, ¢-copula and FHS-EWMA with various decay factors (ie, 0.95,
0.97 and 0.99).

STEP 3  For a fixed TBA coupon c, calculate the difference between the coupon
and the current coupon on any day:

df =c—ccy.
STEP4  On any given day ¢, use a weighted approach to derive a “weighted
margin” based on the two closest moneyness buckets where d; lies in between.
STEPS5  The weighted margin M is given by the following formula:
_ (A —dH)M" + (df — d) M)
50bps '

M
where di — d, = 50bps, d; = df = d>, M,d1 denotes the margin for d; at ¢, M,a’2
denotes the margin for d, at ¢ and
di.ds € [~350bps, —300bps, . . . 0, . . . 300bps, 350bps].

STEP 6 Once the margin M is calculated, the portfolio’s P&L PLf can be
calculated for backtesting analysis.

7 MODEL RESULTS

7.1 Backtesting and procyclicality analysis results

In this section, individual TBAs with various coupons are backtested using the
selected margin models, namely, the GARCH-¢-copula and FHS-EWMA.. Procycli-
cality metrics using one-day and three-day max as well as peak-to-trough are also
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TABLE 5 VaR backtesting for long TBA 2% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 12 2.6252 0.1052
FHS VaR (A = 0.95) 7 0.0088 0.9252
FHS VaR (A = 0.97) 6 0.2313 0.6306
FHS VaR (A = 0.99) 5 0.7914  0.3737

TABLE 6 Procyclicality analysis for long TBA 2% (February 4, 2020 to January 3, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 48 115 7.61
FHS VaR (A = 0.95) 62 94 6.53
FHS VaR (A = 0.97) 60 90 6.03
FHS VaR (A = 0.99) 56 60 4.81

TABLE 7 VaR backtesting for long TBA 3% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value

0.0758 0.7830
0.0088 0.9252
0.7914 0.3737
1.7570 0.1850

Multivariate z-copula CCC
FHS VaR (A = 0.95)
FHS VaR (A = 0.97)
FHS VaR (A = 0.99)

A~ 00 N

calculated in order to give a more holistic view of these models’ performance. Note
that the historical period used in the analysis contains multiple market stress events
including those associated with the Covid-19 pandemic.

7.1.1 TBA (long) with various coupon stacks

First, we show the results of backtesting and procyclicality analysis for a long TBA
portfolio with various coupon stacks covering a time period from February 4, 2020
to January 3, 2023 (see Tables 5-14). We also illustrate backtesting using a z-copula
and EWMA with various decays for TBAs with a 3% coupon (see Figure 7).
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TABLE 8 Procyclicality analysis for long TBA 3% (February 4, 2020 to January 3, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 62 134 6.28
FHS VaR (A = 0.95) 59 237 5.87
FHS VaR (A = 0.97) 56 210 5.30
FHS VaR (A = 0.99) 40 146 4.82

TABLE 9 VaR backtesting for long TBA 4% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value

0.7914 0.3737
0.7914 0.3737
0.7914 0.3737
1.7570 0.1850

Multivariate z-copula CCC
FHS VaR (A = 0.95)
FHS VaR (A = 0.97)
FHS VaR (A = 0.99)

A~ O 0 00

TABLE 10 Procyclicality analysis for long TBA 4% (February 4, 2020 to January 3, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 73 153 5.39
FHS VaR (1 = 0.95) 68 125 5.11
FHS VaR (1 = 0.97) 56 104 4.89
FHS VaR (A = 0.99) 35 85 4.58

TABLE 11 VaR backtesting for long TBA 5% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value

0.2313 0.6306
0.2313 0.6306
0.0088 0.9252
0.2313 0.6306

Multivariate z-copula CCC
FHS VaR (A = 0.95)
FHS VaR (A = 0.97)
FHS VaR (A = 0.99)

DN oo
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TABLE 12 Procyclicality analysis for long TBA 5% (February 4, 2020 to January 3, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 114 147 5.36
FHS VaR (A = 0.95) 65 136 4.30
FHS VaR (A = 0.97) 47 87 4.19
FHS VaR (A = 0.99) 40 47 4.02

TABLE 13 VaR backtesting for long TBA 6% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 19 13.3040  0.0003
FHS VaR (A = 0.95) 15 6.3954 0.0114
FHS VaR (A = 0.97) 15 6.3954 0.0114
FHS VaR (A = 0.99) 16 7.9379  0.0048

TABLE 14 Procyclicality analysis for long TBA 6% (February 4, 2020 to January 3, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 127 188 3.67
FHS VaR (1 = 0.95) 50 91 3.07
FHS VaR (A = 0.97) 29 48 2.81
FHS VaR (A = 0.99) 21 42 2.69

7.1.2 TBA (short) with various coupon stacks

In this section we show the results of backtesting and procyclicality analysis for a
short TBA portfolio with various coupon stacks covering a time period from Febru-
ary 4, 2020 to January 3, 2023 (see Tables 15-24). We also provide an illustration of
backtesting using the ¢-copula and EWMA with various decays for TBA with a 4%

coupon (see Figure 8).
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FIGURE 7 Backtesting using the 7-copula and EWMA with various decays TBA 3% long.
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(a) z-copula, backtesting multivariate GARCH copula VaR 99%. (b) EWMA 95, backtesting TBAEWMAL95 VaR
99%. (c) EWMA 97, backtesting TBAEWMAL97 VaR 99%. (d) EWMA 99, backtesting TBAEWMAL99 VaR 99%.

TABLE 15 VaR backtesting for short TBA 2% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate z-copula CCC 2 5.3869 0.0203
FHS VaR (A = 0.95) 10 0.9422  0.3317
FHS VaR (A = 0.97) 5 0.7914 0.3737
FHS VaR (A = 0.99) 5 0.7914 0.3737

7.1.3 Key observations for backtesting and procyclicality analysis of
individual TBAs

From the analysis performed for long and short TBA positions in Sections 7.1.1 and
7.1.2, we derive the following key takeaways.
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TABLE 16 Procyclicality analysis for short TBA 2% (February 4, 2020 to January 3,
2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 51 112 8.31
FHS VaR (A = 0.95) 76 78 5.80
FHS VaR (A = 0.97) 68 72 5.32
FHS VaR (A = 0.99) 69 71 4.34

TABLE 17 VaR backtesting for short TBA 3% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 2 5.3869 0.0203
FHS VaR (A = 0.95) 12 2.6252 0.1052
FHS VaR (A = 0.97) 5 0.7914 0.3737
FHS VaR (A = 0.99) 5 0.7914 0.3737

TABLE 18 Procyclicality analysis for short TBA 3% (February 4, 2020 to January 3,
2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 64 135 6.57
FHS VaR (1 = 0.95) 50 150 5.85
FHS VaR (A = 0.97) 61 144 5.60
FHS VaR (A = 0.99) 58 175 4.89

TABLE 19 VaR backtesting for short TBA 4% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value

Multivariate z-copula CCC
FHS VaR (A = 0.95)
FHS VaR (A = 0.97)
FHS VaR (A = 0.99)

1.7570 0.1850
0.0758 0.7830
1.7570 0.1850
3.2308 0.0723

W ~ 00 b
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TABLE 20 Procyclicality analysis for short TBA 4% (February 4, 2020 to January 3,
2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 76 153 5.80
FHS VaR (A = 0.95) 58 90 5.02
FHS VaR (A = 0.97) 50 81 5.14
FHS VaR (A = 0.99) 41 79 4.75

TABLE 21 VaR backtesting for short TBA 5% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value

Multivariate z-copula CCC
FHS VaR (A = 0.95)
FHS VaR (A = 0.97)
FHS VaR (A = 0.99)

3.2308 0.0723
0.3963 0.5290
5.3869 0.0203
5.3869 0.0203

NN O W

TABLE 22 Procyclicality analysis for short TBA 5% (February 4, 2020 to January 3,

2023).
One-day max Three-day max Peak-to-
margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 122 144 5.60
FHS VaR (A = 0.95) 53 84 3.76
FHS VaR (A = 0.97) 42 90 3.77
FHS VaR (A = 0.99) 39 98 3.69

TABLE 23 VaR backtesting for short TBA 6% (February 4, 2020 to January 3, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 14 4.9892 0.0255
FHS VaR (A = 0.95) 13 3.7288 0.0535
FHS VaR (A = 0.97) 11 1.6913 0.1934
FHS VaR (A = 0.99) 15 6.3954 0.0114

Journal of Financial Market Infrastructures www.risk.net/journals



Alternative margin models for mortgage-backed securities

TABLE 24 Procyclicality analysis for short TBA 6% (February 4, 2020 to January 3,
2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 132 185 3.92
FHS VaR (A = 0.95) 43 84 2.68
FHS VaR (A = 0.97) 30 74 2.58
FHS VaR (1 = 0.99) 33 58 2.60

FIGURE 8 Backtesting using the z-copula and EWMA with various decays TBA 4% short.
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(1) Both the econometric-based margin models (z-copula and FHS-EWMA) are
mostly sufficient in terms of coverage ratio except for very high coupons such
as 6%, where both types of models failed the Kupiec test with a 99% confi-
dence level. This might be due to the fact that these high-coupon TBAs tend to
have more unpredictable and volatile tail behaviors caused by the pronounced
embedded optionality.

(2) Both models have better performance in terms of coverage for short posi-
tions than for long positions. This is mainly because both models have rel-
atively poor performance during the rate-hike period that started around 2022,
and long positions suffered more loss during this period. Comparatively, short
positions suffered more loss during the Covid period.

(3) For long positions, the #-copula model has similar results to the FHS-EWMA
models in term of coverage, whereas for short positions, the ¢-copula model
tends to have better performance. This is mainly because the 7-copula model
tends to have better reactivity than the FHS-EWMA models, and loss is more
pronounced for short positions during the Covid period.

(4) From the model procyclicality perspective, both models exhibit comparable
procyclicality measured by one-day and three-day max margin rate change
and by the peak-to-trough rate for the whole backtesting period.

(5) As expected, the 7-copula model tends to be more procyclical than the FHS-
EWMA model, and the smaller the decay factor value, the more procyclical
the FHS-EWMA model.

(6) Out of the three choices of FHS-EWMA model, 0.97 tends to strike a better
balance between coverage and procyclicality.

7.1.4 Additional analysis on the rate-hike period

The historical rate-hike period offers an interesting experiment in seeing how the
model calibrated to one regime (low and relatively stable rates; eg, prior to 2022)
reacts when the regime transitions into a high-rate environment. The results show
that tmost of the major margin jumps and breaches for long positions (see Figure 11
in the online appendix) occurred during the rate-hike period. We performed tests to
see the difference in performance when the model is calibrated using only the pre-
2022 time series where rates were more stable and low. For example, the performance
for 5% TBA (shown in Table 41 in the online appendix) is worse. This may partly
explain the continued resistance to using the fixed coupon time series (ie, approach 1)
to model optionality in the rate regime changing environment.
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TABLE 25 VaR backtesting for long MBS ETF (February 3, 2020 to January 6, 2023).

Model Exceedance Kupiec statistics p-value
Multivariate z-copula CCC 17 9.3380 0.0022
FHS VaR (A = 0.95) 18 11.1008 0.0009
FHS VaR (A = 0.97) 19 12.9776 0.0003
FHS VaR (A = 0.99) 21 17.0502 0.0000

TABLE 26 VaR backtesting for short MBS ETF (February 3, 2020 to January 6, 2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 8 0.3492 0.5546
FHS VaR (A = 0.95) 7 0.0171 0.8959
FHS VaR (A = 0.97) 8 0.3492 0.5546
FHS VaR (A = 0.99) 16 7.6957 0.0055

TABLE 27 Procyclicality analysis for long MBS ETF (February 3, 2020 to January 6,
2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate ¢-copula CCC 158 557 6.22
FHS VaR (A = 0.95) 185 358 4.01
FHS VaR (A = 0.97) 171 295 3.29
FHS VaR (A = 0.99) 106 167 2.71

7.1.5 ETF portfolio (VMBS, MBB)

In this section, we show the results of backtesting and procyclicality analysis for long
and short portfolios of VMBS and MBB ETFs for the period from February 3, 2020
through January 6, 2023 (see Tables 25-28). We also illustrate backtesting using
the f-copula and EWMA with various decays for MBS ETFs (see Figure 9). The
multivariate 7-copula CCC model showed fewer exceedances of the long MBS ETF
portfolio (illustrated by the boldface values in Table 25), while the FHS VaR (A =
0.99) appeared to be the least procyclical in terms of margin rate change (Table 27).
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TABLE 28 Procyclicality analysis for short MBS ETF (February 3, 2020 to January 6,

2023).
One-day max Three-day max Peak-to-
margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 104 162 4.54
FHS VaR (A = 0.95) 194 315 3.54
FHS VaR (A = 0.97) 171 269 3.00
FHS VaR (A = 0.99) 107 148 2.26

7.1.6 Index portfolio (BBG MBS)

Lastly, we show the results of backtesting and procyclicality analysis for a long and
short BBG MBS Index for the period from February 3, 2020 to January 6, 2023 (see
Tables 29-32). We also provide an illustration of backtesting using the 7-copula and
EWMA with various decays for the index portfolio (see Figure 10).

7.1.7 Key observations for TBA/MBS index or ETF backtesting and

From

procyclicality analysis

the analysis performed for long and short indexes or ETF positions in

Sections 7.1.4 and 7.1.5, the following are the key takeaways.

ey

(@)

3

“

Both econometric-based margin models, ¢-copula and FHS-EWMA, perform
better for short positions than long positions. Both are mostly sufficient in
terms of coverage ratio for short positions, whereas for long positions both
failed the Kupiec test at 99%.

For both long and short positions, the #-copula model has the best performance
in terms of coverage ratio. For the FHS-EWMA models, generally speaking,
the one with a 0.97 decay factor has the best performance.

Better performance for short positions than long positions is mainly attributed
to the fact that both models have relatively poor performance during the rate-
hike period that started around 2022, and long positions suffered more loss
during this period. Comparatively short positions suffered more loss during
the Covid period. This is similar to the observation for the individual TBA
performance.

From the model procyclicality perspective, both models exhibit comparable
procyclicality measured by one-day and three-day max margin rate change as
well as by peak-to-trough for the whole backtesting period.
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FIGURE 9 Backtesting using the r-copula and EWMA with various decays for MBS ETFs.
[Figure continues on next page.]
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(a) Multivariate z-copula CCC, backtesting GARCH CCC (MBSETF — 20p1 margin or ES quantile: 0.01). (b) FHS
VaR (A = 0.95), backtesting EWMA FHS (MBSETF — EWMA margin or ES quantile: 0.01).

(5) Compared with the individual TBAs, the model procyclicality appears to be
greater for the TBA/MBS index and ETF for long positions, whereas it is
comparable for the short positions.

8 CONCLUSION

This paper explored alternative margin models for the TBA/MBS asset class in
the context of the CCP market and general market risk management. These alter-
native margin models, which rely solely on market volatility and return behavior,
could potentially be used as a supplemental/alternative model framework for mar-
gin and stress testing purposes. The models considered (the GARCH-¢-copula and
the FHS) are relatively common in some other CCPs for their corresponding prod-
ucts (eg, credit default swaps). Based on our results, TBA/MBS price returns show
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FIGURE 9 Continued.
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(c) FHS VaR (A = 0.97), backtesting EWMA FHS (MBSETF — EWMA margin or ES quantile: 0.01). (d) FHS VaR
(A = 0.99), backtesting EWMA FHS (MBSETF — EWMA margin or ES quantile: 0.01). Left-hand columns show
portfolio (+VMBS, +MBB), right-hand columns show portfolio (—VMBS, —MBB).

TABLE 29 VaR backtesting for long BBG MBS Index (February 3, 2020 to January 6,

2023).
Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 15 6.1812 0.0129
FHS VaR (A = 0.95) 23 21.5156  0.0000
FHS VaR (A = 0.97) 20 14.9625 0.0001
FHS VaR (A = 0.99) 24 23.8849  0.0000

mixed behaviors with high kurtosis (eg, compared with VIX) and fat tails with
ITM coupons (typically high coupons) and mild tail behavior with OTM coupons.
TBAs with high coupons tend to show strong autocorrelation and high skewness.

Journal of Financial Market Infrastructures

www.risk.net/journals



Alternative margin models for mortgage-backed securities

TABLE 30 VaR backtesting for short BBG MBS Index (February 3, 2020 to January 6,
2023).

Kupiec
Model Exceedance statistic p-value
Multivariate ¢-copula CCC 8 0.3492 0.5546
FHS VaR (A = 0.95) 13 3.5705 0.0588
FHS VaR (A = 0.97) 13 3.5705 0.0588
FHS VaR (A = 0.99) 15 6.1812 0.0129

TABLE 31  Procyclicality analysis for long BBG MBS Index (February 3, 2020 to
January 6, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 98 146 4.27
FHS VaR (A = 0.95) 52 110 3.58
FHS VaR (A = 0.97) 39 71 3.29
FHS VaR (A = 0.99) 31 56 2.48

TABLE 32 Procyclicality analysis for short BBG MBS Index (February 3, 2020 to
January 6, 2023).

One-day max Three-day max Peak-to-

margin rate margin rate trough
Model change (%) change (%) (%)
Multivariate z-copula CCC 104 162 4.54
FHS VaR (A = 0.95) 52 110 3.14
FHS VaR (A = 0.97) 40 75 2.81
FHS VaR (1 = 0.99) 33 59 2.06

Both GARCH and EWMA volatility estimators can be used carefully to describe
TBA/MBSs’ price return volatility. Fat-tailed distribution (¢ with three to six DoF)
can be used for describing price return residual distribution. Synthetic moneyness
time series were constructed and used to calibrate econometric models in considera-
tion of TBA/MBSs’ embedded optionality. Backtesting shows reasonable model per-
formance during the Covid-19 and rate-hike periods. Therefore, both the GARCH-¢-
copula and EWMA approaches appear to be viable without dependency on typically
used mortgage risk factor models.
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FIGURE 10 Backtesting using the 7-copula and EWMA with various decays for long and
short BBG MBS portfolios. [Figure continues on next page.]
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