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Standard Approach to Factor Modeling

BUILDING BLOCKS:

portfolio return A

R N x1 Returns of securities
1) Structure R,
return of n-th
security
RISK MANAGEMENT: ESTIMATION Returns covariances
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Compute risk of (SDev {R,})" = wEXgw:

PORTFOLIO MANAGEMENT: ATTRIBUTION

Express portfolio return F
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Standard Approach to Factor Modeling

BUILDING BLOCKS:
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k-th systematic
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factor

Compute risk of
portfolio return A
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Express portfolio return F
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Standard Approach to Factor Modeling
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idiosyncratic
shock for n-th

KR N »1 Returns of securities
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| 17 Nx1

Exposures of returns to factors

Systematic factors
Idiosyncratic shocks

systematic factor k security
RISK MANAGEMENT: ESTIMATION Returns covariances
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BUILDING BLOCKS:

Fae

1) Structure A, = 3 ke + 1, <
JFA— b
fe=]1

/H N x 1
D vxK
E K o« 1

9 7] N x 1

Standard Approach to Factor Modeling

2) Structure is supported by Arbitrage Pricing Theory

Returns of securities
Exposures of returns to factors

Systematic factors !
Independent

Idiosyncratic shocks

3) Structure implies efficient estimate of return distribution

Returns covariances ™V =

¥g =
F . i 2
DXE-D’ + diag (o} )
Factors covariances Idio variances

K o« K N x1
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BUILDING BLOCKS:
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H N x1 Returns of securities
[ ~Nx« K Exposures of returns to factors

K
1) Structure A, = Zdﬁ,hﬁ}: +7,. <

=1

7. K =1 Systematic factors

_ _ Independent
_ 7] N x1 Idiosyncratic shocks -

2) Structure is supported by Arbitrage Pricing Theory

3) Structure implies efficient estimate of return distribution

RISK MANAGEMENT: ESTIMATION

Compute risk of (SDev -[RW}]3 — W X W :
tfolio ret o
portfolio return A t [DEED' + diag (G‘f]]'

PORTFOLIO MANAGEMENT: ATTRIBUTION

.
Express portfolio return F R = Z O i & + N

as factors + residual k=1
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——  Estimation —— —  Estimation ——

( Securities returns Aggregaﬁoz Portfolio return

Iy
R, = de;.;f;: + 7. < Same model —

fe=1 ¢
—— Attribution — —  Attribution ——
\ | Securities returns Aggregation’ Portfolio return

RISK MANAGEMENT: ESTIMATION

Compute risk of (SDev -[RW}]3 — W X W :
tfolio ret o
portfolio return A t [DEED' + diag (G‘f]]'

PORTFOLIO MANAGEMENT: ATTRIBUTION

.
Express portfolio return F R = Z O i & + N

as factors + residual k=1
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widy g+ wWydy g
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A. MEUCCI - Factors on Demand Rationale of Factors on Demand

______

Equities: R =eXp(X)—1 log-return

___________________ government curve Changes
___________ Spread Changes

v
P(X,,X,;0)

Bonds: R= S -1

0

g log-return of underlying

RN changes in implied volatility surface

o BS(X,, X,;0)

Derivatives: R = 1

B

QUEST FOR INVARIANCE:

Risk drivers % determine returns distribution
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SYSTEMATIC + IDIOSYNCRATIC RETURNS

(R Nx1 Returns of securities
K
, [ ~N « K Exposures of returns to factors
1) Structure R, = E A ke + 1, < o
i Y matic f r
=1 Z : Systematic factors Independent
_ 7] N x1 Idiosyncratic shocks

2) Structure is supported by Arbitrage Pricing Theory

3) Structure implies efficient estimate of return distribution

DOMINANT + RESIDUAL RISK DRIVERS

1) Risk drivers X determine returns distribution
[ ™ Nx1 Riskdrivers
B N« K Loadings
F K =<1 Dominantrisk factors

. U Nx1 Residuals

=
2) Structure X, = Z b o Fp = U, <
fe=1

3) Structure implies efficient estimate of risk drivers distribution
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B - NON-LINEAR PRICING

From risk-drivers 2% to returns K

C - AGGREGATION

From securities returns H to portfolio return Fs
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From risk-drivers 2% to returns K

C - AGGREGATION

From securities returns H to portfolio return Fs

D - RISK MANAGEMENT

Conditional link
Compute risk of portfolio return Fsx ;

E - PORTFOLIO MANAGEMENT Y

Attribute portfolio return Fw .
: P - N Ry = S dw ki + T
to dominant factors + residual —



A. MEUCCI - Factors on Demand Rationale of Factors on Demand

A - QUEST FOR INVARIANCE - 1
_ £ i Estimation Factor Model
1"-1*:!. = Z bﬂ.k-F-'-: T ["I'I‘i
=

Estimate dominant factors + residual
for risk drivers %

A
B - NON-LINEAR PRICING :

From risk-drivers 2% to returns K

C - AGGREGATION

From securities returns H to portfolio return Fs

D - RISK MANAGEMENT

Conditional link ‘ 1 of 3 ‘
Compute risk of portfolio return Fsx :

E - PORTFOLIO MANAGEMENT Y

P
Attribute portfolio return F
R = Zd’w.hfh + 7]
k=1

Attribution Factor Model
to dominant factors + residual W‘
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A - OUEST FOR INVARIANCE

.
Estimate dominant factors + residual X = Z b, o Fy + U,
for risk drivers X o=

A
B - NON-LINEAR PRICING :

From risk-drivers 2% to returns K

C - AGGREGATION

From securities returns H to portfolio return Fs

D - RISK MANAGEMENT
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Compute risk of portfolio return j ;- !

E - PORTFOLIO MANAGEMENT Y

-
Attribute portfolio return F
Ry = Zd’w.hfh - N
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to dominant factors + residual



A. MEUCCI - Factors on Demand Rationale of Factors on Demand
A - OUEST FOR INVARIANCE \

.
Estimate dominant factors + residual X = Z b, o Fy + U,
for risk drivers X k=

A
B - NON-LINEAR PRICING :

From risk-drivers X to returns H Bottom-up

> (from securities

C - AGGREGATION to portfolio)

From securities returns H to portfolio return Fs

D - RISK MANAGEMENT

Conditional link ‘ 3 of3 ‘
Compute risk of portfolio return Fsx E

E - PORTFOLIO MANAGEMENT Y

Top-down

> (portfolio

"
Attribute portfolio return Fx

Ry = Z Lk + specific
to dominant factors + residual W i v ke Lkt 4 The p )
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STAGE A: RISK MANAGEMENT Y
. . (
1: Risk drivers (e.g. changes of impl. vol.)

Estimation U1 joint scenario of S
X J % & scenarios risk drivers

N ) <
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STAGE A: RISK MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) R
Estimation /
x J « & scenarios
Fa , « U joint scenario of N
x = A securities returns

2. Pricing (e.g. Black-Scholes formula)
R, = On '::-Thl-']- ., Xg)

m = R— J > N scenarios \

N
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STAGE A: RISK MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.)

Estimation
x J « 5§ scenarios
N
f}{ '=_:' ‘_-1_.-
HRw
2. Pricing (e.g. Black-Scholes formula) [
R, = On '::-Thl-']- ., Xg)
scenario of

fR — t'il‘-n! Y~ J =« N scenarios portfolio return

3: Aggregation

E,=w'R _ J « 1 scenarios

fr.= Rw \
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A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

STAGE A: RISK MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.)
Estimation

X J « 5§ scenarios

N
Jx = X

e
b

2. Pricing (e.g. Black-Scholes formula)
R, = On ' X1,...,- Xz

scenarios of

J.II.-R — Ji""? Y~ J =« N scenarios portfolio return

3: Aggregation

E,=w'R _ J « 1 scenarios

-
A
HNEEEEEEEEEEEE

fr_ = Rw \

SDev, VaR, CVaR,
Contributions, ...
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STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)

Estimation g Conditional link
- | J = K conditional
X _ J = § scenarios 7 | % Ccomnri
f}{ — T fEh; — =2 £
Zz X

2. Pricing (e.g. Black-Scholes formula)

Ry = gn (X1,..., X35) scenario of
: ¢ K attribution factors m
fR = Ho— J = N scenarios conditioned on m
S risk drivers >j
3: Agagregation i |
Ry =w'R 7«1 scenarios |
e
wa = Rw

SDev, VaR, CVaR, ¢ K S
Contributions, ... :
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STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)

Estimation . Conditional link
: | J » K conditional
* ' delhttdale : Zr _ < scenarios
fx &= X JZ|x — Iy
2. Pricing (e.g. Black-Scholes formula) ES:Attribution
Hp = gn (X1,...,. Xs) ty = argmin E {{.E‘w — cl’Z]:}

: del

1|_' & - . —

m = R— J = N scenarios |

top-down exposures

3: Aggregation i \7
- = iy
E,=wR J+1 scenarios ' -
w e ! -Ew = Z{iw.hz-} T Nax
fr_+—= Rw § 1

SDev, VaR, CVaR,
Contributions, ...



A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)

Estimation . Conditional link
: | J »x K conditional
. scenarios .
. $ < S5 | | Zr _ « scenarios
fx &= X JZ|x — Zl|y.
2. Pricing (e.g. Black-Scholes formula) ES:Attribution
Bn = gn(X1,..-,- Xs) ty = argmin E {{.E‘v — cl’Z]:}
T ded
m = R— J » N scenarios :
3. Aggregation
R : i scenarios scenarios

fr_+—= Rw

SDev, VaR, CVaR,
Contributions, ...
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STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)

Estimation . Conditional link
- ' J » K conditional
. scenarios
. $ W S x0s | | Zr _ < scenarios
fx &= X JZ|x — Iy
2. Pricing (e.g. Black-Scholes formula) ES:Attribution

R.-.-—g-i-'- :Iill] ...... 1{.— :I
tOp -down exposures

: s . Earﬁml*]{E (Rw — Zd)° ]}
3: Aggregation |—l =t

fr = , .
J IR R~ J = N scenarios

R wR 7«1 i i
. — ! ol scenarios T‘- .
w e -Ew = ) {iw.hz-': T Naw
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SDev, VaR, CVaR,
Contributions, ...



A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)

Estimation . Conditional link
- ' J » K conditional
. scenarios
. $ W S x0s | | Zr _ < scenarios
fx &= X JZ|x — Iy
2. Pricing (e.g. Black-Scholes formula) ES:Attribution

Rm—g.;.» 1'|.'j ...... A g

m = R— J = N scenarios Jf
. dwzagm*]LE IE‘W—.&E]_I]}
3: Aggregation i N

' K
Ry =wR J = 1 scenarios |
; « i v = T {i T Tl
fr_+—= Rw § 1
SDev, VaR, CVaR, Exposures, Hedging,

Contributions, ... ’ Contributions from factors, ...



A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

Risk drivers (e.g. changes of impl. vol.) Attribution factors (e.g. fundamental factors)

Estimation g Conditional link
X - Z
f}{ — T fEh; — 2 .
\ ‘
i:t:l E :E: ‘_-:'L.-'
J | /
) \
— ~ _/ \ ) — ~ _/




A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

Risk drivers (e.g. changes of impl. vol.)
Estimation — Dimension reduction

X=BF +U (e.g. PCA)
_,'I"-}:_ = X =FB'+U

high quality, low burden

copula matched scenarios

scenarios
\ \ \
X e i“.

J J &
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Attribution factors (e.g. fundamental factors)
Conditional link

Z
fzix = fzip = Zly =2 F
high quality
conditional copula
matched scenarios
( (
(27 X 2] [F]
J < / J < /
\ \
e e




A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors (e.g. fundamental factors)
Estimation — Dimension reduction | Conditional link

X (e.g. PCA) 7

Jau =X = FB' + U4 Iestimation IFI\/I fzh-. = fz|f = Zly =2 F

2. Pricing (e.g. Black-Scholes formula) ES:Attribution
Rf:;.=£f-a-:'::-1‘=']-----.-1'irs] I
m =R

| dy, = argmin {E (Rw — Ed]z] }
3: Aggregation g | 4scC |

K &
R, =w'R
w : R = Z dve k Zx + 7, attribution FM
fr.= Rw 1
SDev, VaR, CVaR, Exposures, Hedging,

Contributions, ... ’ Contributions from factors, ...



A. MEUCCI - Factors on Demand Implementation Steps of Factors on Demand

STAGE A: RISK MANAGEMENT STAGE B: PORTFOLIO MANAGEMENT

1: Risk drivers (e.g. changes of impl. vol.) 4: Attribution factors  (e.g. hedging instruments)

Estimation — Dimension reduction : Conditional link
X (e.g. PCA) E
fx = X = FB'+U - fEx = fEe & Zx=2lF
2. Pricing (e.g. Black-Scholes formula) 5: Attribution
Rp=gn(X1,..., Xs) :
m =R

; d.; = argmin {E (Rw — f.d]z] }
3: Aggregation g | dcC |
- . . l

R.=wR A
_ i -Hw = Z{fwkzk T T
fr.= Rw | k=1
SDev, VaR, CVaR, «—|saME Exposures, Hedging, «— | DIFFERENT

Contributions, ... ’ Contributions from factors, ...
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Risk drivers

X=BF+U

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Risk management

Vol, VaR, CVaR,
Contributions, ...

Applications — General Framework

. Attribution factors

Z

Attribution

' Portfolio management

Exposures, Hedging,
Contributions from factors, ...



A. MEUCCI - Factors on Demand Applications — Risk Mgmt. vs. Portfolio Mgmt.

Risk drivers
X=BF+U

Principal component analysis -
Random matrix theory

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Risk management

Vol, VaR, CVaR,
Contributions, ...




A. MEUCCI - Factors on Demand Applications — Risk Mgmt. vs. Portfolio Mgmt.

Risk drivers
X=BF+U

Principal component analysis -
Random matrix theory

_volatility decomposition — per security

DS —— DS

’

il 3 55 F——d———t ———F === ———|——— - =

ome

K1) =]

o

Risk management

N
da




A. MEUCCI - Factors on Demand Applications — Risk Mgmt. vs. Portfolio Mgmt.

Attribution factors

Z

GICS Industry index returns

Attribution

dw = argmin J’E (Rw — Ed]z] }

| dcc |
x|
Hy = Z{fwkzk T The

k=1

Portfolio management

Exposures, Hedging,
Contributions from factors, ...



A. MEUCCI - Factors on Demand Applications — Risk Mgmt. vs. Portfolio Mgmt.

Attribution factors

Z

GICS Industry index returns

- _ .= _ volatility decomposition — per industry __
F N ¥ I
(o aa) NRNPY. ) S S Al B
Lot ook ¢ a'ﬂ- JI_ { & !._.;;f :f ;J;;’j"ﬁfji__: -
——rd “FE S # § &£ — ———
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Portfolio management
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A. MEUCCI - Factors on Demand Applications — Risk Mgmt. vs. Portfolio Mgmt.

Risk drivers . Attribution factors
X=BF+U - Z
Principal component analysis - GICS Industry index returns

Random matrix theory .
_volatility decomposition — per security

DS —— DS

| | | | | |
[ om

il 3 55 F——d———t ———F === ———|——— - =

K1) =]

o

LOE

n}

- _ .= _ volatility decomposition — per industry
¥ f N ¥ I
( oL ozl :__ _____:____fl-\. far—‘—f—f‘ A _
F I & r L F Fas Fr
Lot u:u:rﬁ_d do Jl-a"—-;;- ;;--.j;jjjig ;fnff_-;i_i _
FI'.' k] -] 3 = F-, fﬂ F, — — T ==
T = ot “Bdulf i f] {4 f S I
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Portfolio management analysis consistent with risk management numbers



A. MEUCCI - Factors on Demand Applications — Global vs. Regional Equity Model

Risk drivers

Granular regional equity factor model

R!_&_I — E!_&_IF!.-::;;' " U:_u_l
t  (e.g. USfinancial,
- US utilities,...)
R;'.v'_l — E!_;..l]f,![.‘.-.‘”_u _I_'[_f'llzhlj.

t  (e.g. UK financial,
UK utilities,...)



A. MEUCCI - Factors on Demand Applications — Global vs. Regional Equity Model

Risk drivers Attribution factors
Granular regional equity factor model Coarse global factors
(] — (o)l ex) =3
R = plepe L@ | | ()
t  (e.g. USfinancial,
- US utilities,...) 7 = A :
R.-\-'l E E:_'.U::Fl;:-'\-'.:' _I_ -[_f_l:.'.l.l:: .

I Fiw) (e.g. global financial,

t  (e.g. UK financial, global utilities,...)

UK utilities,...)




A. MEUCCI - Factors on Demand Applications — Global vs. Regional Equity Model

Risk drivers Attribution factors
Granular regional equity factor model Coarse global factors
(] — (o)l ex) =3
t  (e.g. USfinancial, ‘
- US utilities,...) 7 = A :
(w) — (w) (o) r(w) . _ _
R = B™PF*'+U . I Fl«) (e.g. global financial,
t  (e.g. UKfinancial, global utilities, ...)
UK utilities,...)
Aggregation Attribution
Coarse global factor equity factor model
- ‘!"_'.L"
F,=wR _
h Re = Z{fwkzk T N
k=1

No need for inconsistent estimates of regional and global models



A. MEUCCI - Factors on Demand

Risk drivers
X=BF+U

Arbitrary estimation criterion

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
Rl =w/R
t t

Portfolio at current time t

Applications — Point in Time Style Analysis



A. MEUCCI - Factors on Demand Applications — Point in Time Style Analysis

Risk drivers Attribution factors
X=BF+U Z

Arbitrary estimation criterion Returns of style indices
Pricing Attribution
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Risk drivers Attribution factors
X=BF+U Z

Arbitrary estimation criterion Returns of style indices
Pricing Attribution

-R'i':!- — On '::-T'J- - -y -T'f-S]

dw = argmin f!’E (Rw — Ed]z] }

| [drl=1.d>0] L

Aggregation i o
e K Sum-to-one, long-onl
R, =wH n - dew « Z L 1 g-onty
§ I w
T T Ay = w. kil
Portfolio at current time t k=1

Point-in-time, non-lagging, non spurious style analysis
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Risk drivers
X=BF+U

Arbitrary estimation criterion

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Applications — Risk Attribution to Portfolios

Attribution factors
7Z=(R'wi . Rwg

Returns of basis of portfolios

Attribution

dw = argmin J’E (Rw — Ed]z] }

- d, |
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K Unconstrained

Re = Z{fwkzk T The

k=1
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Risk drivers
X=BF+U

Arbitrary estimation criterion

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Applications — Risk Attribution to Portfolios

Attribution factors
7Z=(R'wi . Rwg

Returns of basis of portfolios

Attribution

dyw = {1“’_!51“7) B W' Sw
=
Re = Z{fwkzk T N

k=1

Risk attribution to basis of portfolios
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Risk drivers Attribution factors
X=BF+U Z

Arbitrary estimation criterion Returns of hedging instruments
Pricing Attribution
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Risk drivers
X=BF+U

Arbitrary estimation criterion

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Applications — No-Greek Hedging

Attribution factors

Z

Returns of hedging instruments

Attribution
d+ = argmin J’C"';':aﬁ Rw — Ed]}

azc |

dw = argmin {E _l:‘RW — Ed}j IL

dcl
ﬁi‘

Re = Z{fwkzk T The

k=1

Optimal no-Greek hedges that promote upside
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Risk drivers
X=BF+U

Arbitrary estimation criterion

e.g.
- compounded return of one underlying
- compounded returns of vol. surf

Applications — No-Greek Hedging

Attribution factors

Z

Returns of hedging instruments

e.g.
- linear return of one underlying

Units of underlying to hedge one call option

100 days 150 days 200 dayvs 250 davs 300 davys
FOD 5.8 5.3 5.0 4.9 4.8
ES 5.7 5.4 5.2 5.1 5.0
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Risk drivers
X=BF+U

Arbitrary estimation criterion

Pricing
-R'i':!- — On '::-T'J- - -y -T'f-S )

Aggregation
R.=wR

Applications — Best Pool on Demand

Attribution factors

Z

Returns of hedging instruments

Attribution

d = argmin | CVaR Rw — 2d|

e
d=C

o = %?@%{ 7 -

1 Includes cardinality constraint

He = Z{fwkzk_ﬂw

k=1

Best pool of hedges that promote upside
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Risk drivers Attribution factors
X=BF+U Z

Arbitrary estimation criterion GICS Industry index returns
Pricing Attribution

-R'i':!- — On '::-T'J- - -y -T'f-S]

dw = argmin J’E (Rw — Ed]z] }

| L_deC | -

Aggregation
R.=wR

N
l Includes cardinality constraint

He = Z{fwkzk_ﬂw

k=1

Best portfolio-specific factor model
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ESTIMATION VERSUS ATTRIBUTION

STANDARD APPROACH TO FACTOR MODELING

RATIONALE OF FACTORS ON DEMAND

IMPLEMENTATION OF FACTORS ON DEMAND

APPLICATIONS OF FACTORS ON DEMAND

REFERENCES

Appendix: factor models pitfalls
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> Article:

Attilio Meucci - “Factors on Demand”
Risk, July 2010, p 84-89
available at http://[ssrn.com/abstract=1565134

» MATLAB examples:

MATLAB Central Files Exchange (see above article)

» This presentation:

www.symmys.com > Teaching > Talks
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. . .
R N x1 Returns of securities
K

Ro=) dniZi+n, A

k=1

[ N« K Exposures of returns to factors

72, K =1 Systematic factors |
Independent

17 N1 Idiosyncratic shocks |

\

@thed by Arbitrage Pricing Theory

APT: if R=DZ+n = E{R}=£1+D¢§
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- Equities
15t half-sample distribution IE"“ half-sample distribution
(m | I-l 1 1 [ | m‘r""‘ I_I I-I I
0.93 1 1.03 0.55_ 1 1.05
\05 scatter-plot with lags
1 o Fig. 3.2.
0595 ' L
0.935 1 1.03

total returns p oo —
Fi 4
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- Equities

total returns H; = _P (3.9)
t—1

linear returns compounded returns

P ( F; j
R, = —1 (310 N C: = 1In (3.11)
Y t P

hS
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- Derivatives

18

C, (K. E)

T

price at time t of call with
strike K expiring at time E

O | | | | |
i L™ | Mar09 Mar09 Apr09 May09 May09 Jun09 Jul09 Jul09
C-._'- |,..E'|. ) E _| p y y

H; = — 1]
"= Ci1 (K. E)

returns are
NOT
invariants
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Invariants: compounded returns

& =InsS; —InS;_,

theory > price:
Ci (K. E)=Cgg(t, 5,0, K F)

T

price at time t of call with
strike K expiring at time E

Factor Models Pitfalls - Quest for Invariance

- Derivatives

¢ Cgs(t,5,0,K,E)= 5% (d1) — Ke T E g (ea)
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Invariants: compounded returns

& =InsS; —InS;_,

theory > price:
Ci (K. E)=Cgg(t, 5,0, K F)

implied volatility surface
(t, K,E)w— o; (K, E)

invariant coordinates

(t,m,v) — g (m, v)
moneyness /‘

time to expiry

Factor Models Pitfalls - Quest for Invariance

moneyness
m

4

- Derivatives

volatility surface- a¢ [m, v}

v

time to expiry



A. MEUCCI - Factors on Demand Factor Models Pitfalls - Quest for Invariance

Invariants: compounded returns

& =InsS; —InS;_,

theory > price:
Ci (K. E)=Cgg(t, 5,0, K F)

implied volatility surface
(t, K,E)w— o; (K, E)

invariant coordinates volatility slice

(t,m,v) — o (m,v) <& O

¥
&

moneyness
m

4

- Derivatives

volatility surface- a¢ [m, v}

v

volatility slice ¢ time to expiry



A. MEUCCI - Factors on Demand Factor Models Pitfalls - Quest for Invariance
- Derivatives
Invariants: compounded returns

& =InsS; —InS;_,

theory > price:
Ci (K. E)=Cgg(t, 5,0, K F)

implied volatility surface
(t, K,E)w— o; (K, E)

invariant coordinates volatility slice

(t,m,v) — o (m,v) <& O

¥
&

Invariants: compounded returns of volatility slice
Xs=hhe, —Inea;_;
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- Derivatives
Invariants: compounded returns

& =InsS; —InS;_,

1st half-sample distribution 2nd half-sample distribution

theory > price: N N

C,(K.E)=Cgs(t.5, 0: K.E) | hm
i | | il
. -0. 0.1

-0.1 0

implied volatility surface
(t, K,E)w— o; (K, E)

invariant coordinates

(t,m,v) — g (m,v)

¥
&

scatter-plot with lags

Invariants: compounded returns of volatility slice
Xid=hnhe, —Inea;_;
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g log-return
Equities: R=¢e" -1
I RRREE log-return of underlying
oo log-return of implied volatility
14 v
BS(X,, X,;0
Derivatives: R = ( 1'” 2 )—1
B
oooemooomoooeooes government yield changes
* S spread changes
P(X,, X,;0
Bonds: R= ( S )—1
B

Returns R are fully determined by risk drivers / invariants X

Estimation must be performed on risk-drivers/invariants, not on returns
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R N x1 Returns of securities
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R N x1 Returns of securities

H e e
[ N« K Exposures of returns to factors

-R’rl — ':1171.-'-33.‘.' + ., <
g " 7. K x1 Systematic factors
Ind@ient

. 1 Nxl Idi@ratic shocks

...more in general ...

X Nx1 Riskdrivers

B N <K Loadings

F K =1 Riskfactors
) Ind ent
TJ ¥ =1 Residuals idi(@:ratic

I
Np = Z bk Fi + Un <
k=1
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X Nx1 Riskdrivers
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- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

U ¥=«1 Residuals
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risk drivers exposure of drivers to factors factors shocks for risk driver
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( x - . .
X Nx1 Riskdrivers

B. ¥« K Loadings

P
N = z by e By + Uy <
1

F K x1 Riskfactors
_ Ind@ient
L IJ Nx1 Residuals
- correlated ‘\
risk drivers exposure of drivers to factors fac‘tors shocks for risk driver

|

— - - ~  — —
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( x
X Nx1 Riskdrivers
B. ¥« K Loadings

i
N = z by e By + Uy <
1 F K x1 Riskfactors

TJ ¥ =1 Residuals idio@ratic

risk drivers exposure of drivers to factors factors shocks for risk driver
—— - - ~
[ X1\ b b o bax B0\ ] U
5 : 5 5 5 ; correlated
X, = bp1i - bpx - bug F, + U, |

\ Xy ) \bw: - bye - byx ) \Fx ) \ Uy )
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( F - . .
X Nx1 Riskdrivers

K .
- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

U ¥=«1 Residuals

estimation modeling
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V d - -
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time series Investment

time (now) horizon
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-
Xp=) bnaFe+Un <
k=1

—

time series

.decision investment
time (now) horizon

( - - - - . . .

X Nx1 Riskdrivers with known distribution fx
B. ¥« K Loadings
F K x1 Riskfactors

L 17 N=<1 Residuals

modeling

—

T—II—T
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X Nx1 Riskdrivers with known distribution fx

K .
- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

U ¥=«1 Residuals

Optimality Criteria

K< N
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P
N = z by e By + Uy <
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X Nx1 Riskdrivers with known distribution fx
B. ¥« K Loadings
F K x1 Riskfactors

U ¥=«1 Residuals

Optimality Criteria
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X Nx1 Riskdrivers with known distribution fx
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- ] B. N« K Loadings
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- F K x1 Riskfactors

U ¥=«1 Residuals

Optimality Criteria

K< N
":Il:?:' 'l:P: L-} = “h:-:."-"

U“small” © R* {X.BF} large
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X Nx1 Riskdrivers with known distribution fx
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- ] B. N« K Loadings
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X Nx1 Riskdrivers with known distribution fx

K .
- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

L 17 N=<1 Residuals

F.B. Exogenous | |F Exogenous, B.Optimized | | BExogenous, FOptimized | F.B. Optimized

Optimality Criteria

K< N
":Il:?:' 'l:P: L-} = “h o A
U“small” © R* {X.BF} large

U idiosyncratic
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X Nx1 Riskdrivers with known distribution fx

B. ¥ <K Loadings, known

x
-Tf:!. — z I5'1-'.',..'-:-'E"_-'-: Ll L.'ﬁ <
1 F K x1 Riskfactors, known distributions fp ,f:a;_F

L 17 N=<1 Residuals

F.B. Exogenous | F Exogenous, B.Optimized | | BExogenous, FOptimized | F.B. Optimized

“Residual” approach

e.g. X Bondreturns
B. Key rate durations

F Changes in key rates



A. MEUCCI - Factors on Demand Factor Models Pitfalls - Nature of Residual

X Nx1 Riskdrivers with known distribution fx

Iy .
_ _ B. ¥ <K Loadings, known
Xn = z b ki + Un { ]
e—1 F K =1 Riskfactors, known distributions fp ,f}.;_F

L 17 N=<1 Residuals

F.B. Exogenous | F Exogenous, B.Optimized || BExogenous, FOptimized | F.B. Optimized

“Residual” approach Optimality Criteria

e.g. X Bondreturns ‘/ K & N

B. Key rate durations L
X ":Il:?:' "..Pi L-} = “h:-:."-"
F Changes in key rates

X TU+“small” < R*{X,BF} large

X U idiosyncratic
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B. “betas”

F -s&Pindex return, -
industry indices, ...
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X Nx1 Riskdrivers with known distribution fx

ﬂ" :
) _ B. N« K Loadings
Np = z bk Fie + Un <
1 F K x1 Riskfactors, known distributions fp ,f:a;_F

L 17 N=<1 Residuals

F B. Exogenous | |F Exogenous, B Optimized | BExogenous, FOptimized || F,B. Optimized

“Time series” approach (misnomer)

e.g. X stockreturns

B. “betas”

F -s&Pindex return, -
industry indices, ...
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X Nx1 Riskdrivers with known distribution fx

ﬂ" :
) _ B. N« K Loadings
Np = z bk Fie + Un <
1 F K x1 Riskfactors, known distributions fp ,f:a;_F

L 17 N=<1 Residuals

F B. Exogenous | |F Exogenous, B Optimized | BExogenous, FOptimized || F,B. Optimized

“Time series” approach (misnomer) Optimality Criteria
e.g. X stockreturns ‘/ K< N
B. “betas”

F -s&Pindexreturn, - X {:'}?*,P:L}=ﬂhx_-._-.

industry indices, ... )
~ T 'small” © E* {X,BF} large

B, = argmax R° {X_  BF}
. X U idiosyncratic

~ B {XF}E (FF}



A. MEUCCI - Factors on Demand Factor Models Pitfalls - Nature of Residual

( - - - - - - - -
X Nx1 Riskdrivers with known distribution Fx

B. ¥« K Loadings

N

i
Np = z bk Fie + Un 1
] F — (F) Risk factors, known distributions fp ,f:a;_F

L 17 N=<1 Residuals

F B. Exogenous | |F Exogenous, B Optimized | BExogenous, FOptimized || F,B. Optimized

“Time series” approach (misnomer) Optimality Criteria
e.g. X stockreturns ‘/ K< N
B. “betas”

F - s&Pindex return, - \/ {:'}?*,P:L}=ﬂhx_-._-.

industry indices, ... )
~ T 'small” © E* {X,BF} large
B, = argmax R° {X_  BF}
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X Nx1 Riskdrivers with known distribution fx

B. ¥ <K Loadings, known
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et F K x1 Riskfactors
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“Cross section” approach

e.g. X stockreturns
B. GICS 1/0 industry partition

F industry factors
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X Nx1 Riskdrivers with known distribution fx

B. ¥ <K Loadings, known

i
N = z by e By + Uy <
et F K x1 Riskfactors

L 17 N=<1 Residuals

F B. Exogenous | F Exogenous, B.Optimized || BExogenous, FOptimized || F,B. Optimized

“Cross section” approach

e.g. X stockreturns
B. GICS 1/0 industry partition

F industry factors

F. = argmax R* {X BF}
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X Nx1 Riskdrivers with known distribution fx

B. ¥ <K Loadings, known

i
N = z by e By + Uy <
et F K x1 Riskfactors

L 17 N=<1 Residuals

F B. Exogenous | F Exogenous, B.Optimized || BExogenous, FOptimized || F,B. Optimized

“Cross section” approach Optimality Criteria

€.9g. X stockreturns v K<N
B. GICS 1/0 industry partition L
X {:II}:"'I_P:L-} =“h:-:."-"

F industry factors
~ TU+“small” & RB*{X . BF} large

F. = argmax R* {X BF}
F=A'X X U idiosyncratic

— l::ErEa:_] B'X
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X Nx1 Riskdrivers with known distribution fx

K .
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- F K x1 Riskfactors
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F B. Exogenous | F Exogenous, B Optimized | | BExogenous, FOptimized || F,B. Optimized

Principal component analysis

e.g. X vyield curve changes
B. market / slope / butterfly
F parallel shift / tilt / twist
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X Nx1 Riskdrivers with known distribution fx

K .
- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

L 17 N=<1 Residuals

F B. Exogenous | F Exogenous, B Optimized | | BExogenous, FOptimized || F,B. Optimized

Principal component analysis

e.g. X vyield curve changes
B. market / slope / butterfly
F parallel shift / tilt / twist

(B,.A,) =argmax R’ {X BA'X]
B.A

P

A=B= EH'_‘ Cov{X} =EAE"

E}{ = (E'”: ____EI_IL_|)<_‘
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X Nx1 Riskdrivers with known distribution fx

K .
- ] B. N« K Loadings
Np = z bk Fie + Un <
- F K x1 Riskfactors

L 17 N=<1 Residuals

F B. Exogenous | F Exogenous, B Optimized | | BExogenous, FOptimized || F,B. Optimized

Principal component analysis Optimality Criteria

e.g. X vyield curve changes v K<N

B. market / slope / butterfly ) ]
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