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Î ÷åì ýòîò äîêëàä

Äâèæåíèå àêöèé ⇐⇒ ðèñê

Âèäû äâèæåíèé:

•
Ñèñòåìàòè÷åñêèå, äåéñòâóþùèå íà ãðóïïó àêöèé

•
Ñïåöè�è÷åñêèå äëÿ äàííîé àêöèè

Ñèñòåìàòè÷åñêèå äâèæåíèÿ � ñïîñîá îòëè÷àòü �àêòû îò

ñëîâ
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Setup

Âñåëåííàÿ: N àêöèé, ãäå N äîñòàòî÷íî âåëèêî

Ïðèìåðû: STOXX (600 åâðîïåéñêèõ àêöèé), TOPX (1000

ÿïîíñêèõ àêöèé), Russell 3000 (3000 àìåðèêàíñêèõ àêöèé), ...

Äíåâíîé ãîðèçîíò

Îäíà ãåîãðà�èÿ
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�èñê: systemati and stok-spei�

Ïðèáëèæåíèå 1: âåñü ðèñê � ñïåöè�è÷åñêèé, âñå äâèæåíèÿ

àêöèé íåçàâèñèìû â ëèíåéíîì ñìûñëå:

R

i

(t) = ε
i

(t)

Îáîçíà÷åíèÿ

R

i

(t): return on stok i over period t

ε
i

(t): ñëó÷àéíàÿ âåëè÷èíà

"�îññèéñêèé �îíäîâûé ðûíîê ïîøåë ââåðõ íà 1.5%"

Âîçìîæíî, Ïðèáëèæåíèå1 íå ñîâñåì âåðíî.
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�èñê: systemati and stok-spei�

Ïðèáëèæåíèå 2: äâèæåíèå àêöèè = äâèæåíèå ðûíêà +

äâèæåíèå àêöèè ïî ñðàâíåíèþ ñ ðûíêîì

R

i

(t) = F

m

(t) + ε
i

(t)

Îáîçíà÷åíèÿ

F

m

(t): return of the market fator over period t

Åñëè ïðîãíàòü ðåãðåññèþ, îêàæåòñÿ, ÷òî ýòîò �àêòîð

ñóùåñòâåííûé.
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�èñê: systemati and stok-spei�

Ïðèáëèæåíèå 3: à ÷òî åñëè äîáàâèòü ñåêòîð?

R

i

(t) = F

m

(t) + F

s

(t) + ε
i

(t)

Ïðèáëèæåíèå 4: à ÷òî åñëè äîáàâèòü ñòðàíó?

R

i

(t) = F

m

(t) + F

s

(t) + F



(t) + ε
i

(t)

Ïðèáëèæåíèå 5, Ïðèáëèæåíèå 6, ...
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�èñê: systemati and stok-spei�

Äâèæåíèå àêöèé ⇐⇒ ðèñê

�åçóëüòàò: äâèæåíèÿ ðûíêà ðàçäåëÿþòñÿ íà

•
ñèñòåìàòè÷åñêèå, äåéñòâóþùèå íà ãðóïïó àêöèé

•
ñïåöè�è÷åñêèå äëÿ äàííîé àêöèè

R

i

(t) = F

m

(t) + F

s

(t) + F



(t) + ε
i

(t)
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Ïëàíû íà áëèæàéøèé ÷àñ

•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè

8 / 65



•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Íàó÷èìñÿ îöåíèâàòü ìîäåëè

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè

9 / 65



Îáùèé âèä ðàññìàòðèâàåìûõ ìîäåëåé

R

i

(t) =
∑

L

i,k(t− 1)F
k

(t) + ε
i

(t)

Èçâåñòíî:

•
L

i,k(t− 1): exposure of stok i to fator k at the end of

(t− 1)

•
R

i

(t): return of stok i over period t

Îöåíèâàåòñÿ:

•
F

k

(t): return on unit exposure to fator k over period t

• ε
i

(t): residual return on stok i over period t
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Ôèçè÷åñêèé ñìûñë fator loadings

Çíà÷åíèÿ L

i,k(t) îïðåäåëÿþò, íàñêîëüêî ñèëüíî àêöèÿ i
ïîäâåðæåíà �àêòîðó k

Ñäåëàåì íîðìèðîâêó (äëÿ âñåõ êðîìå dummies):

•
Âûáðîñèì outliers

•
L

i

(t) =
(L

i,k
(t)−E(L

i,k
(t)))

σ(L
i,k

(t))

Ôèçè÷åñêèé ñìûñë L

i,k(t) = 1: àêöèÿ ñ òàêèì ïîêàçàòåëåì â

ìîìåíò âðåìåíè t îòëè÷àåòñÿ îò ñðåäíåé àêöèè â íàøåé

âñåëåííîé íà îäíî ñòàíäàðòíîå îòêëîíåíèå
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Ôèçè÷åñêèé ñìûñë fator returns

Ôèçè÷åñêèé ñìûñë F

k

(t): íàñêîëüêî ñèëüíî òîò èëè èíîé

�àêòîð â èññëåäóåìîì ïåðèîäå ïîâëèÿë íà returns.

Ôèçè÷åñêèé ñìûñë F

k

(t) = 0.01: àêöèÿ ñ åäèíè÷íûì exposure

ê ýòîìó �àêòîðó, â ñðåäíåì, èìåëà return íà 1% áîëüøèé,

÷åì ñðåäíÿÿ àêöèÿ íà ðûíêå.
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�åãðåññèîííàÿ ïðîöåäóðà

Ïðîáëåìà: åñëè â ìîäåëè åñòü Market è ëèáî Setor dummies,

ëèáî Country dummies, ó íàñ åñòü ìóëüòèêîëëèíåàðíîñòü:

Market Country1 Country2 Setor1 Setor2

1 1 0 1 0

1 1 0 0 1

1 0 1 0 1

1 1 0 0 1

1 0 1 1 0
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�åãðåññèîííàÿ ïðîöåäóðà

�åøåíèå � îãðàíè÷åíèÿ íà dummies.

Íàïðèìåð, åñëè åñòü ñòðàíû è ñåêòîðà, ìîæíî ââåñòè:

∑

F

k

s

= 0

∑

F

k



= 0

Òîãäà return ñåêòîðà/ñòðàíû � ýòî exess return ïî

ñðàâíåíèþ ñ ðûíêîì

Ïðîáëåìà: small aps áóäóò äàâàòü ñëèøêîì áîëüøîé øóì
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�åãðåññèîííàÿ ïðîöåäóðà

Êàê áîðîòüñÿ ñ øóìîì?

Ââåñòè âåñà!

Äâå èäåè:

•
�ûíîê - ýòî ñîâîêóïíîñòü âñåõ àêöèé. Çíà÷èò, âåñà ñòîèò

äàâàòü â çàâèñèìîñòè îò ðûíî÷íîé êàïèòàëèçàöèè

(îáû÷íî êàêîé-òî �óíêöèè îò íåå).

•
Äîõîäíîñòè - ýòî çàøóìëåííûå íàáëþäåíèÿ "èñòèííûõ

ïàðàìåòðîâ". Çíà÷èò, âçâåøèâàòü íóæíî ñ

èñïîëüçîâàíèåì êàêîé-òî �óíêöèè îò âîëàòèëüíîñòè.
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Èòîãîâûé âàðèàíò: Generi Risk Model

R

t,i = F

t

· L

t,i + ε
i,t

(1×K) (K× 1)

Ìàòðè÷íàÿ �îðìà �àêòîðíîé ìîäåëè:

R = F · L + E

(T×N) (T×K) (K×N) (T×N)

N � êîëè÷åñòâî àêöèé.

T � êîëè÷åñòâî âðåìåííûõ ïðîìåæóòêîâ.

K � êîëè÷åñòâî �àêòîðîâ.

Ïðèìåðû çíà÷åíèé.

N = 2000, T = 500, K = 100
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Ôàêòîðû íà ïðèìåðå BARRA

•
Market

•
Setor

•
Country

•
Curreny

•
Prie momentum

•
Volatility

•
Turnover

•
Size

•
Value

•
Growth

•
Dividend Yield

•
Earnings Yield

•
Leverage
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Fator: Setor

Íóæåí, ÷òîáû çàõâàòûâàòü äâèæåíèå ñåêòîðà

Ïðîñòîé âàðèàíò: setor dummy â êàêîé-íèáóäü

êëàññè�èêàöèè, íàïðèìåð GICS L1 (10) /L2 (24)

Àëüòåðíàòèâà: ñîáèðàòü ñåêòîðà èç áîëåå äåòàëüíîé

êëàññè�èêàöèè (GICS L3: 68, L4: 154)
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Fator: Country

Íóæåí, ÷òîáû çàõâàòûâàòü äâèæåíèå ñòðàíû

Ïðîñòîé âàðèàíò, ountry dummy.

1 åñëè êîìïàíèÿ çàðåãèñòðèðîâàíà â ñòðàíå, 0 åñëè íå

çàðåãèñòðèðîâàíà.

Àëüòåðíàòèâà: �óíäàìåíòàëüíûé �àêòîð, îñíîâàííûé íà

äåÿòåëüíîñòè êîìïàíèè â ðàçíûõ ñòðàíàõ
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Style fator MOMENTUM

w

1

· HWALF+ w

2

·MOM

12,1 + w

3

·MOM

6,1

HWALF Historial weekly alpha. Interept, α
i

of a regression of

weekly asset returns R

i,t, against weekly returns of the
ap-weighted estimation universe R

Mt

R

i,t = α
i

+ β
i

R

Mt

+ ε
i,t

E.g. use 2 years of weekly data (104 weeks) and exponential

weighting with a half-life of 52 weeks.
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Style fator MOMENTUM

w

1

· HWALF+ w

2

·MOM

12,1 + w

3

·MOM

6,1

MOM

12,1 12-month relative strength. lagged by 1 month.

MOM

12,1 =

T−1
∑

t=T−NP

ln(1+ R

i,t)−
T−1
∑

t=T−NP

ln(1+ R

0,t)

R

i,t : monthly asset return at time t

R

0,t : monthly risk-free return at time t

NP : number of periods in sum, here NP = 12

MOM

6,1 6-month relative strength. lagged by 1 month. De�ned as

MOM

12,1 but uses NP = 6
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Style fator VOLATILITY

w

1

·HWBT+ w

2

· CMR

12,0 + w

3

·DSTD
65,23

HWBT Historial weekly beta. Slope β
i

of the regression for

HWALF

CMR

12,0 Cumulative range, de�ned as

CMRA = ln(1+max(Z
t

))− ln(1+min(Z
t

))

Z

t

=

t

∑

s=1

ln(1+ R

i,s)−
t

∑

s=1

ln(1+ R

0,s)

R

i,s : monthly asset return at time s

R

0,s : monthly risk-free return at time s
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Style fator VOLATILITY

w

1

· HWBT+ w

2

· CMR

12,0 + w

3

· DSTD

DSTD Daily asset volatility. Exponentially-weighted standard

deviation of loal daily asset returns. E.g.

DSTD = DSTD

65,23 Uses 65 daily returns and a half-life of

23 days.

DSTD

65,23 =
(

t

∑

s=t−64

λt−s · (R
i,s − R̄

i

)2/
t

∑

s=t−64

λt−s
)

1/2

λ = 0.51/τ , and τ = 23 days
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Style fator LIQUIDITY

w

1

· LSTOA + w

2

· LSTOQ + w

3

· LSTOM

LSTOA Log of annual share turnover; an indiator of the average

liquidity of an asset over 1 year

LSTOA = ln

(

1

NP

·
T

∑

t=T−NP+1

VOL

t

NOS

t

)

VOL

t

: monthly volume of shares traded at time t

NOS

t

: number of shares outstanding at time t
NP : number of periods in sum, e.g. NP = 12

LSTOQ Log of quarterly share turnover; i.e. LSTOA with NP = 3

LSTOM Log of monthly share turnover; i.e. LSTOA with NP = 1
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Style fator SIZE

w

1

· LNCAP+ w

2

· ASSI

LNCAP Log of the month-end issuer apitalization

ASSI Log of total assets; an indiator of funadmental �rm size
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Style fator VALUE

w

1

· BTP+ w

2

· STP

BTP Book-toprie ratio. The last published book value of

ommon equity divided by the urrent issuer apitalization.

STP Sales-to-prie ratio. Sales over the last 12 monthes divided

by the urrent issuer apitalization
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Style fator GROWTH

w

1

·AGRO+w

2

·SAGRO+w

3

·EGRO+w

4

·EGRSF+w

5

·EGRLF

AGRO Trailing growth of total assets. Slope oe�ient of the

reported total assets regressed against time over the last 5

years.

SAGRO Trailing growth of annual sales. Slope oe�ient of the

reported annual sales regressed against time over the last 5

years.

EGRO Trailing growth of annual net earnings. Slope oe�ient of

the reported annual net earnings regressed against time

over the last 5 years
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Style fator GROWTH

w

1

·AGRO+w

2

·SAGRO+w

3

·EGRO+w

4

·EGRSF+w

5

·EGRLF

EGRSF Short-term predited earnings growth, de�ned as:

EGRSF =
EPS

12F

− EPS

12B

abs(EPS
12B

)

EPS

12F

: forward-looking earnings per share
EPS

12B

: bakward-looking earnings per share, de�ned as

EPS

12B

= (M · EPS
0

+ (12−M) · EPS
1

)/12

EPS

0

: last reported earningsper share.

EPS

1

: onsensus of EPS foreasts for urrent �sal year.

M : number of monthes sine the end of last �sal year

EGRLF Long-term (3-5 years) predited earnings growth, onsensus

of analyst estimates
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Style fator DIVIDEND YIELD

1.0 · YLD

YLD Annualized dividend per share divided by the urrent prie
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Style fator EARNINGS YIELD

w

1

· ETP +w

2

· CETP +w

3

· ROE+ w

4

· PETP
ETP Trailing earnings-to-prie ratio. Net earnings over the last

12 monthes divided by the urrent issuer apitalization.

CETP Cash earnings-to-prie ratio. Cash earnings over the last 12

monthes divided by the urrent issuer apitalization.

ROE Return on equity. Net earnings over the last 12 monthes

divided by the urrent issuer apitalization.

PETP Predited earnings-to-prie ratio. 12− month

forward-looking earnings per share divided by urrent prie.

Forward-looking earnings per share are de�ned as

EPS

12F

= (M · EPS
1

+ (12−M) · EPS
2

)/12

EPS

1

: onsensus of EPS foreasts for urrent �sal year.

EPS

2

: onsensus of EPS foreasts for next �sal year.

M : number of monthes remaining to the end of urrent

�sal year
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Style fator LEVERAGE

w

1

· BLEV + w

2

·MLEV

BLEV Book leverage. Computed as

BLEV =
BV+ PF+ LD

BV

BV : most reent book value of ommon equity

PF : most reent book value of preferred equity

LD : most reent book value of long-term debt

MLEV Market leverage. De�ned in the same way but BV is

replaed by the most reent issuer apitalization.
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×òî åùå ìîæíî ïðèäóìàòü?

•
Prie reversion

•
Analyst sentiment

•
Analyst revisions

•
...
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Fator: Prie reversion

Êîìïàíèè, êîòîðûå äîðîæàëè íà ïðîòÿæåíèè ïîñëåäíèõ

íåñêîëüêèõ äíåé, ïîäåøåâåþò. Êîìïàíèè, êîòîðûå äåøåâåëè,

áóäóò ïîäîðîæàþò.

Ïðèìåð: return over 3 days

Óëó÷øåíèå: ñ÷èòàòü residual returns reversion, à íå ïðîñòî

returns reversion

Óëó÷øåíèå: ñìîòðåòü åùå è íà trade imbalane

...
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Analyst sentiment

Â ïîâåäåíèè àêöèé, êîòîðûå íðàâÿòñÿ àíàëèòèêàì, åñòü

÷òî-òî îáùåå ïî îòíîøåíèþ ê àêöèÿì, êîòîðûå àíàëèòèêàì

íå íðàâÿòñÿ

Ïðèìåð: ïîñ÷èòàòü ñðåäíèé ðåéòèíã (buy/sell/neutral) ïî

âñåì àíàëèòèêàì íà ðûíêå

Óëó÷øåíèå: âçâåñèòü õîðîøèõ è ïëîõèõ àíàëèòèêîâ ñ

ðàçíûìè âåñàìè

Óëó÷øåíèå: ó÷èòûâàòü ðàçíîå âðåìÿ îáíîâëåíèÿ ïðîãíîçîâ

...
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Analyst revisions

�ûíîê ðåàãèðóåò íà �àêò èçìåíåíèÿ ïðåäñêàçàíèé

àíàëèòèêîâ

Ïðèìåð: ñóììà èçìåíåíèé ïðåäñêàçàíèé EPS FY1 çà

êàêîé-òî ïåðèîä

Óëó÷øåíèå: èñïîëüçîâàòü 12MF

Óëó÷øåíèå: êëàñòåðû ïðåäñêàçàíèé (ïî âðåìåíè)

...
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•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Íàó÷èìñÿ îöåíèâàòü ìîäåëè

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè
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Ñõåìà îöåíêè ïàðàìåòðîâ ìîäåëè íà ïðèìåðå Barra

Cross-setional regression with weights proprtional to

√
map

Outlier stok returns deteted and �ltered with a two-step

regression sheme:

(1) R

i

= β
iM

· F
M

+
∑

C

β
iC

· F
C

+
∑

J

β
iJ

· F
J

+
∑

S

β
iS

· F
S

+ ε
i

(2) identify outlier omponent e

i

: set ε
max

= 3 · std
i

(ε
i

)
if abs(ε

i

) > ε
max

then set e

i

= ε
i

− sgn(ε
i

) · ε
max

, otherwise
e

i

= 0

(3) R

i

− e

i

= β
iM

· F̃
M

+
∑

C

β
iC

· F̃
C

+
∑

J

β
iJ

·F
J

+
∑

S

β
iS

· F̃
S

+ ε
i
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•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Íàó÷èìñÿ îöåíèâàòü ìîäåëè

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè
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×òî ìîæíî äåëàòü ñ ìîäåëüþ

•
Ïðîàíàëèçèðîâàòü ïîðò�åëü (ñòàòèêà)

•
Çàõåäæèðîâàòü ïîðò�åëü (ñòàòèêà)

•
Ïðîàíàëèçèðîâàòü ñòðàòåãèþ (äèíàìèêà)

•
Ïðîàíàëèçèðîâàòü è óëó÷øèòü disretionary ñòðàòåãèþ

(äèíàìèêà)

•
Ïîñòðîòü �àêòîðíóþ ñòðàòåãèþ (äèíàìèêà)
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Àíàëèç ïîðò�åëÿ: fator exposures

Îáîçíà÷åíèÿ

L

P,k(t): portfolio exposure to fator k at the end of period t

Â îòíîñèòåëüíûõ çíà÷åíèÿõ:

L

P,k(t) =
∑

L

i,k(t)wi

(t)

Ôèçè÷åñêèé ñìûñë: íà ñêîëüêî ñòàíäàðòíûõ îòêëîíåíèé

�àêòîðíûé ïðî�èëü ïîðò�åëÿ îòëè÷àåòñÿ îò ðûíî÷íîãî

ïîðò�åëÿ

Â àáñîëþòíûõ çíà÷åíèÿõ:

L

P,k(t) =
∑

L

i,k(t)Ni

(t)P
i

(t)
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Àíàëèç ïîðò�åëÿ: fator risks

Îáîçíà÷åíèÿ

Q

P,k(t): portfolio risk ïî îòíîøåíèþ ê �àêòîðó k â êîíöå

ïåðèîäà t

Q

P,k(t) =
∑

L

i,kwi

σ(F
k

)

Â àáñîëþòíûõ çíà÷åíèÿõ:

Q

P,k(t) =
∑

L

i,k(t)Ni

(t)P
i

(t)σ(F
k

)

Ôèçè÷åñêèé ñìûñë: íà ñêîëüêî ïîäåøåâååò/ïîäîðîæàåò

ïîðò�åëü, åñëè �àêòîð j ïîéäåò ââåðõ íà îäíî ñòàíäàðòíîå

îòêëîíåíèå
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Àíàçèë ïîðò�åëÿ: portfolio risk

Ñäåëàåì äâà ïðåäïîëîæåíèÿ:

•
orr(R

k

, ε
i

) = 0

•
orr(ε

i

, ε
j

) = 0

Òîãäà:

var(R
P

) = var

systemati

+ var

spei�

var

systemati

= L

P

ΣL′
P

var

spei�

= W

P

var(ε)W′
P

Îáîçíà÷åíèÿ

Σ: fator variane-ovariane matrix
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Ôîðìèðîâàíèå fator traking portfolio

Çàäà÷à: ïîñòðîèòü ïîðò�åëü ñ L

k = 1 è L

j6=k = 0

�åøåíèå

1. Âñïîìíèì, ÷òî

L

P,k =
∑

L

i,kwi

2. Äîáàâèì:

∑

w

i

= 0

∑ |w
i

| = 1

Ìîæíî ïîëó÷èòü ìíîãî òàêèõ ïîðò�åëåé

Íå âñå èç íèõ áóäóò îïòèìàëüíûìè ñ òî÷êè çðåíèÿ residual

risk è íå âñå áóäóò òîðãóåìûìè

44 / 65



Ôîðìèðîâàíèå fator traking portfolio

Çàäà÷à: ïîñòðîèòü ïîðò�åëü ñ L

k = 1 è L

j6=k = 0

�åøåíèå

1. Âñïîìíèì, ÷òî

L

P,k =
∑

L

i,kwi

2. Äîáàâèì:

∑

w

i

= 0

∑ |w
i
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Ôîðìèðîâàíèå fator traking portfolio

Àëüòåðíàòèâà: îïòèìèçàöèîííàÿ çàäà÷à

Q

′
P

→ min

s.t.L
P,k = 1

Ñìûñë: ìèíèìèçèðóåì ðèñê, ñîõðàíÿÿ êîíñòàíòíûé exposure

ê æåëàåìîìó �àêòîðó.

Çàäà÷à àíàëîãè÷íà çàäà÷å ìàêñèìèçàöèè exposure ê îäíîìó

�àêòîðó ïðè ñîõðàíåíèè êîíñòàíòíîãî ðèñêà.
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Àíàëèç ñòðàòåãèè: PnL attribution

Äàíî: åñòü íåêîòîðàÿ ñòðàòåãèÿ (ò.å. ïîñëåäîâàòåëüíîñòü

ïîðò�åëåé ïî âñåõ òî÷êàõ íåêîòîðîãî ïåðèîäà âðåìåíè).

Òàêæå åñòü ïîñëåäîâàòåëüíîñòü, äîõîäíîñòü ñòðàòåãèè âî

âñåõ òî÷êàõ ýòîãî ïåðèîäà.

Çàäà÷à: ïîíÿòü, çà ñ÷åò ÷åãî ïîðò�åëü äåìîíñòðèðîâàë òó

èëè èíóþ äîõîäíîñòü.
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Àíàëèç ñòðàòåãèè (PnL attribution)

Âñïîìíèì äëÿ single stok:

R

i

(t) = R

systemati

(t) + R

spei�

(t)

Äëÿ ïîðò�åëÿ àíàëîãè÷íî:

R

P

(t) = R

systemati

(t) + R

spei�

(t)
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Àíàëèç ñòðàòåãèè (PnL attribution)

R

P

(t) = R

systemati

(t) + R

spei�

(t)

R

systemati

(t) =
∑

L

i,k(t− 1)F
k

(t)

R

spei�

(t) =
∑

w

i

F

i

(t)

�åçóëüòàò: ìû ìîæåì ïîíÿòü ñèñòåìàòè÷åñêóþ êîìïîíåíòó

PnL ñòðàòåãèè è stok piking êîìïîíåíòó
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Ñîçäàíèå �àêòîðíîé ñòðàòåãèè

Çàäà÷à: ñäåëàòü òàêóþ ñòðàòåãèþ, êîòîðàÿ áû ìàêñèìàëüíî

òî÷íî (ïî êðàéíåé ìåðå àïðèîðè) îòñëåæèâàëà äîõîäíîñòü

�àêòîðà èëè �àêòîðîâ.

Îñíîâíîå îòëè÷èå îò fator traking portfolio: íåíóëåâûå

èçäåðæêè íà èçìåíåíèå ïîðò�åëÿ.
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Ñîçäàíèå �àêòîðíîé ñòðàòåãèè

Âàðèàíòû, êàê ìîæíî �îðìóëèðîâàòü çàäà÷ó:

•
Ëèìèòèðîâàòü, êàêàÿ ÷àñòü ïîðò�åëÿ ìîæåò ìåíÿòüñÿ

ïðè êàæäîé ïåðåáàëàíñèðîâêå

Ïðîáëåìà: transation ost äëÿ ðàçíûõ àêöèé áóäåò

î÷åíü ðàçíûì

•
Ëèìèòèðîâàòü ìàêñèìàëüíóþ îæèäàåìóþ ñòîèìîñòü

ïåðåáàëàíñèðîâêè

Ïðîáëåìà: �îðìóëà transation osts ìîæåò áûòü

íåòðèâèàëüíîé

•
Âêëþ÷àòü ñòîèìîñòü ïåðåáàëàíñèðîâêè â

îïòèìèçèðóåìóþ �îðìóëó
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•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Íàó÷èìñÿ îöåíèâàòü ìîäåëè

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè
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Stepwise optimization

Sample ovariane matrix

Q = (R− ER)t × (R− ER)/T, Q = (q
i,j)(N×N)

First iteration step: �nd 1st fator loadings.

L

t

1

× Q × L

1

−→ max

(1×N) (N×N) (N× 1) (L
1

)

subj to:

{

L

t

1

× L

1

= 1

L

1,1 > 0

As a result get �rst fator returns (sores):

F

1

= R × L

1

/ N

(T× 1) (T×N) (N× 1)
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Stepwise optimization, k-th step

k-th optimizaton step, k = 1, . . . ,K, where K is the number of

fators

L

t

k

× Q × L

k

−→ max

(1×N) (N×N) (N× 1) (L
k

)

subj to:























L

t

k

× L

k

= 1

L

k,1 > 0

F

t

1

× F

k

= 0

. . .
F

t

k−1 × F

k

= 0

As a result get �rst fator returns (sores):

F

k

= R × L

k

/ N

(T× 1) (T×N) (N× 1)
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Maximum Likelihod Estimation

Assumptions: {ε
i,t} are i.i.d. normal; ov(εi, εj) = 0, i 6= j.

R, matrix of returns is de-meaned. In the ase where the fator
returns F are observed, the MLE estimate of the exposures B,

and spei� risks {σ2
i

} are alulated as

L = (Ft · F)−1 · Zt · R

σ2 = diag(Rt × R)/N = diag(Rt × E)

No assumptions on distributional form of the observed fator

returns F are made.
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Expetation-Maximization Estimation

Both fator returns F and fator exposures L are estimated

through some iterative proedure. The reason is to hoose a set

of orthogonal fators that are optimal in some sense, given some

prior info about distributional form of fator returns F. As
above we also assume that ε

t,i ∼ N(0, σ2
i

). We then have

(R
i

|F,L
i

, σ2
i

) ∼ N(F · L
i

, σ2
i

),

Su�ient statistis for the above omplete-data MLE estimators:

C

FF

= F

t · F/N, quadC
FR

= F

t · R/N, C

RR

= R

t · R/N.

We adopt an assumption for F as a multivariate normal prior.
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Expetation-Maximization Estimation

The onditional expetation of the su�ient statistis, given the

observed data R and urrent estimate of the parameters (L
i

, σ2
i

)
an be alulated:

E[C
FF

|R,L, σ2,Q] = F

t · F/N+∆

E[C
FR

|R,L, σ2,Q] = F

t ·R/N
E[C

RR

|R,L, σ2,Q] = R

t · R/N
where ∆ = Q− (Q · L)(σ2 + L

t ·Q · L)−1 · (Lt ·Q)
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Expetation-Maximization Estimation

Expetation-step:

∆ = Σ− Σ · L · delta
F = R · δ

where

δ = σ−2 · Lt · Σ− σ−2 · Lt · (Σ−1 + L · σ−2 · Lt)−1 · L · σ−2 · Lt · Σ

Maximization-step:

L = (Ft · F+N ·∆)−1 · Ft · R
E = R− F · L
σ2 = diag(Rt · E)/N = diag(Et · E+ L

t ·∆ · L)
Σ = F

t · F/N+∆
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•
Íàó÷èìñÿ ñòðîèòü Fama-Frenh style ðèñê-ìîäåëè

•
Óçíàåì îá îñíîâíûõ �àêòîðàõ

•
Íàó÷èìñÿ îöåíèâàòü ìîäåëè

•
Ïîñìîòðèì, ÷òî ìîæíî äåëàòü ñ ïîìîùüþ ìîäåëåé

•
Ïîñìîòðèì íà ÷èñòî ñòàòèñòè÷åñêèå ìîäåëè

•
Ïîñìîòðèì, êàêèå ìîãóò áûòü ïðîáëåìû ïðè ïîñòðîåíèè
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Îñíîâíûå ïðîáëåìû è îøèáêè

Îñíîâíàÿ ïðîáëåìà: äàííûå

Îñíîâíàÿ îøèáêà: forward looking bias
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Äàííûå: orporate ations

Corporate ations

•
Stok split

•
Äèâèäåíäû

•
Rights

•
...è åùå 80 ðàçíûõ ñïåöèàëüíûõ ñëó÷àåâ

Âëèÿþò íà äàííûå äëÿ äðóãèõ �àêòîðîâ

Âëèÿþò íà öåíû

Âëèÿþò íà äîõîäíîñòü ñòðàòåãèé (äèâèäåíäû!) è íà

áåí÷ìàðêè
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Äàííûå: bak�lls

Bak�lls

•
Îñîáåííî ÷àñòî âñòðå÷àþòñÿ â äàííûõ ïî àíàëèòèêàì

•
Ñëó÷àþòñÿ â �óíäàìåíòàëüíûõ äàííûõ

Åäèíñòâåííûé ïðàâèëüíûé âàðèàíò: ñàìèì êàæäûé äåíü

ñîõðàíÿòü
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Îøèáêè: universe

Universe

•
Íåëèêâèäíûå àêöèè (â ýêñòðåìàëüíûõ ñëó÷àÿõ ìîæåò

ìåøàòü è îöåíêå �àêòîðîâ)

•
Short sell îãðàíè÷åíèÿ

•
Forward looking bias: íåëüçÿ èñïîëüçîâàòü áóäóùèå

êîìïîçèöèè âñåëåííîé
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Ñ ÷åì íàäî ñðàâíèâàòü ñòðàòåãèè

Ïðàâèëüíûé îòâåò: ñî âñåì, ñ ÷åì ïîëó÷èòñÿ

•
Èíäåêñû; äëÿ long only ñòðàòåãèè

•
Universe: äëÿ long only ñòðàòåãèé

•
Fator traking portfolios äëÿ êëàññè÷åñêèõ �àêòîðîâ
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�îðèçîíò baktest-à

�îðèçîíò äîëæåí áûòü òàêîé, ÷òîáû:

•
Áûëî äîñòàòî÷íî ìíîãî ïåðåáàëàíñèðîâîê

•
Áûëè ðàçíûå ïåðèîäû (êðèçèñ, ðîñò, quant meltdown,

Lehman risis, QE, ...)

•
Áûëà âèäíà äèíàìèêà àëü�û
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Risk Model Providers

MSCI Barra

Axioma

EM Appliations

Most large investment banks
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