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IBM sampling frequency3 minutes decay over time, noise ratio
IBM sampling scheme: BTS always outperforms CTS (!)

2] Properties obias corrected realized variande the presence of market microstructure

build on French, Schwert, and Stambaugh (1987), Hansen and Lunde (2004)
different (semi-parametric) price process, analysis of different sampling schemes

IBM sampling frequency12 secondgbias and MSE reduction over 65%!)
IBM sampling scheme: BTS always outperforms CTS
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Motivation & Related Literature

e Realized variance (RV) defined as then of squared intra-period returas a “feasi-
ble” or “discretized” version of the quadratic variation process
see e.g. Andersen and Bollerslev (1998), Andersen, Bollerslev, Diebold, and Labys (2003), Barndorff-
Nielsen and Shephard (2003), French, Schwert, and Stambaugh (1987), Hsieh (1988), Meddahi (2002

Merton (1980)
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e Realized variance (RV) defined as them of squared intra-period returas a “feasi-
ble” or “discretized” version of the quadratic variation process
see e.g. Andersen and Bollerslev (1998), Andersen, Bollerslev, Diebold, and Labys (2003), Barndorff
Nielsen and Shephard (2003), French, Schwert, and Stambaugh (1987), Hsieh (1988), Meddahi (200:
Merton (1980)

e Microstructure inducederial correlatiomenders realized varian@eased
bias|] by samplingessfrequents variancel|l by samplingmorefrequent
e Thistradeoffmotives search fooptimal sampling frequency
see e.g. Andersen, Bollerslev, Diebold, and Labys (2000), Andreou and Ghysels (2001), Bai, Russel
and Tiao (2001), Bandi and Russell (2003), Oomen (2002a)
v What | do here is (i) to characterize bias and MSE of RV and (ii) provide a flexible

semi-parametric framework to determine optimal sampling frequency (iii) do all this
under alternative sampling schemes
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e Aggregation(to optimal samp freq) may be “model-free” but is inefficient.

(1) filter (full use of information but model risk and measurement error)
(Andersen, Bollerslev, Diebold, and Ebens 2001)

(2) modeland bias correct (full use of information but model-risk)
(Corsi, Zumbach, NMller, and Dacorogna 2001)

(3) subsamplindfull use of information but only asymptotic results)
(Zhang, Mykland, and Ait-Sahalia 2003)

(4) Newey-West styldias correctiorfsome inefficiency, concentrated on bias)
(Hansen and Lunde 2004)

v What |l do here is (i) to characterize bias and MSE of bias corrected RV and (ii) provid
a flexible semi-parametric framework to determine optimal sampling frequency (iii)
do all this under alternative sampling schemes
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A Pure Jump Process For High Frequency Financial Data

e Letthe logarithmic price at timg P (), follow CPP-MA(S) i.e.

M (t)
P (t) = P (O) -+ Z (8j + 77]) where nj = poV; + P1Vj—1 + ...+ PsVij—s
j=1

wheree; ~iid N (e, 02), v; ~iid N (py, 02), andM (t) is a Poisson process with
instantaneous intensity(t) > 0
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A Pure Jump Process For High Frequency Financial Data

e Letthe logarithmic price at timg P (), follow CPP-MA(S) i.e.

M (t)
P (t) = P (O) -+ Z (Ej + 77]) where nj = poV; —+ P1Vj—1 + ...+ PsVij—s
j=1

wheree; ~iid N (e, 02), v; ~iid N (py, 02), andM (t) is a Poisson process with
instantaneous intensity(t) > 0

e Pure jump processes not widely used in finaftiat is relative to for example SV and
ARCH) ... notable exceptions include:

Low Frequency: Press (1967), Maheu and McCurdy (2003, 2004), Piazzesi (2004)

High Frequency: Bowsher (2002), Oomen (2002b), Rogers and Zane (1998)
Rydberg and Shephard (2003)

Option Pricing: Barndorff-Nielsen and Shephard (2004), Carr and Wu (2003)
Geman, Madan, and Yor (2001),lvimann (2001)

RoEL OOMEN MARKET MICROSTRUCTURENOISE & PROPERTIES OFREALIZED VARIANCE



Market Microstructure Noise Interpretation of the Model

e Let P, denote the logarithmic price after thé" transaction, i.e.

k k k
Pk:PO—i_Zgj—i_an :PIS‘FZUJ'
j=1 j=1 j=1

“CONTAMINATED PRICE” = “E FFICIENT PRICE” + “"A CCUMULATED NOISF’
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e Let P, denote the logarithmic price after thé" transaction, i.e.

k k k
Pk:PO—i_Zgj—i_an :PIS‘FZ?E
j=1 j=1 j=1

“CONTAMINATED PRICE” = “E FFICIENT PRICE” + “"A CCUMULATED NOISF’

e Restrict MA(s) parameters to avoid accumulation of noise. For example, for MA(1)
Imposepy = —p1 =1
k
e = (vk = ve—1) = Y 0 = (v — 1)
j=1
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Market Microstructure Noise Interpretation of the Model

e Let P, denote the logarithmic price after thé" transaction, i.e.

k k k
Pk:PO+Z<€j+Z77j :P]§+Z77j
j=1 j=1 j=1

“CONTAMINATED PRICE” = “E FFICIENT PRICE” + “A CCUMULATED NOISF’

e Restrict MA(s) parameters to avoid accumulation of noise. For example, for MA(1)

Imposepy = —p1 =1
k

e = (VK = ve—1) = Y0y = (v — 1)
j=1

v" Negative serial correlation of returns (OK for transaction data)

v' Higher order MA(s) and different restrictions can lead to positive serial correlation
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Properties of the Price Process

¢ In transaction time returns are normal @and Geman 2000).

e In calendar time returns are (highly) non-normal
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Properties of the Price Process
e In transaction time returns are normal @and Geman 2000).
e |n calendar time returns are (highly) non-normal

e The joint characteristic function of R(t1|11), R(t2|m), R(ts|13), R(t4]74)} condi-
tional on intensity proces®r the restricted CPP-MA(1) can be derived as:

eTMTAZTA2TAML T2 A3 (1) Ay (e“La1) T (4) Ay (e%4ry) exp {€1€407 — A1,2 — A2,3 — Ag 4}
+e7 27 MY (1) Ay (e“Lag) T (3) Ay (e%323) exp {€18305 — A2 — Mgz} + e MTATA2Y (1) Ag (1)
+eT MY (2) Ag (€200) T (4) Ay (e“4ng) exp {€agq0n — Mo 3 — Ag 4} + e MTATALT (2) Aq (e°22)
+e 7B (1) A (e71A1) T (2) Ag (€200) T (4) A (e0y) W1gWog + e M1TA2T (3) Ay (e%BAg) T (4) Aq (e40y) W3y
+e7 27 (1) Ag (e“Lag) T (3) Ag (€%Ba3) T (4) Ay (e“4ry) WygWgy + e 37T (1) A (7101) T (2) Aq (e22g) U1
( (e%4ng) WogWay + e MTMY (2) Ay (e220) T (3) Ay (e°303) Wag
(2

)
FeT AT (2) Aq (e°2x2) T (3) A1 (e%3A3) T (4) Ay
> ) W19Wo3 + eTMTA2T ALY (3) Aq <603>\3>

FeT MY (1) Aq (e1a1) T (2) Ap (e°202) T (3) Ay
+T (1) Aq (€7101) T (2) A (€22) T (3) A (e%BAg) T (4) Ay (e%0y) W1aWogWgy + ™ A37 27T (4) Ag (%))

wherew;; = (exp { €€j00 — A i} + A1 (X)) T () = exp (&Feg + (¥ —1) A ), andAq (x) = 1 — FF(%;S:).
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Properties of the Price Process

e Stochastiantensityfor the CPP-MA(s)= stochastic/olatility for SV

e CPP-MA(s) can capture seasonals, AGDARCH effects, serial correlation, fat tails
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Properties of the Price Process
e Stochastiantensityfor the CPP-MA(s)= stochastic/olatility for SV
e CPP-MA(s) can capture seasonals, AGDARCH effects, serial correlation, fat tails

e A fundamental difference with diffusive process:. CPP-MA(s) i§imite variation
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Alternative Sampling Schemes

* General Time Samplingunder GT'Sy, the price process is sampled at time points
{58, . .g.,t?v} over the intervalt, to + 7] such thatt] = t,, t%, = to + T, and
t; <t .
7 1+1
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Alternative Sampling Schemes

* General Time Samplingunder GT'Sy, the price process is sampled at time points
{58, . .g.,t?v} over the intervalt, to + 7] such thatt] = t,, t%, = to + T, and
t; <t .
7 1+1

* Calendar Time SamplindJnderC'T’'Sn, the price process is sampled at equidistantly
spaced points in calendar time over the intefvglto + 77, i.e. ! = tg + 0 for
i =10,...,NT} whereN = § 1.
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Alternative Sampling Schemes

* General Time Samplingunder GT'Sy, the price process is sampled at time points
{;sg, . .g.,t?v} over the intervalty,to + 7] such thatt] = ¢, , t% = to + T, and
t; <ti, .
7 1+1

* Calendar Time SamplinddnderC'T’'Sn, the price process is sampled at equidistantly
spaced points in calendar time over the intefvglto + 77, i.e. ¢ = tg + 0 for
i =40,...,NT} whereN = ¢ 1.

* Business Time SamplingUnder BT'Sy, the price process is sampled at equidis-
tantly spaced points in business time over the intefiak, + 77, i.e. t° for i =
{0,...,NT} such that} = tq, t% = to + T and

th. 1 to+T
/t AMu)du = ﬁ/ Au)du = Ay

to

v' Throughout | translatév to corresponding sampling frequency in minutes
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RV In Absence of Market Microstructure Noise

e To set the stage | first consider the CPP-MA(O) (RV is unbiased)

N
MSE (GTSn) =) (302X +302);) +204Z Z Aidj — Ao 1y08
=1

1=1 j=1+1

* Notation: \; = ftt?_T, A(u)du andXg 1) = fol A(u)du
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e To set the stage | first consider the CPP-MA(O) (RV is unbiased)

N
MSE (GTSn) =) (302X +302);) +204Z Z Aidj — Ao 1y08
=1

1=1 j=1+1

.. which simplifies under BTS to:

MSE (BTSy) = 2N~ (Ao.)02)” + 302 (A0.1)02)

* Notation: \; = [* _ A(u)duandXgq) = [, A(u)du
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RV In Absence of Market Microstructure Noise

e To set the stage | first consider the CPP-MA(O) (RV is unbiased)

N
MSE (GTSn) =) (302X +302);) +204Z Z Aidj — Ao 1y08
=1

i=1 j=i+1
.. which simplifies under BTS to:
MSE (BTSy) = 2N"" (Ao1)02)” + 302 (A0.1y02)
e RV is inconsistenunder pure jump process

e Consistency in “diffusion” limit where\ — oo while Ao constant

* Notation: \; = [* _ A(u)duandXgq) = [, A(u)du
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Absence of Market Microstructure Noise

e The difference in MSE among different sampling schemes can be derived as:

N
MSE (GTSy) — MSE (BTSy) =302 (A = AY) + 20
1=1

N
= 20?219? >0
i=1

whered; = [* A (u)du — Ay

4
€

N—1 N
> (=A%)
i=1 j=it1
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Absence of Market Microstructure Noise

e The difference in MSE among different sampling schemes can be derived as:

N—1
MSE (GTSy) — MSE (BTSN) —3042 (A2 =A%) + 202
1=1 1=1 3

N
= 20?219? >0
i=1

whered; = [* A (u)du — Ay

— %)

Mz

1

_|_

)

e In the absence of market microstructure noise, the realized variance measure unde
BTS is more efficient than under any other conceivable sampling scheme
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Absence of Market Microstructure Noise

e The difference in MSE among different sampling schemes can be derived as:

N N—-1 N
MSE (GTSy) — MSE (BTSy) =302 (A2 =2%) +202 3" Y (A - A%)
i—1 i=1 j=i+1

N
= 20?219? >0
i=1

whered; = [* A (u)du — Ay

e In the absence of market microstructure noise, the realized variance measure unde
BTS is more efficient than under any other conceivable sampling scheme

e The efficiency gain associated with BTS, relative to CTS, increases with

(i) an increase Iin the variability of trade intensity
(i) an increase in the variance of the price innovations
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Integrated Incremental Intensity under BTS and CTS: v

I I I I I I
— |ntensity under BTS ]
= |ntensity under CTS
10K |- -
8K - _
6K
4K - .
2K - .
| | | | | |
9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00
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Integrated Incremental Intensity under BTS and CTS: v

I I I
- |ntensity under BTS
- |ntensity under CTS
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Presence of Market Microstructure Noise — The Bias ...

e Now move on to the CPP-MA(1), i.e. first order dependence in noise component

Bias (GTSN) = E)\

N N
ZR (t¢T¢)2] - )\(0,1)05 = 207 Z (1- e_>‘i) >0
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Presence of Market Microstructure Noise — The Bias ...

e Now move on to the CPP-MA(1), i.e. first order dependence in noise component

Bias (GTSN) = E)\

N N
ZR (t¢T¢)2] - )\(0,1)05 = 207 Z (1- e_>‘i) >0

1=1 1=1
...and the difference in bias between two sampling schemes is:

N
Bias (GTSy) — Bias (BT Sy) = 2e *Ng? Z (1-— 6_79@') <0
i=1

e In the presence of first order market microstructure noise, the bias of the realized
variance measure under BTS is larger than under any other sampling scheme
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Presence of Market Microstructure Noise — The Bias ...

e Now move on to the CPP-MA(1), i.e. first order dependence in noise component

Bias (GTSN) = E)\

N N
ZR (t¢T¢)2] - )\(0,1)05 = 207 Z (1- e_>‘i) >0

1=1 1=1
...and the difference in bias between two sampling schemes is:

N
Bias (GTSy) — Bias (BT Sy) = 2e *Ng? Z (1-— 6_79@') <0
i=1

e In the presence of first order market microstructure noise, the bias of the realized
variance measure under BTS is larger than under any other sampling scheme

e WhenN =1or N — oo all sampling schemes are equivalent.

lim Bias(GTSy) = 203)‘(0,1)

N —o0
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Presence of Market Microstructure Noise — The MSE . ..

e For CPP-MA(1), CTS may perform better than BTS in terms of MSE. ..

...computée’-loss in MSE under CTS relative to BTS (i.e. “CTS loss”)
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e For CPP-MA(1), CTS may perform better than BTS in terms of MSE. ..

...computée’-loss in MSE under CTS relative to BTS (i.e. “CTS loss”)

13

e CTS loss at different sampling fre-
quencies and noise ratios,(/o.)

e Asterisks indicate optimal sampling

frequency
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Presence of Market Microstructure Noise — The MSE . ..

e For CPP-MA(1), CTS may perform better than BTS in terms of MSE. ..

...computée’-loss in MSE under CTS relative to BTS (i.e. “CTS loss”)

13

e CTS loss at different sampling fre-
quencies and noise ratios,(/o.)

e Asterisks indicate optimal sampling

frequency

BTS always outperforms CTS aloff
“optimal sampling frequency”!
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Presence of Market Microstructure Noise — The MSE . ..

For CPP-MA(1), CTS may perform better than BTS in terms of MSE. ..

...computée’-loss in MSE under CTS relative to BTS (i.e. “CTS loss”)

e CTS loss at different sampling fre-
quencies and noise ratios,(/o.)

e Asterisks indicate optimal sampling

frequency

BTS always outperforms CTS aloff
“optimal sampling frequency”!

1.0

e Similar results for higher order de-

4.0F

pendence, i.e. CPP-MA(Q)
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Empirical Analysis

e Estimate the model parameters of the restricted CPP-MA(1) and CPP-MA(2) using
IBM transaction data

(1) determine theptimal sampling frequency

(i) measure themprovement in MSEesulting from BTS relative to CTS.
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Empirical Analysis

e Estimate the model parameters of the restricted CPP-MA(1) and CPP-MA(2) using
IBM transaction data

(1) determine theptimal sampling frequency

(i) measure themprovement in MSEesulting from BTS relative to CTS.
e Data avalilable through Trade and Quote (TAQ) database from NYSE.

January 1, 2000 until 31 August 2003 (917 days)

Transactions from all exchanges between 9.45 and 16.00

Filter for instantaneous price reversals (detect 1358)

Total number of transactions is 5,522,929

RoEL OOMEN MARKET MICROSTRUCTURENOISE & PROPERTIES OFREALIZED VARIANCE



15

Empirical Analysis — Parameter Estimation

e 0., 0,,andp estimated in “business time” using all transactions

Cov (Ry, Ri—1) = — (1 — p)° o2

v

Cov (Rk, Rk_g) = —,00'3

Var (Ry) = o+ (24 2p* — 2p) o,

e Solve system of equations (choose solution with> 0 and|p| < 1)
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Empirical Analysis — Parameter Estimation

e 0., 0,, andp estimated in “business
time” using all transactions

Cov (R, Ry—1) = — (1 — p)* o2
C'ov (Rk, Rk_g) = —p0'2

v
6000 |-

Var (Ry) = 02 + (2 + 2% — 2p) 02

4000 -

e Solve system of equations (choose
solution witha2 > 0 and|p| < 1)

3000

! ! ! ! ! !
10:00 11:00 12:00 13:00 14:00 15:00 16:00

e )\ (1) is estimated using non-parametric smoothing techniques (Cowling, Hall,
and Phillips 1996) similar to density estimation
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Empirical Analysis — Parameter Estimation

e 0., 0,, andp estimated in “business
time” using all transactions

Cov (R, Ry—1) = — (1 — p)* o2
C'ov (Rk, Rk_g) = —p0'2

v
6000 |-

Var (Ry) = 02 + (2 + 2% — 2p) 02

4000 -

e Solve system of equations (choose
solution witha2 > 0 and|p| < 1)

3000

! ! ! ! ! !
10:00 11:00 12:00 13:00 14:00 15:00 16:00

e )\ (1) is estimated using non-parametric smoothing techniques (Cowling, Hall,
and Phillips 1996) similar to density estimation

() Bias at the edges!
(i) How significant?
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Empirical Analysis — Parameter Estimation

o., 0, andp estimated in “business
time” using all transactions

9000 -

Cov (Ry, Ri—1) = — (1 — p)* o2
C'ov (Rk, Rk_g) = —p0'2

v
6000 |-

VCL?“ (Rk) — 0.? + (2 —+ 2p2 — 2/0) 0'3 5000

4000 -

Solve system of equations (choose
solution witha2 > 0 and|p| < 1)

3000

! ! ! ! ! !
10:00 11:00 12:00 13:00 14:00 15:00 16:00

A (t) is estimated using non-parametric smoothing techniques (Cowling, Hall,
and Phillips 1996) similar to density estimation

() Bias at the edges! (“mirror image” correction Diggle and Marron (1988))
(i) How significant? (bootstrap based on Cowling, Hall, and Phillips (1996))
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Impact of Measurement Error on Optimal Sampling Frequency

1 Simulate transaction data based
on the CPP-MA(2) modeld =
0.6, )\(071) = 5000, O',//O'g =
1.1, annualized return volatility
of 25%)

2 Estimate model parameters as
outlined above

3 Determine optimal sampling
frequency under BTS by
minimizing the MSE overV
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Impact of Measurement Error on Optimal Sampling Frequency

1 Simulate transaction data based sof
on the CPP-MA(2) modelg( =
0.6, )\(0’1) = 5000, O-]//O_g = 200l — -
1.1, annualized return volatility =
of 25%)

300

2 Estimate model parameters as
outlined above 200} —

3 Determine optimal sampling

frequency under BTS by | |
minimizing the MSE overvV

125 sec 150 sec 175 sec 200 sec 225 sec

e No bias due to measurement err@His is particularly important when analyzing
illiquid securities)
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Optimal Sampling Frequency and Sampling Scheme Efficiency

Optimal Sampling Frequency

14 min-

11 minf

8 minf-

5 min

2 min

| | |
2000 2001 2002 2003

e Considerable day-to-day variation

¢ Downward trend
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Optimal Sampling Frequency and Sampling Scheme Efficiency

CTS loss

45

Optimal Sampling Frequency

14 min-

35

11 minf

25

8 min -

15

5 min

2 min

| | |
2000 2001 2002 2003

| | |
2000 2001 2002 2003

e Largest on days with highly irregular

e Considerable day-to-day variation trading patterns, early market clo-
sures, or sudden moves in market ac-
e Downward trend tivity
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CTS loss on Irregular Trading Days
e On June 7, 2000 Dow Jones Business News headlined:

“Wall Street Closes Higher, Paced By IBM Rebound On Goldman Sachs Corhments

“...A late-day rally in IBM sharebelped push stocks higher Wednesday. . . International Business Machines (IBM) jumped 8 3/8 to 120 3/4 after

Goldman Sachs analyst Laura Conigliaro told CNBC that the computer maker should see revenue improvements in the second half of the year”

16000

T T T
= June 7, 2000 (CTS loss of 35.9%)
+ August 21, 2001 (CTS loss of 16.7%)
= = July 5, 2002 (CTS loss of 29.5%)

14000

12000

10000

8000

6000

2000

1 1 1
10:00 11:00 12:00 13:00 14:00 15:00 16:00
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CTS loss on Irregular Trading Days

e On June 7, 2000 Dow Jones Business News headlined:

“Wall Street Closes Higher, Paced By IBM Rebound On Goldman Sachs Corhments

“...A late-day rally in IBM sharebelped push stocks higher Wednesday. . . International Business Machines (IBM) jumped 8 3/8 to 120 3/4 after

Goldman Sachs analyst Laura Conigliaro told CNBC that the computer maker should see revenue improvements in the second half of the year”

16000 j j j ‘ ; :
— Sune 7. 2000 TS o 0355 L N o e 7 e
+ August 21, 2001 (CTS loss of 16.7%) :
= = July 5, 2002 (CTS loss of 29.5%) 5.00 N
14000
12000
4.00 T
10000
8000
3.00
6000
4000+
2.00
2000
\
\
| | | | A L L | | | | | |
10:00 11:00 12:00 13:00 14:00 15:00 16:00 1 min 2 min 3 min 4 min 5 min 6 min 7 min 8 min
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Summary

e So far | have analyzed RV under alternative sampling schemes

Bias and MSE in closed form> day-to-day optimal sampling frequency
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RoEL OOMEN MARKET MICROSTRUCTURENOISE & PROPERTIES OFREALIZED VARIANCE



19

Summary

e So far | have analyzed RV under alternative sampling schemes
Bias and MSE in closed form> day-to-day optimal sampling frequency
BTS is superior to CTS along optimal sampling frequency (theory and practice)

CTS loss particularly large on days with irregular trading patterns

RoEL OOMEN MARKET MICROSTRUCTURENOISE & PROPERTIES OFREALIZED VARIANCE



19

Summary
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Summary

e So far | have analyzed RV under alternative sampling schemes
Bias and MSE in closed form> day-to-day optimal sampling frequency
BTS is superior to CTS along optimal sampling frequency (theory and practice)
CTS loss particularly large on days with irregular trading patterns
Downward trend in optimal sampling frequency

Close relation of optimal sampling frequency to noise ratio
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Summary

e So far | have analyzed RV under alternative sampling schemes
Bias and MSE in closed form> day-to-day optimal sampling frequency
BTS is superior to CTS along optimal sampling frequency (theory and practice)
CTS loss particularly large on days with irregular trading patterns
Downward trend in optimal sampling frequency
Close relation of optimal sampling frequency to noise ratio

e Now turn to Newey-West typbias corrected realized variandansen and Lunde

2004):
N

N q
RVACN,Q = ZR(t@"Ti)2 + Z ‘Tz Z ti— k:’Tz k T R( z—|—k|7_z—|—k))

1=1 k=1
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Bias and MSE of RVAC(q) for CPP-MA(1)

Bias of RVAC(Qq)

18

1.6

14

12F

08k RVAC(0)

1
o6

0.4

v . RVAC(1)
N

0.2 ' A >
2r ‘ T
/ S \\ l
. S ~ o
RVAC(3)*~\s_ S~
L b B B Sl - I
1 sec 30 sec 1.0 min 1.5 min 2.0 min

Bias = 2N0‘5 (1 — e_/\N> e N

2.5 min
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Bias and MSE of RVAC(q) for CPP-MA(1)

Bias of RVAC(Qq)

18

1.6

14

12F

08k RVAC(0)

0.6

0.4

v . RVAC(1)
N

0.2 ' \ ~
2r ‘ T
/ S \\ l
. S ~ o
RVAC(3)\~\s_ S~
L b B~ T e I I
1 sec 30 sec 1.0 min 1.5 min 2.0 min

Bias = 2N0‘5 (1 — e_/\N> e N
Bias

2.5 min

20
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Bias and MSE of RVAC(q) for CPP-MA(1)

MSE of RVAC(q)

Bias of RVAC(Qq)

1.8 T
1.6

1.4
-
——‘
V -="
-
——
-
1.2—‘| - --
1

-
-
-
-
-
-
-
-

-
-
-
-
-
-
-

08k RVAC(0)

0.6

|
Iy
T

0.4

v . RVAC(1)
N

0.2F /‘\\\\\ \‘\~l i
‘RVAC(s) \~:::-=_:_:_:_:_:_:_=_=_=--i——— IS _57‘ 1 1 1 1 ]
Bias = 2N o> (1 _ e”N) e IN At given frequency, bias decreases but
Bias ) MSE increases with increaseqn
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CTS loss of RVAC(1) for CPP-MA(1)

e Compare MSE under BTS and CTS for RV (left graph) and RVAC(1) (right graph)
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CTS loss of RVAC(1) for CPP-MA(1)

e Compare MSE under BTS and CTS for RV (left graph) and RVAC(1) (right graph)
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v/ BTS superior to CTS along optimal sampling frequency

v' Optimal sampling frequency much higher for RVAC(1) than for RV
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)
IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss

Jan 03 166 1.27 8583 170 8.61 5.14 251 12 123 159 2/63

Feb 03
Mar 03
Apr 03
May 03
Jun 03
Jul 03

Jan 03 - Aug 03

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

IBM

CPP-MA(1) RVAC(0) RVAC(1)
o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss

Jan 03
Feb 03
Mar 03
Apr 03
May 03
Jun 03
Jul 03

Jan 03 - Aug 04

166 1.27 8583 170 8.61 5.14 251 12 123 159 2/63
151 138 7698 162 8.35 557 1.99 13 141 1.76 2|71

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)
IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 2551 12 1.23 159 2,63
Feb 03 1.51 138 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 1.42 8408 146 7.95 7.41 216 11 142 227 285
Apr 03
May 03
Jun 03
Jul 03
Aug 03
Jan03-Aug03 |

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)
IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 251 12 1.23 159 2,63
Feb 03 1.51 138 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 1.42 8408 146 7.95 7.41 216 11 142 227 285
Apr 03 1.48 1.25 7772 156 8.22 3.43 3.09 12 143 1.09 4.14
May 03
Jun 03
Jul 03
Aug 03
Jan03-Aug03 |

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)

IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 251 12 1.23 159 2,63
Feb 03 1.51 138 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 1.42 8408 146 7.95 7.41 216 11 142 227 285
Apr 03 1.48 1.25 7772 156 8.22 3.43 3.09 12 143 1.09 4.14
May 03 1.35 1.14 7391 143 7.90 2.09 2.30 12 159 0.67 3.28
Jun 03

Jul 03

Aug 03

Jan03-Aug03 |

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)

IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 251 12 1.23 159 2,63
Feb 03 1.51 138 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 1.42 8408 146 7.95 7.41 216 11 142 227 285
Apr 03 1.48 1.25 7772 156 8.22 3.43 3.09 12 143 1.09 4.14
May 03 1.35 1.14 7391 143 7.90 2.09 2.30 12 159 0.67 3.28
Jun 03 1.37 1.25 70583 150 8.05 3.08 3.24 13 160 1.02 4|15
Jul 03

Aug 03

Jan03-Aug03 |

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)
IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 2551 12 1.23 159 2,63
Feb 03 1.51 138 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 1.42 8408 146 7.95 7.41 216 11 142 227 285
Apr 03 1.48 1.25 7772 156 8.22 3.43 3.09 12 143 1.09 4.14
May 03 1.35 1.14 7391 143 7.90 2.09 2.30 12 159 0.67 3.28
Jun 03 1.37 1.25 70583 150 8.05 3.08 3.24 13 160 1.02 4|15
Jul 03 1.22 1.34 6203 140 7.78 2.67 2.19 14 1.79 0.96 355
Aug 03
Jan03-Aug03 |

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
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Empirical Results for IBM

CPP-MA(1) RVAC(0) RVAC(1)
IBM o,/0. 0: X\oa |Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 1.66 1.27 8583 170 8.61 514 251 12 1.23 159 2,63
Feb 03 1.51 1.38 7698 162 8.35 557 1.99 13 141 176 2|71
Mar 03 1.46 142 8408 146 7.95 7.41 2.16 11 142 2.27 2.85
Apr 03 1.48 1.25 7772 156 8.22 3.43 3.09 12 143 1.09 4.14
May 03 1.35 1.14 7391 143 7.90 2.09 2.30 12 159 0.67 3.8
Jun 03 1.37 1.25 70583 150 8.05 3.08 3.24 13 160 1.02 4|15
Jul 03 1.22 1.34 6203 140 7.78 2.67 2.19 14 1.79 0.96 3,55
Aug 03 1.05 1.15 5907 119 7.20 1.25 2.66 14 193 0.44 4]71
'Jan03-Aug03 1.39 1.28 7377 148 8.01 383 252 13 155 1.22 3.50

e 166 days with 1,224,127 transactions. Relative bias and MSE in percentage points.
e First order correction> bias|, MSE |, optimal sampling frequencly

e BTS superior to CTS for each month in sample
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Empirical Results for S&P500 Spiders

CPP-MA(1) RVAC(0) RVAC(1)
SPY o,/0. 0c X1y Freq. Bias MSE CTSloss Freq. Bias MSE CTSloss
Jan 03 2.24 0.74 19666 147 8.01 294 5.72 7 041 0.76 3,64
Feb 03 2.23 0.78 23454 130 751 447 5.64 6 0.38 1.08 3|67
Mar 03 215 0.83 27747 112 6.98 9.13 5.24 5 041 200 3.56
Apr 03 213 0.70 24087 120 7.24 251 6.95 6 047 061 412
May 03 2.18 0.60 22819 128 7.48 1.37 6.56 6 043 034 437
Jun 03 1.99 0.59 24467 108 6.87 1.21 6.59 5 057 029 5]20
Jul 03 1.72 0.75 28043 82 595 829 452 4 0.69 2.76 3.76
Aug 03 1.78 055 24736 95 6.42 1.03 4.77 5 0.72 023 3.99
'Jan 03 -Aug 03 2.05 0.69 24389 115 7.05 3.86 575 6 0.51 1.01 4.04

e 166 days with 4,048,665 transactions. 25K transaction per day!
e Higher noise ratio than for IBM but downward trend (market efficiency improved?)

e Bias correction leads to 60%-80% reduction in MSE!
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The End...

e Flexible and easy-to-implement framework for studying properties of RV and bias
corrected RV under alternative sampling schemes
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The End...

e Flexible and easy-to-implement framework for studying properties of RV and bias
corrected RV under alternative sampling schemes

e Allows for straightforward analysis of optimal sampling frequency on a day-to-day
basis

e BTS superior to commonly used CTS although gains in MSE are modest

e Substantial gains associated with bias correction
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