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On real hypersurfaces with composite operators
in a complex space form

IN-BAE Kim?

0. Introduction

A complex n-dimensional Kaehlerian manifold of constant holomorphic
sectional curvature c is called a complex space form, which is denoted by
M, (c). A complete and simply connected complex space form consists
of a complex projective space P, (C), a complex Euclidean space C™ or a
complex hyperbolic space H,,(C), according to ¢ > 0, ¢ =0 or ¢ < 0.

The shape operator or second fundamental tensor of a real hypersurface
in M,,(c) will be denoted by A, and the induced almost contact metric
structure of the real hypersurface by (¢, <,>,&,n). The structure vector
field € is said to be principal if A = af is satisfied, where o = n(A¢). In
this case, it is known that « is locally constant ([5]) and that M is called
a Hopf hypersurface.

R. Takagi([9]) classified all homogeneous real hypersurfaces in P, (C)
into six model spaces Ay, Ao, B, C, D and E, which are Hopf hypersur-
faces. J. Berndt([1]) has completed the classification of all homogeneous
Hopf hypersurfaces in H,,(C), which are divided into the model spaces Ay,
Aq, As and B. If M is a real hypersurface of type A; or As in P,(C) or
type Ao, Aj or Ag in H,(C), then M is said to be of type A for simplicity.

An operator or a (1,1) type tensor field K of the real hypersurface M
is said to be a Codazzi tensor if it satisfies

(VxK)Y = (VyK)X
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2 In-Bae Kim

for any vector fields X and Y on M. It is known that there is no real
hypersurface in M, (c), ¢ # 0, whose shape operator A and Ricci operator
S of M are Codazzi tensors (see [7]). It is also known that the shape
operator and the Ricci operator are not parallel on a real hypersurface M
in M, (c), ¢ #0.

The induced operator on a real hypersurface M from the 2-form £, <, >
will be denoted by L, that is,

(Le <,>)(X,Y)=<L:X,Y >

for any vector fields X and Y on M, and call it structure Killing operator
of M, where L¢ denotes the operator of the Lie derivative with respect
to the structure vector field £. The well-known typical characterization of
real hypersurfaces of type A in M,(c), ¢ # 0, is given by L¢ = 0, due to
Okumura [8] for ¢ > 0, and Montiel and Romero [6] for ¢ < 0. The author
proved in [2] that, if the structure Killing operator L is parallel, then the
real hypersurface M in M,(c), ¢ # 0, is a Hopf hypersurface. Ki, Lim and
the present author have given a characterization of a real hypersurface
in M,(c), ¢ # 0, when the composite operator of the structure Jacobi
operator and the structure Killing operator L¢ is null in [4]. Recently, the
present author has proved in [3] that a real hypersurface with symmetric
composite operator of A and L¢ in M, (c), ¢ # 0, is a Hopf hypersurface.

The purpose of this paper is to study geometric characterizations of
a real hypersurface M in a complex 2-dimensional complex space form
Ms(c), ¢ # 0, when the composite operator of the structure Killing opera-
tor L¢ and the shape operator A is skew-symmetric. We shall investigate
the conditions for the real hypersurface to be a Hopf hypersurface.

1. Preliminaries.

Let M be a real hypersurface immersed in a complex space form (M, (c),
<, >, J) of constant holomorphic sectional curvature ¢, and let N be a unit
normal vector field on an open neighborhood in M. For a local tangent



On real hypersurfaces 3

vector field X on the neighborhood, the images of X and N under the
almost complex structure J of M, (c) can be expressed by

JX = ¢X +n(X)N,  JN = —¢,

where ¢ defines a linear transformation on the tangent space T,,(M) of M
at any point p € M, and n and £ denote a 1-form and a unit tangent vector
field on the neighborhood respectively. Then, denoting the Riemannian
metric on M induced from the metric on M,,(c) by the same symbol <, >,
it is easy to see that

<PX,)Y >+ <Y, X >=0, <&, X >=n(X)

for any tangent vector field X and Y on M. The collection (¢, <,>, &, 1)
is called an almost contact metric structure on M, and satisfies

(1.1) < X, Y >=< XY > —n(X)n(Y).

Let V be the Riemannian connection with respect to the metric <, >
on M, and A be the shape operator in the direction of N on M. Then we
have

(1.2) Vxé=0AX, (Vxo)Y =n(Y)AX— < AX,Y > €.

Since the ambient space is of constant holomorphic sectional curvature c,
the equations of Gauss and Codazzi are given respectively by

R(X,Y)Z :Z{< Y, Z>X-<X,Z>Y+<oY,Z>¢X

(1.3) — < ¢X, 7> Y —2< ¢X,Y > ¢Z)}
+ < AY,Z > AX— < AX,7Z > AY

and

(L4) (VxA)Y = (Vy X = L{n(X)gY —n(Y)eX —2 < 6X,Y > ¢}
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for any tangent vector fields X, Y and Z on M, where R is the Riemannian
curvature tensor field of M.

Let Lx be the operator of the Lie derivative with respect to a vector
field X on M. If Lx <,>= 0, then the vector field X is said to be Killing.
For the structure vector field £ of M, we have

(Le <,>)(X,Y) =< (¢pA—Ap)X,Y >

for any vector fields X and Y on M by use of (1.1) and (1.2). Therefore
the structure Killing operator L¢ of M is given by

(1.5) Le = 9A — Ag.
Let U be a unit vector field on M with the same direction of the vector
field —¢V¢€, and let 8 be the length of the vector field —pV¢£ if it does

not vanish, and zero (constant function) if it vanishes. Then it is easily
seen from (1.2) that

(1.6) AL = ol + pU,
where a = n(A). We notice here that U is orthogonal to £. If the smooth

function 8 vanish on M, then M is a Hopf hypersurface in M, (c).

2. The composite operator of A and L¢.

Let M be a real hypersurface in a complex 2-dimensional complex
space form Ms(c), ¢ # 0. We assume that the composite operator of the
shape operator A and the structure Killing operator L¢ is skew-symmetric.
Then, since the transpose of the composite AL¢ (resp. L¢A) of A and L¢
is equal to —AL¢ (resp. —L¢A), it follows from (1.5) that

(2.1) PA% = A%¢

on M.
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In this section, we assume that there exists an open neighborhood 2
such that the smooth function 5 give in (1.6) does not vanish on 2. Then,
if we apply £ to (2.1) and make use of (1.1) and (1.6), we have pAU =
—a@U, or equivalently

(2.2) AU = B¢ — aU
on Q. Applying U to (2.1) and using (1.1), (1.6) and (2.2), we obtain
(2.3) A29U = (a* + B2)oU

on ().

Since {&, U, ¢U} determines an orthogonal frame field on 2 and we have
< ApU, & >=< ApU,U >= 0 by (1.6) and (2.2), we can put

(2.4) ApU = voU.
Then it is easy to see that
(2.5) v =a® + B2

Since it follows from (1.6) and (2.2) that A%¢ = ~2¢ and A%U = 42U,
we can verify that

(2.6) A2X =+*X

for any vector field X on €.

Differentiating the smooth function a =< A, £ >= n(A¢) along any
vector field X on Q and making use of (1.1), (1.2), (1.6) and (2.4), we
have

Xa=< (VxA)& > 208y < oU, X >.

Since we obtain < (VxA)¢,& >=< (V¢A)X,§ > by virtue of the codazzi
equation (1.4), we see from the above equations that the gradient vector
field Va of « is given by

(2.7) Va = (VeA)E — 28y4U.
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If we differentiate o = — < AU,U > along any vector field X and make
use of (1.1), (1.2), (1.4), (2.2) and (2.4), then we get

(2.8) Va = —(Vy AU — 28v¢U.

Since we have

(VeA)E = ((a)é + (E8)U + Bla —v)oU + BVU,
(Vy AU = (UB)E — (Ua)U — aBU — aVyU — AVyU

by use of (1.1), (1.2), (1.6), (2.2) and (2.4), it follows from (2.7) and (2.8)
that
) (€0 + UB)E + (6 ~ Ua)U — proU
+BVeU — (A+al)VyU =0,

where [ is the identity operator of M. By means of (1.2), (1.6), (2.2) and
(2.4), we see that < (A+al)VyU,§ >=0and < (A+al)VyU,U >=0.
Thus the above equation is reduced to

(2.9) fa=-UB,  §f=Ua,
and
(2.10) (A+al)VyU — VU = BryoU.

As a similar argument as the above, it follows from the smooth function
B =< A&, U > that

(2.11) VB = (VAU + (20 + i)w

Making use of (1.1), (1.2), (1.6), (2.2) and (2.4), we obtain

(VuA) = (Ua)é + (UB)U + a(y — a)oU + BVyU,
(Ve AU = (£B)€ — (£)U + B2pU — (A + oI)VU.

From this two equations, we can verify that

(2.12) (A+al)VeU + BVyU = (2 — ay — E)qu
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by virtue of (1.4), (2.5) and (2.9). Similarly, it follows from (V4 A)§ —
(VeA)oU that

(A — ”)/I)¢V§U + ﬂvquU
(213)  =—{(6U)a —aB +267}€ —{(6U)8 — 207 — 8 = {}U
+(€9)gU.

If we multiply (2.13) by & and take account of (1.1), (1.2), (1.6) and (2.4),
then we obtain

(2.14) B < VU, U >= (oU)a — aff + 357.

Multiplying (2.13) by U and making use of (1.1), (1.2) and (2.2), we have

(2.15) (a+7) < VeU,pU >= —(¢U)B + B2 + 20y + 2.

As a similar argument as the above, we get from (V4 A)U — (Vi A)pU
that

(A+al)VypU — (A —~1)pVyU
(2.16) —{(#U)B + a” — ay = 2} — {(6U)a — aB + 61}U
— (Uy)oU

on Q. If we multiply (2.16) by £ and make use of (1.1), (1.2), (1.6), (2.2)
and (2.4), then we have

(2.17) B < VyU,¢U >= (¢U)B + a2 — 3ary — g

3. Proof of Theorems.

In this section, we shall prove the following Theorems.
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Theorem 3.1. Let M be a real hypersurface with skew-symmetric
composite operator of the shape operator A and the structure Killing
operator L¢ in a complex space form Ms(c), ¢ # 0. If the smooth function
a = n(A¢€) is constant on M, then M is a Hopf hypersurface.

Proof. Assume that there is a point p of M such that the function
given in (1.6) is not zero at p, that is, M is not a Hopf hypersurface. Then
there exists an open neighborhood €2 of p such that 5 does not vanish on

Q.
Since « is constant on (2, it follows from (2.9) that
(3.1) B=UB=0
on Q. Using (1.1), (1.2), (1.6) and (3.1), we can verify from (2.7) that
(3.2) VeU = (37 — a)pU.

If we substitute (3.2) into (2.15), then we have

(3.3) (V)8 = £ — 297,

Making use of (1.1), (1.2), (2.2), (2.4) and (3.1), we obtain from (2.8)
that

(3.4) (a+7v) < VyU, U >= (27 — a).

It is easy to see that a + v # 0 on Q. If we compare (2.17) with (3.4),
then we can find

(3.5) (dﬂﬂ:§+2f.

Thus it follows from (3.3) and (3.5) that

Cc

3.6 2= ——.
(3.6) gl 16
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Since 7 is a constant by (3.6) and « is a constant, so is 5. Therefore
we can verify from (2.11) that

(VeA)U = —(2a7 + E)w

By means of (1.1), (1.2), (1.6), (2.2) and (3.1), we have
(Ve A)U = B%pU — (A + )V, U.

The above two equations together with (3.1) imply that
(3.7) v ==

It follows from (3.6) and (3.7) that ¢ = 0 and a contradiction. Therefore
there is no open set ) and hence M is a Hopf hypersurface. [J

Theorem 3.2. Let M be a real hypersurface with skew-symmetric
composite operator of the shape operator A and the structure Killing
operator Lg¢ in a complex space form Ms(c), ¢ # 0. If the operator A? is
a Codazzi tensor, then M is a Hopf hypersurface.

Proof. Assume that there is a point p of M such that (§ is not zero at
p. Then there exists an open neighborhood 2 of p such that 5 does not
vanish on 2.

Since A? is a Codazzi tensor, that is, (VxA%)Y = (Vy A42)X for any
vector fields X and Y on M, it follows from (2.6) and (3.8) that

(X(a® +B9))Y = (Y(a® + %)X

on Q. We see from this equation that X (a? + 3?) = 0 for any vector field
X on Q, that is, 72 = o? + 32 is a constant on €. Therefore we have

(3.8) a(¢U)a + B(¢U)B = 0.

The vector field VU is orthogonal to both { and U. Using (2.14),
(2.15) and (3.8), we obtain

1
(3.9) VeU = (0" —ay+ )oU.
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Substituting (3.9) into (2.12) and making use of (2.4), we have

1 c c
(310) VUU = /8—7(062’7 — 06’72 —+ ZO( — 5’7)@5(]

Since av + 7 # 0 on £, substituting (3.9) and (3.10) into (2.10) yields

3
¥ —ay+ cc=0,
8
which shows that « is a constant. Thus Theorem 3.2 follows from Theorem
3.1. O

Theorem 3.3. Let M be a real hypersurface with skew-symmetric
composite operator of the shape operator A and the structure Killing
operator L¢ in a complex space form Ms(c), ¢ # 0. Then M is a Hopf
hypersurface if and only if M is locally congruent to one of the model
spaces of type A or type B.

Proof. Since M is a Hopf hypersurface, we have A¢ = o and it is
well-known that « is constant. We can choose an orthonormal frame field

{£,X,6X} on M such that AX = AX and A¢X = pedX. On a Hopf
hypersurface M, it is also known that

(0% &
APA — 2 (Ap+9A) = 16 =0

holds on M. From this equation, we have

(0%

11 At =
(3.11) p=5

c
(A4 p) +—.
4

Since it satisfies A%¢ = ¢A? by the skew-symmetric composite operator

of A and L¢, we have p = £, from which and (3.11) show that X is

constant on M. Thus all the principal curvatures of M are constant, and

hence M is locally congruent to one of the model spaces of type A or B.
O

From Theorems 3.1 and 3.3, the following is immediate.
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Theorem 3.4. Let M be a real hypersurface with skew-symmetric
composite operator of the shape operator A and the structure Killing
operator L¢ in a complex space form Ma(c), ¢ # 0. Then the smooth
function o = n(AE) is constant on M if and only if M is locally congruent
to one of the model spaces of type A or type B.

The following is also immediate from Theorems 3.2 and 3.3.

Theorem 3.5. Let M be a real hypersurface with skew-symmetric
composite operator of the shape operator A and the structure Killing
operator L¢ in a complex space form Ms(c), ¢ # 0. Then the operator
A? is a Codazzi tensor if and only if M is locally congruent to one of the
model spaces of type A or type B.
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33667 32896 32382 31354 33153 31611 32896 31868 32639 31354 33153 33153 334
33153 31868 31868 31868 33153 31354 31611 31354 31354 31097 31611 30840 331
32896 31868 32382 31611 33410 31868 32382 32382 32382 31611 35209 33667 334
32896 31868 31611 31611 32639 32382 32125 31611 31868 31868 32125 31868 328
33153 32896 32896 32382 32125 32639 32896 31868 33153 32125 33410 31868 328
32125 31354 31868 32125 32382 32382 33153 31868 32639 32382 32125 31611 318
33153 31611 32896 32125 32896 33153 33410 31868 32639 32639 32896 31868 328
32896 31097 33153 32125 32896 31868 32125 32125 32639 31868 32125 32125 321
33410 33153 33410 31868 33410 31868 32629 32125 32896 31868 33153 32125 33€
33410 31354 31868 31868 32896 31868 32639 31868 32639 31868 31868 32125 318
34181 33410 32896 31868 32896 31868 32639 31868 32639 31868 32896 32896 328
32125 31868 32896 31868 32896 31868 31868 31868 32639 32125 32125 32125 321
33153 33153 33153 31868 32896 32125 33153 31868 32896 33153 33410 33667 33¢
31868 31868 32125 32382 32382 32382 32125 31868 32896 32382 33667 31354 33€
33153 31868 33410 32125 33410 32382 33667 33410 33153 32382 34438 31354 33¢
32639 31868 33153 32125 32639 32125 32382 31868 32382 32382 33153 31354 334
32896 32896 32896 32125 32639 32125 33410 31868 33410 33153 33153 33410 344
32125 32125 32125 32125 32125 31868 31868 31611 31868 32125 32639 32125 323
33924 33153 32896 32125 32382 31868 33153 31868 31868 32125 32639 32382 32€
31611 29555 32896 31868 32382 31868 33410 32125 32125 32125 33153 32382 32¢

15, Rl A2 doly g
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Study of Roaming Trajectories of H2CO dissociation using BOMD
and ADMP!

Hyung-Rae Kim?

Abstract: Ab initio molecular dynamics (AIMD) was used to compute trajectories for H2CO dissociation starting
from areas near the transition state for dissociation. Two different modes of dissociation were found. One was usual
direct dissociation mode yielding molecular products (H2 + CO). The other process looked very much like a
roaming trajectory which skirts around the transition state instead of going over the transition state. Details of the
dissociation are described in this paper. An area of initial phase points (coordinates and momenta) that lead to
roaming mode is suggested.

Introduction

Formaldehyde (H2CO) is a very important molecule in atmospheric chemistry.
Photodissociation of H2CO has been studied very extensively using laser techniques
[11[2][3]. Laser induced fluorescence (LIF) or multi-photon ionization (MPI) have been
used to measure product internal distribution. Time-of-flight mass spectrometry has been
used to obtain product recoil distribution. From the results of these experiments much detail
has been known about the nature of the dissociation process.

Dissociation of H2CO occurs via several distinctive channels. Direct thermal dissociation is
impossible due to high dissociation barrier. In order to dissociate H2CO, ground state H2CO
is electronically excited to the first excited singlet state. Then via radiationless transition
(internal conversion) to the highly vibrationally excited state of ground electronic state,
which lies higher than the dissociation threshold, the molecule undergoes dissociation

[41[5][6]-
H2CO dissociation channels are usually classified as follows:

H2CO—H2 + CO _channel 1_
H2CO—H+HCO _channel 2_

Recently roaming trajectories [8][9] were suggested to explain an alternative dissociation
channel[7].

H2CO—_H ... HCO_—H2 + CO _channel 3_.

Detailed experiments have been performed to confirm this behavior. Product energy

! This research was supported by the research fund of Hankuk University of Foreign Studies, 2011

2Department of Chemistry Hankuk University of Foreign Studies
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distributions were measured and the results were used to explain the fact that the dissociation
does not go through the transition state on the way to products. Instead it has been suggested
that the dissociating hydrogen atom of the radical dissociation channel does not separate
completely but comes back towards the CO region briefly, skirts around the transition state
and joins the other hydrogen atom before dissociating away as a molecular product[9a,9b].
This kind of dissociation occurs via a completely different mechanism than the usual
dissociation mechanism yielding molecular products (H2 + CO). Classical trajectory
calculations [10][11][12][13] have been done to confirm experimental product energy
distribution for roaming channel. However it is still not clear what initial conditions (in terms
of coordinates and momenta) lead to which mechanism (regular or roaming).

Thus we set out to perform ab initio molecular dynamics (AIMD) computation to find
suitable initial coordinates and momenta that lead to roaming trajectories. Among AIMD
methods [14][15], ADMP and BOMD methods[16][17]were employed.

Computational Detail

Gaussian 09 software [18] was used to perform BOMD and ADMP computations. Hardware
was Xeon-processor based Linux cluster of 6 nodes (each node is a quadcore Xeon
processor) running CentOS 5.4 Linux.

The trajectories were displayed using GaussView program [19].

First, potential energy surface along the dissociation coordinate was obtained. Geometry
optimizations and frequency calculations were done for both reactant (H2CO) and transition
state (for H2CO -> H2 + CO). One imaginary frequency for the TS optimization run
confirms that the structure indeed is for TS. Next IRC is run toward both the reactant
(H2CO) side and the product side (H2 + CO). The IRC points are connected smoothly to the
reactant and product geometry to obtain complete PES along the reaction coordinate.

Near the TS, many interesting points are selected from the potential energy surface along the
reaction coordinate and the ADMP or BOMD runs are started from those initial points. For
each run 5 to 10 trajectories are run. Each trajectory belonging to a run is different in initial
conditions (geometry, rotational and vibrational phase, which are determined randomly).
Each trajectory is displayed on the computer screen to check whether it is reactive. Only
reactive trajectories are selected regardless whether it is regular or roaming. Roaming
trajectories are checked closely to find common features, especially initial coordinates and
momenta.

For a typical run, ADMP parameters used are as follows:

1 General Parameters:
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Maximum Steps = 150
Random Number Generator Seed = 398465
Time Step = 0.10000 femtosec
Ficticious electronic mass =0.10000 amu
MW individual basis funct. =True

0.10000 hartree
0.00000 hartree

Initial nuclear kin. energy
Initial electr. kin. energy

Initial electr. KE scheme 0
Multitime step - NDtrC 1
Multitime step - NDtrP 1

No Thermostats chosen to control nuclear temperature

2. Integration parameters:

Follow Rxn Path (DVV) = False
Constraint Scheme = 10
Projection of angular mom. = True

Rotate density with nuclei = True

Initial coordinates and velocities are as follows:

1. Cartesian coordinates:

X=-1.549671052820D-01 Y= 0.000000000000D+00 Z=-1.091951162414D+00
X=-1.549671052820D-01 Y= 0.000000000000D+00 Z=1.086442164599D+00

X=2.762770017099D+00 Y= 0.000000000000D+00 Z=-1.133655763650D+00
X=1.541837156872D+00 Y= 0.000000000000D+00 Z=-3.107294379649D+00

TR
A WONBRE

2. MW Cartesian velocity:

X=-2.680525075489D+13 Y=4.188140901250D+13 Z=1.441267382501D+14
X=6.357621886919D+13 Y=-2.488388646825D+13 Z=-2.202433594221D+14
X=-1.184521835019D+13 Y=6.307359682619D+13 Z=1.699213964848D+14
X=-1.489352970514D+14 Y=-1.084581050428D+14 Z=2.101581905731D+14

T
AWN PR

For a BOMD run, the following parameters were typically used.
1. General parameters:

Max. points for each Traj. = 100

Total Number of Trajectories = 5

Random Number Generator Seed = 398465

Trajectory Step Size = 0.250 sgrt(amu)*bohr

2. Sampling parameters:
Vib Energy Sampling Option = Thermal sampling
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TS Sampling direction

Vib Sampling Temperature
Translational Energy

Rot Energy Sampling Option
Rot Sampling Temperature
Start point scaling criteria

3. Integration parameters:

Correction Scheme
Project trans/rot in grad.
Project in prediction step
Project in correction step
Integration Scheme
Integration Step Size
Truncation Error Criteria
Energy Error Criteria
Hessian evaluation

Hyung-Rae Kim

= Forward

=300.0K

= 5.14500D+00 kcal/mol (Forward)

= Thermal distribution (symmetric top)
=300.0K

=1.000D-05 Hartree

= Fifth order polynomial fit
=True

=True

=True

= Bulirsch-Stoer method

= 2.000D-01 femtosec
= 1.000D-08 bohr
=1.000D-04 Hartree
= Full Hessian always

Fragment 1 center 1(C) 2(0)
Fragment 2 center 3(H) 4(H)
4. Termination criteria:

The CM distances are larger than ~ 13.000 bohr

The min atomic distances among fragments are larger than
The max atomic and CM distances in fragments are shorter than
The max atomic distances in fragments are short than
The change of gradient along CM is less than
Distance between atom center

11.000 bohr

5. Morse parameters for diatomic fragments:

EO
cC O -112.1000000
H H -1.1230000

1.300 bohr
2.500 bohr
5.00D-07 Hartree/bohr
1(C)and 3(H)isGE 12.800 bohr
Re De Be
1.1290000 0.4950000 2.2410000
0.7340000 0.1950000 1.9460000

6. Thermal Sampling of Vibrational Modes

Mode Wavenumber
-1991.273
901.353
973.987
1373.156
1491.684
2163.567

OO~ WN -

Vib. quant.# Energy (kcal/mol)

5.14500
1.28855
1.39238
1.96303
2.13247
3.09297

OO OoOOoOo
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Mode
Mode
Mode
Mode
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1
2
3
4
5
6

MW displacement
(amu(1/2)*Bohr)
0.0000000000D+00
-0.8020246538D-01
0.1269267060D+00
-0.5635632293D-01
-0.2590160526D+00
0.2283585480D+00

Summary of normal mode sampling:

MW velocity
(amu(1/2)*Bohr/sec)
0.1239944922D+15
-0.6054010387D+14
-0.6015438242D+14
0.7519015330D+14
0.3279714088D+14
-0.2411364096D+14

Translational Energy = 0.8199079465D-02 Hartree
= 0.1572789439D-01 Hartree

Vibrational Energy
MW distance from initial geometry =

Start point information

Time

(fs)

0.000000

0.3461490000D+00 Bohr

EKin = 0.0159820; EPot = -113.6969007; ETot = -113.6809187 A.U.
Angular momentum (instantaneous)

JX =-0.1045010826D+01 JY = 0.4445820122D-01 JZ = -0.2076778842D+01
Jtot = 0.2325303102D+01 H-BAR; J (Quantum Number) = 0.1878452126D+01
Total energy -1.136809D+02 A.U.

Total angular momentum

Cartesian coordinates: (bohr)

=1
1=
1=
1=

W

MW cartesian velocity: (sqrt(amu)*bohr/sec)

B OWODNBR-

2.325303D+00 h-bar

X=1.647989686448D-01 Y= 1.132288269555D+00 Z=5.062415002195D-03

X=1.515602332834D-01 Y=-1.104139630068D+00 Z=-2.605279554045D-03
X=-2.877339051525D+00 Y=1.233109608127D+00 Z=2.630765327999D-02
X=-1.490264903846D+00 Y=2.808425131923D+00 Z=-4.523728416398D-02

X=7.496984095357D+13 Y=-2.548216282530D+13 Z=-2.339735091680D+13
X=-3.293853053340D+13 Y=2.296771887910D+13 Z=1.390156247365D+13
X=-3.274310354295D+12 Y=-2.404369861900D+13 Z=-3.523651933694D+13
X=-1.241978888688D+14 Y=2.047416420802D+13 Z=6.059090186532D+13

Results and analysis

1.

ADMP Results
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Final output of a typical roaming mode trajectory is as follows:

The trajectory was stopped after 150 steps because the dissociation process was essentially
finished long before step 150. The stopping criteria have not been used. Since the stopping
criteria have not been used, the run yielded a warning message of pre-mature finish and the
output includes only part of data. Since we only needed trajectory data (coordinates and
velocities) we opted for this alternative.

The output contains some data for fragment 1 (CO):

Instantaneous rotational analysis:

Q(CM): X=0.147977625240D-16 Y= 0.000000000000D+00 Z=0.000000000000D+00
V(CM): X=0.277458047326D-01 Y=-0.369944063101D-02 Z=0.147977625240D-01

Angular momentum in principle axes

JX =0.0000000000D+00 JY =0.3671526738D-13 JZ = -0.1958147593D-13
Jtot = 0.4161063636D-13 H-BAR; J (Quantum Number) = 0.0000000000D+00

Angular momentum in original axes

JX =-0.2373690991D-13 JY =-0.3408798829D-13 JZ =0.2452186985D-14
Jtot = 0.4161063636D-13 H-BAR; J (Quantum Number) = 0.0000000000D+00

Etrn = 0.2617107254D-31 Erot = 0.6517549406D-32 Evib(kin) = 0.2759114017D+00 au
Epot = -0.1135727091D+03 Etot = -0.1132967977D+03 au

In the next figure we show snapshots from actual ADMP trajectory display. This particular
trajectory shows roaming nicely.

Panel 1: t=0.0 fs
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Panel 2: t=2.7 fs.

Panel 3 t=5.4 fs

Panel 4 t=8.1 fs
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Panel 5 t=11.3 fs

Panel 6 t=14.4 fs

Figurel. A typical roaming trajectory is shown from t=0 fs to t=14.4 fs. This trajectory was
obtained using ADMP, starting from near TS.

Next we show a typical BOMD run. In this case the usual molecular dissociation is observed.
BOMD run output includes instantaneous rotational analysis, angular momentum in principal
axes, angular momentum in original axies, translational, vibrational, and rotational energy
(total internal energy), vibrational quantum number for each fragment (CO and H2). It also
gives linear angular momentum, impact parameter and angle theta for the trajectory. Finally
summary data is written out. This summary data contains kinetic and potential energy vs.
time, velocity (natural and mass-weighted) and bond distance vs. time for each fragment, and
finally the relative speed vs. time.

Final analysis for traj 1

Analysis of fragment 1
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Instantaneous rotational analysis:

Q(CM): X=0.900707023841D+00 Y=-0.322886777674D+00 Z= 0.296605724955D-01
V(CM): X=0.240732220398D+14 Y= -0.631762262219D+13 Z= 0.870924448746D+12

Angular momentum in principle axes

JX =-0.1536343811D+02 JY = 0.3156424660D+02 JZ= 0.5979205088D-15
Jtot = 0.3510465630D+02 H-BAR; J(Quantum Number) = 0.3460821690D+02

Angular momentum in original axes

JX =-0.1952761989D+02 JY =-0.2937980611D+00 JZ =-0.2917057829D+02
Jtot = 0.3510465630D+02 H-BAR; J (Quantum Number) = 0.3460821690D+02

Etrn = 0.9259015968D-02 Erot = 0.1173304898D-01 Evib(kin) = 0.2460048301D-01 au
Epot =-0.1127351140D+03 Etot = -0.1126895214D+03 au

Bond distance between C and O 0.1084734251D+01 in Angs

Total internal energy for C and O 0.3633353199D-01 in au

Vibrational quantum number for C and O 0.2501476800D+01

Analysis of fragment 2

Instantaneous rotational analysis:

Q(CM): X=-0.125097191091D+02 Y= 0.448450249176D+01 Z= -0.411949080793D+00
V(CM): X=-0.334347615594D+15 Y= 0.877440525602D+14 Z= -0.120960755614D+14

Angular momentum in principle axes

JX=0.9521375492D+01 JY = 0.3356950009D+01 JZ= 0.1993793289D-15
Jtot = 0.1009582610D+02 H-BAR; J(Quantum Number) = 0.9608199871D+01

Angular momentum in original axes

JX =0.2311198422D+01 JY =-0.2193092539D+01 JZ= 0.9579896221D+01
Jtot = 0.1009582610D+02 H-BAR; J(Quantum Number) = 0.9608199871D+01

Etrn = 0.1285964092D+00 Erot = 0.1921511364D-01 Evib(kin) = 0.8452406598D-02
au

Epot = -0.1112087954D+01 Etot = -0.9558240243D+00 au

Bond distance between H and H 0.8991846641D+00 in Angs

Total internal energy for H and H 0.2766752024D-01 in au

Vibrational quantum number for H and H 0.2844864189D+00

Linear angular momentum = 0.3833599820D+02 h-bar
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Impact parameter =  0.6599193579D+00 angs

Angle Theta = 156.07 degrees

Trajectory summary for trajectory 1
Energy/gradient evaluations 79
Hessian evaluations 79

Panel 1 :t=0.0 fs

Panel 2 t=0.5 fs
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Panel 3t=1.2 fs

Panel 4 t=1.9 fs

Panel 5 t=2.5 fs
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Panel 6 t=3.1 fs

Figure 2. Molecular dissociation (nhon-orbiting) channel is seen in this trajectory obtained
using a BOMD run.

Potential and kinetic energy change with time (total energy is conserved, of course). For the
trajectory
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Kinetics energy vs. time

0.22

/

02
018 |
0.16 |
014 |
012 |

017

kinetic energy in au

0.08 |
0.06 |
0.04 |

0.02 |

0 5 10 15 20 25 30

time in fs

Figure3. Kinetic energy vs. time for a BOMD trajectory is plotted. It is seen that KE
increases with time up to about 5 fs. Fragments are formed at that point. Fragments begin to
make internal motion (rotational and vibration).
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Relative speed of fragment recoil vs. time

04 T T T T T T
2txtu12 —

035

037 /

0.25 | /

02 /

0.15 /
01 /

fragment recoil speed

0.05 : ' ' ’ ' '
0 5 10 15 20 25 30

time in fs

Figure4. Relative fragment recoil speed is plotted against time.

Discussion

As can be seen from Figure 1, roaming trajectory is produced if the hydrogen atom on the
left moves toward the middle of C-H bond. The hydrogen atom becomes attached to the C
atom, producing HCO radical as in the radical dissociation channel. However, within a single
stretching vibrational period, the hydrogen is detached from the C atom and moves toward
the other H atom. These two hydrogen atoms form a diatom and recedes from the C atom,
thus eventually producing molecular fragments. This shows that in order to produce a
roaming trajectory the H atom should move toward the middle of C-H bond. Changing initial
kinetic energy did not cause much change.

Figure 2 shows regular trajectory. The hydrogen on the left-hand side move parallel to C-H
bond and quickly joins the other hydrogen atom to form a chemical bond, thus yielding a

35
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molecular product, this time in a regular fashion, without forming HCO radical as a brief
intermediate.

From Figure 3, it can be seen that the regular product is formed much faster than for roaming
trajectory. (within 5 fs). This shows that the regular mode dissociation is a direct process and
does not involve any skirting or roaming.

Figure 4 also supports this argument because relative recoil speed smoothly increases up to 5
fs and then stays constant after that.

In conclusion we successfully observed both roaming and regular trajectory for dissociation
into molecular fragments and found how the roaming process can be brought about.

Our next task would be to run sufficient number of trajectories and obtain product energy
distributions for both roaming and regular trajectories.
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HHd Aobw =ik A S A8t Saccharomyces cerevisiae
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8 ok Saccharomyces cerevisiae tyrosyl-tRNA synthetase (Sc TyrRS)$} E. coli mutant initiator
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orthogonal suppressor tRNA ¢} of7]o] HHA on|xAS AFA 7| &=
aminoacyl-tRNA synthetase (ARS) & o] AN, &8 L= ¥fFE= AXdA
AFEE A TH1-4). 53] FH 10 dZF adetelglol (Archeae) Methanococcus
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A oprmibS A 5olA o2 Atjlets 7ol MdEe Rt (5).
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R ow tigatol A HHA ofr| ik ARESH7] 913 suppressor tRNA =
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44 A= R ¥H

o

Eimle
oA ALgH A DHI0OBE LB 94 &2 adgufx|o A vjts}sit
Sc TyrRS & ®WE pKK-TyrRSE ampicilin A3A FH4AE 7FA 12 o,

ol5 WE/Z} FAHSE g iAo 100 pg/ml ampiciling #7FF AT,

(=

Oligonucleotide ¥4 = PCR %F$-

Sc TyrRSe] X-A ZAAFZE nvlE o % tyrosine binding pocketS TA 3=
obvl At 715 F R 1§ Wl 91AskE 7] 77] (Y43, L76, S126, Y127,
D177, E178, L181)& AAste] 7 ofvjmal s=9] (VM ES FAAA =
Z¢Ho]3dl degenerated oligonucleotidesE F& AZstFTE (Hlo] 219,
). EARol geolryy ARE 98 F& AlAE oligonucleotides®]
Q71 L2 Table 1o FAI=o] Ut}

FE A &3 oligonucleotidesE primers® o] &38to] Fig. 20 JeERG A3}
o] 3@Ae] PCR #AES AA EdAWe] golBgfg] AZS 9lgk HE PCR
AHEe ARSIt PCR Ate 1, 2, 3, 45 7] 9l&ke] Fig. 20 EA1€ 2H7He
primer &S ¥& % annealing 2% 50 T & AF&3t9 2™, 30 cycle® PCR
W& Aldskglth PCR +32 wild type®] Sc TyrRSE 7HA AL 91 pKK-

3 AHE-3ESITE 2 % agarose Ao A 7|95 3te] PCR A= 9]
A #R13E - PCR Ate Z271EE ARSste] 1, 2, 3, 4 PCR Ate S
Stk 204 PCR WHg-& flate] 22 H]&¢ PCR A& 13 2 =& 3%
45 F3 o7 3o Fig. 29 YERY primersE AF&3le] PCR HFH-&
7] PCR kg 28 197 &3 & =1ES A8

L2
2o o7 207 PCR AHE A%t BE HEEstg o, 9A & Hjg=
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2% 2 1%

E4do] =4S AT opv =3t FY) AR

Sc TyrRS 9] tyrosine binding pocket We] ©tt& FEje R 1FL zZ=
H XA olujx=2to] Adrslr] e+ tyrosine ¢ o—amino ¥ a-carboxyl
OFoE W37l gle] hydoxylbenezene ring 99 ofn| Al ZV)E HE AL
Zlo] dastrial wuste] H 4 x-d AAT3 (PDB code: 2DLO)E
ZF313Fo] hydoxylbenezene ring 599 ol A &7 7 /S AASS T (Y43,
L72, S126, Y127, D177, E178,, L181). Fig 1 & TyrRS ° ZA33st Tyrosyl-
AMP ¢ AAH 7 7ie 7)o A& x-d AATZEFH Yl adolt
(7.

5126

1181 Y127

L72

E178
Tyrosyl-AMP

Y43

D177

Fig 1. Structure of tyrosine-binding pocket of wild type SC 7yrRS (PDB code: 2DLC). Seven
amino acid residues selected for random mutation were indicated.

Table 1. Nucleotide sequences of primers that were used for a mutant library construction

Primers Nucleotide Sequences

rl 5~ CACACAGGAAACASAATTCCCGEE-37

B2 Y43X 5f —CTTOCAGT SEECECEET ACCOCANNN T ART TTCARATE 3¢

£3 5~ GEGETACCEOECCCACT GEARG- 37

P4 L7EX Y - CCARAAACEOGT GCAAGT CT GOT AANNNAACAGTCAC-37

j=F 57 —CCARAAAGEOGT GOAAGT CTEC-37

=1 5~ TTAGCAGACTTGCACGCCTTTTT G- 37

BE SY126X 5 —CCATEGETATAGT CT GEACTT AGCT CHNNNNHAGAGC CAACAAC- 31
B7 57— CAGOTAACT COAGACTAT ACCAT GG-3°

B8 DEL177X Y — O GET CEACACCACC ARATT GECAAT CAACAT CHNNHGAATT SNNNHNNCAACGCTT Go- 3¢
=5 57 —CT GET CEACACCACCARATT GECAATC-3 7




EdHo] goludy A L FHEA

ARE 7 I opu gk o] gk FAke] EdWelE FEtsly] f1ske] Table
1 3} & oligonucleotides & #|Z3}e] PCR primer = 833t} 2429
Zddo] VS dE3lelE FZEC FERYE dr|Adoe] EHEE degenerated

primer & @45t EdWe] =4S 913 PCR 2 Fig. 2 o YEhd Ay

PCR oA A= 1, 2, 3, 4 ¢ 4 7} A¥Ho] AFHoz AAFEAeH, Ha3h

a9 A ¢ B & 747 p
FEOE HFT PCR A=< FP & vk Z @Ale] PCR 4b=< Agarose
A A A7]gEste] o= DNA A71E g2lskdth (Fig. 2B, C, D)
gholHefE] A#S 9fste] HF Ak PCR AbEo] dastata 3= 7 79
2710 wE @riade] FAHor o] HAYEANE sy 95y
#rEeld 2 PCR 2HE FP ¥ 9714 #4418 shlth
ofrl it IV E dEstele ol FARIARl AVIMER

$28 AL FAaAT (Fig. 3),
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A

Xmal

181X
i x| BrEc | S5
V43X 176X S126X 177X
X X XX XX_X ScTyrRs gene —

|
_)(—_,2@_> <_'>4<_ First PCR

BstX1

&
X 2 3 4
[ S— S ———— < Second PCR
ri A Pa PS5 B P8
i
& 8
- == Third PCR
Pl FP A
B C D £
z 3 =
E k] 2 EP
= 5 )
A 2
g = A B
=1 2 3 4

Fig 2. Strategy for mutant library construction and PCR products of each round. (A) In the first round of PCR,
4 separate PCR reactions were performed with degenerated primers described in Table 1. In the second round PCR,

PCR product #1 and #2 were used as template for product A synthesis and PCR product #3 and #4 for product B

synthesis. The final product was synthesized with product A and B.  (B) First round PCR products; 1,2,3 and 4. (C)

Second round PCR (A and B products ). (D) Third round PCR (Final product)

AN LAA “k\:"‘»‘i VY A
.GCG-&TGNNNNNNCH.TTCNﬂGﬂTGTTGx

CTunmunnCAGCT

Y43 L76 $126/Y127 D177/€178 181l

Mutation
(TCTTAC) (GACGAA} (a)

sites TAC) (ctm)

Fig 3. Sequence analysis of the final PCR product. The final PCR products were sequenced and random

mutagenesis of the 7 mutation sites were confirmed. These final PCR products were used for ligation reaction to

vectors.
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W] o @AMl A 100 ~ 1000 wiAE FAHI FHo] Ere=

T

ol A -2 7k A AHg gtolBneje] A7) 2 Heolth

oAk Wzt tdds Flsty] ekl uFuAIREE AL Ao R
20 71¢] colonies & =& pTyrRS plasmid ¢ A714g B3-S 38Tt 7
ofr =t 7)ol A= AVIAYE Wsket opmAl WEE A4 A

EdHolE Fx3 7 MY 7] BFA 85 ~ 100%¢ EwWo] fuko)

ulta
N
>
g
=2
>
o
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o
(e}
ol
2
(o]
i)

olE nlFo®m ofmxil MES HuEE A5

EE fAAA SAA oEde 7 h ol opmiit vekdo] whE o
s g 2 o] Fofxl Ao faEth (Table 2).

B AFE E3to degenerated oligonucleotides ¢ PCR W& o] 8319

7 709 opm it 7T FA ARl EAMe] B wig afHoR & o F

Ao}, insert 9 ¥WEHO| ligation Whg TACA &E&AC] Holx HA A

gojnEel 7|7k AA YERen, 1Fko ligase AAE AMETOEH

ligation &% ¥4 F & Ao 7,
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Table2. Sequence analysis of 20 randomly selected clones from a TyrRS mutant library.

Mutation Wild Type Diversity of Amino

site Sequence Codon bases (%) Acid Diversity (%)
Td3 TAC (Tvr) 18/20 (290) 12/7 (171)
L76 CTT (Leu) 19/20 (95) 1047 (143)
3126 TCT (Ser) 20/20 (100) 13/7 (186)
¥127 TAC (Tyr) 18/20 (50) 12/7 (171)
D177 GAC (Asp) 20/20 (100) 11/7 (157)
E178 GAA (Elu) 19/20 (95) 1047 (143)
Llsl TTA (Leu) 17/20 (85) 1277 (171
Acknowledgements
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Fo| EAHE BXE 7[AHT Ao EF7IE vt Wyo] 24 wholt) thEAHQ B4
A wor: My PHEA(linear discriminant anysis, LDA), ©o]x}#d 2 (quadratic

discriminant anysis, QDA), A28 3|74 (logistic regression, LR), 1}°]

(

Hl o] x| ¢t &771

(naive bayesian classifier) =°] It}
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TR EA WHEAS OFd g AREZRY 5SS 7P 2 HEE ¢ de AF, HAdd Y
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ohe, olatdle] WSS ol gt

o

ruleo]g} gt} &, Bayes ruled] o3 #HEA L 2] (2.2)8 WEStE AF R E5F5= Aot
G u|=ﬂ|.E:;rnﬂuP G=H‘1'_El=ﬂlg:;:nﬂaf,;ul (22)
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x1=Systolic blood pressure (4% =34 g9

x2=A measure of cholesterol (F#d2=HE2 4%])

x3=A dummy variable(=1 for patient with a family history )
x4=A measure of obesity (H]RFe] A &),

x5=Age (U°]), y= 0,1 (4 Ay §5)
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Sparse Principal Component Analysis in Genome Wide Association

Studies: 1BD Data Application®

Seok ho Lee?

Abstract: We applied sparse principal component analysis (sparse PCA) method to high-dimensional data arising in
genome wide association studies (GWAS). GWAS routinely apply PCA to infer population structure within a sample
to correct for confounding due to the different ancestry. GWAS implementation of PCA uses tens of thousands of
SNPs to infer structure, despite the fact that only a small fraction of such SNPs provides useful information on
ancestry. We propose to use the newly developed technique to identify the set of ancestry-informative markers
(AlMs) from genomewide SNP data using sparse PCA. The procedure uses penalized regression methods to identify
those SNPs in a genomewide panel that significantly contribute to the principal components while encouraging
SNPs that provide negligible loadings to vanish from the analysis. We found that sparse PCA leads to negligible loss
of ancestry information compared to the classical PCA analysis of genomewide SNP data. We demonstrate the

practical value of sparse PCA using a genomewise study of Inflammatory Bowel Disease.

Introduction

Statistical analysis from genomewide association studies is often vulnerable to spurious
associations between single-nucleotide polymorphisms (SNPs) and phenotype that arise from
confounding due to population stratifications. Such confounding originates from the union of
SNP allele-frequency heterogeneity to phenotype heterogeneity across latent subpopulations
within a test sample. While a variety of statistical methods exist for determining population
structure from genetic data, the most common approach for inferring ancestry is to conduct
PCA of genomewide SNP data. [1-4] Researchers can use the principal components to
correct for confounding due to population stratification in a variety of ways, including
treating the components as covariates in regression models, using the components to
construct a stratification score, or combining the components into a measure of ancestry for

fine matching of samples.

! This work was supported by Hankuk University of Foreign Studies Research Fund of 2010.
2 Full-time lecturer, Department of Statistics, College of Science, Hankuk University of Foreign Studies
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PCA typically uses tens of thousands of independent SNPs from the GWAS panel to infer
population structure within a sample. However, a small subset of SNPs that show marked
differences in allele frequencies among different populations may be sufficient to provide
information on ancestry. The identification of this small subset of ancestry-informative
markers (AIMs) from a GWAS has substantial value for follow-up genetic studies of regions
identified from the initial study. Existing studies that have identified AlMs typically utilize
samples as AlIMs those SNPs that show the most between-population variation in allele
frequencies. [5-9] This process can be quite laborious and further requires apriori knowledge
of the populations in the test sample. To identify AlMs for a validation study of such samples,
researchers will need to identify SNPs most correlated with ancestry in the initial GWAS. In

this context, existing methods for AIMs selection are not applicable.

Recently, [10] proposes a simple statistical method, sparse PCA, for selecting AIMs that
avoids the painstaking screening of individual SNPs for AIM selection and further does not
require explicit knowledge of the underlying populations in a sample. Unlike the classical
PCA methods that yield a multitude of SNPs with non-zero contributions to the principal
components, sparse PCA methods produce a limited number of influential SNPs by imposing
a penalty function during optimization, which encourages SNPs with modest or negligible

loadings to vanish. In this article we ....

Materials and Methods

In this section, we summarize sparse PCA proposed in [10] briefly. The details of algorithms
are therein. In [10] there are two versions of sparse PCA with lasso penalty and adaptive
lasso penalty. Estimation of principal component v = (vy,v,,-+,v,)" and corresponding
score a = (a;,a,,--,a,)T using sparse PCA with lasso (L-PCA) proceeds by minimizing
the following criterion

n d d

Z Z(xii - aiv]-)2 + 2)\2|V]-|.

i=1 j=1 j=1

And principal components using sparse PCA with adaptive lasso (AL-PCA) can be estimated
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by minimizing the following criterion.

n d d

ZZ(XH —av) + 27\2|Vj|/|‘71|-

i=1 j=1 j=1
In the above, A is a positive penalty parameter that controls complexity of the derived
principal component. The value of the parameter can vary between A = 0 (which implies
the classical PCA that does not penalize the SNP loadings in v) and A = oo (which forces
each SNP to make zero contribution to the principal component). And ¥; is the estimate of

the loading for SNP j using the classical PCA assuming no penalty. Those minimizations give

. A}+

_L}
[9l),

For AL-PCA. For both of cases, the solution of PC score is given as the least square solution

the closed-form solutions

n
1
K Laf e (Z Xijai)[

i=1

n

i=1

for L-PCA, and

n

i=19%i n =1

i=1

n
1
Vj = n—az *Sgn (Z Xijai> [

a = Xv after normalizing v « v/||v||.

[10] proposed a likelihood-based procedure to select the penalty A for L-PCA and AL-PCA
using the genotypes and PC scores from the sample. For a specific value of A, the likelihood
is modeled as L = [T, P(x;a;) =[1", P(xila;) P(a;), where x; = (x1,"**,X;q)T denote
the vector of standardized genotypes for subject i. We assume x;|a;~N(a;v, 6%14), where v
is a vector of the SNP loadings assuming a specific A. Using the likelihood L, we calculate
the Bayesian Information Criterion (BIC) of the observed data as BIC(A) = —21log(L) +
log(number of data points) X {number of parameters}, where we evaluate log(L) using
the maximum likelihood estimates of o2 and o2. Specifically, assuming a;~N(0, c2), we
define the BIC as
BIC(A) = ndlog(5?) + nlog(52) + log(nd) X (n + |B|)

where 8% = ¥IL, ¥L, (xi5 — aivj)z/(nd), 62=Y",a?/n, and |B| is the number of

nonzero entries of v. We choose as A the value that minimizes BIC. Since BIC is
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analytically intractable, we employ a grid search to the find the minimum value.

Even though BIC gives us an automatic and data-driven way to select the penalty parameter,
we may desire to regulate the complexity to force a specific number of SNPs to have non-
zero loadings. For example, if a study has a budget to genotype p AIMs, we may want to
choose the value of A that yields exactly p SNPs with non-zero loadings. To conduct this
task, we note that p decreases as A increases in value. Consequently, if we identify more
than (less than) p SNPs with non-zero loadings using the BIC-based A, then we can increase
(decrease) the value of A until we reach our target of p SNPs. This strategy is

straightforward to implement in statistical software.

Once we identify the first principal component v and scores a using sparse PCA, we next
apply the algorithm to infer the second principal component. First, we remove the effects of
the first principal component from the genotype data by replacing x;; with x;; — &;9;, where
a and ¥ are derived from standard PCA without the penalty term. We remove the effects of
the first principal component using standard PCA rather than sparse PCA because we wish to
identify AlMs that summarize variation along the original principal components of the data.
Removing the effects of the first principal component derived from sparse PCA will alter the
formation of the second principal component from that anticipated using standard PCA,

which could lead to inaccurate selection of AlMs.

After removing the effects of the first principal component, we apply spare PCA to the
modified entries x;; — &;¥; to obtain the second principal component and corresponding
scores. We can then derive additional principal components using the same sequential
process. We select the total number of principal component k to infer using either Tracy-

Widom statistics or by examining a “screeplot” of the ordered eigenvalues.

From the sparse PCA analysis, we will identify small sets of SNPs with non-zero loadings
for each of the k principal components. Some SNPs will have non-zero loadings across

multiple principal components, whereas others might contribute to only one component. The
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unique set of SNPs with non-zero loadings across the principal components can be
considered the initial set of AlMs to be considered for follow-up studies. Within this AIM set,
we can prioritize SNPs further for genotyping by ranking those SNPs with non-zero loadings
across multiple principal components above those that have non-zero loadings in only one

component.

We describe the whole algorithm below:

Algorithm for Sparse PCA

1. Constructthe n x d matrix X of scaled and centered SNP genotypes.

2. Set the initial value of a. We propose to set the initial value of a using Xv,
where v is the first right-singular vector of X (equivalently the first principal
component score from PCA of XTX).

3. Find principal component v using soft-thresholding and then normalize it.

4. Compute principal component score a = Xv.

5. Repeat 3-4 until convergence. This step may be conducted multiple times on
grids of A for penalty parameter selection.

6. X« X—a?¢' for the next principal component. Here 4 and ¢ are derived
from standard PCA without penalty.

7. Repeat2-6 k principal components.

IBD Data Application

We applied our sparse PCA procedure to determine AIMs in a genetic study of inflammatory
bowel disease (IBD) data published by [11]. The IBD dataset consists of 912 European
American controls from the New York Health Project and U.S. Inflammatory Bowel Disease
Consortium that are genotyped for the 317,503 SNPs on the Illumina HumanHap300 panel.
Subjects reported their ancestry by indicating one or more of the following: “Scandinavian,”

“Northen European,” “Central European,” “Eastern European,” “Southern European,” “East
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Mediterranean,” or “Ashkenazi Jewish.” Following [11], we simplified this classification
into four exclusive categories: NW (North Western European), SE (South Easter European),
AJ (Ashkenazi Jewish) and NR (Not reported other than being “European”). Prior to
application sparse PCA, we first applied quality-control procedure to exclude problematic
SNPs from the analysis. We removed SNPs with a missing genotype rate greater than 5%,
with a minor allele frequency less than 0.01, or with a Hardy Weinberg P-value less than
0.005. Then we further pruned the dataset to identify a subset of markers that were in linkage
equilibrium. Such pruning is required to avoid identifying principal components that are due
to SNP-SNP correlation arising from linkage equilibrium rather than the ancestry that we are
interested in detecting. For the pruning, we extracted a set of SNPs with a missing genotype
rate less than 1% that were separated by at least 10Kb. Next, we applied the H-clust [12]
procedure to select a further subset of SNPs with squared correlation less than 0.04, resulting
in our final set of 32,772 SNPs for AIM selection. We assumed genotype data in the IBD
dataset were missing at random and imputed a missing SNP genotype using a random
number from a trinomial distribution assuming probabilities of the three possible genotype
equal to sample frequencies in IBD. We, again, using EIGENSTRAT [12], we applied
traditional PCA to the SNP data and identified 17 subjects who were outliers along the
principal components. We removed these outliers from further analyses, such that our final
sample consisted of 895 samples composed of 106 NWs, 8 SEs, 389 AJs and 392 NRs.

We randomly divided our sample into two data sets with equal proportions of each ethnic
category present in each data set, using the first data set as the training set and the second
data set as the validation set. Using the training set, we applied sparse PCA varying the
penalty parameter A to identify 150 SNPs with non-zero loadings along the first two
principal components. In Figure 1, we plot the PC scores under the standard PCA and the PC
scores under sparse PCA with lasso penalty and adaptive lasso penalty. Similar to [11], we
observe that the AJ group in the training set is clearly distinguished from other ethnic groups,
indicating that the first principal component, from all of the standard PCA and sparse PCA,
accounts for genetic difference between the Ashkenazi Jewish population and other European
populations. We examined the populations in the validation dataset. To do this, we projected

validation set onto the first two principal components obtained from the standard PCA,
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sparse PCA with lasso and adaptive lasso. In Figure 1, we show the scores for the first two
principal components for the standard PCA (top right panel), sparse PCA with lasso (middle
right panel), and sparse PCA with adaptive lasso (bottom right panel) calculated using the
validation set. We observed similar findings to the training set with the first principal
component clearly distinguishing subjects of Ashkenazi Jewish ancestry from the other
European populations. These results suggest our proposed sparse PCA approach can identify

small sets of AIMs that can distinguish different ancestral groups in a European sample.

In order to quantify results, we conducted the linear discrimination analysis (LDA) using the
reduced data sets from PC scores to look at how well 4 different populations are separated
with the reduced information. As we observed, since Ashkenazi Jewish population is clearly
separated and other populations are not by showing intermingling each others, we also
conducted LDA for two group separation. The standard PCA always gives the best separation
with the smallest misclassification rates comparing the results from sparse PCA. In training
set, two sparse PCA methods gives similar misclassification rates as the standard PCA does.
However, in the test set, sparse PCA with lasso penalty performs worse and sparse PCA with
adaptive lasso gives the comparable results as the standard PCA. When we consider the
small size of information (150 SNPs), the loss of population information is marginal and the

gain of efficiency by using small set is enormous.

Discussion

Follow-up studies of candidate genomic regions using SNP or resequencing data require
genotyping a small set of ancestry-informative markers (AIMs) to ensure significant findings
are valid and not due to confounding due to population stratification. In this article, we
demonstrate a sparse PCA procedure for identifying AIMs from genomewide SNP data
applicable to a sample of arbitrary size and unknown ancestry, which makes the procedure
inherently more flexible than existing method for AIM selection, as proposed in [13]. This is
demonstrated with IBD data. In particular, our approach is appropriate for selecting AlMs

from a GWAS sample to genotype in a replication sample of similar population origin. Using
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IBD data, we show that our approach can correctly identify AlMs within a sample and, in
studies where populations are known, detect similar sets of AIMs to those identified using

standard procedure.
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Figure 1. Scatterplots of principal component scores using sparse PCs from training set.
The top panels are PC score plots for training set (left) and test set (right) using the standard
PCA. The middle panels are PC score plots for training set (left) and test set (right) using the
sparse PCA under lasso penalty. The bottom panels are PC score plots for training set (left)
and test set (right) using the sparse PCA under adaptive lasso penalty. Black cross is for AJ,
red rectangle for NW, blue triangle for SE and green circle for NR.
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Misclassification rate (%) 4 group separation 2 group separation
method Training set Test set Training set Test set
Standard PCA 15.88 16.29 15.21 16.29
Sparse PCA (lasso) 17.90 29.46 19.91 35.94
Sparse PCA (adaptive lasso) 17.00 20.54 16.55 24.33

Table 1. Misclassification rates. The misclassification rates (in percent) are reported using
training set and test (validation) set under the standard PCA, sparse PCA with lasso, sparse

PCA with adaptive lasso.
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VaR forecasting algorithm based on AR-TGARCH models with
Gaussian mixture innovations!

Taewook Lee?

Abstract : In this paper, we study the VaR forecasting algorithm based on AR-TGARCH models with Gaussian
mixture innovations. For the comparison with other existing econometric VVaR forecasting methods, we conduct a

simulation study and real data analysis using KOPSI 200 and NIKKEI225.

I . Introduction

Value at Risk (VaR) has been a standard measure of market risk in many financial
institutions. Among many methods to calculate VaR, an econometric method is to use the
linear time series and volatility models, since financial time series have some prominent
features such as high excessive kurtosis, linear dependence, ARCH effect and volatility
clustering. We refer to Jorion (2006) for more details of VaR. In general, autoregressive
(AR) models with generalized conditional heteroskedastic (GARCH) errors are used to
model the conditional mean equation and conditional variance equation of an asset log return
series, respectively. This model is so-called Gaussian AR-GARCH model by assuming that
the innovation follows the Gaussian distribution and it is the conventional econometric
approach for VaR forecasting. Alternatively, student's -distribution is often used to capture
the heavy-tailed innovation. Recently, many authors including Ausin and Galeano (2007)
and Lee and Lee (2011a) considered AR-GARCH models with Gaussian mixture innovations
(Gaussian mixture AR-GARCH models) for VaR forecasting, to explain the asymmetry of

innovations.
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Although Gaussian mixture AR-GARCH model functions well to some extent, it is doubtful
whether Gaussian mixture AR-GARCH model is still effective for financial time series with
leverage effect, which implies that volatility is more sensitive to a big price increase than a
big price decrease. In order to overcome this defect, several volatility models such as
Threshold GARCH (TGARCH) are developed. Therefore, Gaussian mixture AR-TGARCH
model can be considered for more accurate VaR forecasting.

In this paper, our main objective is to compare AR-TGARCH model with AR-GARCH
model, when the innovation distributions are Gaussian, Student's t and Gaussian mixture
innovation distributions, through a simulation study and a real data analysis with KOSP1200
and NIKKEI225 indices. This paper is organized as follows. In Section 2, we describe the
VaR forecasting procedure based on AR-TGARCH model with Gaussian mixture
distribution. In Section 3, a simulation study and real data analysis are provided for

illustrations, B =f-0=k=m w> D ooy 2012 i g Fex20hl=7=¢

IT. VaR forecasting algorithm

For the set of asset log returns, ¥, let us consider the AR(m)-TGARCH(p,q)

models:

M
rf=¢ﬂ+2¢i;rt—j;+ﬂt7 ﬂ¢=E;|:rt f=1-.....-..T

£=1
[ [ o)
- + - :
0 =uw+ Eai,lﬂf—zi—i'_zaiﬁﬂ':—zi—i' _Eﬂjof—j
=1 =1 i=1

the innovations% are IID random variables with E[E::' = |:'and-'ﬁ":'ffjI =1 Here,
2. -2 . _
we use the symbol Oz : '_':max{ﬂwa}:'zandﬂ: : -—':max{— ﬂ:*':ﬂrjz and the AR-

TGARCH parameter vector is denoted byE]:'in:E]zT:'T , wheref1 = ':ﬁbu:---:-‘i’m:'

and®z :':w=‘5‘51,1=---:-“m=‘3‘51,2=---='5‘fn2=.51=---=-5u:' . It is assumed that the innovation
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distribution follows K-component Gaussian mixture distribution, which are

standardized to have mean zero and unit variance, defined as

S ——

——ry
=1 2 T

And the Gaussian mixture parameter vector is denoted by
n= (?Tl, e Mgt v g Ty ...,JK]

Now, we describe an algorithm for one-step ahead VaR forecasting based
on AR-TGARCH models and Gaussian mixture distribution with a given
confidence level #.

(Step 1) For AR-TGARCH parameter# , obtain the Gaussian QMLE, proposed
by Pan et al. (2008) and Lee and Lee (2011b) and it is denoted by

R Gl i N RS- S- e - - 3 |
(Step 2) Using the Gaussian QMLEg , we define the AR-TGARCH residuals
as follows:
L=al\oE, i=1,..T

where

- - ki - -
Gy =Ty _lel _x§1 i:rt—t':rt “"+ ijahlﬂ't—L-'_ i)&:uﬂﬂ?—f'_ i]lﬁjgf i

=1 =1
Here "1, is used as the initial values for fizewsF1—m Gransty—ys and

= =
[P A,

(Step 3) Using the AR-TGARCH residuals €+t =1:w.:T% we obtain the Quasi
MLE® for Gaussian mixture parameter® as

n=argmazx,lrln)
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Iplnl:= —Elc:-sf,, E:

where =

(Step 4) Obtain one-step ahead VaR forecast as

Bi= Fetgke T 04 ™ QGM(}':',

where

2 -y
_133+l;51?"¢0-£+llf W+i}%,1ﬂt+1—$+iax2ﬂt+l it iﬁ?':rt+1 i

Frtak = i=1 i=1 i=1

And 'EG'M[':":I is1004 -percentile of the Gaussian mixture densityfsi
Remark 2.1. In (Step 4), it is conventional to calculate VaR with a 1004 -
percentile of standard normal distribution or student's #-distribution. In our
simulation study, we compare them to our method with 1004-percentile of
Gaussian mixture distribution.

Remark 2.2. As in Lee and Lee (2011a), one can obtain fi—-step VaR
forecasting based on AR-TGARCH models. See Remark 2.3 in Lee and Lee

(2011a) for more details.

III. Numerical Studies

3.1. Simulation study

In the simulation study, we consider the AR(1)-GARCH(1,1) and AR(1)-
TGARCH(1,1) models with Gaussian, Student's t with 5 degrees of freedom
(d.f.) and two component Gaussian mixture innovations. For the simulated
data, we consider AR(1) models with the asymmetric power ARCH(1,1) (A-
PARCH(1,1)) errors and student's t with 5 d.f. innovations, which is often

used for other papers such as Hartz et al. (2006) and Lee and Lee (2011a):
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Where the parameter values@ = O-060- ¢, = 0-200. §= 1-600. ~ =—0-200

g = 0056 ¢, =0:200. o, =0700 For this comparison study, we generate 10
samples of the model and discard 1000 initial observations to avoid the
initialization effects. We construct 7= 200out-of-sample 1 step—ahead VaR
predictions based on downfall probabilities A= 001. 0.02. --~ 010 with
estimation period length Zg=1000  For the evaluation, we adopt the
backtesting measures proposed by Kupiec (1995) and Christoffersen (1998),

such as unconditional coverage and conditional coverage tests.

4= 0.006 A=0.01 A=0.06

Sig. level = 0.05
N—AR— GARCH 9 6 4
T~ AR— GARCH 0 1 1
OM— AR— GARCHE 0 1 0
N—AR— TOAROH 9 9 0
T~ AR—TEARCE 1 0 1
GM— AR— TGARCE 1 0 1

Sig. level = 0.10
N—AR— GARCH 9 6 5
T~ AR—3ARCH 2 2 3
OM— AR— GARCHE 1 2 2
N—AR— TOARCH 9 9 0
T~ AR—TEARCH 1 1 2
GM— AR— TGARCE 1 0 3
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The figures in Tables 3.1-3.2 indicate the total number of #-values of 10
simulated samples below the significance level O.006.0.01and 0.08 for the
unconditional coverage and conditional coverage tests, respectively. Above
all, it is shown that two component Gaussian mixture performs a lot better
than Gaussian mixture and slightly better than Student's twith 5 d.f. in all
cases. That is, Gaussian mixture distribution successfully reflects the non-
normality such as being skewed and leptokurtic. On the other hand, we also
found out that TGARCH models do not significantly outperform the ordinary
GARCH models. While TGARCH(1,1) models are helpful to understanding the
leverage effect in financial time series, but not more efficient than pure

GARCH models for the one-step ahead prediction of VaR.

&= 0.006 A=0.01 A=0.06

Sig. level = 0.05
N— AR~ GARCH 8 5 2
To— AR— GARCH 0 1 1
OM— AR— GARCHE 0 1 0
N—AR— TOAROH 9 6 0
T~ AR—TEARCE 1 0 1
GM— AR— TOARCH 0 0 0

Sig. level = 0.10
N— AR~ GARCH 8 6 3
T~ AR— GARCH 0 1 2
GM— AR— GARCE 0 1 2
N—AR— TOAROH 9 8 0
T~ AR—TEARCH 2 0 2
GM— AR— TOARCH 1 0 1
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3.2. Real data analysis

In this real data analysis, we consider the two stock indices KOSPI and
Nikkei 225. The period for the series is from August 22, 1995 to December
30, 2008 for KOSPI; from October 11, 1994 to December 30, 2008 for Nikkei
225. For each series, we construct 2000 out—-of-sample 1 step—ahead VaR
predictions with an estimation period length = 1000 | The figures in Tables
3.3-3.4 indicate the downfall probabilities and #-values for the level of
significance 0.01, 0.05 and 0.10 for the unconditional coverage and
conditional coverage tests. Overall, AR(1)-GARCH(1,1) performs slightly
better than AR(1)-TGARCH(1,1) and Gaussian mixtures are found out to
provide more accurate VaR forecasting than Gaussian and !distribution with
5 d.f.. For the purpose of VaR prediction, TGARCH models seems to be less
helpful than GARCH models. This phenomenon should be further investigated

in more details. We leave it as a future task.

Model 95.0% daily VaR 99.0% daily VaR 99.5% daily VaR

a2 Puc Pcc 3 Puc Pcc a2 Puc  Pcc

AR- G 0.069 0.009 0.028 0.024 0.000 0.000 0.016 0.000 0.000
GARCH t(5) 0.077 0.000 0.001 0.014 0.231 0.394 0.007 0.380 0.661

GM 0.063 0.069 0.180 0.016 0.079 0.163 0.010 0.049 0.128

AR- G 0.069 0.000 0.020 0.021 0.000 0.006 0.017 0.000 0.000
TGARCH  t(5) 0.076 0.000 0.002 0.017 0.043 0.095 0.008 0.216 0.433

GM 0.062 0.093 0.125 0.017 0.043 0.095 0.013 0.003 0.010

: estimated downfall probability; Puc (Pcc# ): —value for unconditional coverage test (conditional

coverage test)
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Model 95.0% daily VaR 99.0% daily VaR 99.5% daily VaR

a2 Puc  Pcc a2 Puc Pcc a3 Puc Pcc

AR- G 0.074 0.001 0.004 0.014 0.231 0.201 0.009 0.107 0.249
GARCH t(5) 0.085 0.000 0.000 0.009 0.746 0.867 0.005 1.000 0.970

GM 0.068 0.013 0.041 0.008 0.510 0.749 0.004 0.642 0.880

AR- G 0.079 0.000 0.000 0.023 0.000 0.001 0.016 0.000 0.000
TGARCH  (5) 0.096 0.000 0.000 0.015 0.139 0.262 0.007 0.398 0.661

GM 0.076 0.000 0.000 0.013 0.362 0.548 0.010 0.049 0.128

: estimated downfall probability; Puc (Pcc )t #-value for unconditional coverage test (conditional

coverage test)
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