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ABSTRACT

Mutation rate is an essential parameter in genetic research. Counting the number of mutant individuals
provides information for a direct estimate of mutation rate. However, mutant individuals in the same
family can share the same mutations due to premeiotic mutation events, so that the number of mutant
individuals can be significantly larger than the number of mutation events observed. Since mutation rate
is more closely related to the number of mutation events, whether one should count only independent
mutation events or the number of mutants remains controversial. We show in this article that counting
mutant individuals is a correct approach for estimating mutation rate, while counting only mutation events
will result in underestimation. We also derived the variance of the mutation-rate estimate, which allows
us to examine a number of important issues about the design of such experiments. The general strategy
of such an experiment should be to sample as many families as possible and not to sample much more
offspring per family than the reciprocal of the pairwise correlation coefficient within each family. To
obtain a reasonably accurate estimate of mutation rate, the number of sampled families needs to be in

the same or higher order of magnitude as the reciprocal of the mutation rate.

significant fraction of the genetic research of the
last century has been to illuminate various aspects
of mutation (Dt VRries 1901/1903; Luria and DELBRUCK
1943; McCLINTOCK 1950; KEIGHTLEY and EYRE-WALKER
1999). This is natural because mutations are the ultimate
source of genetic variation upon which natural selection
and other evolutionary forces can act (KiMURA 1983;
LyncH and HiLL 1986; JounsoN 1999). Early experi-
ments on mutation rate include those by CASTLE (1905,
1929), MuLLER (1920, 1928), and MorcaN (1950). To
date, extensive mutation data, from either mutation
experiments or surveys, are available for many species,
particularly fruit flies (ScHALET 1960; CROW and Sim-
MONSs 1983), mice (FAVOR and NEUHAUSER-KLAUS 1994;
RussieLL and RusseLL 1996), and humans (NEEL and
RoraMAN 1978; CoopErR and Krawczak 1993; Crow
1993, 1999). Due to the importance of mutation rate,
such experiments will be likely to continue in the future,
with more and more details being revealed by the advent
of new molecular techniques (KONDRASHOV and CROW
1993; Fu 1994).

In a typical mutation experiment, some aspects of the
progeny of well-characterized parents are examined. A
mutant is identified if an offspring differs from its par-
ents in a way that can be explained only by invoking a
mutation (AUERBACH 1959; DrRakE 1991, 1993). When
a large number of offspring of mating pairs have been
examined, the proportion of mutant progeny yields a
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direct estimate of the rate of mutation. These experi-
ments may be time consuming, but the statistical method
used for estimating mutation rate is straightforward and
should not be controversial. It appeared indeed to be
the case for early geneticists (BRIDGES 1919; WRIGHT
and EaToN 1926; FisHER 1930; DoOBZHANSKY and
WRIGHT 1941). However, the increasing number of ob-
servations that some mutant offspring share the same
mutation has prompted many contemporary geneticists
to reconsider how mutation rate should be estimated
(ENGELS 1979; RusseLL and RusseLL 1996; NEgL 1998;
THOMPSON et al. 1998).

A clustered mutation means that two or more progeny
of a family inherit the same mutation (PurRDOM et al.
1968; HARTL and GREEN 1970; FAVOR and NEUHAUSER-
Kraus 1994). Mutation clusters have been widely ob-
served and are now considered as general rather than
as the exception (HALL 1988; DrROST and LEE 1995;
MOHRENWEISER and ZINGG 1995; Hua1 and WOODRUFF
1997; PaasHuis-LEw and HeEppLE 1998; LEwis 1999;
for reference, see WOODRUFF et al. 1996). The most
important issue created by mutation cluster is how to
count the mutations for the purpose of estimating muta-
tion rate. Several ways of counting have been proposed.
One is to count each mutant offspring as one mutation,
disregarding whether or not the mutation is shared
(HALDANE 1935; SPENCER and STERN 1948; AUERBACH
1962; MULLER et al. 1963; COMBES et al. 1989; HuAl
1997). The second is to count each cluster as only one
mutation (RusseLL 1977; SHUKLA et al. 1979; HEDDLE
et al. 1996; N1SHINO et al. 1996). The third is to count
only those mutations that are not clustered (ABRA-
HAMSON and WoLFr 1976; RusseLL and RUSSELL 1992),
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but in many cases this third choice is made because
only the induced mutations in limited stages of the life
cycle are measured (MASON et al. 1987; ARRAULT ¢t al.
2002). Various arguments have been put forward to
supportone method or the other (RusseLL and RUSSELL
1992, 1996; Huar and WoobDRUFF 1998a,b; HEDDLE
1999), but no resolution has been obtained to date
(THOMPSON et al. 1998; STUART and GLICKMAN 2000).
In this article, we show for the first time that counting
each mutant as one mutation regardless of cluster is
the correct way to obtain an unbiased estimate of the
mutation rate. Of equal significance is the formula for
the sampling variance of the estimator, which does not
require knowing all family sizes. We also discuss two
important issues in designing a mutagenesis experi-
ment, the sampling strategy and sample size require-
ment. Furthermore, we reanalyze several large data sets
and show that some of the results in mutation rate
estimates have an undesirably large variance.

THEORY

Counting mutations: Suppose a total of m haploid
families are studied in an experiment. Let n; be the
number of offspring examined in the ¢th family and »n =
m + ...+ n, be total sample size. Considering the Ith
family, an individual is a mutant if it differs from its
parent(s) by at least one mutation. It is important to
realize that mutations in different mutant individuals
are not necessarily distinct. Let K; be the total number
of mutations counted as follows: each mutation that is
inherited by k individuals (more precisely k sequences)
is counted k times. Thatis, suppose that there are in total
I independent mutation events, and the ith mutation
is inherited by #; sequences. Then

K=h+...4h 1)

Note that if there is only one mutant for each mutation
event, Kis simply the number of mutant individuals.

The total number of mutations in the experiment is
defined as

K=K +...+K,. (2)

A mutation is said to be size i if there are i mutants
in the sample sharing that mutation. Let ¢ be the num-
ber of clusters of mutations of size . Then it is easy to
see that

K=+ 206+ ...+ Lg, (3)

where L is the maximum cluster size.

Consider the /th family again. Although Equation 1
indicates that K is counted by considering each muta-
tion at a time, it can also be counted by considering
one sequence at a time. Let m; be the number of muta-
tions that occurred in individual (sequence) j. Then

K=m~+m+ ...+ m, (4)

Mutation 1

Mutation 3

Mutation 2

Seq. 2

Seq. 1 Seq. 3

FIGURE 1.—An example of mutations and their relationships
with A; and m;

The equivalence of this counting to that of Equation
1 can be proved as follows. Let X;; be the index variable
that takes value 1 if the ith mutation is inherited by the
jth sequence and value 0 otherwise. Figure 1 (see Table
1 also) gives an example, from which we can easily see
the relationship between X; and #; and m; as

hi=Xg+ ...+ X, (5)

X

m. = j

: +ot X (6)

It follows that

K=hnh+...+H}

=ml+m2+...+m,,,l. (7)

One special case deserves mentioning. When only
one sequence is examined per family, each mutation
event will be counted exactly once. Therefore, K in
this situation is equal to the number of independent
mutations in the experiment.

Representing K by Equation 4 provides a convenient
basis for studying its statistical properties, and we discuss
the mean and variance below.

The mean and variance of K: Let R represent the
number of DNA replications between two successive
generations and v; be the mutation rate for the ith cell
replication. Let

Wi =v + ...+ v (8)

Then w = py is the mutation rate per generation per



Mutation Rate Estimation With Clusters 799

TABLE 1

An example of mutations and their relationships with
h; and m; as shown in Figure 1

Values of Xj;
Sequences Mutation: 1 2 3 m;
1 1 0 0 1
2 1 1 0 2
3 1 0 1 2
h, 3 1 1 K =5

sequence (Figure 2). We assume that Ris a fixed number,
which is appropriate for experiments in which individuals
sampled are of the same sex and about the same age.

We assume that the number of mutations at replica-
tion ¢ follows the Poisson distribution with both mean
and variance of v;. Thus for any j sequence over Rinde-
pendent cell divisions,

E(m) = Var(m) = p, 9

where E( ) and Var( ) stand for expectation and vari-
ance, respectively. We also assume that mutations in
different families are independent.

Since
E(K) = XE(m) (10)
= np,
it follows that
E(K) = E;,E(Kz)
= lenz
= nw. (11)
This equation suggests that an unbiased estimator of w is
= K/n, (12)

which is exactly the way the mutation rate has been
estimated in some empirical studies (e.g., HALDANE
1935; SPENCER and STERN 1948; AUERBACH 1962;
MULLER et al. 1963; WooDpRUFF and THOMPSON 1992;
Hua1 1997; DRAKE et al. 1998; THOMPSON et al. 1998).
Counting each cluster as one mutation or counting only
independent mutations will result in underestimation
of the true mutation rate; in some cases the underesti-
mation may well be a few fold (PaasHuis-LEw and HED-
DLE 1998; SELBY 1998a,b; THOMPSON ¢f al. 1998; HEDDLE
1999). Since the mutation rate p in this article is defined
as the sum of mutation rates over cell replications that
are not necessarily equal, it does not matter if . repre-
sents the rate of a single gene or multiple genes. There-

F1GURE 2.—Relationship between two sequences in a family.

fore, whether a single gene is considered or multiple
genes are pooled, [L is an unbiased estimator of .

We now consider the variance of . Consider first the
case in which »n, = 1 for all .. As we mentioned earlier,
Kis equivalent to the number of mutation events. Since
the mutations in different families are independent, we
have

Var(K) = DVar(K) = npu. (13)
1

Therefore
Var(u) = Var(k)/n* = w/n. (14)

In general, we have

Var(K;) = XVar(m) + >Cov(m;, mj)
= np + 02 n(n - 1), (15)
where
¢ = Cov(m;, m).

So ¢ is the covariance between m; and mj, that is, the
covariance of the numbers of mutations in any pair of
sequences from the same family. Therefore

Var(K) = nu + ppXn(n — 1).
1
And then

Var(jL) = [ PMEI”Z(:Q - 1)’
n

n

(16)

where p = ¢/ is the correlation coefficient between
the numbers of mutations in two different sequences
from the same family.

Two special cases are illuminating. The first is that
an equal number of offspring in each family are exam-
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ined, t.e., ;= ¢, =1, ..., m. It follows from Equation
16 that
K, = K/(mc)
and
R 11 c—1
Var(fL) = *(f +p )M- (17)
m\c ¢

The second case is that all the offspring of each family
are examined. Since offspring number of a family is
typically not a predetermined quantity, we have

E(K) = pXE(n) (18)
Var(K) = pXE(n) + 02E[n(n — 1)].  (19)

The most common practice is to assume that offspring
number of a family follows a Poisson distribution with
mean f. Then

E(K) = mE(K) = mfin (20)
Var(K) = mVar(K) = mfi. + mof>. (21)

So we have
Var(p) = 1(1 + p)u- (22)
m\f

Estimating the sampling variance: Since [L is an unbi-
ased estimator, the precision of estimation is thus deter-
mined by its variance. To compute the variance of i,
we need to know the value of the covariance between
two mutations (see Figure 2).

Suppose that sequence ¢ and sequence j shared a
common ancestor ¢ cell replications ago. Then we can
express m; and m; as

mp = 1; + 1, (24)

where 7; represents the number of mutations in the
common ancestor (shared mutations), and 7, and 7, are
the numbers of mutations in sequences ¢ and j, respec-
tively, since the separation from their common ancestor
(Figure 2). Conditional on the ¢ value, 7;, 7, and 7, are
independent Poisson variable with means equal to w,,
W — W, and p — W, respectively. Therefore

E(mm) = E[E(ry + n(r + 1) + nn)]
= Elp + pi+ 2p(pe — ) + (= w)’l
= Elp, + p?
= gy R (25)

It follows that ¢ = E(mm;) — E(m)E(m;) = Wg,. So ¢ is
the expected number of shared mutations between two
sequences from the same family. Since the correlation
coefficient p is defined as

p =10, (26)
W

it is thus the proportion of mutations that are shared
by two sequences from the same family.

Let 7; be the number of shared mutations for se-
quences ¢ and j in the /th family. It thus follows that

Eln,) = B2, (27)
"
The above equation suggests that an unbiased estima-
tor of g, is

2
890 2 E’"/,z‘,‘, (28)

- Xm(n — 1) 7 i<j

where n(n, — 1) /2 is the number of pairs of sequences
for all the sample from the /th family. Suppose that
there are in total L observed clusters and ¢ is the size
of cluster i. The above estimator can then be written as

o = EiL=1Ci(CI -1
o Elnl(nl -1 .

Substituting this into Equation 16 yields an unbiased
estimate of the standard error of L as

o= JKk+ Sata- 1) (30)

=1

(29)

Since many experiments on mutation rate were done
over the many decades, detailed cluster sizes may not
be available. So the above formula is difficult to apply
in many situations. However, boundaries of the standard
error of L can be obtained on the basis of partial infor-
mation as follows.

If only the number S of singletons L and Kis known,
then the minimum value attainable by 2¢(¢ — 1) is (K —
S)(K — § — L)/L, corresponding to the situation in
which all clusters are of equal size (K — S)/L. A lower-
bound of the standard error is thus given by

.- =1\/z<+ (K- 9(K=-S-1) (3
n L

Let ¢, and ¢, be the minimum and maximum clus-
ter sizes, respectively. Then we have 2 = ¢,y = G =
K— S — ¢u(L — 1). The maximum value of 2¢(¢ — 1)
corresponds to the situation in which there are as many
clusters of ¢, size as possible. An upper bound of the
standard error is therefore given by

Omax — l \/K_F cmin(L - b) + bcmax(cmax - 1) ’ (32)
n

where b= (K — S = 6unl)/ (Gnax = Guin)-

We can also construct a confidence interval for esti-
mating [L. Note that L is the average of many variables
with the same mean and variance and 0 or small covari-
ance; therefore, by the central limit theorem of proba-
bility, i can be approximated by a normal distribution
with mean W and variance 2. The 95% confidence inter-
val of [L is estimated as (L. — 1.966, L + 1.966).
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TABLE 2

Examples of estimates of mutation rate and standard error

Species K S L n (1074 6 (107%
Drosophila melanogaster
Sex-linked lethal” 3,616 2,852 69 1,955,989 18.487 0.695
Autosomal lethal® 194 118 18 10,166 190.83 25.69
Visible in males* 34 19 3 490,118 0.694 0.234
Visible in females® 17 4 2 340,306 0.500 0.283
Mice
SLT in males? 558 69 8 1,487,177 3.752 1.885
SLT in females’ 8 1 2 211,052 0.379 0.292

“Details in tables of MASON et al. (1985) and Woobprurr and THOMPSON (1992).
" Details in SCHALET (1960), SHUKLA ef al. (1979), WOODRUFF et al. (1996), and also in Table 3 of THOMPSON

et al. (1998).

*SCHALET (1960) and SHUKLA ¢t al. (1979); see also Table 3 of THOMPSON et al. (1998).
?Favor and NEUHAUSER-KLAUS (1994), RusseLL and RusseLL (1996), DrosT and Lee (1995, 1998), and

SELBY (1998a,b).

‘RusseLL (1964), RusseLL and RussteLL (1992), and SELBY (1998a,b).

Even though the mutation rate estimates of male and
female mice have a not so small variance, we note that
the mean ratio of the mutation rate estimates of mouse
males over mouse females is 10 in Table 2, compared
to the value of 2 in CHANG et al. (1994). The sample
size for female mice in the specific locus test (SLT) is
far below that for male mice. Thus cluster mutations in
female mice may well be underestimated or not recov-
ered. More experiments are needed for a specific locus
test of female mice.

DISCUSSION

Relation to others’ work: MULLER (1952, 1962) pre-
sented an estimator of the standard error of L as & =
q(1/n)NZ6(; — 1) (¢ = 1 — [, and singletons are
considered as special cases of cluster mutations), which
is close to but tends to underestimate & compared with
Equation 30 of this article. The derivation of this for-
mula was never given, but Muller appeared to have
obtained this formula with the assumption that the pre-
meiotic mutations are not common; his brief explana-
tion of the formulas suggested that it may be the result
of a compound or generalized Poisson process, which
is the sum of independent Poisson variables.

ENGELS (1979) also gave formulas for both mean and
variance of mutation rates when cluster mutations are
present. He focused mainly on a clustering model vio-
lating homogeneity of mutation probabilities among
different parents. Engels visualized a conceptual two-
step experiment. The first step consists of choosing from
a pool of possible mutation rates for all different par-
ents. The second step is the independent Bernoulli sam-
pling within each family. So Engels did not address
the more fundamental clustering model that violated

assumption of Bernoulli (Poisson) distribution due to
premeiotic mutation events. Even though his formulas
appear to be more influential than Muller’s, especially
in Drosophila mutagenesis involving transposable ele-
ments (MARGULIES et al. 1986; EHLING and NEUHAUSER-
Kraus 1988; BROWN e/ al. 1989; BADGE and BROOKFIELD
1998), most of his conclusions and parameter estima-
tions are not relevant to the premeiotic cluster muta-
tions.

Sampling strategy: Since [L is an unbiased estimator
of w, sampling strategy should aim at reducing the vari-
ance of the estimate. When to sample and how to sample
both play important roles in determining the variance.
Before we examine these two issues in turn, we note
that the best possible strategy is to examine as many
families as possible but only one sequence per family.
This sampling strategy will minimize the sampling vari-
ance for a fixed total number of individuals examined
(compare Equation 13 with Equation 16). Apparently
this strategy is neither practical in most situations for
multicellular organisms nor possible in somatic or bacte-
ria mutagenesis (LUriA and DELBRUCK 1943; HEDDLE
1999; H. Huar and Y.-X. Fu, unpublished results). There
are good reasons for choosing large family sizes in cer-
tain situations. For example, it is important to know
the value of p for the purpose of understanding the
clustering phenomenon of mutations, and p can be
estimated better with larger family sizes. Another reason
favoring larger family size is that there may be a nearly
fixed amount of effort or expense for each family
screened regardless of its size.

It is clear from the variance equation (16) that the
best sampling time is the one that minimizes the correla-
tion coefficient p between any pair of progeny within a
family. Apparently, this indicates that the best time to
sample is right before somatic and germ-line differentia-
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TABLE 3

The variation coefficient a (o« = & /1) when all the m families are of the same size fand when p = 0.10

Family size (f)

m X u 1 ) 10 50 100 1,000 10,000
0.01 10.000 5.292 4.359 3.435 3.302 3.176 3.164
0.1 3.162 1.673 1.378 1.086 1.044 1.004 1.000
1 1.000 0.529 0.436 0.344 0.330 0.318 0.316
3 0.577 0.306 0.252 0.198 0.191 0.183 0.183
10 0.316 0.167 0.138 0.109 0.104 0.100 0.100

tion in multicellular species when germ cell number is
small. Also note that males, especially older males in
many species, usually have much more germ cell divi-
sions than females have; hence it may be possible that
the correlation coefficients p are much lower in males,
especially in older males.

Given that the sampling time is determined, that is,
p is fixed, how many individuals to sample from each
family depends on the value of p. To demonstrate, con-
sider the case where n, = ¢,x = f; {=1,..., mor that
family size follows Poisson distribution. We note from
both Equations 17 and 22 that the variance of the esti-
mate of mutation rate is approaching

1
— Mk
m

(33)

with an increasing and large enough family size. Once

a=aA/,uA

f(or ) = p~ ', the further increase of mean family
size does not help to reduce the variance much (see
Table 3 and Figure 3). Therefore a reasonable strategy
is to examine as many progeny per family as possible
but not much more than p~!.

Because of the important role of p in the estimate of
mutation rate and genetic counseling (HarTL 1971;
WipsmaN 1991; Youne 1991), it is useful to obtain an
estimate of p from experimental data (VAN ESSEN et
al. 1992; CooPER and KrawczaAk 1993; BRIDGES 1994;
ZLOTOGORA 1998). From Equation 29, we can estimate
Pry by

zi6(6 — 1)
(m — 1)o} + n(f— 1)’

llh‘u) = (34)

where fis the mean family size and o7 is the sampling
variance of the family size, i.e.,

1 T T T ¥ T T T

0.9

0.8

0.7

06

05 p=

0.20

FIGURE 3.—The total sampled family
number is fixed at m 1.00/p, and all
the m families are of the same size f. The

0.4
p=

0.10

controlled family sizes vary from 1.0 to 100
to show their effects on the variation coeffi-
cient of mutation rate estimation.

03 _
p=

0.05

02

0.1

10

90 100
Family Size (f)
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y 1
of = ——— X(m — [)? (35)
m—17
1o .
=== [ (36)
m
So p can be estimated by
p = Pt
v
L _
_ nimi6(6 — 1) (37)
Kl(m — 1)o} + n(f— 1)]
L —
~ 21:1‘01(51' 1)' (38)
K(ai/f+ f)

Kis the total number of mutants recovered in the ex-
periment, counting all members of any clusters.

Sample size requirement: Besides sampling strategy
to reduce variance in the estimate, it is important to
determine the sample size required in achieving a given
precision in estimation. It is obvious that the standard
error of an estimate should not be larger than the esti-
mate itself. For a good estimate, the standard error
should probably be an order of magnitude smaller than
the estimate.

For simplicity, consider the case that an equal number
of progeny is examined for each family. Suppose we
want to ensure that the standard error is as small as aj..
Then family number m and family size f(gn...) need to
satisfy

11 f;1> — ol
m(f+ p 7 w = o’p? (39)
or
T Y A 1). 40
m= o ‘K <f p 7 (40)

We can see from Table 3 and Figure 3 thatitis obvious
that once the uniformly sampled family size fis above
the reciprocal of p, further increases of fwill not help
reduce the standard error of mutation rate estimation
very much. In these cases there is an optimum family
size (alittle bit >p~') at which the experiment is most
efficient. So it is not always true that the larger the
sample size, the more precise the experiment.

On the other hand, given that the total sample size
is fixed (shown in Figure 4), the best sampling strategy
is to examine as many families as possible where the
family size fis fixed at one, where each sample is inde-
pendent from others. If this is not feasible, try to fix
the family size as low as possible when there is no need
for estimation of p.

Also family size f can affect the number of families
that need to be studied, but the most important factor
is the mutation rate itself. In general, we conclude that

a useful experiment for estimating mutation rate should
examine at least as many families as the reciprocal of
the mutation rate (Table 3, Figures 3 and 4). This con-
clusion will reintroduce the problem of how to avoid
preexisting mutations if the sampled family number is
at least as large as the reciprocal of the mutation rate.

Can we find a way that de novo cluster mutations can
be discriminated confidently from preexisting muta-
tions? It is relatively easy to eliminate the preexisting
mutations that are from grandparents’ heterozygosity
(YANG et al. 2001), but if one of the grandparents is
genetic mosaic for a new mutation, then we need careful
analysis of its timing and effects (H. Huar and Y.-X. Fu,
unpublished results).

Estimating p from the number of mutation events:
Let I be the number of mutation events in an experi-
ment that examined s offspring. As we have shown, when
one sequence is examined per family, /is the same as
K so using I/s yields an unbiased estimate of . When
multiple offspring from a family are examined, / can
be <K; the magnitude of difference depends on the
number of offspring examined as well as on fiy.

Since K/n is an unbiased estimate of , it follows that
I/ nis an underestimate of mutation rate. It is tempting
to suggest an estimate as

K, =1/n, (41)

where 7' is a constant satisfying m = n’ < n. However,
it is not obvious what value n’ should be. Hence count-
ing each mutant as one mutation regardless of the clus-
ter’s origin is the more straightforward way to obtain
an unbiased estimate of the mutation rate. Nevertheless,
it should be worth exploring efficient ways to use the
frequencies of various mutation events.

Alternative ways to combine information: We note
that K,/n; is an unbiased estimate of . So

b= SBK/ (42)

is an unbiased estimator, where 3; = 0 and 28; = 1.
Because

Var(') = X (B/m) (0 + p(m, = 1)), (43)

to obtain a best linear estimate of w, B needs to satisfy

QBi — QBM (44)
n(p + P«E(n(ni - 1)) '

where i = 1,..., m — 1. That is,

Bi _ mi(p + ppp(m — 1))

. (45)
Bm nm(p“ + |J‘E(I)(nm - 1))
So
_ ‘ n; - n;
B = Ell Tom-D Ttem-D (46)

It follows that when p is close to zero the best way to
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i |

Ficure 4.—The total sample size fixed at
m X [= 100/, and all the m families are
of the same size /. The designed family sizes
vary from 1.0 to 1000 to visualize their ef-
fects on the variation coefficient of muta-
tion rate estimation.

i 1 i L 1
0 100 200 300 400 500 600 700

combine data from different families is to give each
individual equal weight regardless of family affiliation,
because each provides the same amount of independent
information; when p is close to one, the best way is to
give equal weight to each family, because each family
provides the same amount of information regardless of
size.

This work was supported in part by National Institutes of Health
grants R29 GM50428 (Y.X.F.) and R01 HGO1708 (Y.X.F.).
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