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Abstract

Given two sequences of length n over a finite alphabet A of size |A| = d, the D;
statistic is the number of k-letter word matches between the two sequences. This statistic
is used in bioinformatics for EST sequence database searches. Under the assumption
of independent and identically distributed letters in the sequences, Lippert, Huang and
Waterman (2002) raised questions about the asymptotic behavior of D, when the alphabet
is uniformly distributed. They expressed a concern that the commonly assumed normality
may create errors in estimating significance. In this paper we answer those questions.
Using Stein’s method, we show that, for large enough &, the D statistic is approximately
normal as n gets large. When k = 1, we prove that, for large enough d, the D, statistic
is approximately normal as n gets large. We also give a formula for the variance of D;
in the uniform case.

Keywords: Stein’s method; count vector; k-word matches; sequence comparison

2000 Mathematics Subject Classification: Primary 62E20; 92D20; 60F99

1. Introduction

Methods for alignment-free sequence comparison are among the more recent tools being
developed for sequence analysis in biology [14]. A disadvantage in the classical Smith—
Waterman local alignment algorithm [11], which is implemented in search algorithms such
as FASTA and BLAST, is that it assumes conservation of contiguity between homologous
segments. In particular, it overlooks the occurrence of genetic shuffling [16]. Alignment-free
sequence comparison methods are used to compensate for this problem.

A natural alignment-free comparison of two sequences is the number of k-letter word matches
between the sequences. This statistic is referred to as D in [9]. It can be computed in linear time
in the length of the sequences, which is also an advantage over the nonlinear local alignment
algorithms. The D, statistic is used extensively for EST sequence database searches; see,
e.g. [31, [4], [10], and in the software package STACK [6].
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In [9], Lippert et al. started a rigorous study of D, using the model of independent letters
in DNA sequences. A formula for the expectation was computed as well as upper and lower
bounds for the variance. Limiting distributions, as the length of the sequences, n, and the size
of the word, k, get large, were derived in some cases. Lippert et al. used Stein—Chen methods
(see [5] and [12]) to obtain the following result. When k/log.n > 2, D, has a compound
Poisson asymptotic behavior. The logarithmic base ¢ is defined by ¢ = (3", 4 faz)_l, where
fa is the probability of a letter taking the value a. As pointed out in [1] and [15], the compound
Poisson approximation is meaningful in this region only when E(D») is not too small. To
control this degenerate case, the linear restriction k = 2log,. n + C was added.

Another asymptotic regime was identified in [9] under the assumption that the underlying
distribution of the alphabet is nonuniform. In this case, Lippert et al. proved that D, has a
normal asymptotic behavior when k/log,. n < %. However, their method of proof breaks down
in the uniform case. Lippert et al. [9] gave an example showing that in the degenerate uniform
case, when k = 1 and the size of the alphabet is d = 2, D is not asymptoticly normal as
n — oo. They suggested that a limiting normal distribution may not always occur when k is
small and the letters are uniformly distributed. They also raised the concern that commonly
assumed normality may create errors in estimating significance.

Following results from simulations, the following two conjectures were made in [9] regarding
the uniform case.

Conjecture 1. When k = 1, D> is approximately normal for appropriately large enough d
and n.

Conjecture 2. For large enough k, D, should be approximately normal as n — oo. Simu-
lations in [9] for d = 4 suggested that, when k > 2 and n > 2¥=3 x 100, a good normal
approximation already occurs.

In this paper we address Conjectures 1 and 2. When k = 1, the following theorem says that,
for large enough d, the standardized statistic (D, — E(D»))/o (D3) is approximately normal
as n gets large.

Theorem 1. Fork =1,
D; — E(D3) -

— == O’
o (D7)

lim lim ‘ Pr(

d— o0 n—00

x) —d(x)

where ® is the standard normal distribution function.

Theorem 2 states that, for large enough k, the standardized statistic (D> — E(D3)) /o (D>)
is approximately normal as n gets large. Simulations in [9] (see Section 4, below) show that,
for d = 4, normal behavior already occurs when k = 2 and # is in the hundreds. The proof of
the following theorem uses Stein’s method.
Theorem 2. We have
D, — E(D2) <

o(Dy)

We give a formula for the variance of D, in the uniform case in the following result.

lim lim ‘Pr( =0.

k— 00 n—>00

x) — ®(x)

Theorem 3. We have

LU (VR e[ A/ a = asdFh k=1
Var(Dz(n))znZI:(g) _(E) ]+2n2[ =W - } (1
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where n = n — k + 1. In particular, when k = 1,
n3(d—1)
a
The organization of this paper is as follows. Section 2 is devoted to preliminaries. In

Section 3 we prove Theorem 1 and Theorem 2. In Section 4 we briefly discuss simulations. In
Section 5 we derive a formula for the variance of D, in the uniform case (Theorem 3).

var(Dy(n)) =

2. Preliminaries

We follow the notation and terminology in [9]. Let A = A{Ay---A,and B = BBy --- B,
be two sequences with independent and identically distributed (i.i.d.) letters. The letters are
taken from a finite set of alphabet 4 of size d = |A]|.

The D>, = D;(n, k) statistic is defined to be the number of k-letter word (abbreviated as
‘k-word”) matches (including overlaps) between the two sequences A and B. One way to

compute this statistic is
Dy= )" Yuj

(i,j)el
where Y(; ;) is the k-word match indicator (starting) at position (i, j) (position i in sequence A
and j in B). The index set [ is

I={Gj)eNxN:l<i<n—k+1,1<j<n—k+1}.

For convenience, we write n forn — k + 1.
The mean of D;(n) is easily computed from the above expression as follows. For a € A,
write f, for the probability of a letter in the sequence taking the value a. Then

k
E(Yi)) =Pr(Yo =1 = (Z ff) @)

acA

and L
E(D2(n) = Y E(Yq,) = ﬁZ(Z fﬁ) :
G, j)el ach
When the alphabet is uniformly distributed, i.e. f, = 1/d for all a € 4, we have
ﬁ2
E(Dy(n)) = i 3

For the variance, upper and lower bounds were given in [9].

Another way to think of D5 is as the inner product of the vectors of word counts. More
explicitly, let W = {wy, wa, ..., wy} be the set of all k-words on the alphabet A. Forw € ‘W,
let N;;‘ = Nl‘;} (n) be the number of times the word w appears in the sequence A (overlaps
allowed). Then N A (n) = (N,ﬁ1 n),..., N,‘;‘dk (n)) is the count vector for the sequence A.
Similarly, define the count vector for the sequence B as N By = (lef1 n,..., Nfdk n)).
Then we obtain

Dy(n) = (N*(n), N2 ()) = D Ng ()N, ().
weWw

The following central limit theorem is known for the count vector.
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Theorem 4. ([15, Theorem 12.5].) Let W = {wy, ..., w,,} be a set of words on a given
alphabet A. Let N(n) = (Ny,(n), ..., Ny, (n)) be the count vector for W in a random
sequence of length n. Then, n~'/2N(n) is asymptotically normal with mean n'/*p and
covariance matrix X, where W is the limiting mean vector

p= lim n~ (E(Ny, (1), ..., EWw, 1))
n—o0
and X is the limiting covariance matrix with elements
0i,j = Ow;w; = lim n! coV(Nw, (n), Nw,(n)) forl <i, j <m.
' n—oo '
A formula for the covariance matrix is given in [15, Chapter 12]. Here we summarize the

results when applied to our model of i.i.d. letters and for words of the same length. First
we need the following notation. Let A = AjAs--- A, be a sequence of i.i.d. letters. Let

u = (uy,...,ur) and v = (vy,...,vg) be two words of length k. We write 7, for the
probability of seeing u. In the notation of (2), we have

k
Ty = 1_[ Ju;-
i=1

Note that when the alphabet is uniformly distributed,

1
Ty = d_k (4)
Next, we define the overlap indicator
. 1 ifujpy=v,...,up =vp_j,
= 5
PunJ) {0 otherwise. ©)
That is, Bu.»(j) = 1 if the last k — j letters of u match the first k — j letters of v.
We define an indicator that a word u occurs starting at position 7 in the sequence A by
1 ifA; =uy, ..., Aijk—1 = ug,
3u ) = I A; . ui i+k—1 = Uk
0 otherwise.
Note that N, (n) = Z’;‘:I J.(j). Hence,
E(Ny(n)) = nmy. (6)
Finally, denote by P, () the probability of seeing the subword made out of the last j letters
of u,i.e.
k ;
Pu(j) = Hi=k7j+1 Sfu; for0 <. j <k,
1 otherwise.

We are now ready to state the formula for the covariance matrix.
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Proposition 1. ([15, Corollary 12.1].) Let A = A{A;--- A, be a sequence of i.i.d. letters.
Letu = (uy,...,ur) and v = (vy, ..., vg) be two words of length k. Write Ny, (n) and Ny (n)
for the count of u and v, respectively, in the sequence A. Then the elements of the limiting
covariance matrix X = (oy y) are given by

Oun = lim n~' cov(N,(n), Ny(n))

k—1 k—1
=74 ) Bun(DPo()) + 70 Y Bou () Pulf) = gk = 1) = 7o u (0. (7)
j=0 Jj=0

Remark 1. From (6), the limiting mean is

o n(my,, ...,nwdk)
p=lim —¢— — (nwl,...,nwdk).
n—00 n
In the uniform case, by (4), we have
1
;L:d—k(l,l,...,l). ®)

3. Asymptotic behavior

For the rest of this paper we assume that the underlying distribution of the alphabet is
uniform.

In this section we prove our main results. In Section 3.1 we prove Theorem 1 and in
Section 3.2 we prove Theorem 2. We start with a few observations.

From the discussion in Section 2, we have

dk
Dy(n) = (N*(n), N®(n)) =Y NAmNE ().
i=1
By Theorem 4, we have convergence in distribution, i.e.

nV2NAM) —n'2p D oyl/274

as n — oo, and the same for B, where Z4 and Z® are independent multivariate standard
normal random vectors. Hence,

(n—l/ZNA(n) _ nl/zﬂ’ n—l/ZNB(n) _ n1/2M> 2 (ZI/ZZA’ 21/2ZB>.
Expanding the left-hand side, we obtain
n"'Da(n) — (u, NB(n)) — (NA(n), w) +nllpnl* > (224, Z5). )

Remark 2. For each row of the limiting covariance matrix X, the sum of the entries equals O.
To see this, note that in the count vector N (n),

dk
> Ni@m)
j=1

Il
S

10)
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Hence, for each fixed i,
dk

Zaij = n]i%n;on_1 Zcov(Nl-(n), Nj(n))
j j=1

dk

= n]gr;o n! cov(N,- (n), Z Nj(”))

Jj=1
= lim n~ ' cov(N;(n), 1)
n—oo
=0.
Proposition 2. For fixed k and d,

Da(n) — E(D2(m) », (xz4,75)
o (Da(n)) o((X2ZA, ZB))

asn — oQ.

Proof. Since
Da(n) —E(Dy(n)) _ n”'Da(n) —E(n~'Dy(n))
o (D2(n)) o (n= ' Dy(m)

’

it is enough to show that
n'Dy(n) —E(m ' Dy(n)) = (XZ4, Z8). (11)

Lete(n, k) = —(u, NB(n)) — (NA(n), p) + n||p||* be the ‘correcting term’ on the left-hand
side of (9). By (8) and (10), we have

k
(N4 ) =d™ dZ N () =nd™*,
j=1
and the same for B. By (8), we obtain
k
IRl = =d ™
Hence,
e(n, k) = —2ad % + nd % = —(n — 2k +2)d*. (12)
By (3), applied to the uniform case, we have
ﬁ2
—Emn 'Dy(n)) = % (13)

The case in which k = 1 is straightforward. Here, the correcting term in (12) is e(n, 1) =
—n/d. Conversely, when k = 1, (13) becomes

2

—1 n n
—En™ Dy(n)) = _E = —g,
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which is precisely e(n, 1). Therefore, by (9),

n'Dy(n) —E(m ' Da(n)) = n ' Da(n) + e(n, 1) > (X Z4, ZB)

asn — oo.
For the general case, from (12) and (13) we obtain

— _ _ TV
—E(n_lDz(n))z—n—z n+ 2k 2_(k 1) — e(n. k) —

(k —1)?
ndk dk ndk ’

nd*

Hence,
(k — 1)?
nd*

n'Dy(n) —E(m™'Da(n)) = n"'Da(n) + e(n, k) —

Since (k — 1)2/nd* — 0 as n — oo, (11) holds.
We now look at the variance of (£ Z4, ZB).

Lemma 1. We have
var(224, 28)) =3 "o
i,j

Proof. First note that (X Z4, ZB) = Zi, j i Z }f‘ ZiB. A direct computation gives

0 i ,
cov(z4zB, zpzB) = i@ j)# 6.0 (14)

1 if G, j) = (s, ).

Therefore,
var((ZZ4, Z28)) = Z var(o;; Z4 ZF) = Zol%-.
ij ij
3.1. The case in whichk =1

We begin by computing the limiting covariance matrix X using Proposition 1. Since 7, =
y = 1/d by (4), the limiting covariance matrix is the d x d matrix

\—1/d —1/d ... —-1jd | |
V7 DA 7 A 1) B IR
- = =—T——1|: - . s
d : : : d d? X ‘ X (1)
“1/d —1jd ... 1—1/d

where I is the d x d identity matrix. By (8), the limiting mean is

1
==,...,1).
" d( )

Lemma 2. Fork =1,
d—1
d2

var((£Z4, 28)) =
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Proof. By Lemma 1,

var((XZ4, ZB)) = Zgl%.
ij

_ d‘_z(i‘[(l - %)2 +d- 1)(5)1) (by (15))

i=1
d—1
az -’

Lemma 3. Fork = 1, as d — oo, the asymptotic distributions of

(xZA, Z8) (1/d)ZA, ZB)
c(zzA, zBy " G (zzA, ZB))

are the same, provided that they exist.

Proof. Itisenough to show that the variance of the difference of the two statistics approaches
Oasd — oo. By (15), (X — (1/d)I);; = —l/dz. Hence,

1 1
A B A B\ _ A—-B
(xzA z >—<gz Z >_——d2§ 747
i,j

and

(2ZA 2By — ((1/d)zA, 2B)\ var(—=(1/d)) Y, ; Z4ZF)
Var( o (ZZA, ZBY) ) T T var(ZZA, ZB))
_ (1/dH Yy, ;1
T Td-nd
d?/d*
T d-nja?
1
a1
— 0 asd — oo.

(by (14) and Lemma 2)

Proof of Theorem 2. By Proposition 2, it is enough to show that, as d — oo,

(zz4, 2% 2 N, 1)
o((XZA, ZBY) e
By Lemmas 2 and 3,
(X ZA, ZB) (1/d)ZA, ZB)

o(xzA, zBy " T J@=1nyd

have the same asymptotic behavior as d — 0o0. Now,

(/d)zA, z%) XL, zpzE v zA 72k

Jd=1/d =~ Jd-Dj/d d—1

)
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d, are i.i.d. with mean O and variance 1. Hence, by the

,,,,,

where the summands, {ZlA ZiB}i=1
central limit theorem we obtain

d A~7B
ALY A
Zl—l l ] D e/v(o’ 1)
Vd—1
3.2. The general case

In this section we show that, for large enough k, the standardized statistic D, is approximately
normal as n gets large (Theorem 2). Simulations in [9] (see Section 4, below) show that, for
d = 4, normal behavior already occurs when k = 2 and # is in the hundreds.

To understand the limiting covariance matrix we need the following lemma.

Lemma 4. Let u be a k-word. Then the following results hold.

1 2k — 1 1
Uu'u:ﬁ_dT_’_O dk_+1

(i) For a k-word v # u, oyy = —(2k — 1)/d* + O(1/d**7) for some 1 < j <k — 1.
Moreover, foreach j = 1,2, ...,k —1and for a given u, there are at most 2d’ k-words,

v, with
1 2k —1 1
Ouv = 753j T T2k +0 a5+ )

When u and v have no overlaps (i.e. when the overlap indicator By »(j), defined in (5),
equals O for all j), then oy y = —(2k — 1)/d?*.

(i) We have

forsomel < j <k—1.

Proof. We examine the terms in (7). Since the alphabet is uniformly distributed and the
letters in the sequences are assumed to be i.i.d., we have

1
Ty = Ty = d_k’
1
Py(j) = Pv(j) = d_/

When u = v, B, ,(0) = 1; hence,

k-1 k-1
1 N . —
Ouu = ¢ z)ﬁu,v(J)ﬁ +x ;),Bv,u(J)E -k Tk
j= j=

11 TR B 1
=dj*‘ﬁZ}ﬁu,v(ﬂﬁ‘l‘ﬁ;ﬂv,u(ﬁﬁ—W
J= J=

1 2k — 1 1
=g~ g o) (16)

where j =min{j: 1 < j <k — 1, and Bus(j) = L or Buu(j) = 1}.
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When u # v, 8y 4(0) = By,»(0) = 0; hence,

k-1 k-1
1 1 1 1 2k — 1
Ouv = X}ﬁu,v(})ﬁ tx ;ﬁv,u(J)E T
j= j=

1 2k—1 1
T gkt T g% +0 dk+i )’

where j =min{j: 1 < j <k —1,and By »(j) =1 or Byu(j) = 1}.

Note that, for each j and a given u, there are dJ possible k-words v for which B, ,(j) = 1,
since vy, ..., vy_; are determined by the overlap with the last k — j letters of u, and there
are d/ choices for the last j letters of v. Repeating the argument for S, ,(j), we find that the
number of k-words v for which j = min{j: 1 < j <k —1,and B,,,(j) =1l or By ,(j) =1}
is at most 2d/. This completes the proof.

We want to show that (X Z4, ZB) /o (2 Z4, ZB)) LY N (0, 1) as k — oo. Itis convenient
to rescale by a factor of d*. That is, our aim is to show that

(d*xZA, Z8)

D
_— N(0, 1 k .
o Nz ZA. ZB)) - N(0,1) ask — o0

Lemma 5. We have
var((d*2ZA, ZB)) > d* — 4k.

Proof. We obtain

var((d*2Z*, Z%)) =d* > o} (by Lemma 1)
j
= Lo
2k 2
>d Z( - de ) (by (16))
2k
d Z(de d%k)

=d* — k.

Construction 1. For m < k, we decompose the limiting covariance matrix as follows. Let
d*¥ = T(m) + R(m),

where, using Lemma 4,

0 ifoyy =—Q2k — 1)/d2k, i.e. no overlaps,
T(m)y, =10 if oy = 1/d7K — 2k — 1)/d** + 0(1/d/+*) withm < j <k — 1,
dko,“, otherwise,

and R(m) = d*¥ — T (m).
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This means that the diagonal terms of T(m) are T(m)y u = dkau’ « and all the nonzero
off-diagonal terms are of the form 1/d/ — (2k — 1)/d* + O(1/d7), with j < m. All the terms
of the remainder, R(m), are O(1/d™).

We now have (dKXZA, ZB) = (T(m)ZA, ZB) + (R(m)ZA, ZB). Next we show that the
contribution of (R(m)ZA, ZB) to (d"ZZA, ZB) can be made as small as we want, as k — 00,
by picking a large enough m.

Lemma 6. We have

var((R(m)Z4, ZB)) 0<L>
var((dkXZA, ZB)) '

dm
Proof. As in Lemma 1, we obtain
var((R(m)Z*, 2%)) = var(Z R(m)uvZ.i‘Zf> = (R(m)uw)*.
u,v u,v

By Construction 1 and Lemma 4, we have

D (R(m)up)* = Z(Z(R(mn.,)z)

’ k—1 1

“X(Z (7))
I1=m

u

->0(g)

1
=dol—).
(&)

var((R(m)Z4A, ZB)) - var((R(m)Z*, Z8)) _ d*o(1/a™) 1
var((dkXZA, ZB)) — dk — 4k T odk—ak (d_m)'

Hence, By Lemma 5, we have

The next lemma states that the variance of the difference between

(T(m)ZA, ZB) (T(m)ZA, ZB)
oc(d*xzZA, zBy) Y G(T(m)ZA, ZB))

can be made as small as we want, as k — 00.
Lemma 7. We have

(T(m)ZA, ZB) (T(m)ZA, ZB) _of !
ar(o«deZA, ZB) " o((T(m)ZA, ZB>)> - (d_m>

Proof. Again, as in Lemma 1, we have

k A B 2k 2
var((d"XZ",Z7)) =d E i}
ij
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var((T(m)Z4, Z%)) =Y " Tm)7;,
i

var((Rm)Z*, Z%)) =3~ R(m)7;.
iJ

By Construction 1 we have d?¢ Zi’j al% = Zi’j T(m)l.zj + Zi’j R(m)l?j (since we are simply

rearranging the terms of the sum on the left-hand side). Hence,
var((d*xZA, Z8)) = var((T (m)Z*, ZB)) + var((R(m)Z4, ZB)). (17)

Now,

' o((d"XZA, ZB)) o ((T(m)ZA, ZB))
(c((T(m)ZA, ZB)) — o ((d* X ZA, ZB)))?
- var((dXL ZA, ZB))
var((R(m)Z4, ZB))
= Var((dkz ZA, ZB))

1
o <d_’”> (by Lemma 6).

(<T(m>zA,zB> (T(m)ZA, ZB) )

(by (17))

We now concentrate on the asymptotic behavior (as k — o0) of the term

(Tm)ZA, 2%) = " Tm)uwn 2 28 (18)

u,v

We will need the following central limit theorem for the sum of the dependent random variables.
It is a variation on Stein’s result [13].

Theorem 5. ([7, Theorem 4.2].) Let X1,..., Xy be random variables satisfying |X; —
E(X;)| < M almost surely, for i = 1,...,N,E(ZINZ1 X)) = )x,var(ZlN:1 X)) = o2 and
(l/N)E(ZlN=1 |X;i—E(X;)]) = u. LetS; C {1, ..., NYbesuchthat j € S;ifandonlyifi € S},
and (X;, X ;) is independentaf{Xk}k¢SiU5jfori,j =1,..., N. Then, for D = maxi<;<n |S;|,

N oy
‘Pr(M < w) ~ dw)

N
< 7-E(Dm).
o o

We want to apply Theorem 5 to the sum in (18), with X, , = T(m)u,,Z{,‘Zf, but first we
need to approximate the summands by bounded random variables.
For Z ~ N (0, 1), let Z be the truncation of Z at b > 0. That is, Z has probability density

function 5()
Z
5(z) = ————— f b,
17@) o0) —o(p O lz] <
where ¢ is the standard normal probability density function. Then, E(Z) = 0and
= 2b¢(b)
2Hy=\1———); 19
var(Z) ( 2cI>(b)—1> (19)

see, for example, [8]. In what follows, we take b = b(k) = d*/_ where a > 0 is a constant.
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For Z = (Z1, ..., Zn) ~ N (0, 1), write Z for (Z1, ..., Zn). Let
W(m) = Z T(m)uyZ2Z8 = (T(m)z4, 2B)
u,v
and
W(m) =Y T(muZp ZE = (T(m)ZA, Z").
u,v

Since Z > Z as k — 00, it follows, from the mapping theorem (see, for example, [2, Theo-
rem 29.2]), that

W(m) 2 W(m) ask — oo.

Corollary 1. As k — oo, the asymptotic distributions of

W (m)
o (W(m))

W(m)
o (W(m))

are the same, provided that they exist.

Lemma 8. We have var ﬁ}(m) > (d* — 4k)(1 + o(k)).

Proof. As in the proof of Lemma 1 and using (19), we obtain

0 if (u,v) # W, v'),
coV(Z)Zy. ZyZ)) = < _%)2 if (u, v) = (&', V).
Hence,
varvT/(m)=< 2322(!)) )ZZT( s

The rest of the proof follows the proof of Lemma 5, i.e.
2
) Z T (m)y,

2
) d2k 0_2
u

2b¢ (b)

var VT’(m) > (
20(b) — 1

2(1_
= (1-

= (1 + o(k))(d"

2b¢ (b)
20(0) — 1

2b¢ (b)

20(b) — 1
— 4k)

2
) (d* —4k)  (by Lemma 5)
(since 2bgp (b) /2D (b) — 1) — O as k — o0).
= d*/? with a > 12. Then we have

Lemma 9. Fix m and let b = b(k)

W (m)

———2 2 N(00,1) ask — oo.
o (W(m))
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Proof. Let X, = T(m),“,z,‘,4 Zlf We want to apply Theorem 5 to

Wm) =" Xuy. (20)
u,v
With the notation of Theorem 5, we have the following. By Lemma 4, the number N of nonzero
terms in the sum in (20) satisfies
N <2d*(14+d+---+d™) = 0@d*t™).

Similarly, since X, , and X, , are independent if u # u’ and v # v’, we have that the
dependency neighborhood S, , satisfies

[Suvl <40 +d+---+d™).

Hence,
D = max |Sy »| = O d™).
u,v

Also note that [T (m),y| = O(1) (see Lemma 4), so [ Xy | = O (b?) and u = (1/N)
X Zu’v | Xul = O (b?). Hence, from Theorem 5, with M = O (b?) we have

W (m) ~ Nu 5
‘Pr(—a(ﬁ/(m» < x) ®()| <75 (DM)

Cdk+mb2d2mb4
< —
~ (a(W(m)))?
Cdkd3m (dk/a)é
(o (W(m)))?
Cdkd3md6k/a
<
T ((@F = 4k) (A + o(k)))3/?
— 0 ask — oofora > 12.

(where C is a constant)

(by Lemma 8)

Proof of Theorem 4. By Proposition 2, it is enough to show that
(224, Z%)

———a - — N(O,1).

oc((XZ4, Z8))

Let ¢ > 0. We have,

‘P (X ZA, ZB) - o
(et 7o =) ~o

<‘P (XZA, ZB) ) _p (T(m)ZA, Z8B) - ‘
= r(a(o:ZA,ZB))—x) r(a«dkzZA,zB))—x)

(TomZ*, 2%) Wm) )‘

+ r<a(<dk>:zA ZB)) Sx) _Pr(a(W(m)) =
+ ( o <*) g =)
o (W(m)) o (W (m))

_Wm) 3 ) o).
U(W(m))

2
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By Lemma 6, for large enough k, we can find m = m (k) such that
(£z4, %) (T(m)z4, 2%)
Prl ———F—5—-<x|—-Pr <x
o((XZZA, Z8)) o((d*LZA, ZB))

By Lemma 7, for large enough k and m, we have

’ < (T(m)ZA, ZB) ) ( W (m) )
Pl ———————<x)—-Pr| ——— <x
o((d*XZA, ZB)) o (W(m))

By Corollary 1, for large enough k, we obtain

(i =)~y =)
Prl ———<x)—-Pr| ———— <«x
o (W(m)) o (W (m))

By Lemma 9, for large enough k and b = d*/13, we have
W (m)
Pr{ ————— <x |- (D(x)
o (W(m))
Hence, in (21), for large enough k, we obtain
p (xz4,2%) - o)
c(TZA, zB)) = !

<

FNIE

<

)

<

NI

s
< —.
4

<é&.

4. Simulations

Simulations by Lippert et al. [9, Table 2] for d = 4 produced our Table 1. It shows that, for
k > 2, normal behavior occurs for

2K=3 % 100 < n.

For k = 1, Table 1 shows that, with d = 4, there is no apparent asymptotic normal behavior as
n gets large.

However, in support of Theorem 1, the simulation in Figure 1 shows that, for k = 1, normal
behavior already occurs when d = 16 and n = 400. The Kolmogorov—Smirnov p-value for
this simulation was 0.8093. Simulations with d = 10 and n = 800 resulted in a similar good
fit. We used the statistical language R® and used 2 500 sample points (to be consistent with
the simulations in [9]).

TaBLE 1: Kolmogorov—Smirnov p-values for uniform D, compared
with normal (d = 4); see [9, Table 2].

n 205102 21 x 102 22x 102 23 x 102 24 x 102 25 x 102 20x 10> 27 x 10?

k= 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
k=2 0.038 0.158 0.287 0.475 0.078 0.191 0.258 0.009
k=3 0.048 0.154 0.121 0.552 0.708 0.226 0.811 0.311

=4 0.000 0.057 0.048 0.813 0.689 0.658 0.982 0.692
k=5 0.000 0.000 0.234 0.189 0.773 0.108 0.083 0.087
k=6 0.000 0.000 0.001 0.071 0.087 0.720 0.067 0.452
k=1 0.000 0.000 0.000 0.000 0.028 0.696 0.269 0.068
k=38 0.000 0.000 0.000 0.000 0.000 0.063 0.657 0.054
k=9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.321
k=10  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Sample quantiles

-3 2 -1 0 1 2 3

Theoretical quantiles
FiGURE 1: Normal Q-Q plot for uniform D, with k = 1, d = 16, and n = 400.

5. A formula for var(D;(n)) in the uniform case

Proof of Theorem 3. With the notation of Section 2, we have
var(Dy(n)) = var( Z Y(i,j)) = Z var(Y( j)) + Z cov(Yi, jy» Yis.n)-
@, ))el (i,j)el G D#Gs,0)

The first term in (1) comes from the sum of the variances. To shorten notation, let u = (i, j),
then
1 1

var(Y,) = E(Y2) — (E(Y,))? = E(Y,) — (E(Y,))* = s

Hence, summing up over all possible us, we obtain
o1 1
Zvar(Yu)_n d_k_ﬁ .
uel
Following the notation and terminology in [9],let J, = {v = (s, ¢): |[s —i| < kor |t — j| < k}

be the dependency neighborhood of Y;,. It can be decomposed into two parts, accordion and
crabgrass, J, = J} U J:, where

JP={v=(s,t)e Jy:|s—il <kand|t — j| <k} and J;=J,\ J}.
We compute the cross covariances, cov(Y,,, Y), by looking at the following cases.

Case 1. (v ¢ J,,.) In this case, Y,, and Y, are independent; hence, cov(Yy, ¥;,) = 0.

Case 2. (v € J:.) We claim that in this case cov(Y,, Y,) = 0. To see this let u = (i, j) and
v € J¢. By symmetry of the covariance, we may assume that v = (i +¢, j'), where |j — j'| > k
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and 0 <t < k. Then, by direct computation, we have

1
EY,Y)) =Pr(Y, = 1Y, =1) = > poEe

(@1,..rlp ) EARH

dk+t
= Jok+t

1
= -
Hence,
1 1
cov(Yy, V) = E(Y,Yy) —EY,)EY,) = 22k T g% = 0.

We note that in fact, in this case, Y, and Y, are independent.

Case 3. (v is on the main diagonal of J}.) In this case, v = (i +¢, j + ), where —k <t <k
and r # 0. Here, we claim that cov(Y,,, Y;,) = l/dk""’| — 1/d2k. As above, to prove this claim
it is enough to show that Pr(Y, = 1, Y, = 1) = 1/d**!"l. By symmetry, we may assume that
t > 0, which gives

PriY,=1,Y,=1)= Z Pr(a specific (k + t)-word match at the (7, j) position)
1
= Z 220+

= 20D
1
gkttt

Case 4. (v € J2 \ {main diagonal}.) In this case, v = (i +s, j + 1), where s # ¢,0 < [s]|, and
|t| < k. Here, we claim that cov(Y,, Y,) = 0. The proof is again by direct computation. By
symmetry, we may assume that s, # > 0. Itis enough to show that Pr(Y,, = 1, Y, = 1) = 1/d**.
Indeed, it is straightforward to check that

1 ds+t 1
Prtu=1Y,=1) = Z 2k s+t T gokstr ook

(@1,....a541)EASH

Finally, summing up over all the cross covariances we obtain the second term of (1), i.e.

1 1
S et t =2 ¥ (g - %)

U v#Eu u —k<t<k

10
k—1
1 k—1
= 22[<Z dk+z> Tk i|
u t=1

A/dNHA —1/dY k-1
= Zz[ ]

1—1/d VEC
a2 (1/d*hHa —1/a*" k-1
_”[ 1—1/d _de]'
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