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Abstract

Time series arise often in environmental monitoring settings, which typically involve measuring
processes repeatedly over time. In many such applications, observations are irregularly spaced and,
additionally, are not distributed normally. We describe the technical details justfying a simple,
robust approach for estimating regression parameters and a first-order autocorrelation parameter
in a time series where the observations are irregularly spaced. Estimates are obtained from an
estimating equation constructed as a linear combination of estimated innovation errors, suitably
robustified by symmetric and possibly bounded functions. Under MCAR assumption and mild
regularity conditions, the proposed estimating equation yields consistent and asymptotically normal
estimates. Technical details are developed using the theory of mixingales described by Davidson
(1994) and standard Z-estimation theory as described by van der Vaart (1998). In particular, the
sequence of estimating function components can be shown to be an ergodic L1 mixingale to which
a weak law of large numbers and a central limit theorem apply. Lipschitz conditions ensure the
functional convergence required to complete the proof.
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1 Introduction

Time series arise often in environmental monitoring settings, which typically involve mea-
suring processes repeatedly over time and/or space. Although the time series regression
literature is vast, beginning with Durbin (1960), much of the development has occurred
in the econometrics literature, where regular time series data are the norm. In the envi-
ronmetric setting, the expense and difficulty of collecting data often leads to irregularity
in the observed time series. In addition, outliers or heavy tailed distributions can occur.
See, for example, Houseman et al. (2004). Time series in the environmental setting have
been addressed by authors such as Brumback et al. (2000), who proposed a transitional
regression model for Poisson outcomes. However, the paper did not address unequal
spacing in the time series, and it addressed outliers primarily through overdispersion of
the Poisson outcome. Robust methods for time series have been proposed by numerous
authors, such as Denby & Martin (1979) and McDougall (1994). However, they have not
addressed unequally spaced time series in a regression setting. On the other hand, Omori
(2003) recently extended the methods of Zeger (1988) for unequally spaced observations;
both of these papers are focused, however, on count data and the estimating equations
are motivated by a Poisson assumption. Unlike Denby & Martin (1979) and McDougall
(1994), they do not specifically address bounded-influence estimation.

This article provides theoretical details of a simple, robust approach for estimating
regression parameters and a positive first-order autocorrelation parameter for a time
series where the spacings between observations are unequal. In our approach, which is
similar in spirit to Denby & Martin (1979), we construct a method-of-moments estimator

(Métyés, 1999), or Z-estimator (van der Vaart, 1998). The major technical references
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are Davidson (1994) and van der Vaart (1998). These will be referred to throughout the

text simply as Davidson and Van der Vaart, respectively.

2 Robust Estimation for a Univariate First-Order Autoregres-

sive Time Series

We now describe a simple robust estimating-equations approach to estimating regres-
sion coefficients and autocorrelation parameter in a first-order autoregressive time series.
We first state several assumptions about our model, present some definitions, and then
proceed to state two theorems. The theorems are proved in the Appendix.

Our first assumption describes a univariate first-order autoregressive time series re-

gression model.

Assumption 1. Let Y = {...,Y_1, Y, Y1, Y5, ...} be a sequence of univariate random vari-
ables from symmetric distributions having constant variance, and let X = {..., X_1, X,
X1, Xs, ...} be a corresponding sequence of p-dimensional covariate vectors. Assume
that E(Y;|X;) = X8 for each j € J = {..,—1,0,1,2,..}, and the process Y; —
X;f3 is stationary. The outcomes follow a first-order autoregressive process, wherein

E(Y;|X;, Y4, X;-1) = XjB8+ p(Y;_1 — X}, 3) for each j € J; in addition,
Yy = X8+ p(Yi1 — Xj 1 8) + Uj, (1)

where 0 < p < 1, and Uj is symmetric, independent of Y; ; — X} 3, has expectation

zero, and has variance 72.

We also assume an open but bounded parameter space, which is plausible in most

practical settings.
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Assumption 2. Assume that o > 0 is a known scale parameter and that the parameter
0 = (3, p)’ ranges over ©, a convex open subset of a compact set of RP*!. In particular,
there is an € > 0 such that ¢ < p < 1—¢€ and o > ¢; these conditions ensure that the AR-1
process described in Assumption 1 is well-behaved on the boundary of ©. We denote

0o = (55, pp) and o as the true values of the parameters.

We also assume regularity conditions for the covariate process {X;} and the mecha-
nism which gives rise to the “gaps” in the time series. In essence, we require the missing
data mechanism {A;} to be missing completely at random (MCAR) in the sense of Lit-
tle & Rubin (1987). We also assume sufficiently fast mixing that a weak law of large
numbers and a central limit theorem apply. Theoretical details would be somewhat sim-
plified if we assume stationarity. However, we would like to address the more general
case in which X} contains terms for seasonal adjustment. It turns out that a sufficient
condition for our methodology is that the expected values of the individual estimating
function components converge to a constant for every # € ©. This holds true in the more

general situation where we assume periodic stationarity in the sense described as follows.

Assumption 3. Let V; = (X}, A;, K;)" and let {V;} be an ergodic process (in the sense
of Davidson, Section 13.4, pages 199-203), independent of the innovation process {U;},
such that A; is Bernoulli, K; = (K;_; + 1)(1 — Aj_1) + A;_; is bounded, and {X;} is
bounded and L, integrable. Moreover, assume that {V;} is periodically stationary in that
there is an integer @) such that {V,,o,} is stationary and ergodic for all ¢ € {0, 1, ..., Q—1}
and all integers n. Finally, assume that {V,,g,} is a-mixing or ¢-mixing of size a > 1
(in the sense of Davidson, Section 14.1, pages 209-211). For convenience, let {V,} denote

the corresponding adapted filtration.
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Here, A, is interpreted as an indicator of whether the outcome was observed or not
and K is the gap between observed observations. Since we are interested in the behavior
of Y conditional on {V;}, the dependence of {V;} need be only sufficiently structured to
support the technical details of the proofs. In particular, ergodicity is not required for
consistency, only for asymptotic normality. This will make sense because the estimating
equations defined below will essentially condition out the information in {V},}. However,
the distribution of the estimator depends upon the specific realization {V;}.

Next, we impose conditions on our robustifying functions and the distribution of the

random portion of the time series.

Assumption 4. The functions A(-) and w(-) are odd and have bounded and continuous
first derivatives. In addition, A(-) and w(-) have continuous second derivatives or, more
generally, the derivatives A(-) and @(-) satisfy Lipschitz conditions on ©. In either case,

there is a constant A such that [A(6) — A\(A)| < A|# — 6| for all 8,6 € ©, and similarly for
Assumption 4 is probably stronger than necessary, as we remark following the state-

ment of Theorem 2. The next assumption is necessary for the application of a central

limit theorem.
Assumption 5. Either A\(-) and w(-) are bounded or U; possesses a fourth moment.
Finally, we define the components of our proposed estimating function.

Definition 1. Let H; be the o-field generated by {(Uy, Vi) }n<; and let {H;} be the

corresponding filtration, referred to as the history.
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Definition 2. Let

=0

k-1 1/2 1 2k 12
5(107 k) = (Z p2l> - ( 1 _pr ) )

For convenience, denote &(p,00) = (1 — p?)~Y/2. In addition, reparametrize 72 as a?0?

for some known a?; thus, o2 is a scale parameter that has a linear relationship with the

variance of U;.

Note that E[Y} — Xj,ﬁo — plg(Y;,k — X;_kﬁo)’X]’, Y}'fk:anfk] =0 and Var[Y;- — X]/ﬁo —
p6(Yi—k — X]_1.80)| X5, Yk, Xjk] = &(po, k)?7%, and that the marginal variance of Y; is
&(po, 00)?72. These facts are useful in constructing zero-mean residuals that have variance

suitably uniform for bounded influence estimation.

Definition 3. Let N,, = Z;;l Aj,

;i (0) :)\(Y}_Xjﬁ_PKj(Y;’—Kj —Xj_KJﬂ)) X;— oS X,k
€(p7 kl)g ijKjilw[(Yj—Kj — XJ—KJﬁ)/f(p, OO)O']

and W, (0) = N1 Y7 Ay (6).

By the comment after Definition 2, it is easy to see that the arguments to the ro-
bustifying functions A(+) and w(-) have stable variance and their tails are consequently
downweighted uniformly. The specific form of the functions ¢;(6) is motivated by dif-
ferentiating the arguments to A(-) in the manner suggested by Wedderburn (1974), and
robustifying potentially heavy-tailed coefficients as suggested by Denby & Martin (1979).

The main theorems of this paper concern the asymptotic behavior of the estimator §n
obtained by solving W, () = 0. In summary, /H\n enjoys the usual attractive asymptotic

properties, as described below.

Theorem 1 (Consistency). If §n solves W,,(0) = 0 then §n LA Bo.
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Theorem 2 (Asymptotic Normality). If for all § in a neighborhood of 6y, ¥, (6)
converges in probability to a continuous function with nonsingular derivative, and if én

solves W,,(0) = 0, then there is a matrix (2 such that Nﬁ/QQ*1/2(§n — ) £ N(0,1).

The proofs of Theorems 1 and 2 appear in the Appendix. The proof of Theorem 2 of

suggests an estimator of €2, which we propose formally as another theorem.

Theorem 3 (Variance Estimation). Let
Qn = W (00) " (an/z > Ajwj@)wj@)') W (0) T
j=1

where W,,(6) is the first derivative matrix of W, (6). Provided the conditions of Theorem

2 hold, @n is a consistent estimator of ().

Theorems 2 and 3 require that the estimating function converges to a deterministic
function that has a continuous first derivative near 6, a condition that is difficult to
verify in general since it depends on the behavior of X'. However, in practical settings
the existence of such a limit can usually be assumed.

Results can be extended to include the variance estimating function \Ilsf),

oy = (BP0 = KDY
! 5()0; KJ) ’

provided U; is bounded in Ly 5 for some 6 > 0. This slightly stronger condition is needed
to ensure that @DES)(@)Q obeys a central limit theorem.

As suggested by the results in Denby & Martin (1979) for regular time series with
mean zero, it should, in principle, be possible to extend Theorem 2 to the case where
A(+) and w(-) are simply continuous, provided some additional regularity conditions are
assumed. One approach might be to approximate W, () by its expectation, or by twice-

differentiable functions that closely approximate W, (). Since our interest is primarily
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from an applied perspective, we have not fully investigated these approaches.
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Appendix

In this appendix we shall prove Theorems 1, 2, and 3. Proofs follow from the mixingale
law or large numbers (Davidson, Theorem 19.11, page 302) and a central limit theorem
for ergodic mixingale (Davidson, Theorem 24.5, page 385). Of course, in order to make
use of the theorems it is first necessary to prove that the estimating functions of Definition
3 form ergodic mixingales. We accomplish this indirectly by proving first that they form
a sequence that is near-epoch dependent on the sequence {V;}. We review the relevant
definitions as formulated by Davidson (Chapters 16 and 17). First, we repeat Davidson’s

definition of the concept of an L, mizingale for p > 1.

Definition 4. Let (2, F, P) be a probability space, let {F;} be an increasing sequence
of o-subfields of F, and let X; be integrable random variables on F;. The sequence of
pairs {X;, F:}>,, is called an L, mixingale with respect to a sequence of non-negative

constants {c;}>° if there exists a sequence of non-negative constants {(;}¢° such that
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(m — 0 as m — oo and

IE(X Frem)lp < clm (Davidson, Condition 16.1)

E(X Fram)llp < ctlm (Davidson, Condition 16.2)

hold for all ¢ and all m > 0. If (,, = O(m~*) for s > r, then the sequence is said to be

of size —r.
Associated with the mixingale concept is the idea of near-epoch dependence.

Definition 5. Let p > 0. For a stochastic sequence {A4;}*%, possibly vector valued,
on a probability space (2, F, P), let ]—"jf;:f =0(Aj_m, ..y Ajym) such that {]-";f;n"}f,fzo is

an increasing sequence of o-fields. If a sequence of integrable random variables {Q,;}7%

satisfies

1Q; — E(Q;IF) )l < djvm, (2)

where v, — 0 and {d;}1 is a sequence of positive constants, ; will be said to be near-
epoch dependent in L,-norm (L,-NED) on {4;}*%. If v,, = O(m~*) for s > r, then the
dependence is said to be of size —r. It will be convenient to note when there is an M
such that v, = 0 for all m > M, in which case we will say that {Q;} is M-dependent

with respect to {A;}.

We try the reader’s patience with another definition, which will pay off in notational

convenience:

Definition 6. Define the scaled residuals R; and S; as

oG- Xi0— P~ X B
{ €(p7 Kj)a 7

10

http://biostats.bepress.com/harvardbiostat/paper16



o _Yi-X8
T &p. o)
We are now in a position to state and prove several lemmas. Lemmas 1 and 2 are

technical lemmas needed to prove Lemma 3, which establishes the mixingale property

required for a law of large numbers and a central limit theorem to apply.

Lemma 1. Fix § € ©. Let {W;} be a bounded process, independent of the innovations
{U;}, and L1-NED on {V;}. Moreover, assume that {W;} is M-dependent with respect
to {V;}. Then {W;A(R;) — E[W;\(R;)],H,} is an L, mixingale of size -1 with respect to

a bounded sequence of constants {c;}.

Proof. Fix j, k, and h < j. Simple algebraic manipulation shows that

j+k—h

Zii(B) = p* Z PoUj+i—1 — ZP poUj—1 + (0" X5 — X;j11.) (8 — Bo) +

Pfka " 1Zh—1(ﬁ0) Pkp‘g) " 71 (Bo),

where Z,(3) =Y, — X|3. Let Cy = (pf — p*)é(p, k) to7 L,

j+k—h

Uhjk—f ot ZPO J+k=1 — ZPPOle

and

Xk =E(p, k) 1o (0P X5 — Xj40)' (8 = o).
Thus R; = Uthj + XjKj + pé_h_lCKj Zn-1(Bo). By Assumption 4 and the mean value
theorem,

WiA(R;) = WiA(Unji, + Xjx,) + b " DiyW;Cx; Zn—1(Bo), (3)

where Dy; is a bounded random variable. Define ]-;:LWT as in Definition 5, with A; =

(U;,V;). Since Uthj, W; and X]‘Kj are M-dependent with respect to {4;}, it follows

11
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that there is an m’ such that

WiX(Unjx, + Xjx;) — E [WJ‘A(UMKj + Xjk;)

f?‘*(?*h)} —0 (4)

J+([E—h)

for h < j —m/. For all such h,

B (o} " DigWiCre, Za (50) |FIL 00 ) = ElZua(Bo)]E (" Dag W, |70
=0 (5)
and
5" Dy WiCre, Zna (Bo) I < ™" M Dy WiClk, 11111 Zn—r (o) 1. (6)
By (3) - (6),
Jj—(j—h) j—h—1
|Wincrs) = B (Winy) |72 050 || < " 1Das Wil 1l Zua (5o)

which satisfies (2). Thus, {W;A(R;) — E[W,;A(R;)]} is Li-NED on {A,}. By Theorem
17.5 of Davidson (page 264), {W;A(R;) — E[W,;A(R;)], H;} is an Ly mixingale of size -1

with respect to a sequence of constants {c;}, where
¢; < max{|[W;A(R;)l|1, ([ DniW;Ck; 1 [| Zn—1(50)|1}-

Smoothness conditions (Assumption 4) and moment conditions (Assumption 5) ensure

that {c;} is bounded. O

Lemma 2. Fix § € ©. Let {IW;} be a bounded process, independent of the innovations
{U,}, and L{-NED on {V;}. Moreover, assume that {W;} is M-dependent with respect
to {V;}. Then ({Wjw(S;-x,)A(R;) — E[Ww(Sj-x,)AM(R;)]}, H;) is an L; mixingale of

size -1 with respect to a bounded sequence of constants {c;}.

12
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Proof. As in the proof of Lemma 1, assume h < j and let
S;=Upy+ X + 6" Ch, Zna(Bo),

where Z(8) = Yi — X|8, Cf = p*"'€(p,00) "o, Uy = €(p,00) "ot [0 b

and )N(; = —&(p,00) to T X}(B — fo). Also as in the proof of Lemma 1, w(S;) = w(f];:j +
X 1)+ D p%th}*(j Zn-1(Bo), where Dy is a bounded random variable. Using techniques
similar to the proof of Lemma 1, it is straightforward to show that (2) is satisfied by the
individual components VVj/\(Uthj +)~(jKj)w(U,ifj—l—)N(;), W/jpé_h_thjCKj Zh_l(ﬁo)w(ﬁ,jj—l—
X3), WiMUnire, + X, ) D00 " Cic, Zn-1(Bo), and Wy ™"~V Dy; Dy, C, e Znor (Bo)?-
It follows that {Wjw(S;—k,;)A(R;) — E[W;w(S;_k,)A(R;)]} is L1-NED on {4;}, and the

proof is completed by an application of Theorem 17.5 of Davidson (page 264). O]

Lemma 3. The process {A;1;(6)—E[A;1;(0)]}; together with H; forms an L; mixingale

of size -1 with respect to a bounded sequence of constants {c;}.
Proof. The statement follows easily from Lemmas 1 and 2. O

Lemmas 5 and 6 assert pointwise and global (respectively) convergence of the esti-
mating functions. However, first we must prove a technical lemma, Lemma 4, in order

to relax stationarity assumptions to the weaker requirement of periodic stationarity.

Lemma 4. Fix 0 € ©.Then

Nt Z E[AAMR) (X — pXj-k;)]

and and

converge to constants.

13
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Proof. Let W; = AjA(R;)(X; — pXj_k;). The distribution of W} is periodic in the sense
of Assumption 3; consequently, let y1, = E(Wg;4,). It follows that for each ¢ =0, ..., @ —1,
n '3 E(Waisg) = g- Let [a] denote the integer portion of a and a%@ the modulus

of a over (). Then as n — oo,

n n/Ql Q-1 n%Q
'Y E@) = 0Tty Y E(Wan,) + Z E(Waitq)
j=1 =1 q=0

[n/ Q} n%Q

n/g/_?n(yQZ n/QJ” Z EWairq) + ZE Waitq)

- Q_IZMq+O:N7
q=0

where p = Q™ Zq o lq- By Assumption 3, for each ¢ € {0, ..., Q — 1}, there is a 7, such
that =13 " | Apgig LA 7,; consequently, n~ N, LA Q Zq o Tq = 7. It follows that
NPT E(WS) = (n7IN,) T in Tt Y0 EB(W;) 2 #=1u. A similar proof establishes the
result for N, ' 370 B[A;K;p™iw(S;)A(R;)]. O

Lemma 5. Fix § € ©. Then there is a constant ¥(0) such that N, ' " | Aji;(0) i

u(h).

Proof. As in the proof of Lemma 4, there is a constant my such that n=!'N,, Z mo > 0.
It follows that nN; ' 5 5%, thus ||nN; ||, < co. Therefore, ||nN;*Av;(8)||, < oo, and
there is a constant C' such that || N, 'Ay;(0) — E[N, 1 A¢;(0)]]s < n~*C for all j.
Clearly nC~'N, tAt;(0) is uniformly integrable. Also, >°%  Cn~' = C' < oo and
> i1 C*n7? =n7'C? — 0 as n — oo. By the mixingale law of large numbers (Davidson,

Theorem 19.11, page 302),

NUY T A(0) - E [an >, Aj%’(@)] 50
P =1

The conclusion follows from Lemma 4. O

14
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Lemma 6. supyee [N, 327 Aj005(0) — ¥ (0)] 2 0

Proof. The functions A(-) and w(-) possess continuous first derivatives, so for any 0,0 € ©,

N D A(0) = NP T Aj;(6)
= =1

= [N D A[(0) - ¥4 (0)

L IHGICD

< NS AOG)|| 06
Jj=1 1

< [N A DIo -6
Jj=1 1

= DI|f -4,

where 0 lies between 6 and 6, and D is an upper bound of the matrix norms ||¢)(6)][;
as 0 ranges over the compact closure of ©. By Theorem 21.10 of Davidson (page 339),
the collection of functions {N{ LD Aﬂ/@(@)} is stochastically equicontinuous. The
result follows from Lemma 5 of this technical report and Theorem 21.9 of Davidson

(page 337). O

We are now in a position to address the major theorems of this paper. First, we state
and prove Lemma 7, which asserts the kernel inspiration for the estimating equation:
that the estimation function components are independent and have expectation zero

when evaluated at 6.

Lemma 7. Evaluated at the true parameter values, E(;) = 0 and E(y1}) = 0 for all
J#h
Proof. Evaluated at the true parameter values, each residual R; is symmetric with ex-

pectation zero. Since A(-) is odd, iterated expectation (conditioning on X and H;)

15
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demonstrates that E(¢;) = 0. Assume without loss of generality that h < j, so that vy,

is a constant with respect to H;. Then

E(¢ni)}) = E[EWn)jH;)] = EfpnE@5H;)] = Efhy - 0] = 0.
0

Proof of Theorem 1. The result follows from Lemmas 6, 7, and Theorem 5.9 of van der

Vaart (1998, page 46). O

Proof of Theorem 2. Let 1);(0) be the continuous first derivative matrix of 1;(6), and let

D,(0) = N;1 52" Aja);(0). Then for 6,0 € ©

1D,(0) — Du(0)] < N,;lzij)—wn
< N;'A|6 -0

= 0,(1)]6 -4,

by Assumption 4, the Lipschitz conditions on A(-) and &(-). By Davidson (Theorem 21.10,
page 339), the collection of functions {D, () — D,,(6y)} is stochastically equicontinuous.
Consequently, |Dn(§n) — D,(6))] %, 0 by Theorem 1 of this technical report, Davidson
(Theorem 21.9, page 337), and van der Vaart (Theorem 5.9, page 46).

By differentiation of ¢;(#) and application of Lemmas 1 and 2, it is straightforward
(but tedious) to show that {A;1);(0) — E[A;4;(6)],H;} is an L, mixingale. Thus, the
mixingale law of large numbers (Davidson, Theorem 19.11, page 302) implies that there
is a function ¥(0) such that N > i1 Aji;(0) 2 ¥(0). The uniform continuity of the

functions W(A) over © ensures that ¥(6) is in fact the first derivative of ¥(6), which by

16
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assumption is nonsingular in a neighborhood of 6. Now,
YA (0.) = D A E(00) (00 + D A (80) 715 (0) (6, — o).
j=1 j=1 j=1

where 6 lies between @\n and 0. Thus,

n

" —1
NY*(0, —0p) = —N, '/ NﬁleJ“I’(%)_l%(@)] > A U(60) " b5 (60)
j=1

J=1

N7z ZA W (00) " 0, (60),

where =, converges in probability to the identity matrix. The moment conditions of

Assumption 5 ensure that

lim sup N, '/?E

n—~o0

ZA]«D(QO)*%(@O)] < 00

j=1

The sequence {A;¥(6y)~'4;(A)} is ergodic, since it involves functions of terms of an
ergodic sequence and an independent (therefore ergodic) sequence. By Lemma 3, the
sequence is also an L; mixingale of size -1. A central limit theorem for stationary ergodic
mixingales (Davidson, Theorem 24.5, page 385), applied to linear functions of each of
the finite number of stationary subsequences, combined with the Cramer-Wold Theorem

(Davidson, Theorem 25.5, page 405), proves that

1/2ZA U (6e)"";(60) = N(0,9),

where (2 = \11(90)_120\11(90)_T and Yo is the limiting variance of N, Y2 Z;L=1 Aj1)i(6o).

From an application of the standard Slutzky theorem, N,/ 2(@1 —tp) AN (0,). O

Proof of Theorem 3. Following the notation in the proof of Theorem 2, it is necessary

only to show that Xy is consistently estimated by
2, =N, 1/22A U585 (6,)"
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Conditional on H;, 1;(6) is independent of v (6y) for h < j. (See Lemma 7.) Conse-

quently, if
Sa(6) = N2 A (0)0;(0)
j=1

then X, (6p) LA Y. An approach similar to that used to prove consistency of 79\” can be
used to show that in fact in = En(gn) LA Y. We review the approach by sketching the
proof.

Using an approach similar to the proofs of Lemmas 1, 2, 3, a mixingale property can be
shown to apply to the terms A;1;(0)1;(6). Via Theorem 21.10 of Davidson, Assumption
4 can be used to demonstrate the stochastic equicontinuity necessary for an application
of Theorem 21.9 of Davidson, by which we conclude that supycg || X,(0) — Z(6)] L 0 for
some continuous matrix function ¥(6) such that ¥(6y) = ¥y. Combining Theorem 1 of

this paper and Theorem 5.9 of van der Vaart prove the necessary result. O
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