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This supplementary appendix provides additional theoretical, numerical, and empirical
results. In section OA.1, we show that the unit averaging distribution is asymptotically
normal if the weights do not depend on data, complementing the distributional results
for data-dependent weights (theorems 2-3 in the main text). In section OA.2, we discuss
optimal estimation under risks that are not the mean squared error. In section OA.3, we
propose a practical confidence interval based on the minimal MSE estimator. Section OA.4
is devoted to further simulation results. We consider additional sample sizes and focus
parameters. We also analyze the weights of the minimal MSE estimator, and consider the
finite sample properties of ours confidence intervals for the focus parameter. Similarly, in
section OA.5 we provide further estimation results and analyze averaging weights for the
empirical application of section 5. Finally, in section OA.6 we provide an application to
GDP nowcasting for a panel of European countries. As in the application of section 5, the
minimum MSE estimator improves nowcasting performance relative both to the individual
estimator and to competing averaging schemes. The improvement is stronger for shorter

panels.
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OA.1 Asymptotic Distribution For Data-Independent

Weights

OA.1.1 Theorem Statement

Theorems 2-3 in the main text characterize the distribution of the unit averaging estimator
which uses the optimal weights (4) and (6). Theorems 2-3 establish that the unit averaging
estimator with these data-dependent weights is approximately distributed as a randomly
weight sum of Gaussian variables.

In contrast, if the weights do not depend on the data, the unit averaging estimator is
approximately normally distributed. The mean and variance are given by the weighted
sums of biases and variances, respectively. To formalize the result, let {w, wo,...,} and w
be as defined before theorem 1 in the main text. The following theorem formally states the

normality result.

Theorem OA.1.1. Assume that assumptions A.1-A.5 are satisfied. Let {wy} be such
that (i) for each N, wy is measurable w.r.t. o(ny,...,ny), (ii) for each N, w;n >0 for
all i, Zfil w;n =1, wjn =0 for j > N, (i) for some N > 0 it holds that sup,. y w; y =
o(N=Y2), and (iv) {w; n}¥, = {w;} Y.

Then as N, T" — oo jointly it holds that

i=1

N N
VT (i) — (61)) = N (z widl — i zwfdM) |
=1

Note that condition (i7i) imposes a stronger uniform convergence requirement on the
weights than theorem 1. However, this requirement is still compatible the weights assigned
to the restricted sets in the large-/N approach.

We apply theorem OA.1.1 in two ways. First, in section OA.2, we establish a local
approximation to an alternative notion of risk for the unit averaging estimator — the mean

average deviation E[|fi(wy) — u(601)|]. Second, in section OA.3, we use theorem OA.1.1 as
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a building block to construct valid confidence intervals for the focus parameter based on

the minimum MSE estimator.

OA.1.2 Proof of Theorem OA.1.1

Before presenting the proof of theorem OA.1.1, we introduce a number of intermediate
results.

We first give a straightforward modification of theorem 1 in Phillips and Moon (1999),
which allows us to replace sequential convergence (first taking limits as 7' — oo, then as

N — 00) by joint convergence (N, T — oo jointly).

Lemma OA.1.2. Let Y;r be random variables indexed byi=1,....N and T =1,2,...,.
Suppose Y;r are independent over i and that

(i) Yir = N\; as T — oo,

(1) Zf\il winN; = X as N — oo,

(iti) imsupy 7o sz\il win[E(Yir) —E(A:)] =0,

(iv) Himsupy 700 i) Elw; nYir| < o0,

(v) limsupy_, Zfil]E [w; N |Ai| T, yag>2] =0 for any e >0, and

(vi) limsupy 7o SV E [w; N|Yi7 | Ljw; xvip)>2] =0 for any e >0 .

Then as N, T — oo
N

ZwiNYiT = X.
i=1

In particular, if as N — oo it holds that Zfil winNi B A for A non-random, then as

N,T — oo it holds that Zfil wnYir 2 A,

Proof. The proof is close to that of theorem 1 in Phillips and Moon (1999). The key

modification consists in replacing n~'(x,, 7 (in their notation) by

Wint = Z wNYiT + Z w; N A

1<i<k k<i<N

and every factor 1/n by the appropriate weight w; . As in their theorem 1, this establishes
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condition (3.9) of Phillips and Moon (1999): for all bounded continuous f

) o )

By lemma 6 in Phillips and Moon (1999), this implies the result of the theorem. ]

lim sup
N, T—o

To apply lemma OA.1.2, for the remainder of the section define
Yir = \/T(N(éz) — u(61)), (OA.1)

and note that Y;r = A; as T' — oo, where A; ~ N (dy(n; — m),dVidy) is the random
variable that appears on the right hand side in lemma 1. As before, let d; = Vu(6,),

d() = VM(H())

Lemma OA.1.3. Let Y;7 be defined as in eq. (OA.1). Under assumptions of theorem
OA.1.1

N N
Zw@-NY;T = sz'/\i as N, T — oo.

i=1 i=1
Proof. Note that randomness enters only the T dimension here. As {V;7}Y, = {A;}Y,
as N, T — oo (N does not matter), and as N, T — oo {w; v}, — {w;}Y, as N, T — .

Slutsky’s theorem gives the result. O

Recall that under assumption (ii) of theorem OA.1.1 it holds that

sup w; N = O(N_%) :
i>N

Lemmas OA.1.4-OA.1.8 verify conditions (ii)-(vi) of lemma OA.1.2 for Zz‘]\iN—i—l w;NYir,

N > N.

Lemma OA.1.4. Let Y;7 be defined as in eq. (OA.1). Under assumptions of theorem
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OA.1.1

N N
Z w; v D — <1—Zwi> dyn as N — oo .
i=N+1 i=1

Proof. By the triangle inequality

Z w; NN — (1 - sz) (—dym)

i=N+1 i=1
N N
< Z wi NN — Z w; ydo(ni — M)
i=N+1 i=N+1
N N
+ Z w; ndy(1mi — M) — <1 - ZW) (—dom)| - (OA.2)
i=N+41 =1

We show that both terms on the right hand side converge to zero in probability. First
we show that ‘Zij\iﬁﬂ w; NN — Zi]\i]\—,ﬂ w; ndy (M — 171)) %, 0. Consider the variance of

N
> i f1 Win A

N N
Var Z win; | = Z w? d)Vidy
i=N+1 i=N+1
N
S [SUPU}]‘N] Z wZNdBWdO
i>N i=N+1

< AsAj [ldo|” [SUI_)%N] :
>N

where we used independence of A;, the expressions for variance of A; given in lemma 1, and the

bound on variance V; = H,; '3, H; * implied by assumption A.3 on the bounds of eigenvalues

of component variance matrices. Since E (ZfiNH wiNAi> = Zij\iN-f-l w; ydi(m; — M), by

Chebyshev’s inequality and the above bound for variance, for any € > 0 it holds that

N N

i=N+1 i=N+1

< Ay lldoll? [sup,s 5 w) n]
- 19

= o(1),
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by assumption (iii) of theorem OA.1.1. Next we show that

N N
S wndyln ) (1 . zwi) (dymy)| 0
i=N+1 i=1
by considering two cases depending on whether Zil w; is equal to 1 or not.

Case I: suppose that Zfil w; # 1. In this case there exist Ny, €, > 0 such that for

all N > Ny it holds that Zil w;y < 1—¢,. Note that Ny is necessarily larger than

N. Define w;y = wiN/<1 - Zi\ilw“\;). For N > Ny, (WgpinsWiions - ON_FN)
satisfies w; y > 0 and ZleH w;ny = 1. For all N > N we have that Wiy < 5;1wz~N,
which implies that sup;. y @i n < £, sup;y win = o(N~*/2). By lemma A.2.4 taken with
y = 1/2, we obtain that 3 ¢, @ndy(m —m) = Yy, Dindons — dym — —dym
(a.s. with respect to the distribution of n). The weights w satisfy the hypothesis of
lemma A.2.4 with the limit weights equal to the zero sequence as sup, y W; v = o( N~1/2).
Since ZéV:NH w; ndy(m; — M) = (1 — Zfil wiN> Zf\i]\—,ﬂ w; ndy(n; — M), we obtain that
Zi]\i]\—,ﬂ w; ydy(m; — M) — <1 — Zﬁl wi> (—dgm)‘ — 0. Together with egs. (OA.2) and

(OA.3), this implies that in this case

N N
i=N+1 i=1

Case II: suppose that Zf\; w; = 1. We show that ZfiNH w; ndy(1m; —m1) — 0 n-a.s.. First,
Zij\iﬁ-i—l w; ndiym = diym Zij\i]\—,ﬂ w; vy — 0 by the assumption that Zﬁl w; v — 1. Second,
Z@'J\;N s windyn; — Ep(dym;) = 0 by lemma A.2.3, since dyn; are independent variables
with uniformly bounded third moments. As above, this argument and eqs. (OA.2) and
(OA.3) imply that 31 o w; Ay 2 0.

Combining the two cases yields the assertion. O]

Lemma OA.1.5. Let Y7 be defined as in eq. (OA.1). Under assumptions of theorem
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OA.1.1

lim sup Z w; N E(Yir) —E(A;)| =0 as N, T — oo.

N,
,I'—00 i—N41

Proof. First, from lemma A.2.2 it follows that E|Y; 7| exists for all i and 7" > T},. By lemma

I, EA; =dy(n; —m). By eq. (A.1.2) of lemma A.1.1, we have

(6 = p(0:) + i (6~ 02) + (6, — 0/ V*u(6)(6,— 0),  (0A4)

where d; = Vu(6;) and 6; lies on the segment joining 6; and 6;. Then

Yir ~E(A) = diVT (6,-0,) + %(éi 0V u(G)VT(6; — 0) — di(mi — m1). (OA5)

We now establish a bound on |E(Y;7) — E(A;)|. Take expectations in eq. (OA.5):

[E(Yir) — E(A)]
_ ']E {d@ﬁ(éi —0.) + 20, 0, V2(6)VT (D, — 6,) — difm, - ””H
0 <@ & [V (6.~ 0)] [+ 2| 6.~ 072 )vT6, - 01)]|

+ |(d1 — do)' (1 — M)

C ias A A Cye
(s) < el = 72 + o[ (VT8 ~ 00)(6: = 6) |+ =22 i o — i
OBzas CV,u 2 2CV2H N
< R _
() < Nl =22 + 2B [ VT(0 - 00| + = 22| VT - 00 I~ m
Cy2 Cy2
= = =
C ias CV2 Cy Cy2
(15:00) < Oy D28 =02 o = (2G5, -+ lml) o —
CV/J, 2
4 S 2 OA.6
T = m (0A.6)

where the constants C' do not depend on ¢. Here

(*) @, is replaced by 6; in the first term using d;/T(0; —0,) —d,(n; — 1) = d\,\/T(6,—6;)
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(**) In the first term we apply Holder’s inequality inside the absolute value as

4B [VT (6,-06,)]| < Idul. [EVT6— 6)| < ldall, VT |06, - 00)]|

Assumption A.4 bounds /T HE(HAZ )

< Cgias/ VT. In the second term apply
1
A5 to replace the Hessian V2u(éi). In the third term apply assumptions A.1 and A.5:

Vi is a differentiable function with norm of the derivative bounded, which implies

that ||d; — dol| = || V(80 + Tm1) — Vu(60)|| < Cozy, lmill/ VT
(***)

Add and subtract 8; in both parentheses in the quadratic term, apply the triangle

inequality.

(***#*) Recall that 8; — 8, = (n; —m1)/v/T by A.1l. Expectations of H\/T(OAZ -0,

are

bounded using lemma A.2.1; by A.5 ||d;| < Cv,

Last, we can consider the sum 3% 1 win|[E(Y;r) — E(A;)|, bounded by the corresponding
weighted sum of the right hand side of eq. (OA.6G). The first two terms in the bound do not

depend on 7, and so

ZN: w.N{OWCBws Cv2uCh, <CWCBws Cv2,C
SLovT vT |~ VT JT

i=N+1

since w; y are part of a weight vector. For the third and the fourth term we make use of

the conditions on weight decay and the moments of 7;. Examine

CV2,u N CVZ N 2
20, + ||771||] S winllm—ml+ == Y win -l
ﬁ i=N+1 ﬁ i=N+1

By lemma A.2.4 supy Zé\;N-H win | — m||¥, k = 1,2 are finite. Then for some M < oo
the above display is bounded by M/ VT and thus converges to zero as well. Combining the
last two results together, we obtain that supy Ef\;]\—,ﬂ w; N E(Y;r) —E(A;)| = 0as T — oo,

giving the result of the lemma. O]
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Lemma OA.1.6. Let Y, be defined as in eq. (OA.1). Under assumptions of theorem

OA.1.1
N
lim sup Z w;NE|Y;7| <00 as N,T — oc.
N, T—oc0 =N 11

Proof. Existence of E|Y; 7| for T' > Tj follows from lemma A.2.2. Add and subtract E(A;)

under the absolute value in E|Y; 7| to get

ElYir| < [E(A)] + E|Yir — E(A)]
= |dy(ni — m)| + E[Yir — E(A;)]

< ldo|l | — moll + E[Y;r — E(A)],

where we apply the Cauchy-Schwarz inequality in the last line. Take weighted sums
N N N
D winBYir[ < ldoll D winlmi—mll+ Y winE[Yir— Al
i=N+1 i=N+1 i=N+1

We show that both sums are bounded as N,T — oo. First, as in lemma OA.1.5, from
lemma A.2.4 it follows that sup ZfiNH w; v ||[m: — M| < oo. Now turn to the second sum.

Using eq. (OA.4), we proceed similarly to the proof of lemma OA.1.5:

E|(Yir) — E(A))]

=E

{d’lﬁ (éz — 01> + %(éz —0,)V20u(0,)VT(0; — 6,) — dj(mi —m) £ dj(n; — Th)} ‘

<E

d) [\/T (él — OZH ‘ + IE’ E(éz — 0,V u(6,)VT(0; — 91)} ' + |(dy — do)' (i — m)|

Cv2uCs | Oye Cye2 9
=4 —£ [2(} + } =+ —= | — :
/T JT 0,1 Imll| llme — | JT 17 — |

< CVMCé,l +

There is one change relative to lemma OA.1.5: by the Cauchy-Schwarz inequality and
d, [\/T (éi . ei)] ] < Co,E H\/T(él- —6))

ply lemma A.2.1. The constant Cpg;,s does not appear in the above bound. Take

assumption A.5, E

, to which we then ap-
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weighted sums in Eﬁiﬁﬂ w; §y E|Y;7 — A4|, and use the above bound for each term in
the sum. The argument proceeds similarly to lemma OA.1.5. The first two terms in
the bound satisty Y.y win (CvuCoy + CouCon/VT) < CouCoy + ConCon/VT,
which is independent of N and convergent in 7. Both sums Y.~ ¢ L1 Win || — M| and
zij\iﬁﬂ w; n || — m||* are bounded in N regardless of T by lemma A.2.4. We conclude

that ZfiNH w; vy E|Y;7 — A;| is bounded in N and 7', giving the claim of the lemma. [

Lemma OA.1.7. Let assumptions of theorem OA.1.1 hold, and let A; be as in lemma 1.

Then for any € > 0

l1msup E sz|Ai|H|w¢NAi|>5] = 0.
N—oo
i=N+1

Proof. Since sup,. y w;n = o(N~1/2), there exists some C,, > 0 and Ny such that for
all N > Ny it holds that w; vy < C;lN*1/2 for all i > N. Also observe that for p > 1

E(|X|Ixsp) < M~ PV E(|X|P). Hence for p > 1

N N

> E [win|Aillu, yase) < Z [wi N A Tp, >0 n1 726
i=N+1 i=N+
< @ 5N1/2 Z w; n E(|A]P). (OA.7)
i=N+1

Pick p = 2. Since 1/(C,eN'/2) — 0, it is sufficient to show that > 5., win E(JAi]?) is
bounded over N.

Since |A;| is folded normal, its first two moments are given by (see Elandt (1961)):

EIAi]* = (dy(m; "71))2+d’V2do—(E|AiD2,

N (do(m 1)) d o
ElA = d/VdO\/7 ovido 4 dy(n; —m) <1 - 29 <_M>) :

d;Vidg

It is sufficient to establish the boundedness of the weighted sum of each term separately.

We proceed in order of appearance in the preceding display.
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1. By the Cauchy-Schwarz inequality

N N
> win(dy(m —m))* < lldol* Y win llmi —ml*.
i=N+1 i=N+1

The sum on the right is bounded over N by lemma A.2.4.

2. By the bound on variance of assumption A.3 it holds that

N
Z wz‘Ndf)Vz‘do < S\EA%{ ||dO||2 :

i=N+1

3. Consider the first term in (E|A;])*:

N 2 (g (n;—m))> 2 B ) 5 92
U

g w; NdyVidy— |e  240Vido < Az [|dol]” =

m i

i=N+1

4. Cross-term in (E|A;|)?:

N , 5
2 7%("’1'77’71” d ; —
D wiw d'oVZ-dO\ﬁe A%y, — 1) (1_% <_M>)‘
i=N+1 4 2,/d,Vid,
— 2 N
< Azazwﬁ S win =l
i=N+1

The sum in the last line is bounded over N by lemma A.2.4.

5. Square of the second term:

N 2
dl(m; —
> win [dy(n; —m))” (1 P <_%>>
i=N+1 0 Vilo
N N
<> win ldy(m—m)P < lldoll” S wi i —mall
i=N+1 M

where the last sum is bounded by lemma A.2.4.

Combining the above arguments, we conclude that sup Zi]\i]\—,ﬂ w; vy E(|A;]*) < 0o. By eq.
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(OA.7)

N
1
i=N+1 i=N+1
The right hand side tends to 0 as N — oo. [

Lemma OA.1.8. Let Y, be defined as in eq. (OA.1). Under assumptions of theorem

OA.1.1, for any e > 0

lim sup E wiN|}/;T|H|wiNYiT‘>5} =0.
N, T—oc0
i=N+1

Proof. Existence of E|Y;r| for T > Ty follows from lemma A.2.2. We use the same strategy
as in lemma OA.1.7. Since sup;. y w; y = o(N~%/2), there exists some C,, > 0 and Ny such

that for all N > Nj it holds that w; y < C;*N~Y2 for all i > N. Then for p > 1, if E|Y;7|?

exists, we obtain that

al N
Z E[sz|Y;T|H|’szY;T|>E < Z wiNlY;T|H|YiT|>CwN1/25}
i=N+1 N
! P
S (CoeN2p Z win E[|Yirl?]
i=N+1
2r-1 al
< CoanTEpT O WinElYir —dim —m))
i=N+1
i al
U
+m Z win|dy(m; —m)[. (OA.8)
v i=N+1

It is sufficient to establish convergence of the weighted sums for some p > 1, since the
leading N®~1Y/2 will then drive the expression to zero. Take p = 1 + ¢’ where ¢’ = §/2 for §
from assumption A.3.

The second sum in eq. (OA.8) is bounded over N by lemma A.2.4, as

N N

!
S winldy(mi —m)| < CHT YT wiy e — T
N+1 i=N+1
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Now consider Zé\;NH w; x B|Yir — di(n; — n)|'T. We proceed similarly to the proof
of lemma OA.1.6. First, by lemma A.2.2 E|Y;7 — d}(n; — m)|**? < oco. It remains to show

that the weighted sum is bounded over N. Recall from lemma OA.1.5 that
A 1 A . ~
Y;'T — dll(’rh — 7’]1) = dllﬁ (91 — 91> + 5(92 — 91)’V2,u(91)ﬁ(01 — 01)
for 91 is intermediate between é, and 0;. Then

Y — dy(m; — )|

/ ) . 11 . 146’
< 2|d VT (ei—ai) G 5 (0: = 0.V p(6) VT (6; - 6))
14or 220 Lt 2(144")
5 ) A )
<2 dllﬁ <9i — 9i> + T(H(s/)/; \/T(O - 6:)

146" 28" 148
+0 220" A

N AT — 1N /
V6, - oy I T ) )

VT

14368' 146" 146’
i etey .

Taking expectations, we obtain

E|Y;r — dj(n; — )| (OA.9)
CI—HVCA
1436’ 146" v V2u 0,246
<2 Cu 0971+5/2 + T(146")/2
1+6' 1+5’
C CB 1+6/2 C 1+5

+ H1+§/

T(1+5/ /2 Hnl + m an an )

. k
where the bounds on E H\/T(Gz —0,)|| ,k=140/2,2+ 6 follow from lemma A.2.1.

Take weighted sums Z?;NH w; x B|Y;r — di(n; — n1)|"+?". Then for the first two terms

it holds that

146’ 146’
Cl+6CA CV—;_M Ce 240 ClJr(SCA C 2 Oe 2+96
Z winCyg, Cgaiise t T(+5)/2 Vi Co145/2 T T(1+5’)/2 ’

i=N+1

since constants are independent of i. For the third and the fourth term of eq. (OA.9), it

(149")

is sufficient to observe that by lemma A.2.4 sup, Zfiﬁﬂ win |7 — 7)™ < oo and
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Hl-‘r(S’ < 0.

N
SUPN D iy Win |7 —
Hence, both sums in eq. (OA.8) are bounded uniformly over N. Taking N — oo shows

the original sum of interest converges to 0. [
Finally, we present the proof of theorem OA.1.1.

Proof of theorem OA.1.1. Using the fact that Zf\il w; vy = 1 and recalling that N > N we

write

ﬁ(ﬂ( szNYzT—szNYzT-F Z Wi NYiT .

i=N+1

The first sum contains the units whose weights are allowed to be asymptotically non-

negligible. By lemma OA.1.3, as N,T — oo jointly, it holds that

N N N N
=1 =1 =1 =1

The second sum contains the units whose weights satisfy sup,.yw;n = o(N~Y/2). By

appealing to lemma OA.1.2, we show that ZZ N1 WiNYiT R (1 - Zfil wz-) diym as

N, T — oo jointly. We turn to verifying the conditions of lemma OA.1.2:

1. Assumption 1 (large T step): follows from lemma 1 as

Yir = A ~ N (dy(n; —m),dyVidy)

2. Assumption 2 (large N step): by lemma OA.1.4 Z L w; vA; converges in proba-

i=N+

bility to — (1 - wi> dim
3. Assumptions 3-6 are verified by lemmas OA.1.5-OA.1.8, respectively.

Last, by Slutsky’s theorem

szNY;T + Z w; NY5T

i=N+1
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i=1

N N N

which establishes the claim. O

OA.2 Alternative Loss Functions

It may be of interest to measure the quality of the averaging estimator using criteria other
than the mean squared error (MSE). Generically, let [ be a loss function, and suppose that

we measure estimation quality with the corresponding risk:

R(u(81), fu(ww)) = E[I(u(6,), iwn))] (0A.10)

In this section, we extend the analysis of the main text to accommodate two different
classes of loss functions [. First, in section OA.2.1 we show that R(u(6,), i(wy)) behaves
essentially like the MSE for a broad class of smooth loss functions. In this case the
MSE-optimal weights of section 2 also serve as feasible risk-optimal weights under the risk
R. Second, in section OA.2.2 we obtain an explicit local approximation to the risk if [
is the absolute loss, in which case R is the mean absolute deviation (MAD). The local
approximation to the MAD is different from the MSE, but still amenable to minimization

over averaging weights. The proofs for this section are collected in subsection OA.2.3.

OA.2.1 Smooth Loss Functions

We consider the class of locally quadratic loss functions (Hansen, 2016). Intuitively, a loss
function is locally quadratic if it is a smooth function of the estimator, and the corresponding
second derivative is nonzero when the estimator is close to the target value; assumption
OA.A.1 below provides a formal definition. This is a broad class of loss functions that
includes the squared and linear-exponential losses, losses based on smooth non-linear utility

functions, and various integrated losses such as the Hellinger distance; see section 2.2 in
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Hansen (2016) for a list of examples.

For locally quadratic losses, the corresponding risk (OA.10) behaves like the MSE up
to a negligible difference term in our framework, as theorem OA.2.1 below shows. The
local approximations for the MSE of section 3 of the main text are then also valid local
approximations for risk (OA.10). In practical terms, this result means that one may use
the fixed-N and large- N weights of eqs. (4) and (6) as feasible minimal risk weights for risk

(OA.10).

Formally, we assume that the loss function [ in eq. (OA.10) satisfies the following

assumption:

OA.A.1 (Locally quadratic loss). (i) The function l(-,-) is defined on u(©) x u(O)
where © is the parameter space (as in A.3) and u(0) is the image of © under .

(i1) 1 is a loss function: the function [(-,-) satisfies l(x,z) = 0 and l(z,y) > 0 for
z,y € u(0), = #y.

(i1i) 1 is smooth: for any x € u(0O) the function l(x,y) is at least three times differentiable
my.

(iv) Bounded second and third derivative: let 951(-,-) be the kth partial derivative of I(,-)
with respect to its second arqument. Then there exist finite constants Cy such that
supwe“(@)}agl(:c,yﬂ < Cy for k =2,3.

(v) Nonzero second derivative around target value: there exists a € > 0 such that ||z — y|| <

e implies that |051(z,y)| > €.

Assumption OA.A.1 formally defines the class of locally quadratic loss functions. It is
fairly mild and covers a number of standard loss functions, as noted above. Condition (iv)
holds if the parameter space © is compact and (i)-(zii) hold; alternatively, (iv) may be
relaxed to an integrability condition by trimming the loss as in Hansen (2016).

We now show that risk OA.10 locally behaves similarly to (scaled) MSE, up to a negligible
component. Let the weight sequence wy = (w; ) be as defined before theorem 1 in the

main text.
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Theorem OA.2.1. Let condition A.3 hold with 6 > 2. Let the conditions of theorem OA.1.1
hold. Let the loss function l(-,-) satisfy OA.A.1.
Then (i) for any N and any T > Ty the risk (OA.10) of the unit averaging estimator is

finite; (ii) as N, T — oo jointly, it holds that
T x R(u(6)), fitwy)) = T x (%agz (1(02), 1(6,)) % MSE(ﬂ(wN») +o(1). (OA1)

Intuitively, for locally quadratic losses, the risk of a consistent estimator is dominated
by its (suitably rescaled) bias and variance. Accordingly, minimizing the MSE of the unit
averaging estimator also approximately minimizes its risk (OA.10). See also Hansen (2016)

for a similar result for shrinkage estimators in parametric settings.

Remark OA.2.1 (Higher-order loss functions). The assumption of a (locally) nonzero
second derivative is crucial to the results of theorem OA.2.1. Eq. (OA.11) does not hold if
the loss function I(-,-) is a higher-order loss in the sense that 03l(x,z) = 0 for all z; the
quartic loss I(z,y) = (r — y)* is an example of a such a function.

However, it is possible to obtain results in the spirit of theorem OA.2.1 for higher-order
losses. Suppose that (-, -) is a kth order loss in sense that 0J1(z,z) = 0 for j = 0,1,... k—1
and 0¥1(z, r) is bounded away from zero for some even k. In this case T*2R(u(0,), fi(wy)) =
T2 E [(1(61) — f(wn))¥]40(1). In turn, an explicit local approximation for 7%/ E[(y(6;)—

fi(wy))*] may be obtained by suitably modifying the proof of theorem 1 in the main text.

OA.2.2 Absolute Loss

An important loss function that does not satisfy OA.A.1 is the absolute loss, which leads to

the mean absolute error (MAD):
MAD(ji(wy)) = E[|(wy) — pu(61)]]-

The following theorem shows that an explicit local approximation to the MAD is possible,
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although the expression is notably different from that for smooth loss functions.

Theorem OA.2.2. Let conditions of theorem OA.1.1 hold.

Then (i) for all N,T > Ty, the MAD of the averaging estimator is finite; (ii) as

N, T — oo jointly, it holds that

TY? x MAD(ji(wy))

. 2
N N d'n: — d
2 <Zz: w;iAnT; 0"71>
— E w?d{)‘/}do\/jexp — : < (OA.12)
i=1 & 2 Zi:1 wZ‘Qd()VEdO

N N
-1 widym; — dg
. <Z widym; — d6n1> 1—2® 2 “j 0" o™
. \/Zf\il widyVidy

Feasible minimum MAD weights may now be obtained by replacing the population

quantities in eq. (OA.12) with the estimators of section 3 and minimizing the resulting

function.

OA.2.3 Proofs For Section OA.2

Proof of theorem OA.2.1. To begin, we expand [ (u(0;), fi(wy)) around 1(6;) to obtain

L(01), o)) = (01, 1(80)) + 0o (1(61), u(61) (1(61) — fi(wo)
+ SO (0(01), 1) (n(61) — o))

= SOR1(u(6), ) (1(6:) — fawx))*, (0A.13)

where 051(-, ) is the derivative with respect to the second argument of I; fi lies in the interval

between 1(6;) and fi(wy); and we use that [ (1(60;), 1(61)) = 0ol (14(601), 1(61)) = 0 under
OA.A.1.

By OA.A.1, 931 (u(61), t)| < Cy for some finite constant Cy. (i) then follows from eq.

(OA.13) and theorem 1 as E [(u(6;) — ﬂ(wN))2] < oo for all N, T > T.
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We now turn to establishing (i¢). By equation (OA.13), the risk (OA.A.1) can be written

R(p(61), fi(wy))

_ %agz (1(6:), 11(6:)) MSE(ji(wn))
+ B [(030 (2(61), /1) — 051, (1(81), j(61)) (u(61) — fr(wn))’] . (OA.14)

where the existence of the last moment in eq. (OA.14) is established below in eq. (OA.16).
To bound the moment term in eq (OA.14), first note that by OA.A.1 and the mean

value theorem it holds that

|51 (1(61), 1) — D51 (1(61), 1(61))] = |95 ((01), j2) (11(61) — )|

< Cs|p(61) — fi(w)]

20,
where /1 lies in the interval between 1(6;) and fi; the penultimate line uses that f lies in the
interval between p(6;) and ji(wy); and where the last line follows from theorem OA.1.1.

Applying theorem OA.1.1 again, we conclude that
(GBL(1(6)), i) — D31 (1(81), p(6:))) T (1(61) — u(wn))? 2 0. (OA.15)

Further, by applying lemma A.2.2 with § > 2 and suitably modifying the proof of theorem

1 it may be seen that

sup B[V (1) - i)

N,T>Th

4
< 0Q.

Accordingly, the random variable in eq. (OA.15) is uniformly bounded in L3 (n-a.s.) as
E [|(051 ((61), f1) — 951 (11(61), 11(61))) T (11(61) — fulwi))*[*/?]
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< sup C’§/3E “ﬁ(ﬂ(al) — wn))

N, T>Ty

4
} . (OA.16)
By the dominated convergence theorem and eqs. (OA.15)-(OA.16) it now follows that

E [(831 (14(61), f1) — 051 (14(61), M(91>>) T (1u(61) — ﬂ(’wN))Q] — 0 (OA.17)

Eq. (OA.11) now follows directly from eqs. (OA.14) and (OA.17). O

The proof of theorem OA.2.2 on the local normality result of theorem OA.1.1. We

establish that the moments of the estimator converge to the moments of the limit distribution.

Proof of theorem OA.2.2. First, the MAD of the averaging estimator is finite since by

Holder’s inequality it holds that

VTE [|itwy) = p(60)]] < y/T X E [(fwy) = u(61))"] (0A.18)

The proof of theorem 1 establishes that it holds that

sup T x MSE (i(wy)) < oc. (OA.19)

N, T>Ty

(1) follows.

Second, by theorem OA.1.1

N N
VT (j(wy) — p1(61)) = N (Z widyn; — dymr, > w?dswo) . (OA.20)
=1 =1

The first absolute moment of the limiting random variable in eq. (OA.20) is given by
the right hand expression in eq. (OA.12) (Elandt, 1961). The first absolute moment of
VT (fi(wy) — 12(8,)) is exactly TY? x MAD(ji(wy)). This random variable is uniformly

bounded in L? by eqs. (OA.18)-(OA.19). Accordingly, this first absolute moment (scaled
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MAD) converges to the first absolute moment of the limit by the dominated convergence

theorem from from egs. (OA.18)-(OA.20). O
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OA.3 Confidence Intervals with the Minimum MSE

Unit Averaging Estimator

Inference based on the minimum MSE estimator is challenging. A valid confidence interval
(CI) must account for the variability of the individual estimators, the variability in the
estimated weights, the bias of the averaging estimator, and the uncertainty about the bias.

In this section, we propose a practical simulation-based CI that tackles all four of the
above challenges. In order to motivate its construction, we first propose a valid two-step
asymptotic CI (subsection OA.3.1). This asymptotic CI may be challenging to compute
in practice. Accordingly, we propose a one-step simulation-based CI based on the same
principles as the asymptotic CI (subsection OA.3.2). This CI is straightforward to compute

and shows favorable coverage and length properties in a Monte Carlo study (see subsection

0A.4.4).

OA.3.1 Asymptotic Confidence Interval

To motivate the confidence intervals of algorithms 1-2, we first recall the result of theorem
OA.1.1. Let N be a fixed positive integer, {wy} an N-vector of weights that does depend
on data, and let (win,...,wyy) — (w1,...,wy), where Zil w; = 1 (we consider the
fixed-N case, the extension to the large-N case is immediate). Then the unit averaging
estimator satisfies

N

VT (ju(wy) — p(61)) = N (Z widy(ni —m), Zw?dé%d()) -

i=1 i=1

For clarity, we assume that dy and {V;}le are known; these parameters can be consistently
estimated as in the main text.

If {n;}¥, were known, it would be possible to compute the true optimal weights

w’ ;= arg min w' ¥ yw, (OA.21)

wNeAN
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where W is an N x N matrix with elements [®y];; = df) ((n; — m1) (m: — m)" + Vi) do and
(O xlis; = dy(m —m) (n; —m) do.
As the optimal weights w® do not depend on the observed sample, a valid (1 — ) x 100%

asymptotic confidence interval for 1(61) would then be given by

o S8 w2y Vidy S iy, — )
VT VT

N —
flwy) + “l-a/2 \/Zizl w?déwdo _ 21]12 widy(n; —m)
VT VT

[ﬂ(wzv) -

, (OA.22)

where z, is the ath quantile of the standard normal distribution.
The key obstacle to forming interval (OA.22) is the unavailability of consistent estimators
for m; in the local framework (see the discussion before lemma 2). There is non-diminishing

uncertainty around both the bias terms dy(n; — 11) in (OA.22) and the optimal weights w°.

Algorithm 1: Asymptotic (1 — a — ) x 100% Confidence Interval for 1 (6;)
1 Let Ly be an (1 — ) x 100% asymptotic confidence set for
(do(m2 —m),....do(ny —m));
2 for each guess E € Ly  do
3 Form the N x N matrix ¥% as [¥]11 = dyVidy, (Wi = [\Il’fy]zl =0,
(W )i = (Ef)? + dyVido and [®45 ], = EFEf fori,j =2,...,N,i#j.
4 Define i )
w?” = argmin wN,\I'“NwN.
wNecAN
5 Define
) — ) SV DL WEdVidy S, B
my = a(w™) — —
NI . VT VT
Mo () — (B 4 SV D 0 P Vidy 5 P By
N VT VT
where z,, is the ath quantile of the standard normal distribution.
6 end
7 Define
Iyr = [EI?EV . my r(E"), PP My (E")

To fully account for the above uncertainty, we propose a two-step interval Zy 1, formally
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constructed in algorithm 1. First, we form a confidence region Ly that asymptotically
contains the true value {d}(n; —n1)}Y., with probability at least 1 —~. Each point in L NT
then forms a guess for the true bias parameters (dy(ne —m1), ..., dy(ny —m))’. Second, for
each candidate bias vector E* in Ly 7, we form the corresponding optimal weights (OA.21).
For these weights and the guess E* for the bias, we form an interval of the form (OA.22).
The overall CI Zy r is the union of such intervals for all of the values of E* considered.

A suitable asymptotic confidence region Ly ;- for the bias parameters can be formed

using lemma 2. The lemma implies that

\/T <,U <é2> —H (él>> Ay — Ay
: = : , (OA.23)
o) -0(0))) oo
Ay — Ay dy(n2 — m) dy(Va+Vi)dy - dyVidy
~ N ,
Ay =M do(ny —m) dyVidy o dy(Vy +Vi)d

Ly may then be formed as the highest density region of A = (Ay — Ay,..., Ay — Ay),
replacing dy and V; with cil and ‘A/; if necessary (see remark OA.3.1 below for an example
construction).

As the following theorem shows, the interval of algorithm 1 has correct coverage. The

proof of theorem OA.3.1 can be found in subsection OA.3.3.

Theorem OA.3.1. Let assumptions A.1-A.5 hold. Let interval Ly be defined as in

algorithm 1. Then

liminf P (u(61) € Iy r) > 1—a—1.
T—o0 ’

Interval Zy  tackles all four challenges set out at the beginning of section OA.3. It
accounts for the variability of the individual estimators and the variability of the averaging

estimator due to sampling uncertainty. It does so by including a suitable asymptotic variance
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term in myg 7 and My (see alg. 1). The last term in my  and My r accounts for the bias
of the averaging estimator. Finally, searching through the confidence region Ly ; quantifies
the uncertainty in the bias parameters and the variability in the averaging weights due to
1. The coverage guarantee of Ty 1 stems from the fact that Ly includes the true bias

vector with a high probability.

OA.3.2 One-Step Confidence Interval

In practice, it may be challenging to store Ly, in the memory of a computer. If Ly r
is discretized into a grid of points, the number of potential candidate vectors E* scales
exponentially with N.

To overcome this challenge, we propose a one-step interval, formally defined in algorithm
2. In it, we replace an asymptotic confidence set Ly with an approximation based on
bootstrapping the individual time series. Intuitively, we use each bootstrap sample directly
to form a possible guess E*, instead of precomputing and storing the confidence region
Ly 7. For each such bootstrap guess, we compute the corresponding averaging weights and
the debiased averaging estimator. The interval IJJ\%T is formed using the quantiles of the
bootstrap estimates. I}\%T captures both the variability of the estimator and the uncertainty
about its bias.

There are two key parallels between intervals I}\%T and Zy . First, algorithm 2 implicitly
constructs a bootstrap version of Ly r for v =0 as B — co. Second, algorithm 2 quantifies
the variability of the averaging estimator by computing the bootstrap unit averaging
estimators 4(*)(w). Interval Zy ; instead uses both the asymptotic distribution of ji(w),
and the guesses in Ly .

Given the above parallels, the asymptotic validity of the one-step interval ZZ  follows

N, T

from the validity of the boostrap method applied to the individual time series and theorem
OA.3.1.

In the simulation study of subsection OA.4.4, we find that I]Eé - enjoys favorable coverage
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Algorithm 2: One-step (1 — «) x 100% Confidence Interval for 1(6,)

1 Draw B bootstrap samples of the data, using the full cross-section and only resampling
the time dimension observations (e.g. using the stationary bootstrap (Politis and
Romano, 1994))

2 Set b =1 and while b < B do
3 Run individual estimation on the bth bootstrap sample to obtain {0 DN } *, and the
corresponding estimated variances {V( e
4 Set
d( I v/ " (g(b)>
&) . A(b) (b) 5(b) : .
5 Form the matrix Wy’ using {6, } ,, {V N ., and d;y”. according to the expression
after eq. (3) in the main text.
6 Compute the bootstrap minimum MSE averaging weights w(®) using \ilsg) according to
eq. (4) in the main text.
7 Compute the debiased unit averaging estimator in the bth sample as
N b 5(b
0 0 Sieid @~ 6Y)
N, T VT ’
N
w) =3 win(@6”)
i=1

8 if b < B then

9 | Setb=0b+1.
10 end
11 end

12 Define the one-step confidence interval Z 5 o as

I8, = [qNT<a/2> ar(1-a/2)],

where qz(\’l;)T( ) be the 7th quantile of mEV)T (across b).

and length properties. Compared to the CI based on the individual estimator only, Iﬁ T
generally has the same coverage, but is somewhat shorter. This reduction in length is
stronger if the minimum MSE estimator is comparatively more efficient than the individual

estimator.

OA.3.3 Proof of Theorem OA.3.1

Proof of theorem OA.3.1. Let ET™¢ = (dj(n2 —m1), - - ., dy(ny — m1)) be the true values of
the bias parameters, and let Fy be the probability when the true heterogeneity parameters

are [y, 7,..,my]. Define the event Ayy = {u(81) € [my p(ET™), My 7(BT7)}.

)
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Observe that since {V7, ..., Vi } are the asymptotic variances of individual estimators under
Fy, it holds that Py(Axyr) = 1 — a.
Now also define the event that the true bias components are captured by the ellipse

Lyr: Bygr={E"" € Lyz}. Then
liminf Py(Ay r) = liminf | Py(Ayz N By.r) + Fo(Ayz N va,T)] =1-a
By definition of Ly 7, limsupy_,., Po(Bg ;) < 7, which implies that
h&{;‘f Po( Ayt NByr)>1—a—1. (OA.24)

When By 1 holds, ETree ¢ [ ~nr- Thus ETm¢ is one of the values E* considered in the

second step, which implies that under the event By

[(m(E"™), M(E"™)] C | min my(E"), max My p(E")| =ZIyy. (OA.25)

ENELN,T ENEL](I’T

Combining eqs. (OA.24) and (OA.25), we conclude that
lim inf Py ({4(61) € Zy,r} N Bygr) > 1—a—7.

Last, trivially it holds that Py ({4(61) € Zx.r}) > Po ({u(61) € {(61) € Iy} } N Byr),

which yields the desired statement about coverage of Zy

liTHi)ingO ({u(61) €Zyr}) =21 —a—1.

]

Remark OA.3.1 (Forming Ly, for N = 2). The key ingredient of algorithm 1 is the

confidence region Ly . Such an region may be based on the convergence relation (OA.23).
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For example, if N = 2, then

VT (u (92) — <é1>> — 2142V d(Va + Vi)dy,

Loq =

VT (,u (é2) — U <é1)> — 27/2\/d6(V2 + Vi)d,

forms a suitable (1 —+) x 100% asymptotic CI for d}(n; —n), where z, is the 7th quantile of
the standard normal distribution. Vi, V5, and dy may be replaced by consistent estimators.

This logic generalizes to higher dimensions.
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OA.4 Further Materials for the Simulation Study

In this section, we extend the analysis of the Monte Carlo study of section 4. First, we
consider two further focus parameters and an additional sample size T" = 180 for the
estimators of section 4 (subsection OA.4.1). Second, we analyze how the performance of
the large- IV estimators depends on their tuning parameters (subsection OA.4.2). Third, we
study the weights generated by the minimum MSE estimator (subsection OA.4.3). Finally,
we analyze the coverage and length properties of the confidence interval of section OA.3.2
(subsection OA.4.4).

The overall practical conclusions are broadly in line with the results of sections 4-5.
In the absence of prior information, we recommend using the fixed-N or the top units
large- N estimator. Both offer gains in the MSE for all focus parameters almost everywhere
in the parameter space, without need for prior information. Furthermore, the top units
specification is generally insensitive to the number of top units, while the fixed-N estimator
has no tuning parameters. However, if prior information is available, using it can yield
stronger improvements in the MSE.

The design of the study is as in section 4, with three additions. First, we consider a new
intermediate value of T' = 180. This value lies between the moderate- and large-T" settings,
with an average t-statistics of 5 (see remark 1). Second, we consider two additional focus
parameters — the coefficient 4; and the MSE-optimal forecast for y,711 given 17,1 = 1 and
y1r — the conditional expectation Ely1711|yir, 21741 = 1] = Myir + B1. We evaluate the
performance of the averaging estimators for the same grid of values of A\; as in the main text.
Note that both new focus parameters are sample-dependent, even for a given value of \;. The
key measure of interest — the MSE of the form E [(ji(w) — u(61))*|A\1 = ], A\; € [0.2,0.8] —
averages over the distributions of these focus parameters. Third and last, we consider an
additional “coefficient pre-clustering” data-driven large-N specification. For this approach,
we first cluster the individual estimates into k clusters using k-means. The units allocated

to the cluster of the target unit are left unrestricted.
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OA.4.1 MSE for All Sample Sizes and Focus Parameters

In this section, we report the results of estimating all three focus parameters (A1, 5, the
optimal forecast E [y1741|y17, T1741]) using the estimators considered in section 4. We also
use the pre-clustering large- N estimator defined above with k£ = 4 coefficient clusters. The
results are visually presented on figs. OA.1-OA.5. On figs. OA.1-OA .3, we plot the MSE of
each averaging approach relative to the MSE of the individual estimators. Additionally,
figs. OA.4-OA.5 depict the bias and the relative variance of the averaging estimators for
w1(61) = A for all values of (IV,T') considered. Note that in this case the focus parameter is
held fixed for each given value of A\{, permitting the bias and the variance to be computed.

A common pattern in figs. OA.1-OA.5 is that the fixed-V, the associated top units
large-N, and the “most similar” large-N estimators offer gains in the MSE for (almost) all
values of A\; considered. The results for these estimators align with those in the main text,
to which we refer for discussion.

The other estimators generally perform worse for at least one parameter for a non-trivial
share of \;. For example, pre-clustering coefficients performs favorably for estimating A,
but does not improve forecasting or estimation of 5y relative to the individual estimator (fig.
OA.3), paralleling the results of the empirical application (see section OA.5). The mean
group and the AIC-weighted estimators for 3; and the forecast perform worse than the
individual estimator by an order of magnitude, and thus are not reported on the figures.

There are several other features of interest in the results. First, the gains in the MSE for
T = 180 are stronger than for T'= 600 and weaker than for 7" = 60, as expected. Second,
recall that $; and A\; are independent. Consequently, the reported MSE for 3; and the
forecast averages over the unconditional distribution of £;. Third, the MSE for ; and the
forecast depends on the value of A\; through the value of the focus parameter (the forecast
only) and the statistical properties of the individual estimator of unit 1. The dependence on
A1 is somewhat complex for the forecast, as \; affects both the actual value of the forecast

and the distribution of y7.
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Figure OA.1: MSE of unit averaging estimators relative to the individual estimator. Focus
parameter ;(601) = A;. Note: part of this figure is reported as fig. 1 in the main text.
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Figure OA.2: MSE of unit averaging estimators relative to the individual estimator. Focus
parameter ;(6,) = ;. Note: mean group and AIC estimators have MSE>1.5, and are not
captured by the plot.
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Figure OA.3: MSE of unit averaging estimators relative to the individual estimator. Focus
parameter (601) = E[yiri1|yir, x1741 = 1] (MSE-optimal forecast for y;r41). Note: mean
group and AIC estimators have MSE>1.5, and are not captured by the plot.
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Averaging estimators, p(6;) = Ay, relative variance
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OA.4.2 Choice of Unrestricted Units

The set of unrestricted units acts as a tuning parameter for the large-/N estimator. In
this section, we examine how the choice of this set affects the performance of the large-
N estimators of section 4, along with the pre-clustering large-N specification. For the
estimators considered, the set of unrestricted units is fully determined by a scalar parameter
(except for the Stein-like estimator that has no tuning parameters). Specifically,

e For the “most similar” estimator, the scalar parameter is the number & of units whose
parameter vector 6; is closest to the parameter vector 6, of the target unit. We
consider five specifications for k, two of which are independent of N (k = 10,25) and
three that depend on N (k= 0.1N,0.25N and 0.5N).

e For the top units specification, the parameter is the number k& of the units with the
largest fixed-IN weights. We consider the same values of k as for the “most similar”
estimator: k£ = 10,25,0.1N,0.25N,0.5V.

e For the pre-clustering, the parameter is the number £ of coefficient clusters. We
consider k = 2,4, and 8 clusters.

Figs. OA.6-OA.14 report the MSE, bias, and variance for the specifications considered. We
report the results only for 1(6;) = Ay, as the ranking of the estimators is identical for the
other two focus parameters.

As in the main text, the flexibility of the estimator controls a trade-off between stronger
improvements for units close to the mean E[\;] = 0.5 versus a stronger improvements for less
typical units. The trade-off appears for all of the estimators, though it is less pronounced
for the top units estimator (fig. OA.9). This trade-off is not identical to the bias-variance
trade-off. More flexible estimators have uniformly lower bias (figs. OA.7, OA.10, OA.13).
However, there is no uniform domination in terms of the variance: more flexible estimators
have lower variance for more extreme values of Aq; less flexible estimators have lower variance
for A\; closer to the E[\].

The performance of the top units estimator only weakly depends on the number of the
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top units chosen. The MSE profile of the estimator is close to that of the fixed-N estimator,
although it is also somewhat affected by trade-off described above.

In contrast, the MSE profile of the “most similar” and the pre-clustering estimators
varies more strongly with their tuning parameters. The variation follows the above trade-off
as well, and no specification dominates any other. However, all the specifications yield an
improvement over the unit-specific estimator, provided the cross-section is large enough

(except potentially for A; ~ 0.8, see the discussion in the main text).
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Figure OA.6: Relative MSE of large-N averaging estimators using coefficient similarity
information. Focus parameter 1(601) = A\;. * — specification reported in the main text.
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Figure OA.9: MSE of top unit large-N averaging estimators relative to the individual
estimator. Focus parameter p(60;) = A;. * — specification reported in the main text.
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Figure OA.10: Bias of top unit large-N averaging estimators. Focus parameter p(6;) = A;.
* — gpecification reported in the main text.
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Figure OA.12: MSE of large-N averaging estimators with coefficient clustering relative to
the individual estimator. Focus parameter 1(6;) = ;.
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OA.4.3 Optimal Weights and Unrestricted Units

We now take a deeper look at the weights and the unrestricted unit chosen by the minimum

MSE estimators of this simulation study. Specifically, we consider:

(i)

(iii)

The weight assigned to the target unit. On figs. OA.15-OA.17, we plot the average
weight assigned to unit 1 for all of the focus parameters considered (A, 51, and the
optimal forecast Ely1711|v1r, 21741 = 1]). Note that fig. OA.15 expands on fig. 3 in
the main text.

The weights assigned to non-target units, as a function of their own parameter value
and the value of the target parameter. On figs. OA.18-OA.21, we report the expected
weight assigned to a unit with parameter \,; when the focus parameter is A\, for all
possible values of (A1, Auit)-

The probability of a non-target unit being unrestricted, as a function of their own
parameter value and the value of the target parameter. This probability is reported
on figs. OA.22-OA.24 for the large-N estimators of subsection OA .4.1.

The average maximum difference between the weights of restricted units for several
large- N estimators vs. the weights assigned to those units by the fixed-N estimator
(fig. OA.25).

The average difference in total mass assigned to the restricted set by several large-IN

estimators vs. the total mass assigned to those units by the fixed-N estimator (fig.

OA.26).

Our key result is that the minimum MSE estimator is responsive to the target value in the

following three senses. First, the estimator assigns larger weights to units with more similar

values of the target parameter, regardless of the weighting scheme (figs. OA.18-OA.21).

Second, the estimator detects whether the target unit is close to the mean or closer to

the boundaries (figs. OA.15, OA.22-OA.24). In the former case, it assigns less weight to

the target unit. Instead, it places more mass on the restricted set, which estimates the

expected value of the target parameter with greater precision. In the latter case, more
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weight is assigned to the individual-specific estimator of the target unit. Third, the large-N
estimators with data-driven unrestricted unit sets (top units and pre-clustering) select units
with similar values of the target parameter into the unrestricted set (figs. OA.25-OA.26).

The flexibility of the estimator significantly influences the dispersion of the weights.
More flexible estimators spread the weights more widely across non-target units, as can be
seen by contrasting the weights of the fixed-N estimator (fig. OA.18) with the weights of
the “most similar” large-N estimator (fig. OA.19). More flexible estimators also place less
weight on the target unit for all focus parameters and sample sizes (OA.15-OA.17).

The value of \; is another key driver of the weights and the unrestricted units. For
A1 close to E[\] = 0.5, all of the weighting schemes spread their weights more widely
and assign lower weights to each given unit (figs. OA.18-OA.21). Two factors drive this
effect. First, there are generally more units with A; close to E[)\;] under the DGP. Spreading
the unrestricted weights across such units permits a greater reduction in variance without
any increase in bias. Second, the restricted component, if present, estimates E[\;] with
high precision (recall that the restricted units are assigned equal weights, see section 2).
Accordingly the estimators also place a larger mass on the restricted set in this region (fig.
OA.26). In contrast, if \; is more extreme, units with similar \; are relatively scarce. In
this case, similar units receive relatively higher weights, more weight is assigned to the
individual estimator of unit 1, and less weight is given to the restricted set.

Finally, the two data-driven large-N procedures (top units and pre-clustering) select
similar weights, but differ somewhat in their unrestricted sets (figs. OA.20-OA .21, OA.23-
OA.24). The difference arises for A\; close to E[A;]. For these values, each individual unit
has a notably lower probability of being unrestricted for the top units estimator than for
the pre-clustering estimator. This effect is driven by the fixed size of the unrestricted size
of the top units estimator (10% of N) and the greater abundance of units with \; close
to E[\;]. In contrast, the unrestricted set of the pre-clustered estimator does not have a

limited size, and so it consistently includes all units within a given distance of ;.
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OA-51



Minimum MSE estimators, p(61) = E(yir+1|yr, 1741 = 1)
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Figure OA.19: Average weight of a unit with \; = A, for estimating p(61) = ;. Large-N

estimator (10% most similar units are unrestricted)
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Figure OA.20: Average weight of a unit with \; = A\, for estimating p(61) = ;. Large-N
estimator (10% units with largest fixed-N weights are unrestricted).
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Figure OA.21: Average weight of a unit with \; = A\, for estimating 1(6,) = ;. Large-N
estimator (estimated coefficients are preclustered in 4 clusters; units in the same cluster as
the target unit are the unrestricted units).
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Figure OA.23: Probability of a unit with \; = Ay being unrestricted for estimating
w(01) = A1. Large-N estimator (10% units with largest fixed-/NV weights are unrestricted).
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Figure OA.24: Probability of a unit with \; = A\, being unrestricted for estimating
1(61) = A\j. Large-N estimator (estimated coefficients are preclustered in 4 clusters; units
in the same cluster as the target unit are the unrestricted units).

OA-59



Average maximum difference in weights of unrestricted units
vs. fixed-N estimator, u(6;) =\

Large-N (most similar)
— =f]— - Large-N (cluster coefs)
— €| — - Large-N (top units)

N=50, T=30 N=150, T=30 N=450, T=30
0.48}
04|
0.32}
0.24f - = . r
/r AN &8 == TES -
a o LN a8 =8 =00~
0.16p— g = = = - ﬂ/ - r L.g
s,
N —ge—n [ Soo A \=\
0.08} Ben g™ e
= -n
Oﬁﬁé‘éﬁﬂ'ﬂwﬁ'ééﬁﬂ.ﬁ EE L 4t 4 4 24y G FE L qdddas g Lay
N=50, T=60 N=150, T=60 N=450, T=60
0.48}
04|
0.32}
0.24f PR
= & —0—0—0~
0.16 4 .4 ] L A =D o= B~
L~ N , . 5
O~ 5= & oy = A BN / \I\
0.08+ s g8 = ~ [ =2 s
E_QQQ <1'<1-<1-<}—<+€-<¥6€<1.Q,<] ~—g =T \m\E
N=50, T=180 N=150, T=180 N=450, T=180
0.48}
04|
0.32}
0.24f
0= - & -
0.16+ —O— By |
of \\ /: \ /;('B— B e 8 \n\
o o L} o
0.08} e \,\ Vs N L P h\
i !’
<4 < '<1-<}—<}—<-<}'€' dg = N A o
04 ﬂ*ﬁ-& FE 4L I-GCEFL I LT g FHFI GGG LS E<<
N=50, T=600 N=150, T=600 N=450, T=600
0.48}
04|
0.32}
0.24f
-—E]
0.16 /“/a-‘_! \c\ T B & 8 -8~ L - _
‘ ™ V4 \\ / s = = A :\
0.08} \ “ \ r o \:\
/
s e e e LU PP SOPPERPON S BPPBEIEE )
04 05 0.6 0.5 0.6 0.7 08 0. 3 0. 5 [ 7 [
A A Al

Figure OA.25: Average maximum difference between the weights of restricted units for
several large- N estimators vs. the weights assigned to those units by the fixed-/N estimators.
Estimators of section 4.
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Figure OA.26: Average difference in total mass assigned to the restricted set by several
large- N estimators vs. the total mass assigned to those units by the fixed-N estimator.
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OA.4.4 Confidence Interval Coverage and Length

We now turn to the coverage and length properties of the one-step confidence interval I]%T
for the focus parameter (subsection OA.3.2). We consider 5 equally spaced values for the
parameter \; € {0.2,0.35,0.5,0.65,0.8}. The sample sizes considered are N = 50,150 and
T = 60, 180. For each value of A\; and each pair (N,T), we draw 500 Monte Carlo samples.
The focus parameters are A1, 1, and E[y1741|y17, 21741 = 1]. In each sample, we compute
Iﬁ’T for each focus parameter, drawing B = 500 bootstrap samples. The bootstrap samples
themselves are drawn using the stationary bootstrap (Politis and Romano, 1994) with
expected block size |T"/3]. The target coverage level is 95%. For comparison, we also
compute a 95% bootstrap confidence interval based on the individual estimator of unit 1
only, using the same bootstrap samples. The results are reported in tables OA.1-OA.3.
We find that Zﬁ’T compares favorably with the CI based on the individual estimator. In
terms of coverage, I]’\%T generally matches the performance of the individual-only confidence
interval. The overage rates are close to nominal for all parameters, with some minor
distortions for p(6;) = A; for large values of ;. At the same time, the interval I]’g’T is

slightly shorter without loss of coverage. The reduction in length is more pronounced for

A =0.2 A =0.35 A =05 A =0.65 A =028
N | T | Ind Iﬁ - | Ind Ifg - | Ind IJ%,T Ind Iﬁ - | Ind I}\—? T
Coverage
50 60 || 0.90 091 | 0.89 0.89 | 0.90 0.90 | 0.90 0.90 | 0.90 0.87
180 1 0.93 0.93 1 0.93 0.93 092 0.92]093 0.93|0.92 0091
150 60 || 0.93 093 093 093091 091 091 091 091 0.89
180 1 0.95 0.96 | 0.94 094 094 094|094 0.93 | 093 0.92
Length
50 60 || 0.28 0.27 | 0.27 0.26 [ 0.25 0.25|0.22 0.21 | 0.18 0.17
180 || 0.17 0.16 | 0.16 0.15 | 0.15 0.15 | 0.13 0.13 | 0.11 0.10
150 60 || 0.29 0.27 | 0.27 0.27 [ 0.26 0.25 | 0.23 0.23 | 0.19 0.18
180 || 0.17 0.16 | 0.16 0.16 | 0.15 0.15 | 0.13 0.13 | 0.11 0.10

Table OA.1: Coverage and length of the one-step confidence interval based on the fixed-N
estimator (Z2 ) and the bootstrap confidence interval based on the individual estimator of

the target unit (Ind). Focus parameter: pu(6;) =\

OA-62



A =02 A =0.35 A =05 A1 = 0.65 A1 =08
N | T |Ind ZE_ | Ind ZZ_| Ind I}%}T Ind ZEZ_ | Ind ZZ,
Coverage
50 60 1093 0931091 092 093 093|091 091 092 0.93
180 | 0.94 094 1094 094 {093 0.93 | 093 0.93 ]0.93 0.93
150 60 1093 0931092 092093 093|093 0.93]0.93 0.93
180 | 0.92 092 1092 092 092 092|092 0.92]0.92 0.92
Length
50 60 || 043 042|043 043 [ 043 042|043 043 ]0.43 0.43
180 | 0.25 0.25 1 0.25 0.25 [ 0.25 0.25|0.25 0.25]0.25 0.25
150 60 || 043 043|043 043 [ 043 043|043 043 ]0.43 0.43
180 || 0.25 0.25 ] 0.25 0.25 [ 0.25 0.25|0.25 0.25]0.25 0.25

Table OA.2: Coverage and length of the one-step confidence interval based on the fixed-N
estimator (Z2 ) and the bootstrap confidence interval based on the individual estimator of
the target unit (Ind). Focus parameter: p(6,) = 5

A =02 A =0.35 A =05 A1 =0.65 A1 =0.8
N | T || Ind I}%T Ind I}%T Ind IE’T Ind I}%T Ind I}%T
Coverage
50 60 | 0.95 096 095 0.95 095 095|094 094|094 0.94
180 | 0.94 094 1094 094 095 094 {095 0.95|0.94 0.94
150 60 1094 0941092 092 091 091|091 091 091 091
180 | 0.93 0.93 1094 094 [ 0.96 0.96 | 0.95 0.95]0.95 0.95
Length
50 60 | 1.47 148 | 2.42 242 | 359 3.59 | 515 5.14 | 744 7.42
180 || 1.34 1.35 | 2.34 235 |3.59 3.59 | 523 5.23 |8.01 8.00
150 60 || 1.44 144 | 232 232|343 343|489 488 |7.12 T7.11
180 || 1.30 1.30 | 2.24 2.24 | 342 3.42 | 498 4.98 | 7.61 7.60

Table OA.3: Coverage and length of the one-step confidence interval based on the fixed-N
estimator (Z% ) and the bootstrap confidence interval based on the individual estimator

of the target unit (Ind). Focus parameter: u(0y) = E[yiri1|y1r, x1741 = 1]. Note: the
estimated depends on 7" and thus length properties not directly comparable across T'

points where the fixed-N minimum MSE estimator is relatively more efficient (see also the

the results of subsection OA.4.1).
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OA.5 Further Materials for the Empirical Application

Here we present further estimation results for our empirical application to forecasting
regional unemployment for a panel of German labor market districts. The setting is as in
section 5, to which we refer for details. In subsection OA.5.1, we provide estimation results
that expand on the results in section 5. In subsection OA.5.2, we examine the weights

chosen by our minimum MSE estimator.

OA.5.1 Full Estimation Results

In this section, we present the full results for the MSE of the averaging estimators considered
in section 5. We also consider a coefficient pre-clustering large-N specification. For this
approach, we first cluster the coefficient individual estimates into k& clusters using k-means.
The units allocated to the cluster of the target unit are left unrestricted (see also p. OA-30).
Further, we consider the impact of the tuning parameters of the two data-driven large-/N
specifications (top units and pre-clustering).

Our results are visually presented on figs. OA.27-OA.28. First, fig. OA.27 plots the
geographical distribution of the MSE for all of the approaches and rolling window sizes
considered in the main text. Second, figs. OA.28-OA.29 expand on figs. 4 and 6 in the
main text by also considering the pre-clustering large- N estimator. Fig. OA.28 provides a
box plot for the MSE for all averaging approaches relative to the MSE of the individual
estimator. For the data-driven large- N specifications, this figure plots the results for a range
of tuning parameter values. Fig. OA.29 depicts the best-performing approach for each labor
market district (AAB). In contrast to fig. 6, it includes the pre-clustering large- N estimator,
but drops the Stein-like one for readability. This change does not affect the rankings, as the
Stein-like estimator is best only for the same two districts as on fig. 6.

The results presented in this sections are fully in line with the results of section 5, to
which we refer for a full discussion. Accordingly, here we limit ourselves to discussing two

aspects of the results which do not appear in section 4. First, we find that the choice
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of the tuning parameter has a fairly minor impact on the performance of the top units
and the pre-clustering large-N estimators. As fig. OA.28 shows, all of the specifications
considered have broadly similar MSE profiles, although less flexible specifications (top 10%
and 8 clusters) generally have more favorable worst-case performance. Second, the top
units large- N estimator appears to be somewhat better than the pre-clustering specification,
in line with the simulation results (section OA.4.1). Although the two approaches do not
dominate each other, figs. OA.28-OA .29 show that the top units estimator has a more
favorable MSE distribution and performs better for a larger number of labor market districts

(AABs).

OA.5.2 Optimal Weights

We turn to the weights chosen by the minimum MSE estimators in the empirical application.
Specifically, we consider:

e The weight assigned to the target AAB. Fig. OA.30 plots the average weight each
AAB receives when it is the target unit, split by the estimator and the rolling window
sizes.

e The average maximum difference between the weights of restricted units for the top
units and pre-clustering large- N estimators vs. the weights assigned to those units
by the fixed-N estimator. These results are plotted geographically for all AABs and
rolling window sizes (figs. OA.31-OA.32).

e The average difference in total mass assigned to the restricted set by the large-N
estimators vs. the mass assigned to those units by the fixed-N estimator (fig. OA.33).

We have also computed full geographic weight distributions for each AAB. The full set of
maps (one per AAB, averaging approach, and rolling window size) is available on request.

Together, figures OA.30-OA.33 reveal two divides in the allocation of weights — a

north-south and a urban-less urban one. Generally, AABs in southern regions (primarily

Bavaria, Baden-Wiirttemberg, and Hesse) and less urban AABs have considerably lower

OA-65



MSE Relative to the Individual Estimator

Estima£t10n window: 40 3.0

Estimation window: 60 Estimation window: 80

2.5

2.0

Fixed-N 1.5
1.0
0.5
0.0
3.0
2.5
2.0

Large-N s

(Stein) .

3.0
2.5
2.0

Large-N

(10% top units)

0.5

0.0
3.0

2.5
2.0

Mean Group

|
|
|
i

AIC

Figure OA.27: Geographic distribution of MSE relative to the individual estimator. Thin
lines denote borders of labor market districts (AABs). Unit averaging approaches considered
in the main text.
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Figure OA.28: Distribution of relative MSEs across labor market districts (AABs). Split by
different averaging strategies and estimation window size. Large-N (top %) — top units
large-N specification; Large-N (k clusters) — pre-clustering specification with & clusters.
Whiskers — 10th and 90th percentiles; box boundaries — 25th and 75th percentiles; box

crossbar — median. Note: the large-N (10%) specification is labeled “large-N (top units)”
on fig. 4 in the main text
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¢ @ Fixed-N
= i Individual
Large-N
s (10% top weights)
" ° Large-N
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Figure OA.29: Best averaging approach for every labor market district (AAB), including
the pre-clustering large- N estimator. Thin lines denote borders of AABs.

own weights, as fig. OA.30 shows. Further, there is a wider difference between the weights
of the restricted units and the weights assigned to those units by the fixed-/N estimators
(though the difference is at most 0.025, as figs. OA.31-OA.32 show). The total mass of the
restricted set is also higher for southern AABs (compared to the mass allocated to those

units by the fixed-N estimator; fig. OA.33). The opposite pattern obtains for the northern
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regions and for more urban AABs.

The results of section OA.4.3 suggest a possible explanation for the divide. In our
simulations results, units that lie closer to the mean of the focus parameter distribution have
lower own weight, higher mass assigned to the restricted set, and larger maximal difference
between the fixed-N and the large-N weights. A similar pattern hold for southern and
non-urban AABs. Accordingly, these AABs may be interpreted as being “typical” in the
sense of lying closer to the mean of the focus parameter distribution. In contrast, more
urban AABs (Berlin, Munich, AABs in the Rhine-Ruhr region, etc.) and northern AABs
may be viewed as being less similar to the average labor market district.

In other aspects, the results presented here agree with the simulation results. In
particular, as fig. OA.30 shows, more flexible estimators generally place lower weights on
the target unit for all regions and estimation window sizes. The same pattern appears in

our simulation results.
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Figure OA.30: Average weight each AAB receives when it is the target unit. Split by
estimator, AAB, and estimation window.
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Maximal difference in weights of restricted units
Difference of fixed-N and top unit large-N (top 10%)

T=40 T=60 T=80

0.024

0.022

0.020

0.018

0.016

0.014

0.012

0.010

Figure OA.31: Average maximum difference between the weights of the restricted units
for the top units large- N estimator vs. the weights assigned to those units by the fixed-N
estimator (for each AAB).

Maximal difference in weights of restricted units
Difference of fixed-N and pre-clustering large-N (4 clusters)
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Figure OA.32: Average maximum difference between the weights of the restricted units for
the pre-clustering large-N estimator vs. the weights assigned to those units by the fixed-N
estimator (for each AAB).
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Average difference in mass assigned to non-top units
Difference of fixed-N and top unit large-N

T=40 T=60 T=80

Figure OA.33: Average difference in mass assigned to the restricted set by the top units
large-N estimator vs. the mass assigned to those units by the fixed-N estimator (for each

AAB).
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OA.6 Unit Averaging for GDP Nowcasting

OA.6.1 Setting and Methodology

In this section, we provide an additional application of our methodology to nowcasting
quarterly GDP for a panel of European countries. GDP prediction provides another
natural application of our unit averaging methodology. There is evidence of considerable
heterogeneity between countries, yet at the same time pooling the data at least partially
improves prediction accuracy (Garcia-Ferrer, Highfield, Palm, and Zellner, 1987; Hoogstrate,
Palm, and Pfann, 2000; Marcellino, Stock, and Watson, 2003). The design of our application
follows standard practices in the nowcasting literature (Marcellino and Schumacher, 2010;
Schumacher, 2016). The literature on nowcasting is vast and we do not to cover it here. We
refer to Baribura, Giannone, Modugno, and Reichlin (2013) for a survey.

We use quarterly GDP data from 1995Q1 to 2019Q4 for 12 European countries: the
11 founding Furozone economies and the UK. We enrich our dataset with a set of 162
monthly GDP predictors for each country. The set of predictors include both real, price,
and survey data. Table OA.1 in the online appendix contains the complete list of variables
and descriptions. All non-survey data is available from Eurostat whereas the survey data is
available from the DG ECFIN. We use final data releases incorporating all revisions, making
our study a pseudo-real time one.

Our empirical design takes into account both the delays in publication of monthly
data (“ragged-edge problem”) and the impact of timing on the information set available
(“vintages” of data). First, the predictor variables are typically released with different delays
after the end of the corresponding month, which is known as the “ragged-edge” problem
(Wallis, 1986)." We adopt a stylized release calendar of bimonthly releases to account for this
(table OA.1 in the online appendix lists the release delay for all variables). Second, as the

quarter goes by, more data becomes available.? Each possible position in time determines

'For example, industrial production data is released 6 weeks after the end of the month, while survey
data is released at the end of the month without delay.
2For example, nowcasting Q4 GDP can be done at any moment between October 1 when no data on Q4

OA-72



a data “vintage”. We assume that a month has 4 weeks; in accordance with our release
calendar, we nowcast 6 weeks into the quarter (—6 weeks relative to quarter end), at quarter
end (0 weeks), and +4 weeks after the end of the quarter (GDP is released at 4+6 weeks).
Formally, let ¢ index months. Then v = —3/2,0, 1 is a fractional value that describes the
monthly position (or vintage) relative to the end of the quarter.

We nowcast GDP in quarter 3t using all information available at time 3t + v, separately
for each value of v € {—3/2,0,+1}. As we have a large number of predictors available at
monthly frequency, we opt for factor unrestricted MIDAS (U-MIDAS) (Foroni, Marcellino,
and Schumacher, 2015). Given v, for each country we estimate monthly factors f;; with fit|v

forallt =1,...,|T + v| using the full dataset available at T'+ v.” The GDP is modeled as

11

Yist = Qijy + Z Bikfofi |3t-+0—k]jo T Nijo¥is(—1) T €i3tfvs
k=0

where y;3; is GDP of country ¢ in quarter 3¢ and €; 3, is the prediction error. The country
factors estimates fmv are extracted from the large set of predictor variables using the
EM-PCA method (Stock and Watson, 1999). We use only one factor for prediction following
Marcellino and Schumacher (2010) and we include the lag of GDP following Clements
and Galvao (2008). We nowcast GDP for each country using the conditional mean of
GDP implied by the U-MIDAS specification. Parameter estimation is carried out using a
rolling-windows of sizes 44, 60 and 76 quarters.? Factors are also re-estimated every two
weeks using the all the data available at each point in time.

We estimate the conditional mean using only the fixed-N minimum MSE unit averaging
estimator, since cross-sectional dimension is not large and each unit is potentially relevant.
The performance of our minimum MSE unit averaging estimator is benchmarked against

the individual, mean group, and averaging estimators using AIC/BIC weights.

is available yet up to the middle of the following February, when GDP data for Q4 is released. The amount
of data available increases monotonically between these two dates.

3For example, suppose we wish to nowcast Q4 GDP. If v = 1, we estimate factors up to January of the
following year using information available at the end of January. If v = 1/2, we estimate factors up to
December using all the information available in the middle of January.

4Forecast evaluation begins in 2006Q1 for window size 44, 2010Q1 for T=60 and 2014Q1 for T=76.
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OA.6.2 Results

In table OA.4 we provide a summary of forecasting performance results for GDP nowcasting.
The table reports the MSE of the individual estimator as well as the MSE relative to the
individual estimator for all other strategies. The table reports results for the five largest

economies in our sample along with the GDP-weighted mean.”

—6 weeks 0 weeks +4 weeks
Averaging 44q 60q 76q 44q 60q 76q 44q 60q 76q
Mean Individual 1.113  0.986 1.167 | 0.973 1.010 1.196 | 0.933 0.914 1.124
minMSE 0.916 0.936  0.907 | 0.889 0.936  0.910 | 0.881 0.928  0.901
AIC 0.933 0.962 0.980 | 0.908 0.960 0.974 | 0.878 0.949 0.955
Mean group | 1.417 1.570 1.524 1.635 1.696 1.505 1.879 1.704 1.489
DE Individual 0.661 0.546  0.537 | 0.509 0.421 0.434 | 0.565  0.449  0.456
minMSE 0.793* 0.822 0.815 | 0.787* 0.818 0.775 | 0.821* 0.809 0.794
AIC 0.963* 0.977* 0.989 | 0.974 0.982* 0.973 | 0.978  0.989* 0.978
Mean group | 0.987  0.937  0.773 1.069 1.157  0.742 | 0.957 1.153  0.849
FR Individual 0.194 0.154 0.129 | 0.143 0.100 0.086 | 0.155  0.121 0.098
minMSE 0.988 1.067  1.037 | 0.971 1.059 1.159 | 0.916  0.978 1.069
AIC 0.883* 0.934 0975 | 0.833* 0.978 1.049 | 0.828* 0.935* 0.999
Mean group | 2.125% 2.068* 1.348 | 2.736% 2.942* 2.169* | 2.473* 2.652* 2.156*
1T Individual 0.591 0.253 0.156 | 0.279 0.178 0.116 | 0.232  0.131 0.082
minMSE 0.893* 0.908" 0.852* | 0.973  0.974  0.858* | 1.046 1.025  0.857*
AIC 0.945 0.972* 0.980 | 0.955  0.951* 0.976* | 0.947  0.969* 0.975*
Mean group | 0.895  0.901 0.822 1.289 1.042 0.719 1.491* 1.595* 1.239
ES Individual 0.288 0.198  0.147 | 0.233 0.121 0.106 | 0.253  0.114 0.102
minMSE 0.919  0.909* 0.856* | 0.955  0.951 0.927 | 0.957 0919 0.889
AIC 0.958  0.961* 0.974* | 0.860 0.940 0.940* | 0.813* 0.934 0.933*
Mean group | 1.237* 1.427* 1.225 1.011 1.561* 1.352 | 0.946 1.886* 1.248
UK Individual 0.281 0.116  0.044 | 0.254 0.142 0.047 | 0.244 0.142  0.047
minMSE 0.928 0.988 0.953 | 0.840 0.984  0.868 | 0.743 1.034 0.913
AIC 0.871* 0.933 0.953 | 0.876  0.958  0.941 0.726* 0.917* 0.898*
Mean group | 1.714  2.444* 3.688" | 2.530* 2.445* 3.121* | 4.330* 2.214* 2.650*

Table OA.4: Nowcasting MSE. For individual estimator: absolute value. For averaging estimators:
MSE relative to individual estimator. For different estimation window sizes (44, 60, 76); selected
weekly horizons relative to quarter end (—6, 0, +4 weeks). * — forecasting performance difference
significant at 10% in Diebold-Mariano test (Diebold and Mariano, 1995)

Our key finding is that using the minimum MSE estimator generally generally leads to
improved nowcasting performance, mirroring the results of section 5. This is clear from
table OA.4, as the vast majority of entries corresponding to those weights display relative
MSE smaller than one, with improvements reaching up to 20%. The degree of improvement

varies with the country in question. However, the average gain in performance is on the

scale of about 9%.

SWeighing by GDP as in Marcellino et al. (2003) emulates forecasting the Eurozone GDP using individual
forecasts.
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Figure OA.34: Distribution of relative MSEs across countries. Split by different averaging
strategies and estimation window size. Same weekly positions as reported in table OA.4

Unlike in section 5, AIC weights offer fairly robust improvements for nowcasting. The
MSE is on average 5% lower for AIC weights relative to the individual-specific estimator.
We also observe that minimum MSE weights and AIC weights do not uniformly dominate
each other.

Figure OA.34 provides a box plot for relative MSEs for nowcasting GDP for all the
countries in the panel for the vintages considered in table OA.4. The figure illustrates that
the favorable performance is robust across countries and not limited to the five biggest
economies reported in table OA.4. Both minimum MSE and AIC weights generally lead
to an improvement in performance, as both rarely have relative MSE above one. There
is some evidence that the minimum MSE weights have a greater upside, at the price of
potentially some more variability in the results, while AIC leads to smaller, but more tightly
concentrated improvements. Further, we find that averaging is more attractive for the
smallest sample size of T' = 44, with relative MSE generally approaching one as T" increases.
This can be clearly seen in figure OA.34, as the improvement range for AIC and minimum
MSE weights becomes more concentrated and to closer to one. As previously remarked, as
T increases, the minimum MSE estimator converges to the individual estimator; a similar

point applies to AIC weights if the log likelihood is not divided by samples size and allowed
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to diverge as sample size grows.

OA.6.3 Description of the Variables Used

In this section we describe the monthly predictors used for forecasting. The descriptions
are contained in table OA.5. Table OA.5 is split in two parts. The first part broadly
corresponds to "hard” economic activity data obtained from Eurostat. The second part lists
the business and economic survey data available from the Directorate-General for Economic
and Financial Affairs of the European Commission.

Description of the first part:

Columns Name, Description, Group list the Eurostat name, description, and economic

content of a given variable.
e Code provides the Eurostat code.

e Delay weeks: how many weeks after the end of the relevant month is the variable
released. We simplify the calendar to two releases in a month: at the beginning of a

month and in the middle. The full calendar is available from the Eurostat.

e Tr.: code of the transformation applied to the data to transform it to an 7(0) variable.
Transformation codes are as follows:
0 None, data used in levels
1 First difference
2 Log difference
3 Translation upwards to ensure that variable is strictly positive + log difference
4 Quarterly difference (quarterly GDP)

For survey variables we use their DG ECFIN survey codes. We omit the descriptions of

each individual question; see the official description available from DG ECFIN.S

Shttps://ec.europa.eu/info/business—economy-euro/indicators-statistics/
economic-databases/business-and-consumer-surveys_en
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Table OA.5: List of variables.

Note:

not all variables are available for all

countries at a given time. This only impacts the precision in estimating country-

specific factors.

Name Tr. Units Delay | Group Code Description
weeks

PROD-B 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [B] Mining and quarrying

PROD-B-D 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [B-D] Mining and quarry-
ing; manufacturing; elec-
tricity, gas, steam and air
conditioning supply

PROD-B-D_F 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [B-D_F] Mining and quar-
rying; manufacturing; elec-
tricity, gas, steam and air
conditioning supply; con-
struction

PROD-B_C 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [B_C] Mining and quarry-
ing; manufacturing

PROD-C 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [C] Manufacturing

PROD-C_HTC 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [C_.HTC] High-technology
manufacturing

PROD-C_LTC 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [C.LTC] Low-technology
manufacturing

PROD-D 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [D] Electricity, gas, steam

and air conditioning supply
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Table OA.5 continued from previous page

n Name Tr. Units Delay | Group Code Description

weeks

9 PROD-MIG_CAG 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [MIG_CAG] MIG - capital
goods

10 PROD-MIG_COG 1 [115] Index, 2015=100 6 Industrial Production STS_INPR.M [MIG_.COG] MIG - con-
sumer goods

11 PROD-MIG_DCOG 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [MIG_.DCOG] MIG -
durable consumer goods

12 PROD-MIG_ING 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [MIG_ING] MIG - interme-
diate goods

13 PROD-MIG.NDCOG 1 [I15] Index, 2015=100 6 Industrial Production STS_INPR_M [MIG_.NDCOG] MIG - non-
durable consumer goods

14 PROD-MIG.NRGX_E | 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [MIG.NRG_X_E] MIG - en-
ergy (except section E)

15 PROD-MIG_ING.CAG | 1 [115] Index, 2015=100 6 Industrial Production STS_INPR-M [MIG.ING_CAG] MIG -
intermediate and capital
goods

16 PSQM-F_CC1 2 [PSQM] Building permits - | 6 Building Permits STS_.COBP_-M [F_CC1] Buildings

m2 of useful floor area

17 PSQM-F_CC11 2 [PSQM] Building permits - | 6 Building Permits STS_-COBP_M [F_CC11] Residential build-

m2 of useful floor area ings

18 TOVT-B 1 [115] Index, 2015=100 6 Turnover in Industry STS.INTV_M [B] Mining and quarrying

19 TOVT-C 1 [115] Index, 2015=100 6 Turnover in Industry STS_INTV_M [C] Manufacturing

20 TOVT-MIG_CAG 1 [115] Index, 2015=100 6 Turnover in Industry STS_INTV_M [MIG_CAG] MIG - capital

goods
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Table OA.5 continued from previous page

n Name Tr. Units Delay | Group Code Description
weeks
21 TOVT-MIG_.COG 1 [115] Index, 2015=100 6 Turnover in Industry STS_INTV_M [MIG_.COG] MIG - con-
sumer goods
22 TOVT-MIG_ING 1 [115] Index, 2015=100 6 Turnover in Industry STS_INTV_M [MIG_ING] MIG - interme-
diate goods
23 TOVV-G47 1 [115] Index, 2015=100 6 Wholesale and retail, | STS_.TRTU.M [G47] Retail trade, except
turnover of motor vehicles and mo-
torcycles
24 TOVT-G-N_STS 0 [PCH_PRE] Percentage | 6 Turnover in services STS_SETU_M [G-N_STS] Services re-
change on previous period quired by STS regulation
25 TOVT-H 0 [PCH_PRE] Percentage | 6 Turnover in services STS_SETU_M [H] Transportation and
change on previous period storage
26 TOVT-H51_155_N79 0 [PCH-PRE] Percentage | 6 Turnover in services STS_SETU_M [H51.I55_.N79] Air trans-
change on previous period port; accommodation;
travel agency, tour opera-
tor and other reservation
service and related activi-
ties
27 | TOVT-I 0 [PCH_PRE]  Percentage | 6 Turnover in services STS_SETU_M [I] Accommodation and
change on previous period food service activities
28 TOVT-J 0 [PCH_PRE] Percentage | 6 Turnover in services STS_SETU_M [J] Information and com-

change on previous period

munication
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weeks
29 TOVT-M69-M702 0 [PCH_PRE] Percentage | 6 Turnover in services STS_SETU_M [M69-M702] Legal, ac-
change on previous period counting and management
consultancy activitie
30 | TOVT-M_STS 0 [PCH_PRE]  Percentage | 6 Turnover in services STS_SETU_M [M_STS] Professional, sci-
change on previous period entific and technical activ-
ities required by STS regu-
lation
31 TOVT-N_STS 0 [PCH-PRE] Percentage | 6 Turnover in services STS_SETU_M [N.STS]  Administrative
change on previous period and support service ac-
tivities required by STS
regulation
32 PCH_SM-I551-1553 0 [PCH-SM] Percentage | 8 Nights spent at tourist | TOUR_OCC_NIM [I1551-1553] Hotels; holi-
change compared to same accommodation day and other short-stay
period in previous year accommodation; camping
grounds, recreational vehi-
cle parks and trailer parks
33 PAS-PAS_BRD 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS_BRD] Passengers on
gers board
34 PAS-PAS_.BRD_ARR 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS.BRD_ARR] Passen-
gers gers on board (arrivals)
35 PAS-PAS_BRD_DEP 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS.BRD_DEP| Passen-

gers

gers on board (departures)
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n Name Tr. Units Delay | Group Code Description
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36 PAS-PAS_CRD 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS_CRD] Passengers car-
gers ried
37 | PAS-PAS_.CRD_ARR 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS_.CRD_ARR] Passen-
gers gers carried (arrival)
38 PAS-PAS_CRD_DEP 2 [PAS] Passenger 8 Air transport of passen- | TTR00016 [PAS_.CRD_DEP]| Passen-
gers gers carried (departures)
39 FA 3 [BAL] Balance, Million | 6 Balance of Payments BOP_C6-M [FA] Financial account
Euro
40 CA 3 [BAL] Balance, Million | 6 Balance of Payments BOP_C6_M [CA] Current account
Euro
41 CKA 3 [BAL] Balance, Million | 6 Balance of Payments BOP_C6-M [CKA] Current plus capi-
Euro tal account (balance = Net
lending (+) / net borrow-
ing (-))
42 GS 3 [BAL] Balance, Million | 6 Balance of Payments BOP_C6-M [GS] Goods and services
Euro
43 KA 3 [BAL] Balance, Million | 6 Balance of Payments BOP_C6_-M [KA] Capital account
Euro
44 THS_T-B-195500 3 [THS_T] Thousand tonnes | 6 Crude oil NRG_JODI [B-195500] Demand
45 TJ_GCV-B_190400 3 [TJ_-GCV] Terajoule (gross | 6 Natural gas supply NRG_IND_343M [B_190400] Stock Changes
calorific value - GCV)
46 TJ_.GCV-B_190900 2 [TJ_GCV] Terajoule (gross | 6 Natural gas supply NRG_IND_343M [B_190900] Supply

calorific value - GCV)
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47 GWH 2 [GWh] GWh 6 Electricity available NRG_CB_EIM Electricity available to in-
ternal market
48 GWH-B_190600 3 [GWh] GWh 6 Electricity supply NRG_IND_342M [B_190600] Net Imports
49 GWH-B_190900 2 [GWh] GWh 6 Electricity supply NRG_IND_342M [B_190900] Supply
50 GWH-B_197000 2 [GWh] GWh 6 Electricity supply NRG_IND_342M [B-197000] Total gross pro-
duction
51 IRT_DTD 0 % rate 0 Money market interest | IRT_ST_M [IRT_DTD] Day-to-day
rates rate
52 IRT_M1 0 % rate 0 Money market interest | IRT_ST_M [IRT_M12] 12-month rate
rates
53 IRT_-M12 0 % rate 0 Money market interest | IRT_ST_-M [IRT_M1] 1-month rate
rates
54 IRT_M3 0 % rate 0 Money market interest | IRT_ST_M [IRT_M3] 3-month rate
rates
55 IRT_M6 0 % rate 0 Money market interest | IRT_ST_M [IRT_M6] 6-month rate
rates
56 NEER_IC42 1 [110] Index, 2010=100 4 Effective exchange rate ERT_EFF_IC.M [NEER-IC42] Nominal ef-
fective exchange rate - 42
trading partners (indus-
trial countries)
57 MCBY 0 % rate 4 EMU convergence crite- | IRT_LT_MCBY_M [MCBY] EMU convergence
rion criterion bond yields
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58 RCH_M-CPO00 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [CPO0] All-items HICP
Consumer Prices
59 | RCH-M-CP01 0 % monthly change 2 Harmonised Index of | PRC_.HICP.MMOR [CP0O1] Food and non-
Consumer Prices alcoholic beverages
60 RCH_M-CPO03 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [CP03] Clothing  and
Consumer Prices footwear
61 RCH_M-CP04 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [CP04] Housing, water,
Consumer Prices electricity, gas and other
fuels
62 RCH_M-CP045 0 % monthly change 2 Harmonised Index of | PRC_HICP.MMOR [CP045] Electricity, gas
Consumer Prices and other fuels
63 RCH_M-CPO05 0 % monthly change 2 Harmonised Index of | PRC_.HICP_.MMOR [CPO05] Furnishings, house-
Consumer Prices hold equipment and
routine household mainte-
nance
64 RCH-M-CP06 0 % monthly change 2 Harmonised Index of | PRC_HICP.MMOR [CP06] Health
Consumer Prices
65 RCH_M-CPO07 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [CP07] Transport
Consumer Prices
66 RCH_M-CPO08 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [CP08] Communications
Consumer Prices
67 | RCH_M-CP10 0 % monthly change 2 Harmonised Index of | PRC_.HICP.MMOR [CP10] Education

Consumer Prices
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68 RCH_M-FOOD 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [FOOD] Food including al-
Consumer Prices cohol and tobacco
69 RCH_M-FUEL 0 % monthly change 2 Harmonised Index of | PRC_HICP.MMOR [FUEL] Liquid fuels and fu-
Consumer Prices els and lubricants for per-
sonal transport equipment
70 RCH_M-GD 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [GD] Goods (overall index
Consumer Prices excluding services)
71 RCH_M-IGD 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [IGD] Industrial goods
Consumer Prices
72 RCH_M-NRG 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [NRG] Energy
Consumer Prices
73 RCH-M-SERV 0 % monthly change 2 Harmonised Index of | PRC_HICP_.MMOR [SERV] Services (overall in-
Consumer Prices dex excluding goods)
74 PRON-B 1 [115] Index, 2015=100 2 Producer prices in indus- | STS_.INPP_M [B] Mining and quarrying
try, total
75 PRON-B-E36 1 [115] Index, 2015=100 2 Producer prices in indus- | STS.INPP_M [B-E36] Industry (except
try, total construction, sewerage,
waste management and
remediation activities)
76 PRON-C 1 [115] Index, 2015=100 2 Producer prices in indus- | STS.INPP_M [C] Manufacturing
try, total
77 PRON-D 1 [115] Index, 2015=100 2 Producer prices in indus- | STS_INPP_M [D] Electricity, gas, steam

try, total

and air conditioning supply
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78 PRON-MIG_-CAG 1 [115] Index, 2015=100 2 Producer prices in indus- | STS.INPP_M [MIG_CAG] MIG - capital
try, total goods
79 PRON-MIG_COG 1 [115] Index, 2015=100 2 Producer prices in indus- | STS.INPP_M [MIG_.COG] MIG - con-
try, total sumer goods
80 PRON-MIG_DCOG 1 [115] Index, 2015=100 2 Producer prices in indus- | STS_INPP_M [MIG_.DCOG] MIG -
try, total durable consumer goods
81 PRON-MIG_NDCOG 1 [115] Index, 2015=100 2 Producer prices in indus- | STS.INPP_M [MIG_.NDCOG] MIG - non-
try, total durable consumer goods
82 TOTAL-PC_ACT 1 [PC_ACT] Percentage of | 4 Unemployment UNE_RT_M [TOTAL] Total
population in the labour
force
83 Y25-74-PC_ACT 1 [PC_ACT] Percentage of | 4 Unemployment UNE_RT-M [Y_-LT25] Less than 25
population in the labour years
force
84 Y_LT25-PC_ACT 1 [PC_ACT] Percentage of | 4 Unemployment UNE_RT_M [Y25-74] From 25 to 74
population in the labour years
force
85 BUIL-TOT-COF-BS 1 0 Survey
86 BUIL-TOT-1-BS 1 0 Survey
87 BUIL-TOT-2-F1S 1 0 Survey
88 BUIL-TOT-2-F2S 1 0 Survey
89 BUIL-TOT-2-F3S 1 0 Survey
90 BUIL-TOT-2-F4S 1 0 Survey
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91 BUIL-TOT-2-F5S 1 0 Survey
92 BUIL-TOT-2-F6S 1 0 Survey
93 BUIL-TOT-2-F7S8 1 0 Survey
94 BUIL-TOT-3-BS 1 0 Survey
95 BUIL-TOT-4-BS 1 0 Survey
96 BUIL-TOT-5-BS 1 0 Survey
97 CONS-TOT-COF-BS 1 0 Survey
98 CONS-TOT-1-BS 1 0 Survey
99 CONS-TOT-2-BS 1 0 Survey
100 | CONS-TOT-3-BS 1 0 Survey
101 | CONS-TOT-4-BS 1 0 Survey
102 | CONS-TOT-5-BS 1 0 Survey
103 | CONS-TOT-6-BS 1 0 Survey
104 | CONS-TOT-7-BS 1 0 Survey
105 | CONS-TOT-8-BS 1 0 Survey
106 | CONS-TOT-9-BS 1 0 Survey
107 | CONS-TOT-10-BS 1 0 Survey
108 | CONS-TOT-11-BS 1 0 Survey
109 | CONS-TOT-12-BS 1 0 Survey
110 | INDU-TOT-COF-BS 1 0 Survey
111 | INDU-TOT-1-BS 1 0 Survey
112 | INDU-TOT-2-BS 1 0 Survey
113 | INDU-TOT-3-BS 1 0 Survey
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114 | INDU-TOT-4-BS 1 0 Survey
115 | INDU-TOT-5-BS 1 0 Survey
116 | INDU-TOT-6-BS 1 0 Survey
117 | INDU-TOT-7-BS 1 0 Survey
118 | INDU 1 0 Survey
119 | SERV 1 0 Survey
120 | CONS 1 0 Survey
121 | RETA 1 0 Survey
122 | BUIL 1 0 Survey
123 | ESI 1 0 Survey
124 | EEI 1 0 Survey
125 | RETA-TOT-COF-BS 1 0 Survey
126 | RETA-TOT-1-BS 1 0 Survey
127 | RETA-TOT-2-BS 1 0 Survey
128 | RETA-TOT-3-BS 1 0 Survey
129 | RETA-TOT-4-BS 1 0 Survey
130 | RETA-TOT-5-BS 1 0 Survey
131 | RETA-TOT-6-BS 1 0 Survey
132 | SERV-TOT-COF-BS 1 0 Survey
133 | SERV-TOT-1-BS 1 0 Survey
134 | SERV-TOT-2-BS 1 0 Survey
135 | SERV-TOT-3-BS 1 0 Survey
136 | SERV-TOT-4-BS 1 0 Survey
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137 | SERV-TOT-5-BS 1 0 Survey
138 | SERV-TOT-6-BS 1 0 Survey
139 | EMPL-B 1 0 Survey
140 | EMPL-B-E36 1 0 Survey
141 | EMPL-C 1 0 Survey
142 | EMPL-D 1 0 Survey
143 | EMPL-MIG_CAG 1 0 Survey
144 | EMPL-MIG_COG 1 0 Survey
145 | EMPL-MIG_-DCOG 1 0 Survey
146 | EMPL-MIG_.NDCOG 1 0 Survey
147 | HOWK-B 1 0 Survey
148 | HOWK-B-E36 1 0 Survey
149 | HOWK-C 1 0 Survey
150 | HOWK-D 1 0 Survey
151 | HOWK-MIG_CAG 1 0 Survey
152 | HOWK-MIG_COG 1 0 Survey
153 | HOWK-MIG_.DCOG 1 0 Survey
154 | HOWK-MIG_NDCOG 1 0 Survey
155 | WAGE-B 1 0 Survey
156 | WAGE-B-E36 1 0 Survey
157 | WAGE-C 1 0 Survey
158 | WAGE-D 1 0 Survey
159 | WAGE-MIG_CAG 1 0 Survey
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160 | WAGE-MIG_COG 1 0 Survey

161 | WAGE-MIG_DCOG 1 0 Survey

162 | WAGE-MIG_NDCOG 1 0 Survey

163 | CLV.I15 4 [115] 6 Quarterly GDP CLV.15 Quarterly GDP
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