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SM I: Moments of updated ridge regression estimator
The expectation of the nonzero-centered ridge regression estimator is:

E[B(\B0)] = (X'X+AL,) '[XTE(Y)+E(\Go)]
= (XTX + )‘I;D;D)_l[XTXﬁ + )‘E(ﬂO)]
= (XTX+M,,) ' [XTXB+ A8 - A8+ AE(Bo)]
= B+ )‘(XTX + AI:D;D)il[)‘E(ﬁo) - Al

Similarly, the variance, denoted by the V(-) operator, of this estimator is:
V[BO\Bo)] = VIXTX+ALy) (XY + AGo)]
= V[(X"X+AL,) ' XTY] + MV[(XTX + \,,) "' 80)]
= (XX + A,) ' XTX(XTX + AL,) !
+N(XTX + AIpp)_1V[ﬁ0)](XTX + )‘Ipp)_l,

The expectation of the updated ridge regression estimator is:

E[B:(M,Bi—1)] = B — M(X! Xp + MLp) 718+ Me(X] Xe + ML) E[Bi—1 (Mi—1, Bi—2)]
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while its variance is:
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Assume A; = A and an orthogonal design matrix, i.e. X; = I,,. Then, the moments of iterative
ridge regression estimator simplify to:
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SM 1II: Proofs

Theorem 1. (Asymptotic unbiasedness)

Assume the existence of an infinite sequence of studies into the linear relationship between a con-
tinuous response and a set of covariates. The data from these studies, {X¢, Y1}72,, are used to fit
the linear regression model by means of the updated ridge linear regression estimator, which yields
the sequence of estimators {Bt()\t,ﬁt_l)}fil which is initiated by an arbitrary, nonrandom By.
Furthermore, T € N be sufficiently large and X,,.,, be the design matrixz with covariate information
on novel samples for which a prediction is needed. Then,

o lim; .o ]E{YT}till [Bt+1(At+1,Bt)|{AT tTJ;ll] = B+ u for some u € N2 ,pnull(Xy), where
null(X;) denotes the null space of the linear map induced by X;. If N2 null(Xy) = 0p,
then u = 0,,.
o 11mt—>00 E{Yf}f—ia [Xnewﬂt-'rl()\t-‘rl) Bt) | {)\T 2—111] = Xnew/a'
Proof.

Stationarity of the estimator

Theorem 8.2.14 of [4] lays out the conditions for the existence of and convergence to a stationary
distribution of a discrete time, time-homogeneous Markov process with a continuous state space.
To show the stationarity of the Markov process of the ridge updated linear regression estimator
these conditions need to be verified. The conditions comprise i) the irreducibility of the process,
i.e. it should satisfy the mixing condition, #) the geometric drift of the process to the center, and
iii) the uniform integrability of the sequence of the process’ marginal densities. Conditions i) and
ii) are verified next, as third one follows from a general argument laid out in [4] and applicable
here.

The sequence {Bi11(My1,/8:)}52, has a stationary/invariant distribution. The irreducibil-
ity /mixing condition requires to verify that with positive probability any 3’ in the state space S,
a compact subset of R? (compactness is due to the penalization), is reachable (after finite time)
from any 3" € S. The unpenalized linear regression estimator is unconstrained and may — with
positive probability — assume any value in S. The penalty restricts the estimator to a circular do-
main around its center that is formed by the target, here the previous updated regression estimate.
Hence, it is not the nonzero center but only the value of penalty parameter that limits the state
space of the estimator. But as the penalty parameter is chosen in a data-driven manner, it is itself
random. Put differently, A\;y1 > 0 follows some distribution which assigns a positive probability
to any value on R~ (. Hence, at any t, the parameter constraint can (with positive probability) be
arbitrarily large, thus allowing any value (of S). However, the ridge regression estimator at time
t + 1 is of the form:

Brri(her1,8r) = (X[ Xer1 + MeaLpp) X Yot + A1 B, Be-1)]-

From which it clear that its values are constrained to the (affine) subspace spanned by the rows
of Xy11. But B’ needs only to be reachable from @” in finite time. Two scenario’s are possible:
AT nall(X,) = 0, or N7HT null(X,) # 0, for T,7" € N and T’ large enough. The former
scenario warrants that indeed any value in S is reachable after finite time. The latter scenario
implies that the state space is reducible to S\ ﬂtT:TT /null(Xt), which we denote by §’. In the latter

case sufficient mixing does happen within the reduced state space S’.



To assess the geometric drift to the center, we derive the following inequality:

1Be+1(Mer1, Bl = (X1 X1 + MeaLpp) X Yot + Ae1Be(Ae, Be-1)]|

< X X + A1 L) T X Y| e
A1 (X1 Xt + AesaTpp) T Be(Aes Be- )] 7
S H(X;r+1xt+1 + >\t+lep)71X;r+1Yt+1||F

A1 (X X1 + ML) 2 1B, Be—1)] I

in which the triangular inequality is invoked twice. Now let X;1; = U 1Dy V. 1 be the singular
value decomposition of X;11 with Uzy; and Vg the matrices with the left and right (respec-
tively) singular vectors as columns and D;41 the diagonal matrix with the singular values on its
diagonal. The eigenvalues of \41 (X, X414+ Aes1I,,) 7! are then to be found on the diagonal of
Ao 1(D? 1+ At+11,5) 1. These diagonal elements equal one when the corresponding singular value
is zero and inside the unit interval otherwise. Consequently, || As1 (X[ 1 X1 + Aer1Lpp) 712 < 1.
There thus exits C > 0 and « € (0,1) such that ||B;11(Aes1, Be) |l < C+allB:( N, Bi1)]|| 7. From
which we conclude the tightness of the sequence. The defined Markov chain now has, by Theorem
8.2.14 of [4], a stationary distribution, which is reached after some finite 7T'.

Stationarity of the linear predictor

Stationarity of the linear predictor is proven along the same line as that of the estimator. For the
stationarity we now only show the mixing condition and the geometric drift to the center (as the
rest is similar) of the process. It is then left to identify the limit. Note that the irreducibility of
the process of updated linear predictors follows from that of the ridge updated linear regression
estimators, as the multiplication of these estimators by X,., maps this process onto R, which is a
surjective function.

To assess the geometric drift to the center, we derive the following inequality:

||Xnewﬂt+1()‘t+1’/3t h2
= [ X e (X1 X1+ ML) X Yiegn + A1 BN, Bl e
< XK (X1 X1 + A1 L) ' X Y le
1 Ko (X1 X1+ A1 Lop) 78 Be— 1)) |
1K e (X1 X1 + A Ipp) ' X Yol p

+ (X M1 B O, B 1) [Be (M, Br-1)]) ™ML X )2

< X (X X1+ A L) T X Y ||
A A 1/2
+ (M1 llsotr {8 e Be—1) [Be s Beo1)] Mt X XKoo 1)/

< XK (X1 X1 + A1 L) T X Y| e

+ (M1 2t {X T Ko Be O, Be1) 1B O B )] 1) 2
< XK (X1 X1+ A1 L) T X Yo+ Mt oo [ Xaew Bt (Ats Bi—1) || 7,

where Mp1 = [Aeg1 (X[ Xer1 + Aeg1Ipp) 7] and we have used the triangular inequality, the
Holder inequality for the p-Schatten norm, the cyclic property of the trace, and the fact that
M, has eigenvalues only in the unit interval. There thus exits C' > 0 and a € (0, 1) such that
[XoewBer1(Meg1, B)lF < C + | Xoew Bt (M, Be—1)]|| 7. The sequence of updated linear predictors
is thus tight. From Theorem 8.2.14 of [4] we now conclude that the defined Markov chain has a
stationary distribution, which is reached after some finite 7.



Asymptotic expectation of the estimator
The defined Markov chain now has, by Theorem 8.2.14 of [4], a stationary distribution, which is
reached after some finite T'. Once stationarity has been reached: Ey ye1 [Ber1(Aigr, Be) | {1 =

Eiy, yett [B: (M, Bi1) | {A-YEEL ). Use this is

{Y prtt [,Bt+1()\t+1n6t) [{Ar Hl]
— E{Yf}iill{( 11X + A Ipp) X Y + Aer1Be (e, Be—1)] [ {1y
_ (X,5T+1Xt+1 n )\t+lep)71{X;r+1Xt+1B + )‘t+1E{YT}i+:11 [Bt()\taﬁt 1 ] | {)\ }t+1

Moreover,

Eqy, it [B: (M, Be—1) | {7 1Y)
= (X[ X+ A L) TN (X X + A1 lpp)E gy yern (B, i) | {Ar ) 531

To arrive at:
(X1 X1 + M) X X1 [Bpy yen [Be (N, Bir) = BI{ANE] = 0,0 (1)

When X, 41 is of full column rank, this is implies By 14, [Be(Aes Be-1)] = B. Tfnot, By yern [Bi (M, Be1) [ {A ] =
B+uwithu € null(X¢41). ButasEpy jrtn [B:(\i, Bi1) | {AYiE ] = Boo for all £ larger than some

T for which stationary has been reached, Equation (1) then implies that X, ;X;11(8 —8) = 0,
for all t > T'. Hence, if ﬁfoTnull(Xt) = Op, we conclude that updated ridge regression estimator is
asymptotically unbiased: Ey ye+1 [B:(\e, Beo1) [ {A Y] = B as t — oo.

Asymptotic expectation of the linear predictor
The result is proven below for a single sample. Due to the usual assumption of independence of
samples, it applies to larger sample sizes. . R
For the asymptotic unbiasedness, recall from above that, for £ > T we have that Ey 4041 [Be(Me, Be—1) [{N ] =

B+ with u € N2 mull(X,). Hence, Bry yort [XowwBea1 (A1, Be) [ A1) = XoowB + Xowu
with u € ﬂt:TnuH(Xt). It thus rests to show that X,.,u = 0. This requires stationarity of the
sequence of predictors {X,..Bt+1(At+1,8t) 12, which we have shown above.

We are now ready to show that X,.,u = 0. Note thgut7 once stationarity has been reached:
By, [X v Bt (g1, Be) [{AYEY] = By ye [XuwBi(M, Beo1) [{Ar}iy]. Use this in the
following:

Bpy yon [XoowBri1 e, Be) | {1

= By (Koo (X1 X1 + A1 Lpp) X Yot + Mes1 B, Be1)] | {0 1Y

= XX Xep1 + A Lpp) X X118
A1 K (X1 X1 + A1 L) By ye [Be(Me, Be—1) | {A Moy

= X (X Xeg1 + Aprpy) X X1 + ALy — A1) B8
FA+1 Ko (X X1 + )‘t-‘rlep)_lE{YT};‘,:l [Be(Ae, Be1) [ {Ar 4]

= XooB+ M1 X (X X1 + ML) T H{E v ye_ [Br(M, Ber) [ {A-}osy] — B



Reformulated and using stationarity:

Xood By, ye_, [Be(Ae, Be1) [ {A- Y] — B)
= M1 XKoo (X[ X1 + AeaTpp) H{E vy BN, Bem1) [ {A- }osy] — B

Now use the ‘trace trick’ and the Holder inequality for the matrix Schatten norm to obtain the
following inequality:

tr (X {E (v ye_ [Be (N, Bem1) [ {A- }osi] — B
161 (At 1 XKoo (X X1 + Aeia Ipp) " H{E gy, e [Be(Ae, Be—1) [ {AYooy] — BY)]
< A (X X + )‘tJrlI;D;D)ilH00|tr({E{YT}’T':1[Bt(AtaBtfl) RESE I Sl
= A (X X1 + >‘t+11pp)71H00|tr(chw{E{YT}’T':1[Bt(/\taBtfl) [{A}o] = BY)I-
But H)\tH(X:HXt:H + )A‘t‘HIPP)_lH"O € (0,1) for positive Ary; and we must thus have that
tr(chw{E{Yf}izl Bty Be—1) [{\+}L_;] — B} = 0. Or, equivalently, that
r(Xed By, [BiO Bim) [{A 2] - BY) = r(Xem) = Xu = 0.

The updated ridge linear regression predictor is thus asymptotically unbiased. O

A

Theorem 2. (Consistency of the updated ridge linear regression estimator and predictor)
Assume an infinite sequence of studies into the linear relationship between a continuous response
and a set of covariates. The data from these studies, {X;, Y}, are used to fit the linear
regression model by means of the updated ridge linear regression estimator, which yields the sequence
of estimators {B¢(\e, Br_1)}52, which is initiated by an arbitrary, nonrandom Bo. Let T € N be
sufficiently large and N2 pnull(Xy) = 0,. Assume that the penalty parameter sequence {\;}72, is
chosen such that lim;_,o. 02 pd3(X;) )\;2 = 0 with dq(X}) the largest singular value of X;. Then,
for every ¢ > 0:

lim P[|B:(A\r, Bi-1) — Bl > e[ {\}1_1] =0,
t—o00
Jim PlX.Be(e, Bi1) = XoeoBll = e[ {Ar} ] = 0.
Proof. To prove convergence in probability for the updated ridge regression estimator, we assume,
without loss of generality that, that the sequence {B;+1(Ai41,8:)}52; is initiated by the stationary
density (if not, it will become stationary after finite time, cf. the proof of Theorem 1). By the
condition on the intersection of the null spaces of the design matrices and Theorem 1 the updated
ridge regression estimator is then unbiased. This leaves to prove that its variance vanishes as ¢
tends to infinity. Theorem 8.2 of [2], by Chebyshev’s inequality then, warrants the convergence in

probability of the estimator. . .
To prove that the variance of B;(A\;, B;—1) vanishes as t — oo, note that

tr{Vary yee [Bre1 (A, Be) [ {A o]}
= tr{o?(X 1 Xt + ML) X X (X X + A Lpp) 1)
{7 (X Xn + e Ly) T Vargy ye [Be(O, Br—1) [ o (X X + ML) ')
= o ijl(dfﬂ,j + A1) 22 (Xis)
Hr{ A7 (X Xign + Aepalyy) P Variy ge [Be(Aes Be—1) | {A o]}
o2pA 1 ds (Xegn) + {7 (X Xagn + Argalpy) *Vargy ye | [B:(\e, Be1) | {A Hooy ]}

IN



Furthermore, as all eigenvalues of A7, | (X, ;X1 4+ M411,,) 72 are in the interval (0, 1] with at
least one smaller than one, we have:

tr{)‘?+1(xj+1xt+l + )‘t-i-l11717)72\/511“~{Y,}i:1 [Bt()‘ta Bt—l) [{A ]}
< tr{Vargy 3| [Be (At Be—1) [ {AHosy] )

in which we have used von Neumann’s trace inequality. In particular, there exists a az11 € (0, 1)
such that

tr{)‘erl(X:JrlXH-l + )\t+1Ipp)_QVM{Y,}i:1 [Bt()‘ta Bt—l) A ]}
= optr{Vargy_ye_ [Bi(h, Beo1) [{A-} ]}

Put together,

tr{Vary yor1 (B (Ner1, Be) | {A-Hosy]}
< o2pdi(Xep) APy + asrtr{Vargy e [Be(Me, Bi—1) [ {A L]}

-2

Hence, if the penalty parameter sequence {\;};2; is chosen such that limy o 02 pdf (Xeg1) A5 =

0, the variance of the estimator vanishes as ¢ increases.

The consistency of the updated ridge linear predictor is, by the Continuous Mapping Theo-
rem (Theorem 2.3, [5]), a direct consequence of the consistency of the updated ridge regression
estimator. |

Theorem 3. (Asymptotics of the updated ridge logistic regression estimator)
Assume an infinite sequence of studies into the generalized linear relationship between a binary
response and a set of covariates. The data from these studies, {Xy, Y¢}$2,, are used to fit the
logistic regression model by means of the updated ridge logistic regression estimator, which yields
the sequence of estimators {B¢(\e, Br_1)}52, which is initiated by an arbitrary, nonrandom By. Let
T € N be sufficiently large. Then:

o lims oo E[Bt+1(At+1,Bt)] = B+ u for some u € N pnull(Xy). If N2 pnull(Xy) = 0, then

u=20,.
o if N null(Xy) = 0, and {\}52, such that limy_,o, 2p*/? |dy (Xy)| N = 0 with dy(Xy) the

largest singular value of Xy, for every ¢ > 0:

Jim P[IBi(, Bi1) = Bl = el {Ar} L] =0,
lim P[|X,0B: (M, Bi-1) — XoBl > | {A ] = 0.

Proof. Asymptotic unbiasedness
The proof requires the existence of a stationary density of the updating process of ridge estimators,
from which the unbiasedness follows by use of the estimating equation of the ridge regression
estimator.

The argument for the existence of a stationary distribution can be borrowed from the proof of
Theorem 1. Hereto now that the updated ridge logistic regression estimator can, after rescaling,

XtJrl = XtJer;J/rQl and ZtJrl = thJ/r2lzt+1, be written as:

Berilhs1, 8] = XXt + ML) X Zerr + A1 B (e, Be-1)), (2)

in which one recognizes the form of the updated ridge linear regression estimator. Hence, the
arguments employed in the proof of Theorem 1 apply here. Similarly, the arguments in Theorem



1 can also be used to show the stationarity of the sequence of updated ridge logistic regression
predictors.
The defined Markov chain now has, by Theorem 8.2.14 of [4], a stationary distribution, which

is reached after some finite 7. Once stationarity has been reached all estimators Bt()\t, ﬁt 1) share
the same distribution (marginally). Hence,

Erv. e B0 B [ Fn] = Egy e Bt Qs 8| {155 -
= By, }f“”ﬁtﬂo Nettor Beto—1) | {Ar }EER],
but also
By, ye_ 187 NXa Be) [{AYen] = Efy,y+1 (8 & (Xe,: Brrr) | {1 =
= Epy ynlg N(Xay3 Brrto) [{A R

for all tg,t1 € N. Applied to the estimating equation and aggregated over the ¢g:

T L
Xitt+1 Y1 g (Xiq1; /Bttho)
Xt+2 E{Y }t+t0 Yt+2 {)\ }t+t0 _ E{Y }t+t0 g (Xt+2, /Gt-‘rto) {)\ }t+t0
XHT Yt g (Xt+to; /Bttho)

As the elements of the Y;’s are binomially distributed, their (conditionally) probabilities are con-
sistently estimated by lim, s g(X;B;4+). The Continuous Mapping theorem (Theorem 2.3 of [5])
then warrants that XtBHT is a consistent estimator of X;3. In particular, X; may be replaced by
any X,... Hence, the updated ridge logistic regression predictor is asymptotically unbiased.

Consistency
To prove convergence in probability for the updated ridge regression estimator, we assume, with-
out loss of generality that, that the sequence {Byy1(As1, Bt)}zozl is initiated by the stationary
density (if not, it will become stationary after finite time, see above). By the condition on the
intersection of the null spaces of the design matrices and the first part of the theorem, the updated
ridge logistic regression estimator is unbiased. This leaves to prove that its variance vanishes as ¢
tends to infinity. Theorem 8.2 of [2], by Chebyshev’s inequality then, warrants the convergence in
probability of the estimator.

To show that the variance of the updated ridge regresssion estimator vanishes, we study the
sum of the variances of the last two updated ridge regression estimators. This sum can be expressed
as:

Vargy ye_, [Be(Ae. Beo1) [ {A-Homi ]} + Vargy 3 [Be-1(Me—1, Be—2) | {Ar Hoy]
= FVarpy yr [Be(Ae, Bi—1) — Bi—1(M\e—1, Be—2) [ {A o))
+iVarpy ye [Br(M, Bi1) + Bt (M-, Bioa) [ {A- o]

For the first summand on the right-hand side of the equality sign, the estimating equation gives:

Ber1(Mer1, Br) — B, Bi—1) = MNA X[ { Vi1 — 8 [Xer1; Bt (e, B)] -
We then obtain the bound:

tr{Vargy, ye_ [Brr1 (M1, Be) — Be(Mi, Bo1) [ {A 1111}
At (X X Vargy g {1 — 87 [Kis1s Brar v, B {1 })
N pdi(Xin)

IN



For the other term, the estimating equation also gives:

BiOi, Bi—1) + Bio1(Mi—1,Bi—2) = 2B 1M1, Bi—a) + N X {Y — €71 Xe; Be(N, Bio1)]}
= X (Y1 — 7 Xem 15 Beo1 (M1, Bio2)]}
FNXIAY - X B, Bem1)]}

Insert this identity in the variance of ¢-th updated ridge logistic regression estimator and obtain:
Vargy,ye_ [Bi(h, Bim1) + Beio1(M—1, Bi—2) | {A- Fosy]
= Varpy ye_ (”\fflxttl{Yt—l — & [Xem 15 Be—1(M—1, Be—2)]}
ATXT{Y = X B B DI H )
-1 xT 71 A 3 t
Vargy ye_ (2)‘t—1xt—1{Yt—1 =& [Xi—1:Bt-1(Me—1, Bi—2)]} | {)\7}721)
+Vargy y_ (A;le{Yt — &' [X4: Br(M, Be—1)]} | {)\7}521)
+2Coviy, 3, (2)\;}1X1:T—1{Yt71 — E X1 B (Nem1, Bi2)]},

AXT Y = 87 X B B} A Fos ).

Using the same argumentation as above, we obtain:
tr|Varqy ye_ | [B: Mty Be—1) + Bio1 (M1, Bis) | {)\T}tle]}
< NP d(X) + AN pdi(Xe-n)
HANTA M [COV{YT};1 (Xll{Yt—l — & X3 Be1(Ne—1, Be—2)]},
XT{Y: = &7 (X Bi O, B} A} ) -
It rests to bound the covariance terms in the expression above. That can be done as follows:

tr{COV{YT}tT:1 (X;F{Yt - §7l[Xt;Bt()\t,Bt71)]},
X { Y1 — €7 X1 Bem1 (N1, Be2)]} | N Hmy)

< i {[Vary ye_ (X{Ye = &' [Xe B Be—0) ]} A2,
=1
x [Varpy, pe (X {Yo = 7' [Xim1; Bem1(Mi—1, Bi—2)]} | {/\7}321)Lj}1/2
< {or[Vargy, e, (XY= 7 X B Bt ) Do) 12
{tr[Vargy e (X { Y1 — 87 [ Xem1: Bem1 (Mem1, B2} [ {Ar}ory)] }1/2
= (XX Varpy,ye (Ve = 87 X B0 B ) | DA H)]
{te[X 2 X Vargy e (Y1 — 87 X181 (1, Bi2)] {321 ] }1/2
< Jdy (X)) |y (X ) {tr [Var ey, e (Ve — &1 Xes B O Been)] | D)2
{tr[Varpy, e (Yeor = 87 X1 811, Br2)] | {Ar}y)] }
< di(Xe)| [di (Xi—r) [ 912 12,

10



where have used the Cauch-Schwarz inequality and well-known trace inequalities for the product
of two nonnegative definite matrices. Put together we then have:

tr [Vaf{y,}gzl [Be(Me, Bi—1) + Bi—1(M—1, Bi—2) | {A Hoy]
< N Ppdi(Xe) + A pdi(Xer) + AN Hd (X [da (Xe-1) [p-

The right-hand side vanishes if lim;_,o 2p |d1 (X¢)| A+ = 0. O

Theorem 4. (Mean squared error of mized vs. updated estimator)

Let X; be orthonormal and Ay > o.(02 + U,QY)—1/22’5/2T1/2 for 1 <t <T. Then, when initiated

by Bl (\) = ,5'{"‘”), the updated ridge regression estimator outperforms (in the mean squared error
sense), the mazimum likelihood estimator of the mized model’s fized effects parameter: MSE[Bp(\r)] <
MSE[B].

Proof. The proof derives the mean squared error of both estimators under the orthonormality as-
sumption. Subsequently, using the particulars of penalty parameter scheme, the claimed inequality
is shown.

First the mean squared error of the maximum likelihood estimator of the mixed model’s fixed
effects parameter (3 is obtained. Hereto rewrite the estimator using the Woodbury identity (The-
orem 18.2.8, [1]) to:

(ZZ" + Irip rie) " = Iragrig — EL(Apprp +E2TZ) LT,

which, when using the othonormality assumption, simplifies to: I, 7, —&(1+€ )"'ZZ". Further-
more, note that X'Z = H; where I = 17 ® I,, and Z"X = Ip. Substitute this in the estimator
to arrive at:

3P = X [Tagar — 60+ &' ZZTIX} X [Tag iy — E(1+€)7'ZZT)Y
= [TL, -1+ Iplr) XY — (1 + €)' Z Y]

T+ XY (1 +6)7'XTY]

TX'Y = 77X Y1 +...+ X Y7).

Clearly, E(37") and Var(B7™") = T~ (02402)1,,. Hence, MSE(B%™) = [E(B57)—8] T [E(B5)—
8] + te[Var(B™)] = pT = (02 + 02).

For the mean squared error of the updated ridge regression estimator, note that, when using
the orthonormality assumption:

E[Bir1(M41,80)] = E{(XtTHXHl + )\t+11pp)_1[X:+1Yt+1 + Ap1Be (M)}
= (1+ A1) HEX L Yi) + A BB ()]}
= (1+ )\Hl)_l{ﬁ + >\t+1E[Bt(>‘t)]}'

When the sequence of updated ridge regression estimators {811 (M1, /3¢)}L, is initiated with an
unbiased estimator, all subsequent estimators are unbiased. Hence,

MSE{[Br(Ar)]} = tr{VarlBr(Ar)l} = poZ D A2 [T M +a0)72

tp=1 T=tp

where the expression of the variance is derived from that presented in the main body of the article
with a general design matrix.
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Now use the analytic expressions of the mean squared error of the two estimators and that
At > T2 [07%(02 + 02)]"/22%/2 for t such that 1 <t < T+

MSE[Br(Ar)] = p(ﬂzuﬂv (1+ A7)
th=1
T
< pafZ)\;Q < pT O' +U 22 T
t=1
< P HoR4od) ~ MSE(B;),
as is claimed. O
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SM III: Multi-target simulation

Here we investigate the use of the multiple targets. In particular, we assess whether the multi-
targeted ridge regression estimator shrinks most towards the preferred target. Hereto we sample
from the linear regression model Y = X3 + € with the elements of the design matrix X drawn
from the standard normal distribution, the elements of regression parameter as {0, Jlgll ={( -
51)/20}3%, and € ~ N(0,,1,,) with n = 25. We equip the estimator with the following three
targets: By = i, Bo such that By ; = —1if j is odd and fp; = 1 if j is even, and By = 0.
Of these targets, the first is most informative. We employ 10-fold cross-validation to select the
penalty parameters, one for each target. This is done 10.000 times, resulting in an equal number
of triples (5\1, 5\2, 5\3) To assess to which target the estimator is shrunken most we plot the points
(A1 A2, A3) (A1 + X + A3)~! € [0,1]3 in a triangular plot. In addition, we provide a histogram of
M + Ao + Az for an impression of the overall shrinkage. Both are provided in the top panels of
Figure 1.

The whole exercise above has been repeated using a design matrix X with elements that are
correlated and non-zero centered. In particular, the rows of X are sampled from the multivariate
normal distribution A (0,,X). The covariance matrix X is banded: (X);; =1 for all j, (X); ;41 =
0.5 = (E)j—i-l,j fOI‘j = 1,p—1, (E)j,j+2 =0.25 = (E)j+27j fOI’j = 1,])—2, (E)j,j-i-?: =0.1= (E)j-i-?),j
for j = 1,p — 3, and zero otherwise. Then, to all elements of each column an offset sampled from
U[-10,10] is added. All other aspects of the set-up are left unaltered. The resulting plots are
shown in the lower panels of Figure 1.

The right panels of Figure 1 shows that virtuall all points fall close to the axis (A1, A2, As)(Ay +
A2+ A3)7! = (1 —a, o, 0) with a € [0,1], and that the fast majority of these points concentrated
either at or close to the point (A1, A2, As) (A1 +A2+As) ™1 = (1,0,0). This indicates that the largest
weight are assigned to the most informative target, By = iﬁ. Hence, even in high-dimensional
settings the method is able to assess the usefulness of a target from a set of targets for the problem
at hand.
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Figure 1: Computating times in log(ms) of the IRLS algorithm for various target choices, dimension
p, and value of the penalty parameter. Computing times are obtained from 100 evaluations of the
same data set using the microbenchmark-package [3]. This exercises has been repeated 100 times,
each time with a different draw of the data. Each element of the random target is drawn from the
standard normal distribution.
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SM 1IV: IRLS algorithm computing times

We assess the effect of the target choice on the computation time of the IRLS algorithm for
the evaluation of targeted ridge logistic regression estimator. Hereto we sample data from the
logistic regression model with the elements of the design matrix all drawn from the standard
normal distribution. Moreover, we set the elements of the regression parameter to {Bj}}gll =
{(7 —51)/20};24 or {8;};2%9" = {(j — 501)/2000};2%". The response of the i-th individual, ¥; with
i=1,...,25,1s then drawn for the Bernoulli distribution with success probability exp(X; .3)/[1+
exp(X; .0B)]. With these data, we evaluate the targeted ridge logistic regression estimator for
three choices of the penalty parameter A = {1,10,100} and six choices of the target: By = 0,,
Bo = %,8, Bo = B, Bo = 28, , Bo = —B, and a random By with all its elements drawn from
the standard normal distribution. The computation times of these evaluations are recorded by
the microbenchmark-package [3]. The package does so a hundred times, shuffling the order of the
evaluation the estimator with the different targets. As computing times may depend on the data,
this whole exercise was repeated a hundred times. In total, for each (p, A, Bp)-combination a 10.000
computing times are available. This are displayed in Figure 2.

The boxplots in Figure 2 show that computing time of the IRLS algorithm for a zero-targeted
ridge logistic regression estimator is overall smallest. For other targets, By = %,8, one or two
extra iterations are needed for the IRLS algorithm to converge. Relatively, these extra iterations
required for the evaluation with a zero target or By = %ﬁ do not lead to a dramatic increase in
computing time.
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Figure 2: Computating times in log(ms) of the IRLS algorithm for various target choices, dimension
p, and value of the penalty parameter. Computing times are obtained from 100 evaluations of the
same data set using the microbenchmark-package [3]. This exercises has been repeated 100 times,
each time with a different draw of the data. Each element of the random target is drawn from the
standard normal distribution.
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SM V: Constrained cross-validation

We compare constrained cross-validation to its unconstrained counterpart. Hereto ‘historic’ data
are sampled from the linear regression model with parameter {3;}32} = {(j —51)/20};%, a design
matrix with elements drawn from the standard normal distribution, and a unit error variance. The
sample size of the historical data ranges from n,., = 0 to n,.., = 250. The ‘novel’ or ‘current’
data, from which the parameter is estimated, are sampled with n € {25,50} from either the same
model or an empty one, i.e. with a zero regression parameter. Furthermore, the target is either
informative or off, that is, By = %B and By = ,%57 respectively. The penalty parameter is
chosen by means of 10-fold cross-validation with various sample sizes of the historic data. The
case n,.., = 0 corresponds to the regular or unconstrained 10-fold cross-validation. With the cross-
validated penalty parameter at hand, the loss of the estimate, || B()\, Bo) — B3, is evaluated. This
exercise is repeated a hundred times, and the results are displayed in Figure 4.

The left panels of Figure 3 show that constrained cross-validation has a desirable effect (a
reduction) on the loss if the current data come from a different model than the historic data. It
safeguards against being swayed by the issues of the current data. If, however, the current data
stem from the same model as the historic data, constrained cross-validation has no noticeable ef-
fect on the loss. The choice of the target, however, matters. The aforementioned desirable effect
requires the target to be informative of the model from which the historic data stem. An off target
renders no such effect of constrained cross-validation. In conclusion, constrained cross-validation
in combination with an informative target safeguards against ‘outlying’ current data sets.

In an other comparison, the historical data are from the correct model but the novel data are
from an empty model while the target is informative. The parameters and set-up are as above,
except for B = 0, in the generation of the novel data and either By = B or By = Bpm =
(XlstXpast)+X;5tYpast, where AT denotes the Moore-Penrose generalized inverse. Again the
penalty parameter is chosen by means of 10-fold constrained and unconstrained cross-validation
with various samples sizes of the historical data. The ridge targeted regression estimator is evalu-
ated with these cross-validated penalty parameters and the (logarithm of the) loss of the estimates
calculated. This is repeated a hundred times, and the results are displayed in Figure 4.

The left panels of Figure 4, corresponding to a perfect target, shows that even with little
historical data, constrained cross-validation is beneficial, but even more if the sample size of the
historical data grows. For the estimated target, for small sample sizes of the historical data, there
is little to no difference between the loss of the estimator with either an un- or constrained cross-
validated penalty parameter. This is due to fact that even this target poor and does not perform
well on historical data. For large sample sizes of the historical data (i.e n,... > p), the target
becomes more informative for the historical data and the constraint kicks in, which result in a
larger penalty parameter that shrinks more to the informative target and ignores the unrelated
novel data. Then, constrained cross-validation is again more beneficial than its unconstrained
counterpart. Note: the hick-up in the the right panel at n,.., =~ p is due to the ill-conditionedness
of the matrix X X, ...

past
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Figure 3: The loss of the ridge estimator with the penalty parameter chosen via constrained 10-fold
cross-validation. The x-axis shows the sample size of the historical data, with n,..., = 0 representing
unconstrained cross-validation. The left and right panels show the results with an informative and
off target, respectively. The top and bottom panel correspond to n = 25 and n = 50, respectively.
Each panel shows the results with the current data sampled from the correct and empty model.
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Figure 4: The loss of the ridge estimator with the penalty parameter chosen via constrained 10-
fold un- and constrained cross-validation. The left and right panel correspond to the different
informative targets Bp = B (left) and By = B (right). The z-axis shows the sample size of the
historical data. Each panel shows the results with the current data sampled from the empty model,
but the penalty parameter chosen differently.
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SM VI: De novo simulation, additional plots

The ‘de novo’ simulation of Section 5.1 of the main text is repeated. In the main text the elements
of the design matrix are all sampled from the standard normal. Here three alternative ways
generating the design matrix are employed:

i) The covariates are still independent, but are all differently centered. Hence, the location of
a covariate differs over the sequence of data sets. Hereto the design matrix is generated as
follows. First draw all elements of X from the standard normal. Then, add to all elements
of each column an offset sampled from U[—10, 10].

1) The covariates are zero centered, but no longer independent. Hereto the rows of X are
sampled from the multivariate normal distribution A (0,,X). The covariance matrix 3 is
banded: (E)jj = 1 for all j, (E)j,j-i-l = 0.5 = (E)j-i-l,j fOI‘j = 1,])— 1, (E)j,j+2 = 0.25 =
(2)j+21j for ] = 1,p - 2, (2>j,j+3 =0.1= (2)j+31j for ] = 1,p7 3, and zero otherwise.

i11) The covariates are nonzero centered and dependent. This is a combination of the previous
two case. First, the row of X are sampled from N(0,,X) with X as above. Then, an offset
is added to each covariate, as above.

All other aspects of the simulation set-up, e.g. the sample size, dimension, choice of the parameters
are unchanged. The results are shown in Figure 5. Figure 5 contains, for reference, also the results
of the original simulation.

Figure 5 shows that a change in the location of the covariates does not affect the updating, why
dependency among the covariates does. In particular, dependency slows down the convergence to
the true parameter value.

We have also repeated the ‘de novo’ simulation of Section 5.1 of the main text but with dif-
ferent initial targets, now using By = —3, By = %ﬁ, Bo = B, and , By = 23. The results, shown in
Figure 6, are in line with intuition: the closer the initial target to the true parameter, the better
the performance.
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Figure 5: The panels show the (5%, 95%-quantile intervals of the updated ridge estimates of 3;
with j € {0,30,50, 70,100} plotted against ¢ for regression models with different design matrices.
The solid, colored line inside these intervals is the corresponding 50% quantile. The dotted, grey
lines are the true values of the §;’s.
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Figure 6: The panels show the (5%, 95%-quantile intervals of the updated ridge estimates of 3;
with j € {0,30,50,70,100} plotted against ¢ for regression models with different initial targets.
The solid, colored line inside these intervals is the corresponding 50% quantile. The dotted, grey
lines are the true values of the §;’s.
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SM VII: Application

year # counties # health indicators

2008 159 1
2009 159 1
2010 158 8
2011 111 16
2012 96 17
2013 79 22
2014 60 23
2015 67 22
2016 7 23

Table 1: Table of number of counties with full information on the response (suicide rate) and the
registered health indicators, with their number in the last column, per year.
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Figure 7: The top panel shows the trajectories of the the updated ridge regression, with its
penalty parameter chosen via unconstrained LOOCYV, estimates. Each trajectory represents a
single covariate. The presence of a health indicator in the data of a particular year is evident from
a symbol on its trajectory at the corresponding year. The symbol is omitted in years that the
health indicator was not registered. The differences among the different estimators’ trajectories of
the same regression coefficient is highlighted for the two covariates with the largest effects (lower
panels).
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Figure 8: Residuals of the three fits, maximum likelihood (OLS) and the updated ridge regression,
with its penalty parameter chosen via un- and constrained LOOCYV, vs. year.
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