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S1 Derivation of ADMM subproblems

S1.1 Solution to b-update

Based on the Equation (8),

~k+1 .1 ~ - ~ s p s
b = argmin Z{lry = Uibil; + Xallbill2 + (w)" (L))" — 20) + SII(L0) "o — 27113

i)l ER]”'”er

1 ~ P T
= argmin c|[ry = Ub|l; + Xal[bill2 + SO0 — 20 — i/l

EZGR]W"er

T PP
= argmin Ao|by[> + §||"°’(€_z) —Usbi[3,

bR Mn +d
~ ~T . .
where U, = (U, ,\/ﬁLfl)T and #{_ = (r{ s /P(2r + uf/p)T)T. Since
ﬁl is not identity, we cannot directly get the solution to the second op-
erator. Fortunately, by following Wang and Yuan (2012) we can employ
linearization technique to approximate the quadratic term efficiently. We
. . ok T o T sk e T
linearize it by replacing [[7(_;) — U;bi[|3/2 with (U, (Ub, — r(_l))) (b —
~k L ~k
b)) + %||bi — b ||3, where the first term is apparently the gradient at b, .

Hence,

~k+1 . ~ ~T  ~ ~k ~ ~k V= ~k
b, = argmin Aol[Billa + (T (Uiby — 7)) (b = B;) + 5 |lby — by I3

Bl cRMn+d

4

) ~ ~ ~k AT, ~ ~k
= argmin Aoyl + = ||br — b, + U, (Uib, — () /uill3

I;ZGRI\/In+d 2
kAT~ <k
= S0/ (by = U, (Ulbl - Tf—l))/’/l)-
If p is fixed, 5?“ will tend to be zero when Ay > Vl||l~)f — [AIZT([AIZi)f -

(i) /w2
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S1.2 Solution to z-update

Based on the Equation (9),

2 = argmin \|z|)) + ()7 (DB
2€RJ X (Mn+d)

Py gkt
—2)+ 2Db - 2|

_ k1
= argmin )\1HzH1—|—gHDb —z+u"/pll3

z€RJ X (Mn+d)

= SL)\l/p<Dl~)k+1 + ’U,k/p)

If p is fixed, zF*! will tend to be zero when \; > pD;‘fi)kH +uf|, r =

T T

1,...,J x (M, + d), where D,. is the rth row of D.

S2 Proofs

B-splines are essential in the estimation of coefficient function for func-
tional model. Before presenting the proofs of the proposed estimator, it is
necessary to state some properties of B-splines. As mentioned in Section
2.3, B-splines have a local support property: at most d + 1 consecutive
subintervals are nonzero. Plus, for a collection of B-spline basis functions
(Bi(t):k=1,...,M, +d,t € T}, Bp(t) > 0 and 0" By(t) = 1 for all
t. These properties imply that

sup |(Bg, B,)| < 2(d+ 1)M; !, (S2.1)

k,r
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and thus,

||By||3 < sup |(By, B,)| < 2(d+1)M, " (S2.2)
k,r
In addition, three inequalities will be also used. For any x € RP

[lz]l2 < lzfls < v/pllxlls;
2]l <[]y < pll]loc;

7o < []2]]2 < v/Pl|2]|o0-
S2.1 Proof of Theorem 1

Proof. For simplicity of notation, we assume the model has no intercept,
i.e., p = 0 and rewrite the objective in Equation (2.5)
L — l _ 2 - (1) ’ @) T 1/2
n(b) = —|[Y = Ubll; + Anky ;wz [1brl]1 + Ao ;wz (b Ky 1by) /7,
) ) (52.3)
where K, = ®; + ¢ is a (M, + d) x (M, + d) matrix.
We first provide Lemma 2 and 3 to facilitate the proof. Lemma 2 follows

Huang et al. (2004) Lemma A.3 and Zhou et al. (2013) Ag, while Lemma 3

refers to Lemma 6.2 of Cardot et al. (2003).

Lemma 2. If lim, . M,log M,,/n = 0, there are positive constants Cy
and Cs such that, all eigenvalues of (M, /n)U U are within the interval

(Cy, C3] with probability tending to 1 as n — oco.
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Lemma 3. There are positive constants Cy and Cs such that, all eigenval-

ues of K, are within the interval [Cap M, Cs M, .

Proof. We define K,; = ®; + €, where (®;),, = [, Biy(t)Big(t)dt and
()pq = [, By (t) By (t)dt. The proof follows Lemma 6.2 (i) in Cardot et al.
(2003).

Let L,(b+ n,v) — L,(b), where 1, is a scalar and v € R7*Mntd) = At

the point b = a, we let b=o+ N,v. By the minimality of I;, we have
1 2 2
~(IY =Ula+mn)l; - [[Y = Ualf)

<A, M\ Zwl |aul|r — || + UnUlH + A Zw azTKso,lal)l/z_
leA leA

(g + nyv) " K (ou + nnvz))m),
(S2.4)

because of the fact that oy = 0 if [ € A°.
Lete, =Y, —(X;,8), €= (e1,...,6,) and ¢; = (X;, BTa) — (X,,8) =

(X,;,B°—pB), e=(e1,...,en), the LHS of (52.4) gives

1 1
LHS =—||e — e — n,Uv||5 — ~||e — e||3
lle—e—nUvll; — —lle el

2
21y,
=My TUTU — i(e —e)'Uvw.
n n

By Lemma 2, (n;/n)v"U"Uv > (n;,/n)(Can/M,) = i 0p(M, ).
Moreover, by Cauchy-Schwarz inequality, (27, /n)(e—e)"Uv < (2n,/n)||v]]2((e—

e)'UU" (e — e))l/Q. Since € and e are independent, E[(e — e)"UU" (e —
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e)’] = E[e"UU" €] + E[e"UU"e]. By A.1, properties of B-splines and
independence of ¢;, we have

J My+d n
Z Z [ <XliaBlk>2€? + Z<XliaBlk><Xi/7Blk>€i€li’]]

E[e'UU €] = E

=1 k=1 i=1 i
J My,+d n
<o®) sup > Y [(Xu, Bu)l
=1 * k=1 =1
M, +d
< o*Jnl| Xull3 SUP Z (B, Bux,)|
r=1

=0(n).
On the other hand, by Cauchy-Schwarz inequality, A.1, and Lemma 1, €? =
o o 2 _
(X, 8% =B) > < I X135, [ [sup, 187 () = Bu(t)]] dt < | T(C1M;°)?,
where | 7| represents the length of time domain. The inequality still holds

for e;e;, Vi # i'. Hence,

J My+d [ n
Ele"UU"e] = E Z Z Z Xui, Bue)? +Z X, Big) (Xiir, Biy)eiex ]
=1 i i
Matd n Mo+d
< Z Z e’ E[( Xy, Bu)?] + Z Z e;ey B[(Xui, Bi)(Xur, Bi)]
k=1 i=1 k=1 i'#i

= O(M;*nM; ") + O(M, *n(n - 1)M, ")

= O(n>M; 271,
Therefore, by A.3, we have E[(e — e)"UU" (e — e)”] = O(n). By Markov
inequality, (e —e)"UU” (e—e)? = O,(n) and thus, —(2n,/n)(e—e)"Uv >

—20,|[v]]20,(n1/%). Therefore, the LHS gives

LHS > 170,(M, ") — 210,0,(n~2)][v]]. (52.5)
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We denote the two terms of RHS of (S2.4) by T and T5. We first show

the convergence rate of FDoS by assuming wl(l) = wl(Z) =1 for all [. With

triangle inequality and A,, = |T|/M,, and let | A| be the number of nonzero

functions,

Ty < [TIM  Manal Al (T (M, + )2 [[]]5
(52.6)

= 1 Op(M M, 2)] 0]

Suppose x is any vector and A is a symmetric matrix such that ga(x) =
(x"Ax)'/?, g is a continuous function. By Taylor expansion, gg (o) —
9k, (a; +n,v) < —nv' Vi (oy). By Lamma 3 and ¢ = A3, T gives

Ty < =X Ali(eq K ppon) ™ (ol |2|| K g i0u][51(ex # 0) s27)

= 1 O0p(A)[[0] 2.

Combining three inequalities (S2.5)-(S2.7), we have

TaOp(M, 1) = 200,0,(n ) [[ll2 < 0, Op (MM, ) [0] |2 + 1,0, (WD) [0 [

For sufficient large constant C such that ||v||y = Cs, we find 0, = O, (M,n~Y2+

MaM\ + MyA2). When A, = O(Mp*n=/2) and Ay = O(n~V4), 1, =
O,(M,n~1/2). Tt means that for any given ¢ > 0, there always exists 7,

such that
P{3v e RM* ||v||s = Cs : Ln(a + n,v) < Ly(a)} > 1—e.

This further means that there is a local minimizer b = o + NV, such that

16— all: = O,(M,n~'/?).
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Therefore, by triangle inequality

18 = Bl < 1B = Bl + 1B = Blls
My+d
<sup > |BrlIb — el + [18% = Bl
b k=1
= O0,(M,n" %) + O(M,°) = O,(Mn™/?).
The last equation holds because of A.3.
The proof of convergence rate of FadDoS depends on the same reasoning
before, except the step of Ty and Ty. Let ¢1 = sup,c4 ||B][7* and ¢y =
supje 4 |1Gillz% When ¢y = O(M"*n=12) and Mgy = O(n~1/2), the

results follow. ]

S2.2 Proof of Theorem 2

Proof. Since the penalty terms of the objective function are separable, we
assume other coefficient functions fixed and only consider the Ith coefficient
function here. The overall error can be divided into estimation error and

approximation error as follows.
(n/ M) (B = Br) = (/M) /(B — B7) + (n/ M) (87 = By).

Because the B-spline approximation error has been mentioned in Lemma
1, (n/M,)Y2(Be — B) = O(n'/2M,° /%), we only need to focus on the first

term of RHS, (n/M,)"2(6 — %) = (n/M,)"?BY (b, — ev;). Let v € RMn+d
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such that b, = oy + (M, /n)"?v and ry =Y —> ., U;b;, we define

J#l
Qn(v) given (S2.3), assuming w; ' = wl(z) =1,

Qu(v) =lIry — Uilou + (M /n) o) |5 + nduAil|au + (Mo /n) 2ol [1+

nAo((aq + (M, /n)?0)T K, (cq + (M, /n)"?v))/2,

Suppose the minimizer of Q,,(v) is noted as @, then ¥, = (n/M,)"/?(b, —
;). We need to show the limiting distribution of ©,, by proving the finite
distribution convergence of Vl((li) to Vl(l). Note that Vl((lq)l)(v) = Qn(v) —
@n(0),
0 M, M,

1 () :[”T(THU?UZ)U - 2(7)1/2(""(71) —U,a;) U+

nA (|l + (Mo /n) 20| — |leu| 1)+
na(((oq + (Mo /n) o) K ,i(oq + (M, /n)?0))? — (of K, 00)?).
Because (M,,/n)U;U; — C; and W; ~ N(0,5%C}), the first term denoted

by Ty of RHS of V() (v) is
T, = v'Cw — 2W ],
which is due to
(M /n)Y2(r 1y — Ujey)"U, = (M, /n)2e"U, + (M, /n)"/?e"U,.

We can see that (M, /n)Y2e"U, = W, and (M, /n)2eTU, = (M, /n)"/20,(M,°~*n) =

0p(1). Furthermore, the second term denoted by 75 of RHS is

My+d

T2 = )\1<H/Mn)1/2 Z {\vkm(alk = 0) + UkSgH(Odlk)]I(Oélk 7& O)}

k=1
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By Lemma 3, the eigenvalues of K is of the order O(¢M, '), the third

term denoted by T5 of RHS gives
Ts = Az(Mnn)W{(a,T K,00) 0 'K, o0l(oy # 0) 4+ (v K w) (o = 0)} + o( M)\
= 0 ol = 0) + (u” el K 7 0) + oM,
So, we have Vl((li)(v) RS Vl(l)('v) for a fixed v. Vl((lz) is a convex function
and it follows the results of Geyer (1994) that (n/M,)2(b, — oy) = ¥, =
arg min,, Vl((l?)l) % arg min, Vl(l) for I = 1,...,J. Multipling B,(t) on both
sides obtains
(/M) 2(5i(t) = Bu(1)) = (/M) (Bi(t) = B () + O(n'2M, 7712

N B/ (t) arg min Vl(l) (v).

v

S2.3 Proof of Proposition 1

Proof of 1. Since finding A, = A is the intersection of correctly estimating
nonzero values for nonzero coefficient function and correctly identifying zero
coefficient function, P(A, = A) < P(b, = 0 VI ¢ A). For Ith coefficient
functions, let v} = arg min, V,” (v,), Theorem 2 shows that (n/M,)"/?(b, —
o) A v;. Therefore, we need to show that ¢ = P(v; =0Vl ¢ A) < L.
There are two cases:

Ify, =9 =0, v; = C;'"W;, ~ N(0,02C; ") and therefore ¢ = 0.
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If v #0or v #0,
V(1) vf Croy = 2W o+ Ty (v) + (0] euflfeulls) it 1€ A
1 \V) =
vf Crop — 2W vy + 7ol |1 + |1 if ¢ A,

It can be seen that Vl(l)('vl) is not differentiable at v, = 0 for any k. By

KKT conditions, v; should satisfies

201’0? — 2Wl + 71Dy +’}/20él/HOqH2 =0 ifle A

(S2.8)
201’07 — 2Wl + Y14, + Yo R = 0 if [ ¢ A,
where Pk = avsz{|’ufk|]1(alk = 0) + Ul*kSgIl(Oélk)]I(Oélk 75 0)},
sgn(vj) if vjj, # 0 i /||| l2 if v # 0
dix = zZ =
€ {aqw : |lqw| <1} if v, =0, €{zi: ||zl <1} ifv;=0.

To examine the variable selection consistency, we have to introduce new
denotations by combining all coefficient functions. We let C = (M, /n)U' U,
U= U,....U)", W = W,,.. W), p=(p,....,p))", q =
(q1,---,q,)", a=(aq,...,a;)", and v* = (v},...,v%)T. Without loss of
generality, rewrite matrix C' in a block-wise form involving either [ € A or

A€ such that
Caa Cuye

Cuaa Cacpe
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and rewrite vectors W, p , q, a, and v} likewise. If v = 0 for any [ ¢ A,

the optimality conditions (52.8) become

2C 410 — 2W 4 + P4 + Yoea/||aealls = 0

(52.9)
|12C acav¥y — 2W e + 711G ae|l2 < 2.
Combining these optimality conditions (5S2.9) above,
HCACAC;&(ZWA —NPa — N2ea/lleallz) = 2W 4 + 711G 4 , S
Thus, we obtain,
c< P{"CACAC;\}A(2WA_71PA_7204A/"O‘AH2)_2WAC+’YIQAC , S 72} <1
]

Proof of 2. Given the same reasoning of 1, P(3(t) = 0) < P(by, = 0 Vk ¢
B). We need to show that ¢ = P(v}, = 0 Vk ¢ B) < 1. There are also two
cases:

Ify, =9 =0, v; = C;'"W, ~ N(0,02C; ") and therefore ¢ = 0.

If vy =% =0, forl € A,
R (v1) =vf Cror = 2Wiw + T (01) + 70v] @aflevalls
’v;‘FCl'vl —2W v, + ylvlksgn(alk) + WQ'UEFQA/HQAHQ ifkeB

vl Civ; — 2W v, + 71 || + 0] aa/||aal|2 it k ¢ B.



S2. PROOFS

We can follow the KKT conditions with respect to individual vy, and then

depend on the similar reasoning of the Proof of 1. to obtain the results. [J

S2.4 Proof of Theorem 3

Proof. The proof of Theorem 3 requires Lemma 4, which shows the rate
of convergence of the initial estimator which is derived from the penalized
B-splines estimator in Cardot et al. (2003). Let A be the tuning parameter

for the functional generalization of ridge regularization.

Lemma 4. Under (A.1)-(A.3), if A = O(Myn="2), |3~ Bl = Op(Mun~"/2).

Proof. The proof depends on the identical procedure as Theorem 1.

Now we are ready to give the proof of Theorem 3. Based on (S2.3), we

define Q,,(v), v € RM»*4 by adding adaptive weights as following

Qu(v) =[|r 1y — Uilay + (M, /n)20)|2 + nA il ||ey + (M, /n)v||,+

nAath? (o + (M, /n) ?0) K, (oy + (M, /n)?v))"/>.

Suppose the minimizer of Q,(v) is noted as ¥,, then ¥, = (n/M,)"/2(b, —

;). We need to show the limiting distribution of v,,. Similarly, I/'Q((lzl)(v) =
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Qn(v) — Q,(0) = v"Cv — 2W] v + T 5(v), where
(

A1 () M, )/ 2ap () S M {]vk\ﬂ(ak = 0) + vgsgn (au) L(ay, # 0)}+
FLQ(U) = )\Q(Mnn)l/2wl(2)(alTKwal)_l/QvTKwal ifle A

A (n/M)Y20 M o]+ Ao(Myn) 20 (0T K, ) Y/2 if [ ¢ A,

and (M, /n)U}U, — C;, W; = N(0,02C,) as before.
11 ¢ A a = |57 = Op(My*n/2) and & = ||3|I;* = O, (M;*n"/2),

A\in (a+1)/2 ) Me

- ot A n p,
Al(m)lﬂwl( )H’UH1 X Aq (Mn)l/Q M l a/QH v|[y = a+1/2 w; na/2||UHl — 00,
since \yn(@+D/2/Mi 2 — oo and (Mg/ne/2)if" = O,(1); on the other

hand, given Lemma 3 and ¢ = A3,

a/2 Mo 22 (a+1)/2 Ma
e oa@ Ma AR ~(2) P
Mo w, ey Mo w, /3 — 00,

/\Q(Mnn)lﬁwl(?)(UTK%ZU)1/2 = A2pl/2
since A3n(@+)/2 /M — 0o and (M2 /n/2)i\> = O,(1). Hence, for | ¢ A
Vi (v) = 00. (S2.10)
If I € Aand k ¢ B, we have

17AY ( )= 'UTC'Z'U—QW,T'U—{—)\ (M )1/2 h 1)|v;€|—i-/\ (M, n)l/le(Q)(alTK%lal)_l/QvTKwal.

Under the same conditions before, we know that A;( "n)l/2 1)|vk| 5 0o
and Ay(M,n) 20" (ol K ,00) 20T K , 00 5 00. We re-expressed v in

a blockwise form mentioned before such that v = (vg,vg:)’. Hence,
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Voo (v5e) = 0. (S2.11)

Ifl € Aand k € B, due to t € Iy(5), E’I(t) 2 Bi(t) # 0, the last two
terms converge to zero in probability under the conditions A (n/M,)"/? — 0

and A2n'/* — 0. Thus,
VQ((ZBL) (vs) = v5(Ci)pBVE — 2(W))5UB. (S2.12)

Thus, we see that \/'2((2)(1)) S Vz(l)('v) for a fixed v and 1/'2((2) is a convex
function. Given (52.10), (S2.11), and (52.12), it follows the results of Geyer

(1994) that ¥ = arg min, 1/2((120 2 arg min, VQ(Z), where
(

'UB(CI)BB’UB — Q(Wl)g’vg ifle Aand ke B

I
V' (v) = 00 ifle Aand k ¢ B

00 ifl ¢ A,

\

and (C})pp, (W,)p are similarly defined. Therefore, we have v,, N (C)ps(W))5
ifle Aandk € B; b, S 0ifl € Aand k ¢ B; 9, > 0if | ¢ A. Since
(W) ~ N(0,0%(C))pg), it can be seen that for t € I1(3),
(n/My)2(Bi(t) = Bi(t)) = (/M) P(Bi(t) = B7(8)) + (/M) 2 (57 (1) — Bilt))
= (n/M,)"* B[ (bis — cup) + O(n'/>M,*~1/?)
% Bl (C))ps(W)s

4 N(0, Sy),
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where ¥y, = 02 B] (t)(C)) g5 Bi(1).

We now want to prove the consistency of global and local selection. We
start with the global variable selection. The asymptotic normality indicates
that P(I € A) — 1. Then it suffices to show that for any I’ ¢ A, P(l' €
A) — 0. We rewrite the objective function for by, resulting in L, (by) =
n= ey — Urbe|3 + At [by ||y + Aot (b1 K, pby)V/?. By Lemma
3 that eigenvalues of K, is of the order O(¢M, 1), we can derive the KKT

conditions for global and local selection respectively.

If ' € A, under KKT conditions, we have
QUZI;('I"(_Z/) — Ul/bl/) = nAn)\lwl(,l)ql, + TLMn_l/Q)\glle(?)bl/”|bl/||2 (82.13)

where gy, is defined similary as above with respect to by, here. Multiplying

(M,,/n)*/? on both sides, the LHS gives

M, M, &
2= PUL (e = Unbe) = 2W 25U U (5

n n

)"/ (ew — bu).

Because Wy ~ N(0,02C/) and the second term asymptotically converges

to normal distribution, 2(M, /n)Y2U}, (r_in—Uyby) % some normal distribution
by Slutsky’s theorem. Given (n/M,)"2A 6" % 0o and n!/2X\26? 5 oo
under the conditions, we know the probability that (5S2.13) holds tends to

be 0, and thus, P(I’ € A) — 0.

Now we want to prove the consistency of local selection only considering
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l € Aand k € B. Similarly, it suffices to show that for any &' ¢ B,
P(K e Blle A) — 0.

Ifk e l’;’, under KKT conditions, we have

2UT (r(_1y — Uiby) iy = nA M\ Msgn(bye) + nM; 22207 by /by,
(S2.14)
where I, denotes (M, +d)-dimensional unit vector with 1 at the &'th entry.

Following a similar reasoning as above, we show the probability that (52.14)

holds tends to be 0 as well. Hence, P(k' € B|l € A) — 0. O
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S3 Simulation Studies

S3.1 Data Generation

Figure S1 illustrates the simulated data and three different types of coeffi-

cient functions. The functional predictors are generated to be standardized

o
o -
©
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- 4 Y]
~~ p=} :
= g °
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o - g
§
- n 3
<
o S
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(a)
oA ™ S_?,
- o~ © |
o
2- 3
ol
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; g
o 2

00 072 014t0.‘s 08 10 00 02 of4tofe 08 10 00 02 04 06 08 10
(b)

Figure S1: Generating functional predictor, response, and coefficient functions in simulations study: (a)
The left panel is generated X;;(t),j = 1,...,10 for all samples. Each curve represents the functional
covariate for a subject over the time domain. The right panel is QQ-plot of generated Y;. Both figures
are drew under the sample size n = 20; (b) True coefficient functions, from left to right panel, are 81 (t),

Ba(t), and B;(t),j = 3,...,10.
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and independent, which ensures a fair assessment of method performance,
without confounding factors of differing scales or inter-predictor dependen-
cies. Additionally, the three types of coefficient functions demonstrate the

global and local sparsity structure in the functional linear regression model.

S3.2 Effects of the Smoothness Parameters

o
< -
~ 4
A A\
~— - { N
14\ N e )
E o 17 k TRR | = / \ \
<o~ N / <! \
- \ U N
/ \
A ¢=3e-06 §-3e-06 | /
¢ =7e-06 \ J 9=7e-06 |
- 1e-05 A\ 4 =1e-05 oo
Rl $=5:-05 U $=5e-05 7
@ =2e-04 @ =2e-04
@ 4 ¢ =6e-04 ¢ =6e-04
T T T T T T T T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0
t t

Figure S2: Estimated coefficient functions for 1(t) and B2(t) of the proposed estimator FadDoS with

varying ¢.

While the functional ¢; » penalty induces global sparsity, the smooth-
ing parameter ¢ controls overall curvature to ensure estimate smoothness.
Figure S2 illustrates the effect of varying ¢ with A; and A, fixed. Insuffi-
ciently small ¢ leads to excessively wiggly functional estimates compared
to the true functions. This impedes accurate identification of zero sub-

regions and decreases the TNR due to inadequate shrinkage. Conversely,
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excessively large ¢ overly linearizes the estimates. As shown in Table S1,

moderate values of ¢ around 5e-5 yield superior PMSE and ISE. The op-

timal level of smoothing avoids both under- and over-smoothing, thereby

enabling precise estimation of zero subregions while maintaining estimate

accuracy. Through controlling total curvature, the smoothing parameter

provides localized regularization that complements the sparsity induced by

the functional ¢, 5 penalty.

¢  PMSE (x1072)  ISEq(5) ISE; (1) ISE(f;)  Y,25ISE(B;)  avgTNR
3e-6 2.59(0.18) 52.87(53.87) 103.83(48.22) 99.52(36.11)  0.37(3.29)  0.99(0.0176)
7e-6 2.54(0.17) 32.56(41.13)  85.29(44.36)  82.69(33.41)  0.27(2.68) 0.99(0.13)
le-5 2.52(0.17) 26.38(37.95)  78.68(41.63)  76.37(32.58)  0.25(2.49) 0.99(0.13)
5e-5 2.46(0.17) 12.41(18.06)  64.67(40.28)  56.78(28.58)  0.00(0.00) 1.00(0.00)
2e-4 2.50(0.18) 28.48(24.42)  95.83(49.68)  53.38(29.61)  0.00(0.00) 1.00(0.00)
6e-4 2.64(0.20) 69.21(38.84) 173.73(60.80)  75.7(40.58)  0.00(0.00) 1.00(0.00)

Table S1: PMSE (x1072), ISE, and average TNR, (avgTNR) of the proposed estimator FadDoS with

varying ¢. The test sample size is 1000. The entry in the parenthesis corresponds to the standard

deviation among 100 simulation replicates.




S4. ILLUSTRATION OF TIMED UP AND GO TEST

S4

Illustration of Timed Up and Go Test
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Figure S3: Instruction of Timed Up and Go (TUG) Test : (a) Stand up from the chair; (b) Walk forward

at a normal pace; (c¢) Turn; (d) Walk backward to the chair at a normal pace; (e) Sit down. Each joint

is color coded as Figure 1(b).
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