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1 Simulation Results for Unbalanced observations 1

We investigate the performance further for the unbalanced observations. The sampling 2

procedure is conducted in a similar way of the balanced version. In the balanced 3

version, we generate the data set using equally-spaced 100 time points out of the data 4

on 500 time points. In the unbalanced version, we choose 100 time points randomly 5

for each observation, i = 1, . . . , n. Then we generate 100 samples for each scenario and 6

summarize the results in S1 Table and S2 Table. 7

The table in S1 Table shows the estimation consistency based on the RMSE for 8

each case. We can see that our sparse methods outperform the OLS and the ridge 9

penalty and the results are very close to the oracle. We can also see that the difference 10

from the oracle becomes smaller as n increases. 11

The table in S2 Table shows the performance of the selection performance. Even 12

with the unbalanced case, the methods always choose the active functional predictors 13

correctly as the balanced case, but the it tends not to remove the inactive functional 14

predictors. The major reason for that is because of the model we used. We generate 15

the functional data X based on the random walk. It is obvious that the balanced 16

observation has a strong advantage against the unbalanced case in the function 17

estimation procedure. Overall, considering the estimation performance, even with this 18

disadvantage, the functional group sparse methods work very well. 19

2 Proof 20

Proof of Lemma 1 The representation of [Γ̂XX ] can be shown by the relation
between the two following equations.

⟨f, Γ̂XXg⟩H = En(⟨f,X − EnX⟩H⟨g,X − EnX⟩H) = [f ]TBG[X1:n]BQ[X1:n]B[g]B,

⟨f, Γ̂XXg⟩H = [f ]TB [Γ̂XX ][g]B,

for any f, g ∈ H. The second equation can be shown as following. For any β ∈ H,

Γ̂Y Xβ = En{(Y − EnY )⊗ (X − EnX)}β = En{(Y − EnY )⟨X − EnX,β⟩H}
= En{(Y − EnY )[X − EnX]TG[β]}.

We can also see that Γ̂XY = n−1[X̃1:nY ]. □ 21
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Lemma 6 Take x, y ∈ Rm where y is known.

argmin
x

(
1

2
∥x− y∥2 + λ∥x∥

)
= Sλ(y), (23)

where Sλ(y) := 1{∥y∥>λ}

(
1− λ

∥y∥

)
+
y is the block soft threshold operator in real space. 22

Proof of Lemma 6. Observe that

argmin
x

(
1

2
(x− y)T(x− y) + λ∥x∥

)
= argmin

x

(
1

2
(xTx− 2xTy) + λ∥x∥

)
.

To satisfy the Karush–Kuhn–Tucker (KKT) stability condition, the derivative of 23

the above objective function with respect to x must be equal to zero. If the derivative 24

does not exist, the subdifferential must include zero. The derivative is x− y + λsx, 25

where sx is the subdifferential of ∥x∥ at x. 26

If x ̸= 0, sx = x/∥x∥ and the KKT condition gives

x(1 + λ/∥x∥) = y.

Compute the ∥y∥ in the preceding equation and solve for ∥x∥. Plugging it back into
the equation gives us,

x = (1− λ/∥y∥)y.
The condition x ̸= 0 is equivalent to ∥y∥ > λ. On the other hand, x = 0 is equivalent 27

to 0 ∈ −y + λsx, or y ∈ λsx. In this case sx = {z ∈ Rm|∥z∥ ≤ 1}. Therefore, 28

∥y∥2 ≤ λ2 which completes the proof. □ 29

Proof of Theorem 1. 30

1) β-update. 31

Consider the objective function for β in (9). After removing the constant terms
with respect to β, with the help of Lemma 1, we have

[βnew] : = argmin
β

(
f(β) +

ρ

2
([β]− [γ] + [U ])T([β]− [γ] + [U ])

)
= argmin

β

(
1

2n
([β]T[X̃1:n][X̃1:n]

T[β]− 2[β]T[X̃1:n]Y ) +
ρ

2
{[β]T[β]− 2[β]T([γ]− [U ])}

)
.

Differentiate with respect to β, and set the derivative equal to zero to satisfy the KKT
conditions. The result is:

n−1[X̃1:n][X̃1:n]
T[β]− n−1[X̃1:n]Y + ρ([β]− ([γ]− [U ])) = 0.

Solve for β which completes the derivation. Note that the result is similar to the 32

functional ridge regression. 33

2) γ-update. 34

Similarly, if we remove the constant terms with respect to γ and expand the
objective function for γ, we have

[γnew] : = argmin
γ

(
g(γ) +

ρ

2
([βnew]− [γ] + [U ])T([βnew]− [γ] + [U ])

)
=argmin

γ

 p∑
j=1

{λ([γj ]T[γj ])
1
2 +

ρ

2
([γj ]− ([(βj)new] + [U j ]))T([γj ]− ([(βj)new] + [U j ]))}

 .

Note that the objective function is now additive which allows us to optimize γ for each
γj , j = 1 . . . , p. Thus, the above optimization is equivalent to

[(γj)new] := argmin
γj

(
λ([γj ]T[γj ])

1
2 +

ρ

2
([γj ]− ([(βj)new] + [U j ]))T([γj ]− ([(βj)new] + [U j ]))

)
,

for j = 1, . . . p. Applying Lemma 6 completes the proof. □ 35
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Lemma 7 For x, y ∈ Rm where y is known and a, b are constants

argmin
x

(
1

2
(x− y)T(x− y) + a(xTx)

1
2 +

b

2
xTx

)
=

1

b+ 1
Sa(y).

Proof of Lemma 7. 36

The proof is similar to that of lemma 6. The only difference is the derivative of the 37

objective function. It is x− y + as+ bx, where s is the subdifferential. The rest of the 38

proof is straightforward. If x ̸= 0 we see that x(1 + b+ a
∥x∥ ) = y. Taking norm ∥.∥ 39

from both sides, solving for ∥x∥, and plugging it back, we would have 40

x = ( 1
1+b )(1−

a
∥y∥ )y. Note that this is only possible when ∥x∥ > 0, which means 41

∥y∥ > a. If x = 0, it results in 0 ∈ −y + as, or y ∈ as. Since in this case 42

s = {[Z]|Z ∈ Rm&∥Z∥ ≤ 1}, ∥y∥ ≤ a, which completes the derivation above. □ 43

Proof of Theorem 2. The proof is a straightforward result from the combination of 44

Theorem 1 and Lemma 7. □ 45

Lemma 8 Assume that ΓXX is a positive definite operator and when n approaches 46

infinity, λn approaches zero slower than the rate at which
√
n approaches infinity. 47

Then, ∥(Γ̂XX + λnI)
−1ΓXX − (ΓXX + λnI)

−1ΓXX∥H = Op(λ
−1
n n−1/2), and 48

∥(Γ̂XX + λnI)
−1Γ̂XX − (ΓXX + λnI)

−1ΓXX∥H = Op(λ
−1
n n−1/2), where ∥ · ∥H is the 49

operator norm. 50

Proof of Lemma 8. Note that ΓXX(ΓXX + λnI) = I − λn(ΓXX + λnI)
−1 and

(Γ̂XX + λnI)Γ̂XX = I − λn(Γ̂XX + λnI)
−1. Therefore,

(Γ̂XX + λnI)
−1 − (ΓXX + λnI)

−1 = (Γ̂XX + λnI)
−1(ΓXX − Γ̂XX)(ΓXX + λnI)

−1.

To be specific, if we add and subtract λn(Γ̂XX + λnI)
−1(ΓXX + λnI)

−1 in the
left-hand side of the above equation, we can easily derive the right-hand side of the
equation. In addition, we have

(Γ̂XX + λnI)
−1ΓXX − (ΓXX + λnI)

−1ΓXX

= (Γ̂XX + λnI)
−1(ΓXX − Γ̂XX)(ΓXX + λnI)

−1ΓXX . (24)

Note that (Γ̂XX + λnI)
−1 = (ΓXX +Op(n

−1/2) + λnI)
−1 by Lemma 4. Thus, its norm 51

is ∥(Γ̂XX + λnI)
−1∥H = Op(λ

−1
n ). By Lemma 4, ∥(ΓXX − Γ̂XX)∥H = Op(n

−1/2). The 52

norm of product of the last two parentheses is bounded by 1. Hence, 53

∥(Γ̂XX + λnI)
−1ΓXX − (ΓXX + λnI)

−1ΓXX∥H = Op(λ
−1
n n−1/2). 54

For the second convergence rate, note that

(Γ̂XX + λnI)
−1Γ̂XX − (Γ̂XX + λnI)

−1ΓXX

= (Γ̂XX + λnI)
−1(Γ̂XX − ΓXX) = Op(λ

−1
n n−1/2).

Therefore,

∥(Γ̂XX + λnI)
−1Γ̂XX − (ΓXX + λnI)

−1ΓXX∥H
≤ ∥(Γ̂XX + λnI)

−1Γ̂XX − (Γ̂XX + λnI)
−1ΓXX∥H

+ ∥(Γ̂XX + λnI)
−1ΓXX − (ΓXX + λnI)

−1ΓXX∥H
= Op(λ

−1
n n−1/2).

□ 55

Proof of Lemma 5. 56
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The following proof is similar to the proof mentioned in [1] which considers a 57

different penalty term that is square of the group LASSO penalty. Then, they proved 58

the consistency by stating that the solution path of the group LASSO will be the 59

same. Instead, we consider a different optimization problem M̃n(.) proposed below, 60

which directly leads to the consistency of multivariate functional group LASSO. 61

Denote β̃J
n as the unique minimizer of the following objective function.

M̃n(α) =
1

2
Γ̂Y Y − Γ̂Y XJ (α) +

1

2
⟨α, Γ̂XJXJ (α)⟩ + λn

2

∑
j∈J

∥αj∥2Hj

∥βj∥Hj

, α ∈ H,

where βj is the j-th functional component of βJ in the population model. β̃J
n has a

closed-form solution similar to the solution of a functional predictor ridge regression
β̃J
n = (Γ̂XJXJ + λnD)−1(Γ̂XJY ),

where D is a diagonal operator, diag((·)/∥βj∥). We can replace Γ̂XJY by the following
expression, after adding and subtracting Γ̂XJXJ (βJ).

β̃J
n = (Γ̂XJXJ + λnD)−1(Γ̂XJXJβJ + Γ̂Xϵ), (25)

where Γ̂Xϵ is the empirical covariance operator between observed functional data X
and the population error, ϵ = Y − ⟨X,β⟩ = Y − ⟨XJ , βJ⟩. D is a self-adjoint operator,
and ∥βj∥H ̸= 0 for all j ∈ J by the definition of the population active set J . This
means there are positive constants Dmin = 1/max

j∈J
∥βj∥H and Dmax = 1/min

j∈J
∥βj∥H

such that DmaxI ≽ D ≽ DminI. The closed-form solution (25) can be broken down
into multiple terms. One of the terms is

(Γ̂XJXJ + λnD)−1(Γ̂Xϵ). (26)
Applying the same technique in the proof of Lemma 8 and using the result of Lemma
4, we can see that ∥Γ̂XJXJ + λnD

−1∥H ≤ D−1
minλ

−1
n , and

(Γ̂XJXJ + λnD)−1(Γ̂Xϵ) = Op(n
−1/2λ−1

n ).

Hence, we have
β̃J
n − βJ = (Γ̂XJXJ + λnD)−1(Γ̂XJXJβJ + Γ̂Xϵ)− βJ

= (Γ̂XJXJ + λnD)−1(Γ̂XJXJβJ)− (ΓXJXJ + λnD)−1ΓXJXJβJ

+ (ΓXJXJ + λnD)−1ΓXJXJβJ − βJ +Op(n
−1/2λ−1

n )

(27)

The first two terms of the last equation in (27) is Op(n
−1/2λ−1

n ) by Lemma 8. By
using (ΓXJXJ + λnD)−1ΓXJXJ = I − λn(ΓXJXJ + λnD)−1D, we can simplify the
third and fourth terms of (27) as

(ΓXJXJ + λnD)−1ΓXJXJβJ − βJ = (−λn(ΓXJXJ + λnD)−1D)βJ . (28)
Consequently, we have

β̃J
n − βJ = (−λn(ΓXJXJ + λnD)−1D)βJ +Op(n

−1/2λ−1
n ). (29)

Now, we show the norm of λn(ΓXJXJ + λnD)−1D is Op(
√
λn + n−1/2λ−1

n ). Let
hJ ∈ HJ be the element in the assumption such that βJ = Γ

1/2

XJXJh
J . Then,

∥λn(ΓXJXJ + λnD)−1DβJ∥2HJ = λ2
n⟨βJ , D(ΓXJXJ + λnD)−2DβJ⟩HJ

≤ λ2
nD

2
max⟨βJ , (ΓXJXJ + λnDminI)

−2βJ⟩HJ

≤ λnD
2
maxD

−1
min⟨β

J , (ΓXJXJ + λnDminI)
−1βJ⟩HJ

= λnD
2
maxD

−1
min⟨Γ

1/2

XJXJh
J , (ΓXJXJ + λnDminI)

−1Γ
1/2

XJXJh
J⟩HJ

≤ λnD
2
maxD

−1
min∥h

J∥2H.
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The third line of the above equation is valid because
∥ΓXJXJ + λnDminI∥HJ ≥ λnDmin. Combining the results above, we have

∥β̃J
n − βJ∥H = Op(

√
λn + n−1/2λ−1

n ).

Now, let’s compare β̃J
n and βJ

n where βJ
n is the solution to the optimization problem of

Mn(α). Consider the following equation.

Mn(α)− M̃n(α) = λn

∑
j∈J

(
∥αj∥Hj −

∥αj∥2Hj

2∥βj∥Hj

)
. (30)

The partial Fréchet derivative of the equation (30) with respect to αi for an i ∈ J is

Dαi(Mn(α)− M̃n(α)) = λn

(
⟨αi, ·⟩Hi

∥αi∥Hi

− ⟨αi, ·⟩Hi

∥βi∥Hi

)
. (31)

Since βJ are nonzero, (31) is continuously differentiable around βJ , and
DαiM̃n(β̃

J
n )) = 0, we have

∥DαiMn(β̃
J
n ))− 0∥ = λn

∥∥∥∥∥ ⟨β̃i
n, ·⟩Hi

∥β̃i
n∥Hi

− ⟨β̃i
n, ·⟩Hi

∥βi∥Hi

∥∥∥∥∥ ,
where the ∥ · ∥ is the operator norm. In addition, since βi ̸= 0 for i ∈ J , it can be
easily shown that

∥DαiMn(β̃
J
n ))− 0∥Hi ≤ Cλn∥βJ − β̃J

n∥HJ ,

for some constant C > 0. Thus, we have

∥DαiMn(β̃
J
n ))∥Hi = λnOp(λ

1/2
n + n−1/2λ−1

n ). (32)

Now, since Mn is strictly convex near the true βJ , its second-order Fréchet derivative
has a lower bound. Consequently, we have

Mn(α
J) ≥ Mn(β̃

J
n ) + ⟨DαJMn(β̃

J
n ), (α

J − β̃J
n )⟩HJ + C ′λn∥αJ − β̃J

n∥2HJ ,

for some C ′ > 0. Suppose that αJ is near β̃J
n and let ηn = ∥αJ − β̃J

n∥2HJ which tends
to zero. Subsequently, we can rewrite the lower bound such that

Mn(α
J) ≥ Mn(β̃

J
n ) + ηnλnOp(

√
λn + n−1/2λ−1

n ) + C ′λnη
2
n, (33)

If the last term is tending to zero slower than the second term, we can conclude that 62

all minima of Mn(·) are inside the ball {αJ : ∥αJ − β̃J
n∥2HJ < η} with probability 63

tending to one. This is because Mn(·), on the edge of the ball, takes values greater the 64

ones inside the ball. i.e., the global minimum of Mn(·) is at most ηn away from β̃J
n . 65

Thus, the necessary condition for the proof is ηnλ3/2
n = o(λnη

2
n) and 66

n−1/2ηn = o(λnη
2
n). Alltogether, we have the consistency results if ηn converges to 67

zero slower than λ
1/2
n + n−1/2λ−1

n . □ 68

Proof of Theorem 3. We rewrite the multivariate functional group LASSO objective
function (3) as,

M̂n(α) =
1

2
Γ̂Y Y − Γ̂Y Xα+

1

2
⟨α, Γ̂XXα⟩H + λn

p∑
j=1

∥αj∥Hj .
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Denote a minimizer of M̂n(·) by β̂n. Since it is a convex function, it has a unique 69

minimizer. In addition, if λn goes to zero, the objective function converges to the 70

regression problem without the penalty whose unique minimizer is β. Thus, it is easy 71

to see that Ĵ = {j : β̂j
n(·) ̸= 0} converges to J via the M-estimation theory. See [2] 72

and [3]. 73

Now, we extend βJ
n in Lemma 5 with zero functions as βi

n for i ∈ Jc, name it
βn ∈ H. Note that, it is a consistent estimator of β by Lemma 5. Since both of the
Mn(·) and M̂n(·) have unique minimizers and the βn is a consistent estimator of β, the
consistency of β̂n can be shown, if we can show that βn satisfies the optimal conditions
for M̂n(·) with a probability tending to one. The (asymptotically) optimal conditions
of M̂n(·) are {

∥Γ̂XiXα− Γ̂XiY ∥Hi ≤ λn i /∈ J

⟨Γ̂XjXα, ·⟩Hj − Γ̂Y Xj (·) = − λn

∥αj∥Hj
⟨αj , ·⟩Hj j ∈ J.

The second equation is immediately satisfied with α = βn, since it satisfies the KKT
condition for Mn(·). We focus on the above inequality of the optimal condition. The
first derivative condition for minimizing Mn(·) implies that βJ

n should justify the
following equation

−Γ̂Y XJ (·) + ⟨Γ̂XJXJβJ
n , ·⟩HJ + λn

∑
j∈J

⟨βj
n, ·⟩Hj

∥βj
n∥Hj

= 0.

Define Dn be an operator from HJ to HJ such that Dn(α
J) = diag(αj/∥βj

n∥) for
j ∈ J . We rewrite the above equation as

−Γ̂Y XJ (·) + ⟨(Γ̂XJXJ + λnDn)β
J
n , ·⟩HJ = 0.

In addition, note that

Γ̂Y XJ (·) = ⟨Γ̂XJY , ·⟩HJ = ⟨Γ̂XJXJβJ + Γ̂Xϵ, ·⟩HJ .

Thus, we have

⟨βJ
n , ·⟩ = ⟨(Γ̂XJXJ + λnDn)

−1(Γ̂XJXJβJ + Γ̂XJϵ), ·⟩HJ .

Furthermore, by using a similar technique used in (28),

(Γ̂XJXJ + λnDn)
−1Γ̂XJXJβJ = βJ − (Γ̂XJXJ + λnDn)

−1λnDnβ
J .

Thus, for an i ∈ Jc:

Γ̂XiY − Γ̂XiXJβJ
n = Γ̂XiY − Γ̂XiXJβJ + λnΓ̂XiXJ (Γ̂XJXJ + λnDn)

−1Dnβ
J

− Γ̂XiXJ (Γ̂XJXJ + λnDn)
−1Γ̂XJϵ

= λnΓ̂XiXJ (Γ̂XJXJ + λnDn)
−1Dnβ

J + Γ̂Xiϵ

− Γ̂XiXJ (Γ̂XJXJ + λnDn)
−1Γ̂XJϵ,

by using the fact that Γ̂XiY − Γ̂XiXJ (βJ) = Γ̂Xiϵ. At this point, the formulation has a 74

similar form, derived in Theorem 11 of [1]. Furthermore, Lemma 5 satisfies the 75

condition that is necessary to derive the rest of the proof so that they can be derived 76

similarly. □ 77
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3 Rregions of Interests 78

List of regions of interests: The following are the lists of the regions of interest of 79

the human brain used in the application section 8. The atlas labels of the human 80

brain and full names can be found at Atlas Label. 81

The list of the regions of interest associated with the active set of MFG-Lasso when the 82

response value is IQ score: 83
”Frontal–Mid–Orb–L”, ”Frontal–Mid–Orb–R”, ”Frontal–Inf–Oper–L”, 84

”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”, ”Frontal–Inf–Tri–R”, 85
”Frontal–Inf–Orb–L”,”Frontal–Inf–Orb–R”, ”Rolandic–Oper–R”, ”Supp–Motor–Area–L”, ”Olfactory–L”, 86
”Olfactory–R”, ”Frontal–Sup–Medial–L”,”Frontal–Med–Orb–L”, ”Frontal–Med–Orb–R”, ”Rectus–L”, 87
”Cingulum–Ant–L”, ”Cingulum–Post–L”, ”Cingulum–Post–R”, ”Amygdala–L”, ”Amygdala–R”, 88
”Calcarine–L”, ”Calcarine–R”, ”Cuneus–L”, ”Cuneus–R”, ”Lingual–L”, ”Occipital–Sup–L”, 89
”Occipital–Sup–R”, ”Occipital–Mid–R”, ”Occipital–Inf–L”, ”Occipital–Inf–R”, ”Parietal–Sup–L”, 90
”Parietal–Inf–R”, ”SupraMarginal–L”, ”SupraMarginal–R”, ”Angular–L”, ”Angular–R”, ”Precuneus–L”, 91
”Paracentral–Lobule–L”, ”Paracentral–Lobule–R”,”Putamen–L”, ”Pallidum–R”, ”Heschl–R”, 92
”Temporal–Sup–L”, ”Temporal–Pole–Mid–L”, ”Cerebellum–3–L”, ”Cerebellum–3–R”, ”Vermis–1–2”, 93
”Vermis–3”, ”Vermis–4–5”, ”Vermis–6”, ”Vermis–9”, ”Vermis–10”. 94

The list of the regions of interest associated with the active set of MFG-Lasso when the 95

response value is Verbal IQ: 96
”Frontal–Sup–R”, ”Frontal–Mid–Orb–L”,”Frontal–Mid–Orb–R”, 97

”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”,”Frontal–Inf–Tri–R”, 98
”Frontal–Inf–Orb–L”,”Frontal–Inf–Orb–R”,”Rolandic–Oper–R”, ”Supp–Motor–Area–L”,”Olfactory–L”, 99
”Frontal–Sup–Medial–L” ”Frontal–Med–Orb–L”,”Frontal–Med–Orb–R”,”Rectus–L”, ”Cingulum–Ant–L”, 100
”Cingulum–Post–L”, ”Cingulum–Post–R”, ”Amygdala–L”, ”Amygdala–R”, ”Calcarine–L”, ”Calcarine–R”, 101
”Cuneus–L”, ”Cuneus–R”, ”Occipital–Sup–L”, ”Parietal–Sup–L”, ”Parietal–Sup–R”, ”Parietal–Inf–L”, 102
”Parietal–Inf–R”, ”SupraMarginal–L”, ”SupraMarginal–R”, ”Angular–L”, ”Precuneus–L”, ”Precuneus–R”, 103
”Paracentral–Lobule–L”,”Paracentral–Lobule–R” ”Putamen–L”, ”Pallidum–R”, ”Heschl–R”, 104
”Temporal–Sup–L”, ”Temporal–Pole–Mid–L”,”Cerebellum–3–L”, ”Vermis–1–2”, ”Vermis–3”, ”Vermis–4–5”, 105
”Vermis–6”, ”Vermis–9”, ”Vermis–10”, . 106

The list of the regions of interest associated with the active set of MFG-Lasso when the 107

response value is Performance IQ: 108
”Frontal–Sup–Orb–L”,”Frontal–Mid–Orb–L”,”Frontal–Mid–Orb–R”, 109

”Frontal–Inf–Oper–L”,”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”, 110
”Frontal–Inf–Tri–R”,”Frontal–Inf–Orb–L”,”Frontal–Inf–Orb–R”, ”Rolandic–Oper–R”, 111
”Supp–Motor–Area–L”,”Olfactory–L”, ”Olfactory–R”, ”Frontal–Sup–Medial–L”,”Frontal–Sup–Medial–R” 112
”Frontal–Med–Orb–L”,”Frontal–Med–Orb–R”,”Rectus–L”, ”Insula–R”, ”Cingulum–Ant–L”, 113
”Cingulum–Mid–L”, ”Cingulum–Post–L”, ”Cingulum–Post–R”, ”ParaHippocampal–L”, 114
”ParaHippocampal–R”,”Amygdala–L”, ”Amygdala–R”, ”Calcarine–L”, ”Calcarine–R”, ”Cuneus–L”, 115
”Cuneus–R”, ”Lingual–L”, ”Occipital–Sup–L”, ”Occipital–Sup–R”, ”Occipital–Mid–L”, ”Occipital–Mid–R”, 116
”Occipital–Inf–L”, ”Occipital–Inf–R”, ”Postcentral–L”, ”Postcentral–R”, ”Parietal–Sup–L”, 117
”Parietal–Sup–R”, ”Parietal–Inf–L”, ”Parietal–Inf–R”, ”SupraMarginal–L”, ”SupraMarginal–R”, 118
”Angular–L”, ”Angular–R”, ”Precuneus–L”, ”Precuneus–R”, ”Paracentral–Lobule–L” 119
”Paracentral–Lobule–R”,”Caudate–L”, ”Putamen–L”, ”Pallidum–R”, ”Thalamus–L”, ”Heschl–L”, 120
”Heschl–R”, ”Temporal–Sup–L”, ”Temporal–Pole–Sup–L”, ”Temporal–Pole–Sup–R”,”Temporal–Mid–L”, 121
”Temporal–Pole–Mid–L”, ”Temporal–Pole–Mid–R”,”Cerebellum–3–L”, ”Cerebellum–3–R”, 122
”Cerebellum–4–5–R”, ”Cerebellum–6–L”, ”Cerebellum–6–R”, ”Vermis–1–2”, ”Vermis–3”, ”Vermis–4–5”, 123
”Vermis–6”, ”Vermis–7”, ”Vermis–9”, ”Vermis–10”. 124

The list of the regions of interest associated with the active set of MFG-Lasso when the 125

response value is ADHD score: 126
”Frontal–Mid–L”, ”Frontal–Mid–Orb–L”,”Frontal–Mid–Orb–R”, 127

”Frontal–Inf–Oper–L”,”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”, 128
”Frontal–Inf–Orb–L”,”Frontal–Inf–Orb–R”,”Supp–Motor–Area–L”, ”Olfactory–L”, 129
”Frontal–Sup–Medial–L”,”Frontal–Sup–Medial–R” ”Frontal–Med–Orb–L”,”Rectus–L”, ”Cingulum–Ant–L”, 130
”Cingulum–Post–L”, ”ParaHippocampal–R”,”Amygdala–L”, ”Calcarine–L”, ”Cuneus–L”, ”Cuneus–R”, 131
”Occipital–Inf–L”, ”Occipital–Inf–R”, ”Parietal–Sup–L”, ”Parietal–Inf–L”, ”SupraMarginal–L”, 132
”SupraMarginal–R”, ”Angular–L”, ”Angular–R”, ”Precuneus–L”, 133
”Paracentral–Lobule–L”,”Paracentral–Lobule–R”,”Putamen–L”, ”Heschl–R”, ”Temporal–Sup–L”, 134
”Temporal–Pole–Sup–R”, ”Temporal–Pole–Mid–L”,”Cerebellum–9–L”, ”Vermis–1–2”, ”Vermis–4–5”, 135
”Vermis–10”. 136

The list of the regions of interest associated with the active set of MFG-Lasso when the 137

response value is ADHD Inattentive: 138
”Frontal–Mid–Orb–L”,”Frontal–Mid–Orb–R”,”Frontal–Inf–Oper–L”, 139

”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”,”Frontal–Inf–Orb–L”, 140
”Frontal–Inf–Orb–R”,”Supp–Motor–Area–L”,”Frontal–Sup–Medial–L” 141
”Frontal–Sup–Medial–R”,”Frontal–Med–Orb–L”,”Rectus–L”, ”Cingulum–Ant–L”, ”Cingulum–Post–L”, 142
”Cingulum–Post–R”, ”ParaHippocampal–R”,”Amygdala–L”, ”Calcarine–L”, ”Cuneus–L”, ”Cuneus–R”, 143
”Lingual–L”, ”Occipital–Inf–L”, ”Occipital–Inf–R”, ”Parietal–Sup–L”, ”Parietal–Inf–L”, ”SupraMarginal–L”, 144
”SupraMarginal–R”, ”Angular–L”, ”Angular–R”, ”Precuneus–L”, ”Precuneus–R”, 145
”Paracentral–Lobule–L”,”Paracentral–Lobule–R” ”Heschl–R”, ”Temporal–Sup–L”, ”Temporal–Pole–Sup–R”, 146
”Temporal–Pole–Mid–L”,”Cerebellum–4–5–R”, ”Vermis–1–2”, ”Vermis–4–5”, ”Vermis–10”. 147

The list of the regions of interest associated with the active set of MFG-Lasso when the 148

March 20, 2022 7/8

journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/journal.pone.0088690.s001


response value is ADHD Hyper/Impulsive: 149
”Frontal–Mid–Orb–L”,”Frontal–Mid–Orb–R”,”Frontal–Inf–Oper–L”, 150

”Frontal–Inf–Oper–R”,”Frontal–Inf–Tri–L”,”Frontal–Inf–Orb–L”, ”Frontal–Inf–Orb–R”,”Rolandic–Oper–R”, 151
”Supp–Motor–Area–L”, ”Olfactory–L”, ”Frontal–Sup–Medial–L”,”Frontal–Sup–Medial–R” 152
”Frontal–Med–Orb–L”,”Frontal–Med–Orb–R”,”Rectus–L”, ”Rectus–R”, ”Cingulum–Ant–L”, 153
”Cingulum–Mid–L”, ”Cingulum–Post–L”, ”ParaHippocampal–R”,”Amygdala–L”, ”Amygdala–R”, 154
”Calcarine–L”, ”Cuneus–L”, ”Cuneus–R”, ”Occipital–Sup–R”, ”Occipital–Mid–R”, ”Occipital–Inf–L”, 155
”Occipital–Inf–R”, ”Parietal–Sup–L”, ”Parietal–Inf–L”, ”Parietal–Inf–R”, ”SupraMarginal–L”, 156
”SupraMarginal–R”, ”Angular–L”, ”Angular–R”, ”Putamen–L”, ”Pallidum–R”, ”Heschl–L”, ”Heschl–R”, 157
”Temporal–Sup–L”, ”Temporal–Pole–Sup–R”, 158
”Temporal–Pole–Mid–L”,”Temporal–Pole–Mid–R”,”Cerebellum–3–R”, ”Cerebellum–4–5–R”, 159
”Cerebellum–9–L”, ”Vermis–1–2”, ”Vermis–3”, ”Vermis–4–5”, ”Vermis–6”, ”Vermis–7”, ”Vermis–10”. 160

The list of the regions that are associated with IQ but not with ADHD by the MFG-Lasso: 161
”Frontal–Inf–Tri–R”,”Rolandic–Oper–R”,”Olfactory–R”, ”Frontal–Med–Orb–R”,”Cingulum–Post–R”, 162

”Amygdala–R”, ”Calcarine–R”, ”Lingual–L”, ”Occipital–Sup–L”,”Occipital–Sup–R”, 163
”Occipital–Mid–R”,”Parietal–Inf–R”,”Pallidum–R”, ”Cerebellum–3–L”, ”Cerebellum–3–R”, ”Vermis–3”, 164
”Vermis–6”, ”Vermis–9”, 165

The list of the regions that are associated with ADHD but not with IQ by the MFG-Lasso: 166
”Frontal–Mid–L”, ”Frontal–Sup–Medial–R”,”ParaHippocampal–R”,”Parietal–Inf–L”, 167

”Temporal–Pole–Sup–R”,”Cerebellum–9–L”. 168
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