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A B S T R A C T  

There is a growing body of literature on kno wledg e- g uided s tatis tical lea rning methods for analysis of structured high-dimensional data ( such as 
ge nomic a nd tra n s criptomic d a ta ) tha t can incorpora te kno wledg e of unde rlying networks de riv e d from function al ge nomics a nd functional pro- 
te omics . Thes e me thods h av e be en shown to improv e v ari ab le s ele ction and pre diction ac curac y and y ield more in te rpre tab le res ults . How ev er, 
thes e me thods typically us e grap h s extra cted from existin g d atabas es or rely on s ubje ct m a t te r expe rtise, which a re known to be incomp le te and 

m ay c ontain false e dges . To address this gap, w e propos e a grap h- g uided Baye sian mode ling frame w ork to ac c ount for netw ork noise in re gres- 
sion models involving structured hi gh-dime nsional pred ictor s. Spec i fically, we use 2 sources of network information, including the no is y graph 

extracted from existing d atabas es and the estim ate d graph from observ e d pre d ictor s in the d atas e t at hand, to inform the model for the true under- 
ly ing network v ia a late n t scale modeling framework. This model is c ouple d with the Bayesian r egr ession model with structured high-dimensional 
pred ictor s involving an adaptive structured shr inkage pr ior. We develop an efficient Markov chain Monte Carlo algorithm for posterior s amp ling. 
We de mons trate the adva n t age s of our method ove r exis ting methods in sim ul ation s, a nd through a nalyses of a ge nomics d atas e t a nd a nothe r 
pr oteomics da taset for Alzheimer’s disease. 

KEY W OR DS : a daptive B ayesia n shrinkage; late n t scale network mode l; MC MC algorithm ; no is y gra ph; s tructured hi gh-dime nsion al pre dic- 
tion. 
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1 I N T R O D U C T I O N 

a pid adva nc es in te chno lo gies h av e le d to c olle ction of var-
ous types of omics data, such as ge nomics a nd proteomics
ata, in many biomed ical stud ie s. Two not ab le examp les are

he Alzheimer’s dis eas e neuroimaging initi ative ( ADNI ) study
 Mueller et al., 2005 ) and Ac c elerating Me dicines Pa rtne rship-
lzheimer’s Dis eas e ( AMP-AD ) study ( Hodes and Buckholtz,
016 ) . Thes e d atas e ts can be used to build prediction mod-
ls for AD risk or pr ogr ession ( e g, c e ll met abolis m and cogni-
iv e sc ore ) . The m a jority of existing pre dictiv e modeling meth-
ds do not incorporate bio lo gical kno wledg e s uch as function al
e nomics a nd function al prote omics . Extensiv e r esear ch has
ielde d much inform ation on the as s oci a tion structur e among
 ari ab le s ( eg, gene s and proteins ) and underlying networks that
an be r epr ese n ted b y gra phs. For exa mple, in ge nomics s tud -
es, s everal bio lo gical d atabas es include gene network informa-
ion from previous studies ( Kanehisa and Goto, 2000 ) . There
s a growing body of on kno wledg e- g uided s tatis tical lea rning

ethod s for analysi s of s uch data th at can inc orporate bio lo gi-
al grap h s ( Zhao e t al., 2019 ) . Thes e me thods h av e be en shown
o h av e bette r pe rforma nce in v ari ab le s elect ion and predict ion,
e c eiv e d: Nov e mbe r 18, 2022; Revise d: D e c e mbe r 31, 2023; Ac c epte d: February 14, 2024 
he Author ( s ) 2024. Published by Oxford University Press on behalf of The In te r

ourn als .permis sion s@oup.com 
 ompare d to their c ounterparts th at do not us e grap h informa-
ion. 

How ev er, the netw ork inform ation use d in the graph- g uided
 tatis tical lea rning method s i s ge ne rally de riv e d from exist-
ng d atabas es such as the Ky oto E ncy clopedia of Genes
 nd Ge nomes ( KEGG ) ( Ka nehisa a nd Goto, 2000 ) a nd
earch Tools for the Retrieval of In te ra ctin g Genes/Proteins
 STRI NG ) ( Sz k l arczyk e t al., 2021 ) and pres um ab ly av ail ab le
nly up to some level of error or mis - spec i fication s. Such nois e
ay also be e ncoun te red due to limitations in the algorithms

sed to construct networks, which are often based on notions
f as s oci ation ( e g, c orr ela t ion, part ial corr ela tion, etc . ) a mong
xpe rime n tal measure me n ts of ge ne activity lev els th a t ar e de-
e rmined b y some form of s tatis tical infe re nce ( Tsimring, 2014 ) .
mporta n tly, mis - spec i fication s may als o aris e due to the lack of
nformation in the existing d atabas es with r egar d s to certain di s-
as e condition s tha t ar e of in te res t. To our bes t knowled ge, ex-
sting work on graph- g uide d re gre ssion mode ling has large ly ig-
ored the importa n t issue of mis - spec i fication in networks and
outine ly use s the giv en netw ork dire ctly in their modeling with-
ut ac c ounting for noise. We note that while the re c e n t work
n ation al Biome tric Socie ty. All ri gh ts rese rv e d. For permis sion s, p leas e e-mail: 
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by Zhao et al. ( 2016 ) addres s ed a related pro b lem for handling
missing edges in only part of the grap h vi a a mult iple-imputat ion
approach, their method is limited in scope and cannot be directly
appl ied to d iver se and general s e ttings invo lving no is y networks
w ith vary ing de gre es of mis - spec i fication. 

As re ma rked above, the re a ppea r s to be l ittle in the way of
a formal and general tr ea tment of the err or pr opaga tion pr ob-
lem in graph- g uided stat ist ical learning in the context of r egr es-
sion modeling. How ev e r, the re a re seve ral a reas in which the
probabilistic or stat ist ical tr ea tment of uncertainty enters promi-
ne n tly in netw ork an alysis . Mode l- b ased appro aches include st a -
t ist ical me thodo lo gy for predicting ne twork topo lo gy with ap-
pr oaches tha t explicitly include a compone n t for ne twork nois e
( Ji ang e t al., 2011 ; Ji a ng a nd Ko l aczyk, 2012 ) , the “denoising”
of no is y netw orks ( Ch a t terjee, 2015 ) , the ad aptation of me th-
ods for vertex cl as sification using networks o bs erved with errors
( Priebe et al., 2015 ) , a r egr e ssion mode l on netw ork-linke d data
th at is base d on a flexib le ne tw ork effe ct ass umption and is ro-
bust to errors in the network structure ( Le and Li, 2020 ) , and
a ge ne r al Bay esian fr amew ork for re c on structing ne tworks from
o bs erv ational d ata ( Young e t al., 2020 ) . The other common ap-
proach to network noise is based on a “signal p lus nois e” per-
spe ctiv e. For examp le, Bal acha ndra n et al. ( 2017 ) in troduced a
simple model for no is y networks that, conditional on some true
underlying ne twork, as sumes we o bs erve a version of that net-
w ork c orrupte d b y a n indepe nde n t ra ndom noise th at effe ctiv ely
flips the status of ( non ) e dges . Later, Ch ang et al. ( 2022 ) dev el-
oped method -of-mome n ts es timators for the unde rlying rates of
e rror whe n r eplica tes of the o bs erv e d netw ork are av ail ab le. The
mode l- b ased appro aches ar e pr o b lem-spec i fic and cannot be di-
re ctly use d in graph- g uided s tatis tical lea rning. The a pproaches
from the “signal p lus nois e” perspe ctiv e ass ume c ons ta n t e rror
across all ed ges a nd th us ca nnot ac c ommoda te differ ent levels of
noise in network. In a somewhat diffe re n t dire ction, unc e rtain ty
in network construction due to sampling has also been studied
in s ome depth . See, for examp le, Ko l aczyk ( 2009 , Cha pte r 5 ) or
Ahmed et al. ( 2014 ) for surveys of this are a. Ho wever, in that
s e tting, the unce rtain ty a ris es only from s amp ling—the subs e t
of v ertic es and e dge s obt ained throu gh s amp ling is typically as-
s ume d to be o bs erv e d without error. 

Our contribution in this paper is to provide a graph- g uided
Baye sian mode ling frame w ork th at ac c ounts for netw ork noise
in the context of r egr e ssion mode ls with s tructured hi gh-
dimension al pre dictors . There is no existing work on graph-
g uided s tatis tical lea rnin g that a c c ounts for netw ork noise. Our
model tr ea ts the true grap h as unknown or l ate n t a nd has 2
key compone n ts. The r egr e ssion mode l inv olv e s a fully Baye sian
imple me n tation of the ada ptive s tructured shrinkage prior pro-
posed by Chang et al. ( 2018 ) that incorporates the unknown
true graph to facilitate v ari ab le s election . This r egr e ssion mode l
is c ouple d with a late n t scale modeling fra mework ( Ma et al.,
2022 ) for the true underlying netw ork th a t r e lie s on 2 differ-
e n t ne twork s our ces, tha t is, the graph extracted from existing
d atabas es such as KEGG and the estim ate d netw ork deriv e d
fr om pr ed ictor s in the o bs erv e d d atas e t. The propos ed approach
reflects our unde rs ta nding that the 2 sources of data m ay c on-
tain complime n ta ry information on the true graph with some de-
gree of mis - spec i fication and thus can be used to inform the true
grap h . We note that while ther e ar e methods for integrating mul- 
tip le s ources of grap h s ( Xie e t al., 2021 ; Da nahe r et al., 2014 ) ,
they cannot be directly used for our purpose. For brevity, our 
model is denoted as NoiseSH in short. We de mons trate the ad- 
va n t age s of our approach via sim ulation s tudies involving vary- 
ing de gre es of netw ork mis - spec i fica tion, wher e the pr oposed 

a pproach de mons trates supe rior prediction pe rforma nce. The 
practical importance of the proposed approach is further sho w - 
cas ed vi a app lication to a genomics d atas e t a nd a nothe r pro-
teomics d atas e t for AD. 

T he or ga nization of this pa pe r i s as follow s . In Se ction 2 ,
we prese n t the proposed methodology and the Markov chain 

Mon te Ca rlo ( MCMC ) algorithm. Section 3 re ports the prac - 
tical pe rforma nce of our method through sim ulation s tudies. In 

Se ction 4 , w e app ly our me thod to a genomics d atas e t a nd a n-
other pr oteomics da taset for AD. Fin ally, w e c onclude in Se c- 
tion 5 with a d isc ussion of future directions for this work. The 
details of the computation fra mework a nd cos t a r e r elega t ed t o
Web Appendices A and B . 

2 M ET H O D  O L O G Y  

In this se ction, w e describe our proposed model and associated 

MCMC algorithm. 

2.1 Mo del sp eci fication 

Suppose w e h av e d ata of n o bs erv ation s { y i , x i : i = 1 , · · · , n } ,
where y i is the outcome v ari ab le and x i is a v e ctor of p pred ictor s. 
Let G = (V , E) be the true underlying undire cte d graph for the 
p pred ictor s, with v ertic es V = { 1 , · · · , p} and a s e t E of edges,
whe re ele me n ts of E a r e unor der ed pair s { j, k} of d is tinct ve r-
tices j, k ∈ V . Let ̃  G = (V , ̃  E ) be the working graph extracted 

from the d atabas e, where we implicitly assume that the vertex s e t 
 is known. Denote the a dja c ency m atrix of G by A = (A jk ) p×p 

and that of ̃  G by ̃  A = ( ̃  A jk ) p×p . Hence, A jk = 1 if there is a true 
e dge betw e en the pre dictor j and the pre dictor k, a nd 0 othe r- 
wise, while ̃  A jk = 1 if there is an edge in the working graph G̃ 

betw e en the jth vertex and the kth vertex, and 0 otherwise. 
In addition to extracting the working graph ̃

 G directly from the 
d atabas e, we can als o o btain the information on the true under- 
lying graph from the p pred ictor s x i , i = 1 , · · · , n . Let �∗ de- 
note the precision matrix for pred ictor s calc ulated b y a n inve rse 
cov ari anc e m atrix estim ation algorithm such as graphical lasso 

( Frie dm an et al., 2008 ) and BigQUIC ( Hsieh et al., 2013 ) . Let 
A 

∗ = (A 

∗
jk ) p×p be the correspondin g a dja c ency m atrix, th at is, 

A 

∗
jk = 1 if �∗

jk � = 0 , and 0 otherwise. The corresponding graph 

for A 

∗ is denoted by G 

∗ = (V , E 

∗) . 
We consider the linear model 

y = X β + ε, ε ∼ N (0 , σ 2 I n ) , ( 1 ) 

where y = (y 1 , · · · , y n ) � , X = ( x 1 , · · · , x n ) � , β = 

( β1 , · · · , βp ) � , ε = ( ε1 , · · · , εn ) � , I n is the n × n iden- 
tity matrix, and N (·) denotes the Gaus si an distribution . We 
a dopt the B ayesia n shrinkage a pproach with the s tructural 
inform ation inc orporate d in Ch ang e t al. ( 2018 ) for s e tting 
priors for β and σ 2 . Following Chang et al. ( 2018 ) , we spec i fy 

β j ∼ L (0 , λ j /σ ) , σ 2 ∼ IG (a σ , b σ ) , j = 1 , · · · , p, ( 2 ) 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae012#supplementary-data
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here λ j is the shrinkage pa ra mete r for β j , L (·) , and IG (·) de-
ote the Lap l ac e and inv e rse ga mma dis tribut ions, respect ively.
he shrinkage pa ra mete rs λ j a r e tr ea ted as ra ndom va riables that

ncode the graph kno wledg e G under an inform ativ e netw ork-
ased prior. Spec i fically, we have 

θ = 

(
log ( λ1 ) , · · · , log ( λp ) 

)� ∼ N ( μ, ν�−1 ) , ( 3 ) 

here �( j, k) = �(k, j) = −ξ jk = −ξk j for 1 ≤ j < k ≤
p, �( j, j) = 1 + 

∑ 

k � = j ξ jk for 1 ≤ j ≤ p, a nd we assi gn the
ollowing prior to ξ = { ξ jk : 1 ≤ j < k ≤ p} 

π ( ξ) ∝ 

| �| −1 / 2 
∏ 

A jk =1 

ξ
a ξ −1 
jk 

× exp ( −b ξ ξ jk )1( ξ jk > 0) 
∏ 

A jk =0 

δ0 ( ξ jk ) , ( 4 ) 

here δ0 is the Dirac de lt a function c onc entrate d at 0 and 1(·) is
he indicator function. Note that the diagonally domina n t s truc-
ure of � ensures positive definite ness. The pa rtial corr ela tions
mong the log- shrink age pa ra mete rs a re positive if the corre-
ponding v ari ab les are c onne cte d, and 0 otherwi se. Thi s fea tur e
ncourages a similar de gre e of shrinkage for the regression coef-
cie n ts if the corr esponding pr edictors ar e c onne cte d, and oth-
 rwise a n c ondition ally indepe nde n t shrinkage is imposed. The
ean v e ctor μ c ontrols the ov e rall spa rsity of the model, a nd ν

pec i fies the prior confidence on the choice of μ. Moreover, the
ha pe pa ra mete r a ξ a nd the rate pa ra mete r b ξ influence the mag-
itudes and v ari ability of the partial corr ela tions. 
Motivated by the late n t scale r epr ese n tation of networks in Ma

t al. ( 2022 ) , we spec i fy the model for ̃  A as following: for 1 ≤
j < k ≤ p, 

log 
{

P ( ̃  A jk = 1 | A jk = 0) 
1 − P ( ̃  A jk = 1 | A jk = 0) 

}
= ̃  s 0 + ̃  u 0 j ̃  D 0 ̃  u 

� 

0 k , 

log 
{

P ( ̃  A jk = 1 | A jk = 1) 
1 − P ( ̃  A jk = 1 | A jk = 1) 

}
= ̃  s 1 + ̃  u 1 j ̃  D 1 ̃  u 

� 

1 k , ( 5 ) 

here ̃  s 0 and ̃  s 1 denote the interc epts c ommon across edges,
  0 j = ( ̃  u 0 j, 1 , · · · , ̃  u 0 j, ̃  r ) and ̃  u 1 j = ( ̃  u 1 j, 1 , · · · , ̃  u 1 j, ̃  r ) are the
 e ct ors of lat e n t scales for ve rtex j of le ngth ̃  r , a nd ̃

 D 0 a nd ̃

 D 1 rep-
ese n t the ̃  r ×˜ r diagonal wei gh t matrices having all positive ele-

e n ts, which con trol the con tribution of the late n t scales to the
nner product. Since the late n t scales are only ide n tifiab le up to a
 ota tion in R ̃

 r , we fix the first ele me n t of eve ry late n t scale ( 0.5 in
ur simul ation s and real data analysis ) to prese rve ide n tifiability.
ote that P ( ̃  A jk = 1 | A jk = 0) can be int erpret ed as the proba-

ility of Type I error for a “test” of H 0 : { j, k} / ∈ E vs. H 1 : { j, k} ∈
, on vertex pair { j, k} / ∈ E. Similarly, P ( ̃  A jk = 1 | A jk = 1) can
e in te rpreted as the power for a test of the same hypothesis on
ertex pair { j, k} ∈ E. Her e, the inter c ept terms c ontrol the ov er-
ll noise level of the working graph ̃

 G , and the latent scales cap-
ure the v ari ation in the edge noise. 
Similarly, w e spe c i fy a late n t scale model for A 

∗, that is, for 1 ≤
j < k ≤ p, 

log 

{ 

P (A 

∗
jk = 1 | A jk = 0) 

1 − P (A 

∗
jk = 1 | A jk = 0) 

} 

= s ∗0 + u 

∗
0 j D 

∗
0 u 

∗� 

0 k , 

log 

{ 

P (A 

∗
jk = 1 | A jk = 1) 

1 − P (A 

∗
jk = 1 | A jk = 1) 

} 

= s ∗1 + u 

∗
1 j D 

∗
1 u 

∗� 

1 k , ( 6 )

here s ∗0 and s ∗1 denote the intercepts common across edges,
 

∗
0 j = (u 

∗
0 j, 1 , · · · , u 

∗
0 j,r ∗ ) and u 

∗
1 j = (u 

∗
1 j, 1 , · · · , u 

∗
1 j,r ∗ ) are the

 e ctors of late n t scales for vertex j of length r ∗, and D 

∗
0 and D 

∗
1 

 epr ese n t the r ∗ × r ∗ diagonal wei gh t matrices having all posi-
ive ele me n ts. The dis tinct in te rcept te rms a nd the late n t scales
n Equations 5 and 6 reflect our unde rs ta nding that the 2 no is y
rap h s o btained fr om differ ent sour ces ar e s ubje ct to diffe re n t
e gre es of mis - spec i fication. 
We the n assi gn the following priors to the in te rcept te rms a nd

he late n t scale s in the mode ls for ̃  A and A 

∗: 

˜ s 0 ∼ L ( ̃  μs, 0 , 1 / ̃  σs, 0 ) , ̃  s 1 ∼ L ( ̃  μs, 1 , 1 / ̃  σs, 1 ) , 

s ∗0 ∼ L 

(
μ∗

s, 0 , 1 /σ ∗
s, 0 

)
, s ∗1 ∼ L 

(
μ∗

s, 1 , 1 /σ ∗
s, 1 

)
, [̃

 u 0 j 
u 

∗
0 j 

]
∼ N 

([˜ μ0 
μ∗

0 

]
, 

[
�˜ u 0 ̃  u 0 �˜ u 0 u ∗0 
�u ∗0 ̃  u 0 �u ∗0 u ∗0 

])
, j = 1 , · · · , p, [̃

 u 1 j 
u 

∗
1 j 

]
∼ N 

([˜ μ1 
μ∗

1 

]
, 

[
�˜ u 1 ̃  u 1 �˜ u 1 u ∗1 
�u ∗1 ̃  u 1 �u ∗1 u ∗1 

])
, j = 1 , · · · , p, 

he re 
[˜ μ0 
μ∗

0 

]
a nd 

[˜ μ1 
μ∗

1 

]
a re with sizes 

[˜ r × 1 

r ∗ × 1 

]
,

nd 

[
�˜ u 0 ̃  u 0 �˜ u 0 u ∗0 
�u ∗0 ̃  u 0 �u ∗0 u ∗0 

]
and 

[
�˜ u 1 ̃  u 1 �˜ u 1 u ∗1 
�u ∗1 ̃  u 1 �u ∗1 u ∗1 

]
are with sizes

˜ r ×˜ r ˜ r × r ∗
r ∗ ×˜ r r ∗ × r ∗

]
. The late n t scales e mbe dde d in Equations

 and 6 h av e some prior corr ela tions ( ie, �˜ u 0 u ∗0 and �˜ u 1 u ∗1 ) , so
he late n t scale s in the 2 mode ls ca n be lea rned join tly. 

By c onv e n tion, w e ass ume the true ( non ) e dg e A jk follo ws a
ernoull i d istribution with probability q and assign the beta dis-

r ibuted pr ior to q : 

A jk ∼ Bern (q ) , 1 ≤ j < k ≤ p, 

q ∼ B(a q , b q ) , 

he re Be rn (·) de notes the Be rnoull i d is tribution, a nd B(·) de-
otes the Beta distribution. 

2.2 M CM C alg o rithm 

e dev elope d a n efficie n t MCMC al gorithm for sa mpling
he pa ra mete rs in our mode l. To facilit ate the s amp ling, we
se 2 dat a au gme n t ation technique s: re p l a cin g the Lap l ace
rior with a scale mixture of normals and augmenting P ́o lya-

Ga mma late n t va riables for Bernoulli dis tributed va ri ab les ˜ A jk 
nd A 

∗
jk , 1 ≤ j < k ≤ p. The log- shrink age pa ra mete r θ is sam-

led by the Metropolis–Has tings ( MH ) al gorithm, all othe r
a ra mete rs a re sa mpled using the Gibbs sa mple r. The de-
ails of the computation fra mework ca n be found in Web
ppendix A. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae012#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae012#supplementary-data


4 � Biometrics , 2024, Vol. 80, No. 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/80/1/ujae012/7628584 by U
niversity of C

alifornia, San Francisco user on 09 June 2024
3 S I M U L AT I O N  ST U D I E S  

In this se ction, w e c onducte d s ome simul ation s to ev aluate the
pre diction perform anc e of our model in comparison with sev-
e ral exis ting methods . We c onsidere d different graph sc en ar-
ios, including c orre ctly spe cifie d w orking grap h s and nois e-
con ta minated working grap h s. 

3.1 S imulat ion set-up 

The simulated data were ge ne rated from the following model: 

y i = x 

� 

i β + εi , 1 ≤ i ≤ n, ( 7 )

where x i ∼ N (0 , �X ) and εi ∼ N (0 , σ 2 
ε ) . We s e t p = 150 .

The n umbe r of nonze ro coefficie n ts in β is 15, a nd the true non-
zero effect sizes were randomly generated from a uni for m dis-
tr ibution with boundar ies 0.5 and 2. The s amp le sizes for the
training s e t, the v alid ation s e t a nd tes t s e t are 70, 70, and 200,
respe ctiv ely. The residual v ari ance w as fixed at σ 2 

ε = 2 . 
We e mplo ye d the me ch anis m de scribe d in Ch ang et al. ( 2018 )

to ge ne rate A and �X , which res emb les practical gene networks
e ncoun te red in a pp lication s where a subs e t of importa n t a nd
unimporta n t ge nes lie in the same pa th way and are c onne cte d.
We used a n es timated gra p h A 

∗ o btained b y gra p hical l as s o and
a working graph ̃

 A given to fit the model. The tuning parameter
in graphical lasso was chosen by cros s-v alid ation . The working
graph may be correctly spec i fied or mis - spec i fied, as follows: 

( 1 ) ˜ A = A , where A allows e dges betw e en important and
unimporta n t va riables. 

( 2 ) ˜ A = A , where A does not allo w edg es between impor-
ta n t a nd unimporta n t va riables. 

( 3 ) A is the same as in sc en ario ( 1 ) , but ̃  A includes only a
subs e t of edges in A for which the corresponding partial
corr ela tions rank in the top 20%. 

( 4 ) A is the same as in sc en ario ( 2 ) , but ̃  A includes only a
subs e t of edges in A for which the corresponding partial
corr ela tions rank in the top 20%. 

( 5 ) A is the same as in sc en ario ( 1 ) , but ̃  A includes only a
subs e t of edges in A for which the corresponding partial
corr ela tions rank in the top 20%, and randomly gener-
ate d e dges s uch th at the n umbe r of ed ges in ̃

 A is the sa me
as that in A . 

( 6 ) A is the same as in sc en ario ( 2 ) , but ̃  A includes only a
subs e t of edges in A for which the corresponding partial
corr ela tions rank in the top 20%, and randomly gener-
ate d e dges s uch th at the n umbe r of ed ges in ̃

 A is the sa me
as that in A . 

( 7 ) A is the same as in sc en ario ( 1 ) , but ̃  A is randomly gen-
erated with the same number of edges as A . 

( 8 ) A is the same as in sc en ario ( 2 ) , but ̃  A is randomly gen-
erated with the same number of edges as A . 

Sc en arios ( 1 ) and ( 2 ) are the cases where the true graph is
comp le tely known . Sce na rio ( 2 ) does not allow edges between
importa n t a nd unimporta n t va riables a nd th us it is the ideal s e t-
tin g for approa ches th at enc ourage c onne cte d v ari ab les to be
jointly included or excluded in the model. Sce na rios ( 3 ) and
( 4 ) mimic the situation where only strong signals from the true
gra ph a re known. Sce na rios ( 5 ) a nd ( 6 ) a re the cases where 
s trong si gnals from the true graph are known and false edges 
exis t. Sce na rios ( 7 ) and ( 8 ) ar e consider ed as the worst cases, 
whe re the ed ges in the working grap h s are comp le tely random . 
Although each of the 8 sc en arios c onsists of a distinct edge struc- 
ture for the working grap h, s ce na rios ( 1 ) , ( 3 ) , ( 5 ) , and ( 7 ) h av e
the same pa th way me mbe rship inform ation, as do sc en arios ( 2 ) , 
( 4 ) , ( 6 ) , and ( 8 ) . 

We ge ne ra ted 50 da ta s e ts, each of which contain s the 
training s e t, the v alid ation s e t, a nd the tes t s e t. The predic-
tion pe rforma nce w as as s es s ed in term s of mean s quar ed pr e-
diction error ( MSPE ) for the te st dat a. We set ˜ r = r ∗ = 5 

in the late n t scale models. We chose priors σ 2 ∼ IG (1 , 1) , 
(a ξ , b ξ ) = (2 , 1) for ξ jk , q ∼ B(1 , 1) , and ̃

 μ0 = ̃

 μ1 = μ∗
0 =

μ∗
1 = (0 , 0 , 0 , 0 , 0) � , which are fairly uninform ativ e. The re-

maining pa ra mete rs we re dete rmined b y choosing those with the 
s malle st MSPE in the v alid ation s e t. We ran MCMC chain s of 
10 000 s amp les. The n umbe r of burn-in sa mples is 1000. And we 
used the trace and autocorr ela tion plots to evaluate the samples. 

3.2 Methods to co mpa re 
Our methods were compared to the l as s o ( Las s o ) , the ad ap- 
tive Las s o ( ALas s o ) , the group Las s o ( GLas s o ) ( Yua n a nd Lin,
2006 ; Ze ng a nd Brehe ny, 2016 ) , the netw ork-c onstraine d re g - 
ula rization a pproach ( Net ) ( Li a nd Li , 2008 ) , the expectat ion–
maximiza tion appr oa ch for B ayesi an v ari ab le s ele ction ( denote d 

as EMVS ) proposed by Ro ̌cková and George ( 2014 ) and its 
ext ension t o incorporat e s tructural information ( de noted as 
EMVSS ) , the expect ation–maximization e stimator for Baye sian 

shrinkage a pproach ( de note d as EMS H ) propose d by Ch ang 
et al. ( 2018 ) and its ext ension t o incorporat e structural informa- 
tion ( denote d as EMS HS ) . Amon g these approa ches, GLas s o 

tr ea ts pa th w ays as overl apping groups, while Net, EMSHS, 
a nd EMVS S incorpor ate the gr ap h information . For Las s o and 

ALas s o, we us ed the glmnet R package where the initial consis- 
te n t es timator for ALas s o w as given by the ridge r egr es sion . We
used the R packages grpregOve rla p ( Ze ng a nd Brehe ny, 2016 ) 
a nd glmgra ph ( Che n e t al., 2015 ) for GLas s o and Ne t, re spec -
tiv ely. The unpublishe d R c odes for E MVS and E MVS S we re 
provided to us by the authors. For EMSH and EMSHS, we used 

the R package EMSHS ( Chang et al., 2018 ) . The tuning pa ra m- 
eters in these methods were chosen by minimizing the MSPE in 

the v alid ation s e t. 

3.3 Results 
The MSPEs for the te st dat a are prese n ted in Table 1 . When the 
working graph ̃

 A is c orre ctly spe cifie d or mis s es s ome true edges 
( sc en arios ( 1 ) - ( 4 ) ) , the structured v ari ab le s election me thods 
E MVSS, E MS HS, and NoiseS H h av e s uperior pre diction per- 
form anc e. When the w orking graph 

˜ A c ontain s fals e edges 
( sc en arios ( 5 ) - ( 8 ) ) , Noi seSH out performs all other methods. 
Ther efor e, NoiseS H ac c ounts for the ne twork nois e when a non- 
trivial error is prese n t. The MSPEs of NoiseSH in sc en arios ( 3 ) - 
( 8 ) ( the working graph ̃

 A is misspec i fied ) are close, which im- 
plies that the prediction pe rforma nce of Noi seSH i s robust to the 
noise level of the working grap h . Taken to ge ther, the above re- 
s ults s u gge st th at c ombining 2 sourc es of netw ork inform ation to
inform the underlying true network results in con siderab le pre- 
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TABLE 1 Mean of mean squared prediction errors for the test data. 

Scenario Las s o ALas s o GLas s o Net EMVS EMVSS EMSH EMSHS NoiseSH 

( 1 ) 3 .977 3 .975 5 .556 5 .095 3 .583 3 .012 3 .541 2 .898 2 .841 
( 1 .127 ) ( 1 .747 ) ( 2 .291 ) ( 1 .534 ) ( 1 .023 ) ( 0 .648 ) ( 1 .117 ) ( 0 .699 ) ( 0 .507 ) 

( 2 ) 3 .939 3 .654 5 .476 4 .844 3 .544 2 .990 3 .537 2 .870 2 .878 
( 0 .764 ) ( 1 .650 ) ( 1 .764 ) ( 1 .332 ) ( 0 .921 ) ( 0 .559 ) ( 0 .967 ) ( 0 .695 ) ( 0 .494 ) 

( 3 ) 3 .977 3 .975 5 .556 5 .301 3 .583 3 .491 3 .541 3 .448 3 .425 
( 1 .127 ) ( 1 .747 ) ( 2 .291 ) ( 1 .657 ) ( 1 .023 ) ( 0 .955 ) ( 1 .117 ) ( 1 .148 ) ( 0 .728 ) 

( 4 ) 3 .939 3 .654 5 .476 5 .213 3 .544 3 .428 3 .537 3 .432 3 .420 
( 0 .764 ) ( 1 .650 ) ( 1 .764 ) ( 1 .381 ) ( 0 .921 ) ( 0 .831 ) ( 0 .967 ) ( 1 .059 ) ( 0 .662 ) 

( 5 ) 3 .977 3 .975 5 .556 5 .562 3 .583 3 .642 3 .541 3 .618 3 .434 
( 1 .127 ) ( 1 .747 ) ( 2 .291 ) ( 1 .757 ) ( 1 .023 ) ( 1 .018 ) ( 1 .117 ) ( 1 .147 ) ( 0 .713 ) 

( 6 ) 3 .939 3 .654 5 .476 5 .327 3 .544 3 .616 3 .537 3 .607 3 .432 
( 0 .764 ) ( 1 .650 ) ( 1 .764 ) ( 1 .441 ) ( 0 .921 ) ( 0 .916 ) ( 0 .967 ) ( 0 .878 ) ( 0 .668 ) 

( 7 ) 3 .977 3 .975 5 .556 5 .894 3 .583 3 .674 3 .541 3 .751 3 .449 
( 1 .127 ) ( 1 .747 ) ( 2 .291 ) ( 1 .807 ) ( 1 .023 ) ( 1 .070 ) ( 1 .117 ) ( 1 .209 ) ( 0 .709 ) 

( 8 ) 3 .939 3 .654 5 .476 5 .545 3 .544 3 .670 3 .537 3 .686 3 .446 
( 0 .764 ) ( 1 .650 ) ( 1 .764 ) ( 1 .465 ) ( 0 .921 ) ( 0 .958 ) ( 0 .967 ) ( 0 .936 ) ( 0 .719 ) 

In the pa re n the se s are the s ta nda rd devi ation s of the mean squared prediction errors. 

TAB LE 2 The av erage false ne gativ e rate ( FNR ) , the av erage false 
positive rate ( FPR ) , the aver age accur a cy ( a ccura cy ) for edges in the 
grap h s estim ate d by NoiseS H ( ̂  A ) , w orking grap h s ( ̃  A ) , a nd gra p h s 
obtained by graphical lasso ( A 

∗) . 

Scenario Graph FNR FPR Accuracy 

( 1 ) ̂ A 0.052 0.000 1.000 ˜ A 0.000 0.000 1.000 
A 

∗ 0.431 0.073 0.925 
( 2 ) ̂ A 0.032 0.000 1.000 ˜ A 0.000 0.000 1.000 

A 

∗ 0.386 0.071 0.927 
( 3 ) ̂ A 0.805 0.000 0.994 ˜ A 0.800 0.000 0.994 

A 

∗ 0.431 0.073 0.925 
( 4 ) ̂ A 0.806 0.000 0.994 ˜ A 0.801 0.000 0.994 

A 

∗ 0.386 0.071 0.927 
( 5 ) ̂ A 0.936 0.000 0.993 ˜ A 0.794 0.006 0.988 

A 

∗ 0.431 0.073 0.925 
( 6 ) ̂ A 0.936 0.001 0.992 ˜ A 0.797 0.006 0.989 

A 

∗ 0.386 0.071 0.927 
( 7 ) ̂ A 0.999 0.001 0.992 ˜ A 0.993 0.007 0.985 

A 

∗ 0.431 0.073 0.925 
( 8 ) ̂ A 0.994 0.001 0.992 ˜ A 0.994 0.007 0.986 

A 

∗ 0.386 0.071 0.927 
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Â  

t  

w  

h  

o  

T  

l  

F  

i  

A  

l  

t  

a  

o

W  

d  

p  

h

T  

r  

b  

i  

A  

a  

o  

p  

p  

P  

m  

me tabo lism . 

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/80/1/ujae012/7628584 by U
niversity of C

alifornia, San Francisco user on 09 June 2024
iction gains when the working graph is mis - spec i fied, while per-
orming comparably or bette r compa red to exis ting s tructured
 egr ession appr oaches without noise c orre ction in the presenc e
f no or very limited mis - spec i fication. 
Table 2 displays the average false ne gativ e rate ( FNR ) , the av-

rage false positive rate ( FPR ) , the av erage ac cura cy ( a ccura cy )
or edges in the grap h s estim ate d by NoiseS H ( ̂  A ) , w orking
rap h s ( ̃  A ) , and grap h s o btained by grap hical l as s o ( A 

∗) . By FNR
 FPR ) , we mean the proportion of true e dges ( non-e dges ) being
de n tified as non-edges ( edges ) . Accuracy is the fraction of cor-
ectly ide n tified ed ges a nd non-ed ge s. Combining the re sults in
ables 1 and 2 reveals some in te res ting obse rvations. The gra ph
 

 estim ate d by our me thod Nois eSH yie lds the s malle st FPR
hat is or close to 0, and highest a ccura cy in all s e ttings. When the
orking graph ̃

 A contain s fals e edges ( sce na rios ( 5 ) - ( 8 ) ) , ̂  A may
 av e hi ghe r FNR tha n ̃

 A a nd A 

∗, but our Nois eSH me thod sti l l
utperform s the compe ting me thods in prediction as shown in
able 1 , including the methods that use ̃  A with hi ghe r FPR a nd

ower FNR. This su gge sts that including false edges ( ie, higher
PR ) has a gr ea t er delet erious impact on pre diction th a n exclud -

ng true edges ( ie, higher FNR ) in structur ed r egr e ssion mode ls.
nother notab le imp lica tion is tha t our method only ne e ds to

earn a subs e t of true edge s in A to yie ld bette r pe rforma nce tha n
he existing methods. This is an appealing property of NoiseSH,
s graph est imat ion by itself is a v ery ch allen gin g pro b lem that
ur method is not designed to address. 

4 DA  TA  A P P L I C A T I O N  

e applied the proposed method to analyses of 1 A D genomic s
 atas e t from the ADNI study ( Mueller et al., 2005 ) and 1 AD
r oteomics da taset fr om the AMP-AD study ( Hodes and Buck-
oltz, 2016 ) . 

4.1 Application to an ADNI study 
he ADNI is a large scale multisite longitudinal study where
 esear chers a t 63 sites track the pr ogr ession of AD in the h uma n
rain through the process of normal aging, early mild cognitive

mpairme n t, a nd late mild c ognitiv e impairme n t to de me n tia or
D ( Mueller et al., 2005 ) . The goal of the study is to v alid ate di-

gnos tic a nd prognos tic bioma rke rs that ca n pr edict the pr ogr ess
f AD. In our application, we inves ti gated the as s oci ation of
atie n ts’ ge ne expre ssion leve ls with their fluorode oxygluc ose-
ositron emission tomography ( FDG-PET ) . The FDG-
ET av erage d ov er the regions of interest measures cell
e tabo lism . The cells affe cte d b y AD te nd to show re duc e d
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TABLE 3 Mean of mean squared pred iction error s for the ADNI data 
s e t. 

Method MSPE 

Las s o 1.028 ( 0.094 ) 
ALas s o 1.016 ( 0.090 ) 
GLas s o 1.028 ( 0.094 ) 
Net 1.091 ( 0.107 ) 
EMVS 1.028 ( 0.094 ) 
EMVSS 1.039 ( 0.097 ) 
EMSH 1.024 ( 0.099 ) 
EMSHS 1.030 ( 0.086 ) 
NoiseSH 0.953 ( 0.095 ) 
In the pa re n the se s are the s ta nda rd devi ation s of the mean squared prediction errors. 
Ab brevi ation s: A DNI, A lzheimer’s dis eas e neuroimaging initi ativ e; MS PEs, mean 
squar ed pr ediction err ors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 4 Mean of mean squared prediction errors for the AMP-AD 

d ata s e t. 

Method MSPE 

Las s o 1.001 ( 0.076 ) 
ALas s o 0.943 ( 0.120 ) 
GLas s o 1.001 ( 0.076 ) 
Net 0.808 ( 0.076 ) 
EMVS 1.001 ( 0.076 ) 
EMVSS 0.751 ( 0.061 ) 
EMSH 0.703 ( 0.065 ) 
EMSHS 0.709 ( 0.073 ) 
NoiseSH 0.687 ( 0.066 ) 
In the pa re n the se s are the s ta nda rd devi ation s of the mean squared prediction errors. 
Ab brevi ation s: AMP-AD, ac c elerating me dicines pa rtne rship-Alzheime r’s dis eas e; 
MSPEs, mean squared prediction errors. 
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As a screening step, we first conduct univ ari a te r egr ession of
e ach g ene in r ela tion to the FDG-PET a nd select ge nes with
a fal se di sc ov ery rate of < 0.05 for s ubse que n t a n alyses . There
are 374 sele cte d genes . The gene netw ork ( ̃  G ) was retriev e d
from the KEGG d atabas e ( Kanehis a a nd Goto, 2000 ) , includ -
ing 41 e dges . Ther e ar e 675 s ubje cts in the d atas e t. We ran-
domly divided them into a training s e t, a v alid ation s e t, and a
testing s e t, with equal size. We us ed grap hical l as s o t o estimat e
the precision matrix for pred ictor s and obtained the correspond-
ing graph A 

∗. The tuning pa ra mete r in gra p hical l as s o w as cho-
se n b y cr oss-valida tion. Then we fitted our method and the com-
pe ting me thods us ed in the simul ation study and re c orde d the
MSPE for the testing s amp les. The tuning parameters in the
compe ting me thods were de termined by choosing those with
the s malle st MSPE in the v alid ation s e t. For our propos ed ap-
proach, we s e t ̃  r = r ∗ = 5 in the late n t scale models, a nd chose
priors σ 2 ∼ IG ( 1 , 1) , ( a ξ , b ξ ) = (2 , 1) for ξ jk , q ∼ B(1 , 1) ,
and ̃

 μ0 = ̃

 μ1 = μ∗
0 = μ∗

1 = (0 , 0 , 0 , 0 , 0) � , which are fairly
uninform ativ e. The rem aining parameters w ere chosen by min-
imizing the MSPE in the v alid ation s e t. We r epea ted this pr oce-
dure for 50 times. 

Table 3 shows the MSPEs for the test s e t. Nois eSH yields the
bes t prediction pe rforma nce, which de mons trates the adva n tage
of our method. In addition, we used the 95% credible in te rvals
to select genes and c onducte d the pa th way enrichment analysis
via the ToppGene Suite ( Chen et al., 2009 ) . The sele cte d genes,
such as HDAC2 and AB C A7, and the enriched pa th ways, includ-
in g ALK signalin g, have been shown to be as s oci ated with AD
( D e Roe ck et al., 2019 ; Mah ady et al., 2019 ; Ma jumder et al.,
2021 ) . The list of sele cte d genes and the details of the pa th way
e nrichme n t a nalysis ca n be found in Web Appe ndices C a nd D ,
respe ctiv ely. Our data a nalyses de mons tra te tha t Noi seSH yield s
bio lo g ically meaning ful res ults . 

4.2 Application to an AMP-AD study 
The AMP- AD progr am is focused on disc ov ering nov e l thera -
pe utic t a rgets for AD, unde rs ta nding how these novel targets op-
e rate in ge ne, protein, a nd me tabo lic ne tworks, and as s es sing
the druggability of these novel targets ( Hodes and Buckholtz,
2016 ) . One of the studies included in the AMP-AD project is the
Reli gious Orde rs Study ( ROS ) , which is a longitudinal clinical-
patho lo gic co hort study of aging and AD c onducte d by Rush
Univ ersity th a t enr olled individuals fr om r eli gious comm unities 
for longitudinal clinical a nalysis a nd brain donation ( Bennett 
et al., 2012 ) . We used the proteomics data set from ROS to in- 
ves ti gate the as s oci ation of individuals’ protein levels with their 
mini -me n tal s tate exa min ation ( MMS E ) sc ores . The MMS E is a 
30-poin t ques tionn aire th at is use d extensiv ely in clinical and re- 
s earch s e ttings to measure c ognitiv e impairme n t ( Pa ngma n et al., 
2000 ) . 

The re a re 61 proteins included in our analysis. The protein–
prot ein int eraction network ( ̃  G ) and pa th way informa tion wer e 
obtained from the STRING database, including 105 edges and 

24 pa th ways . We an alyze d 539 s ubje cts with no c ognitiv e im-
pairme n t, mild c ognitiv e impairme n t, or AD. The s ubje cts w ere 
ra ndomly divided in to a training s e t, a v alid ation s e t, a nd a tes t-
ing s e t, with equal siz e. The gr ap hical l as s o w as us e d to estim ate
the pre cision m atrix for pre d ictor s and obtain the correspond- 
ing graph A 

∗. The tuning pa ra mete r in gra p hical l as s o w as cho-
se n b y cros s-v alid ation . Then w e fitte d our model and the com-
pe ting me thods us ed in the simul ation s tudy. The tuning pa ra m- 
eters in the competing methods were determined by choosing 
those with the s malle st MSPE in the v alid ation s e t. For our pro- 
pose d approach, w e s e t ̃  r = r ∗ = 5 in the late n t scale models,
and chose priors σ 2 ∼ IG ( 1 , 1) , ( a ξ , b ξ ) = (2 , 1) for ξ jk , q ∼
B(1 , 1) , and 

˜ μ0 = ̃

 μ1 = μ∗
0 = μ∗

1 = (0 , 0 , 0 , 0 , 0) � , which
are fairly uninform ativ e. The rem aining parameters were chosen 

by minimizing the MSPE in the v alid ation s e t. We re c orde d the 
MSPE for the testing s amp les . This proc e dure was repeate d for 
50 times. 

Table 4 shows the MSPEs for the test s e t. Nois eSH leads to the 
s malle st MSPE, which shows the prediction adva n tage of our ap- 
proa ch. In a ddition, w e use d the 95% credible in te rvals to select 
protein s. The s elect ed prot eins a re e nc ode d b y ge nes including
CD47 and STX1A, which h av e be en shown to be as s oci ated with 

AD ( Gheibihayat e t al., 2021 ; W illi am s e t al., 2021 ) . Using the 
r ela ted genes, a pa th way e nrichme n t a nalysis ide n tified a n umbe r
of enriched pa th w ays such as s er otonin neur otransmit ter r elease 
cycle and dopamine ne urotrans mit ter r elease cycle, which h av e 
been shown to be as s oci ated with AD ( Meltzer et al., 1998 ; Pan 

et al., 2019 ) . Our data analyses show that Noi seSH yield s bio- 
log ically meaning ful res ults . 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujae012#supplementary-data


Biometrics , 2024, Vol. 80, No. 1 � 7 

W  

c  

u  

e  

t  

e  

p  

T  

l  

a
 

c  

I  

n  

o  

n  

u  

T  

n  

n  

(
 

e  

g  

g  

n  

s  

t  

p

T  

h
p

 

c  

U  

A  

t  

i  

R  

U  

P  

t

S
 

c  

t  

c  

S

T  

g  

a  

R  

a  

t

N

T  

i  

h  

n  

S  

A  

 

B  

 

B  

 

C  

C  

 

C  

C  

 

C  

 

D  

 

D  

 

F  

G  

 

 

H  

 

 

H  

D
ow

nloaded from
 https://academ

ic.oup.com
/biom

etrics/article/80/1/ujae012/7628584 by U
niversity of C

alifornia, San Francisco user on 09 June 2024
5 D I S  C U S S  I O N 

e h av e dev elope d a Bay esian fr amew ork for pre dicting an out-
 ome in structure d hi gh-dime n sional s e t tings. Our appr oach
ses 2 sources of network information, namely, the no is y graph
xtracted from d atabas e and the graph estim ate d for pre d ictor s in
he da ta a t hand to inform the late n t true gra p h . Our simul ation
xpe rime n ts a nd a nalys es of 2 real d atas e ts demon strate the su-
er ior ity of our proposed method ov er sev e ral exis ting methods.
o relieve the computa tion bur den, we r ecomme nd use rs to se-

e ct c ov ari a tes tha t ar e most corr ela ted with the outcome before
pplying our method. 
We h av e purs ue d a Bayesia n a pproach to the pro b lem of ac-

 ounting for netw ork nois e in grap h- g uided stat ist ical learning.
f network r eplica tes ar e available, a freque n tis t a pproach offe rs a
 atural altern ativ e. A s ta rting poin t could be to e mplo y method -
f-mome n ts techniques to estimate ne twork nois e under a “sig-
al plus noise” model ( Chang et al., 2022 ) and constructing an
nbi as e d estim ator for the de gre e of each node ( Li et al., 2021 ) .
he unbi as e d estim ators of de gre es ca n the n be used in the
etw ork-c onstraine d re gular ization cr iter ion, for example, the
etw ork-c onstraine d re gula rization for linea r model in Li and Li
 2008 ) . 
Our work here s e ts the stage for exten sion s to gener aliz ed lin-

ar models for ge ne ral types of outc omes, s uch as bin ary or cate-
orical. We could also exte nd our a pproach to models beyond re-
ression, includ ing su pport vector machines and linear discrimi-
a n t a nalysis. Anothe r futur e dir ection is to extend our adaptive
tructured shr inkage pr ior to more ge ne ral cl as s es of priors on
he shrinkage pa ra mete rs, which would tran sl at e t o more d iver se
en alties . 
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