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ABSTRACT

There is a growing body of literature on knowledge-guided statistical learning methods for analysis of structured high-dimensional data (such as
genomic and transcriptomic data) that can incorporate knowledge of underlying networks derived from functional genomics and functional pro-
teomics. These methods have been shown to improve variable selection and prediction accuracy and yield more interpretable results. However,
these methods typically use graphs extracted from existing databases or rely on subject matter expertise, which are known to be incomplete and
may contain false edges. To address this gap, we propose a graph-guided Bayesian modeling framework to account for network noise in regres-
sion models involving structured high-dimensional predictors. Specifically, we use 2 sources of network information, including the noisy graph
extracted from existing databases and the estimated graph from observed predictors in the dataset at hand, to inform the model for the true under-
lying network via a latent scale modeling framework. This model is coupled with the Bayesian regression model with structured high-dimensional
predictors involving an adaptive structured shrinkage prior. We develop an eflicient Markov chain Monte Carlo algorithm for posterior sampling.
We demonstrate the advantages of our method over existing methods in simulations, and through analyses of a genomics dataset and another
proteomics dataset for Alzheimer’s disease.

KEYWORDS: adaptive Bayesian shrinkage; latent scale network model; MCMC algorithm; noisy graph; structured high-dimensional predic-

tion.

1 INTRODUCTION

Rapid advances in technologies have led to collection of var-
ious types of omics data, such as genomics and proteomics
data, in many biomedical studies. Two notable examples are
the Alzheimer’s disease neuroimaging initiative (ADNI) study
(Mueller et al., 2005) and Accelerating Medicines Partnership-
Alzheimer’s Disease (AMP-AD) study (Hodes and Buckholtz,
2016). These datasets can be used to build prediction mod-
els for AD risk or progression (eg, cell metabolism and cogni-
tive score). The majority of existing predictive modeling meth-
ods do not incorporate biological knowledge such as functional
genomics and functional proteomics. Extensive research has
yielded much information on the association structure among
variables (eg, genes and proteins) and underlying networks that
can be represented by graphs. For example, in genomics stud-
ies, several biological databases include gene network informa-
tion from previous studies (Kanehisa and Goto, 2000). There
is a growing body of on knowledge-guided statistical learning
methods for analysis of such data that can incorporate biologi-
cal graphs (Zhao et al., 2019). These methods have been shown
to have better performance in variable selection and prediction,

compared to their counterparts that do not use graph informa-
tion.

However, the network information used in the graph-guided
statistical learning methods is generally derived from exist-
ing databases such as the Kyoto Encyclopedia of Genes
and Genomes (KEGG) (Kanehisa and Goto, 2000) and
Search Tools for the Retrieval of Interacting Genes/Proteins
(STRING) (Szklarczyk et al., 2021) and presumably available
only up to some level of error or mis-specifications. Such noise
may also be encountered due to limitations in the algorithms
used to construct networks, which are often based on notions
of association (eg, correlation, partial correlation, etc.) among
experimental measurements of gene activity levels that are de-
termined by some form of statistical inference (Tsimring, 2014).
Importantly, mis-specifications may also arise due to the lack of
information in the existing databases with regards to certain dis-
ease conditions that are of interest. To our best knowledge, ex-
isting work on graph-guided regression modeling has largely ig-
nored the important issue of mis-specification in networks and
routinely uses the given network directly in their modeling with-
out accounting for noise. We note that while the recent work
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by Zhao et al. (2016) addressed a related problem for handling
missing edges in only part of the graph via a multiple-imputation
approach, their method islimited in scope and cannot be directly
applied to diverse and general settings involving noisy networks
with varying degrees of mis-specification.

As remarked above, there appears to be little in the way of
a formal and general treatment of the error propagation prob-
lem in graph-guided statistical learning in the context of regres-
sion modeling. However, there are several areas in which the
probabilistic or statistical treatment of uncertainty enters promi-
nently in network analysis. Model-based approaches include sta-
tistical methodology for predicting network topology with ap-
proaches that explicitly include a component for network noise
(Jiang et al,, 2011; Jiang and Kolaczyk, 2012), the “denoising”
of noisy networks (Chatterjee, 2015), the adaptation of meth-
ods for vertex classification using networks observed with errors
(Priebe et al.,, 2015), a regression model on network-linked data
that is based on a flexible network effect assumption and is ro-
bust to errors in the network structure (Le and Li, 2020), and
a general Bayesian framework for reconstructing networks from
observational data (Young et al., 2020). The other common ap-
proach to network noise is based on a “signal plus noise” per-
spective. For example, Balachandran et al. (2017) introduced a
simple model for noisy networks that, conditional on some true
underlying network, assumes we observe a version of that net-
work corrupted by an independent random noise that effectively
flips the status of (non)edges. Later, Chang et al. (2022) devel-
oped method-of-moments estimators for the underlying rates of
error when replicates of the observed network are available. The
model-based approaches are problem-specific and cannot be di-
rectly used in graph-guided statistical learning. The approaches
from the “signal plus noise” perspective assume constant error
across all edges and thus cannot accommodate different levels of
noise in network. In a somewhat different direction, uncertainty
in network construction due to sampling has also been studied
in some depth. See, for example, Kolaczyk (2009, Chapter S) or
Ahmed et al. (2014) for surveys of this area. However, in that
setting, the uncertainty arises only from sampling—the subset
of vertices and edges obtained through sampling is typically as-
sumed to be observed without error.

Our contribution in this paper is to provide a graph-guided
Bayesian modeling framework that accounts for network noise
in the context of regression models with structured high-
dimensional predictors. There is no existing work on graph-
guided statistical learning that accounts for network noise. Our
model treats the true graph as unknown or latent and has 2
key components. The regression model involves a fully Bayesian
implementation of the adaptive structured shrinkage prior pro-
posed by Chang et al. (2018) that incorporates the unknown
true graph to facilitate variable selection. This regression model
is coupled with a latent scale modeling framework (Ma et al,,
2022) for the true underlying network that relies on 2 differ-
ent network sources, that is, the graph extracted from existing
databases such as KEGG and the estimated network derived
from predictors in the observed dataset. The proposed approach
reflects our understanding that the 2 sources of data may con-
tain complimentary information on the true graph with some de-
gree of mis-specification and thus can be used to inform the true

graph. We note that while there are methods for integrating mul-
tiple sources of graphs (Xie et al,, 2021; Danaher et al., 2014),
they cannot be directly used for our purpose. For brevity, our
model is denoted as NoiseSH in short. We demonstrate the ad-
vantages of our approach via simulation studies involving vary-
ing degrees of network mis-specification, where the proposed
approach demonstrates superior prediction performance. The
practical importance of the proposed approach is further show-
cased via application to a genomics dataset and another pro-
teomics dataset for AD.

The organization of this paper is as follows. In Section 2,
we present the proposed methodology and the Markov chain
Monte Carlo (MCMC) algorithm. Section 3 reports the prac-
tical performance of our method through simulation studies. In
Section 4, we apply our method to a genomics dataset and an-
other proteomics dataset for AD. Finally, we conclude in Sec-
tion S with a discussion of future directions for this work. The
details of the computation framework and cost are relegated to
Web Appendices A and B.

2 METHODOLOGY

In this section, we describe our proposed model and associated
MCMC algorithm.

2.1 Model specification

Suppose we have data of n observations {y;, ; : i =1, -- - , n},
where y; is the outcome variable and &; is a vector of p predictors.
Let G = (V, E) be the true underlying undirected graph for the
p predictors, with vertices V. = {1, - - - , p} and a set E of edges,
where elements of E are unordered pairs {j, k} of distinct ver-
tices j, k € V.Let G = (V, E) be the working graph extracted
from the database, where we implicitly assume that the vertex set
V is known. Denote the adjacency matrix of Gby A = (A i) ,xp
and that ofabyx = (Kjk)pxp. Hence, A ;. = lifthereisatrue
edge between the predictor j and the predictor k, and 0 other-
wise, while A jk = 1 if there is an edge in the working graph G
between the jth vertex and the kth vertex, and 0 otherwise.

In addition to extracting the working graph G directly from the
database, we can also obtain the information on the true under-
lying graph from the p predictors x;,i = 1, - - - , n. Let * de-
note the precision matrix for predictors calculated by an inverse
covariance matrix estimation algorithm such as graphical lasso
(Friedman et al., 2008) and BigQUIC (Hsieh et al., 2013). Let
A* = (A;‘fk) pxp be the corresponding adjacency matrix, that is,
A’;k =1if Q’;.‘k # 0, and 0 otherwise. The corresponding graph
for A* is denoted by G* = (V, E*).

We consider the linear model

y=XB+e e~N(0,0,), (1)

Where y:(ylv syn)T) X=(x1,~~~ 7xn)T) ﬂ:
(Bi,-- . Bp)T, e=(er,--+,€)", I, is the n x n iden-
tity matrix, and NV'(-) denotes the Gaussian distribution. We
adopt the Bayesian shrinkage approach with the structural
information incorporated in Chang et al. (2018) for setting
priors for B and o2, Following Chang et al. (2018), we specify

ﬁj ~ £(O’ )\,j/U),UZ NIg(aoa ba)a ]= .- 2 (2)
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where 4 is the shrinkage parameter for 8, £(-),and ZG(-) de-
note the Laplace and inverse gamma distributions, respectively.
The shrinkage parameters A ; are treated as random variables that
encode the graph knowledge G under an informative network-
based prior. Specifically, we have

0= (log(kl), R} log()\p))—r ~ N(IL’ VE_I)i (3)

where E(j, k) = E(k, j) = == —&; for 1 <j<k<
pE(,j)=1+ Zk#“g‘]—k for 1 < j < p, and we assign the
following priorto § = {§ : 1 < j < k < p}

n(§) o[BI T &5

1k

x exp(—be&p)1(€jx > 0) l_[ So(Ein), (4)

Af":o

where § is the Dirac delta function concentrated at 0 and 1(-) is
the indicator function. Note that the diagonally dominant struc-
ture of E ensures positive definiteness. The partial correlations
among the log-shrinkage parameters are positive if the corre-
sponding variables are connected, and 0 otherwise. This feature
encourages a similar degree of shrinkage for the regression coef-
ficients if the corresponding predictors are connected, and oth-
erwise an conditionally independent shrinkage is imposed. The
mean vector f controls the overall sparsity of the model, and v
specifies the prior confidence on the choice of . Moreover, the
shape parameter a¢ and the rate parameter bg influence the mag-
nitudes and variability of the partial correlations.

Motivated by the latent scale representation of networks in Ma
et al. (2022), we specify the model for A as following: for 1 <
j<k=p

3 — 5+ Tio Dol
1—Puﬁ=1mﬁ=m} o Tk

b{ PO = 1lAe=1) }=a+mﬁﬁ; (s)
1-— [P(Ajk =1|Ay = 1)

where 55 and 5] denote the intercepts common across edges,
uo; = (Uoj1, -+, thoj7) and uy; = (uyjy, - 7?1;‘,?) are the
vectors of latent scales for vertex j of length 7, and Dy and D rep-
resent the 7 x 7 diagonal weight matrices having all positive ele-
ments, which control the contribution of the latent scales to the
inner product. Since the latent scales are only identifiable up to a
rotation in R’, we fix the first element of every latent scale (0.5 in
our simulations and real data analysis) to preserve identifiability.
Note that P (A jt = 1|Ajx = 0) can be interpreted as the proba-
bility of Type L error fora “test” of Hy: {j, k} ¢ Evs.H;: {j, k} €
E, on vertex pair { j, k} ¢ E. Similarly, P(Xjk = 1A =1)can
be interpreted as the power for a test of the same hypothesis on
vertexpair { j, k} € E.Here, the intercept terms control the over-
all noise level of the working graph G, and the latent scales cap-
ture the variation in the edge noise.
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Similarly, we specify a latent scale model for A*, that is, for 1 <

j<k=<p,

P(A*
log { k

1-P(Aj =14 =0)

ot uo; o %ok

= 1|Ajk = 0) } D* *T

1 P(A% = 1Az = 1)
O
Bl1-P@l =1lAr=1)

} =s] + uTjD*uTk , (6)

where s and s denote the intercepts common across edges,
u?;j = (“3;‘,1’ S, “E)Fj,r*) and u“fj = (u’fj’l, cee u’fj’,*) are the
vectors of latent scales for vertex j of length r*, and Dj and D7}
represent the +* X r* diagonal weight matrices having all posi-
tive elements. The distinct intercept terms and the latent scales
in Equations S and 6 reflect our understanding that the 2 noisy
graphs obtained from different sources are subject to different
degrees of mis-specification.

We then assign the following priors to the intercept terms and
the latent scales in the models for A and A*:

EE) ~ £(ﬁs 0> 1/6:5 O)a Ei ~ ﬁ(ﬁs.lv 1/65 l)a
SON‘C(Mso’ 1/ ) E(Msl’l/asl)

EO'- Euouo Z%u* .

[”3; NN([ } [Eugug ):D j=1-.p
;11_ ~ Zulul Zﬁlu’l‘ . o
|:u>1kj_ N ([ >k:|’ [Zu*ul Zulu‘:|) = 1’ ’ p’

’LQ and IL}k are with sizes ’;Xl ,
J12 7y rx1

Yoo Yoo Yoa Xaw
and Z”“"“ E“”“" and E“]“I Z"‘“‘ are with = sizes
uytly Hudu uity Sujuy

rxr rxr*
X T x ot

where

. The latent scales embedded in Equations

S and 6 have some prior correlations (ie, X5 and Zgl,;{), so
the latent scales in the 2 models can be learned jointly.

By convention, we assume the true (non)edge A i follows a
Bernoulli distribution with probability g and assign the beta dis-
tributed prior to g:

Aj ~Bern(q), 1< j<k<=<p,
q ~ B(ag, by),

where Bern(-) denotes the Bernoulli distribution, and B(-) de-
notes the Beta distribution.

2.2 MCMC algorithm

We developed an efficient MCMC algorithm for sampling
the parameters in our model. To facilitate the sampling, we
use 2 data augmentation techniques: replacing the Laplace
prior with a scale mixture of normals and augmenting Pdlya-
Gamma latent variables for Bernoulli distributed variables A j;
and A;‘k, 1 < j < k < p. The log-shrinkage parameter 6 is sam-
pled by the Metropolis-Hastings (MH) algorithm, all other
parameters are sampled using the Gibbs sampler. The de-
tails of the computation framework can be found in Web
Appendix A.
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3 SIMULATION STUDIES

In this section, we conducted some simulations to evaluate the
prediction performance of our model in comparison with sev-
eral existing methods. We considered different graph scenar-
ios, including correctly specified working graphs and noise-
contaminated working graphs.

3.1 Simulation set-up

The simulated data were generated from the following model:
yi=xB+e 1<i<n, (7)

where x; ~ N (0, x) and € ~ N (0, 0%). We set p = 150.
The number of nonzero coeflicients in f is 15, and the true non-
zero effect sizes were randomly generated from a uniform dis-
tribution with boundaries 0.5 and 2. The sample sizes for the
training set, the validation set and test set are 70, 70, and 200,
respectively. The residual variance was fixed at 62 = 2.

We employed the mechanism described in Chang et al. (2018)
to generate A and Xy, which resembles practical gene networks
encountered in applications where a subset of important and
unimportant genes lie in the same pathway and are connected.
We used an estimated graph A™ obtained by graphical lasso and
a working graph A given to fit the model. The tuning parameter
in graphical lasso was chosen by cross-validation. The working
graph may be correctly specified or mis-specified, as follows:

(1) A= A, where A allows edges between important and
unimportant variables.

(2) A = A, where A does not allow edges between impor-
tant and unimportant variables.

(3) Ais the same as in scenario (1), but A includes only a
subset of edges in A for which the corresponding partial
correlations rank in the top 20%.

(4) A is the same as in scenario (2), but A includes only a
subset of edges in A for which the corresponding partial
correlations rank in the top 20%.

(5) A is the same as in scenario (1), but A includes only a
subset of edges in A for which the corresponding partial
correlations rank in the top 20%, and randomly gener-
ated edges such that the number of edges in A is the same
as that in A.

(6) A is the same as in scenario (2), but A includes only a
subset of edges in A for which the corresponding partial
correlations rank in the top 20%, and randomly gener-
ated edges such that the number of edges inA is the same
as that in A.

(7) Ais the same as in scenario (1), but 4 is randomly gen-
erated with the same number of edges as A.

(8) Ais the same as in scenario (2), but 4 is randomly gen-
erated with the same number of edges as A.

Scenarios (1) and (2) are the cases where the true graph is
completely known. Scenario (2) does not allow edges between
important and unimportant variables and thus it is the ideal set-
ting for approaches that encourage connected variables to be
jointly included or excluded in the model. Scenarios (3) and
(4) mimic the situation where only strong signals from the true

graph are known. Scenarios (5) and (6) are the cases where
strong signals from the true graph are known and false edges
exist. Scenarios (7) and (8) are considered as the worst cases,
where the edges in the working graphs are completely random.
Although each of the 8 scenarios consists of a distinct edge struc-
ture for the working graph, scenarios (1), (3), (5), and (7) have
the same pathway membership information, as do scenarios (2),
(4)r (6)r and (8)

We generated 50 data sets, each of which contains the
training set, the validation set, and the test set. The predic-
tion performance was assessed in terms of mean squared pre-
diction error (MSPE) for the test data. We set F=r"=35
in the latent scale models. We chose priors o ~ Ig(1 1),
(a%"b%‘)— (2 l)for%-}k;qNB(l 1),and;L0 ”’1 ILo

=(0,0,0,0, 0)T , which are fairly uninformative. The re-
maining parameters were determined by choosing those with the
smallest MSPE in the validation set. We ran MCMC chains of
10 000 samples. The number of burn-in samples is 1000. And we
used the trace and autocorrelation plots to evaluate the samples.

3.2 Methods to compare

Our methods were compared to the lasso (Lasso), the adap-
tive Lasso (ALasso), the group Lasso (GLasso) (Yuan and Lin,
2006; Zeng and Breheny, 2016), the network-constrained reg-
ularization approach (Net) (Li and Li, 2008), the expectation—
maximization approach for Bayesian variable selection (denoted
as EMVS) proposed by Rockova and George (2014) and its
extension to incorporate structural information (denoted as
EMVSS), the expectation-maximization estimator for Bayesian
shrinkage approach (denoted as EMSH) proposed by Chang
etal. (2018) and its extension to incorporate structural informa-
tion (denoted as EMSHS). Among these approaches, GLasso
treats pathways as overlapping groups, while Net, EMSHS,
and EMVSS incorporate the graph information. For Lasso and
ALasso, we used the glmnet R package where the initial consis-
tent estimator for ALasso was given by the ridge regression. We
used the R packages grpregOverlap (Zeng and Breheny, 2016)
and glmgraph (Chen et al., 2015) for GLasso and Net, respec-
tively. The unpublished R codes for EMVS and EMVSS were
provided to us by the authors. For EMSH and EMSHS, we used
the R package EMSHS (Chang et al,, 2018). The tuning param-
eters in these methods were chosen by minimizing the MSPE in
the validation set.

3.3 Results

The MSPEs for the test data are presented in Table 1. When the
working graphA is correctly specified or misses some true edges
(scenarios (1)-(4)), the structured variable selection methods
EMVSS, EMSHS, and NoiseSH have superior prediction per-
formance. When the working graph A contains false edges
(scenarios (5)-(8)), NoiseSH outperforms all other methods.
Therefore, NoiseSH accounts for the network noise when a non-
trivial error is present. The MSPEs of NoiseSH in scenarios (3)-

(8) (the working graph Ais misspecified) are close, which im-
plies that the prediction performance of NoiseSH is robust to the
noise level of the working graph. Taken together, the above re-
sults suggest that combining 2 sources of network information to
inform the underlying true network results in considerable pre-
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TABLE 1 Mean of mean squared prediction errors for the test data.
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Scenario Lasso Alasso GLasso 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)
() 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 5213 3.544 3.428 3.537 3432 3.420
(0.764) (1.650) (1.764) (1.381) (0.921) (0.831) (0.967) (1.059) (0.662)
(s) 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 3432
(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 parentheses are the standard deviations of the mean squared prediction errors.

TABLE 2 The average false negative rate (FNR), the average false
positive rate (FPR), the average accuracy (accuracy) for edges in the
graphs estimated by NoiseSH (A), working graphs (A), and graphs
obtained by graphical lasso (4*).

Scenario Graph ENR 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

diction gains when the working graph is mis-specified, while per-
forming comparably or better compared to existing structured
regression approaches without noise correction in the presence
of no or very limited mis-specification.

Table 2 displays the average false negative rate (FNR), the av-
erage false positive rate (FPR), the average accuracy (accuracy)
for edges in the graphs estimated by NoiseSH (), working
graphs (A),and graphs obtained by graphicallasso (A*). By FNR
(FPR), we mean the proportion of true edges (non-edges) being

identified as non-edges (edges). Accuracy is the fraction of cor-
rectly identified edges and non-edges. Combining the results in
Tables 1 and 2 reveals some interesting observations. The graph
A estimated by our method NoiseSH vyields the smallest FPR
thatis or close to 0, and highest accuracy in all settings. When the
working graphA contains false edges (scenarios (5)-(8)), A may
have higher FNR than A and A*, but our NoiseSH method still
outperforms the competing methods in prediction as shown in
Table 1, including the methods that use A with higher FPR and
lower FNR. This suggests that including false edges (ie, higher
FPR) has a greater deleterious impact on prediction than exclud-
ing true edges (ie, higher FNR) in structured regression models.
Another notable implication is that our method only needs to
learn a subset of true edges in A to yield better performance than
the existing methods. This is an appealing property of NoiseSH,
as graph estimation by itself is a very challenging problem that
our method is not designed to address.

4 DATA APPLICATION

We applied the proposed method to analyses of 1 AD genomics
dataset from the ADNI study (Mueller et al., 2005) and 1 AD
proteomics dataset from the AMP-AD study (Hodes and Buck-
holtz, 2016).

4.1 Application to an ADNI study

The ADNI is a large scale multisite longitudinal study where
researchers at 63 sites track the progression of AD in the human
brain through the process of normal aging, early mild cognitive
impairment, and late mild cognitive impairment to dementia or
AD (Mueller et al,, 2005). The goal of the study is to validate di-
agnostic and prognostic biomarkers that can predict the progress
of AD. In our application, we investigated the association of
patients” gene expression levels with their fluorodeoxyglucose-
positron emission tomography (FDG-PET). The FDG-
PET averaged over the regions of interest measures cell
metabolism. The cells affected by AD tend to show reduced
metabolism.
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TABLE 3 Mean of mean squared prediction errors for the ADNI data
set.

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

Method MSPE Method MSPE

Lasso 1.028 (0.094) Lasso 1.001 (0.076)
ALasso 1.016 (0.090) ALasso 0.943 (0.120)
GLasso 1.028 (0.094) GLasso 1.001 (0.076)

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)

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 parentheses are the standard deviations of the mean squared prediction errors.
Abbreviations: ADNI, Alzheimer’s disease neuroimaging initiative; MSPEs, mean
squared prediction errors.

As a screening step, we first conduct univariate regression of
each gene in relation to the FDG-PET and select genes with
a false discovery rate of <0.05 for subsequent analyses. There
are 374 selected genes. The gene network (G) was retrieved
from the KEGG database (Kanehisa and Goto, 2000), includ-
ing 41 edges. There are 675 subjects in the dataset. We ran-
domly divided them into a training set, a validation set, and a
testing set, with equal size. We used graphical lasso to estimate
the precision matrix for predictors and obtained the correspond-
ing graph A*. The tuning parameter in graphical lasso was cho-
sen by cross-validation. Then we fitted our method and the com-
peting methods used in the simulation study and recorded the
MSPE for the testing samples. The tuning parameters in the
competing methods were determined by choosing those with
the smallest MSPE in the validation set. For our proposed ap-
proach, we set 7 = r* = S in the latent scale models, and chose
priors 0> ~ ZG(1, 1), (ag, bg) = (2, 1) for &y, q ~ B(1, 1),
and 1, = ;; = pi = uf = (0,0,0,0, 0) T, which are fairly
uninformative. The remaining parameters were chosen by min-
imizing the MSPE in the validation set. We repeated this proce-
dure for 50 times.

Table 3 shows the MSPEs for the test set. NoiseSH yields the
best prediction performance, which demonstrates the advantage
of our method. In addition, we used the 95% credible intervals
to select genes and conducted the pathway enrichment analysis
via the ToppGene Suite (Chen et al., 2009). The selected genes,
suchas HDAC2 and ABCA?7, and the enriched pathways, includ-
ing ALK signaling, have been shown to be associated with AD
(De Roeck et al., 2019; Mahady et al., 2019; Majumder et al,,
2021). The list of selected genes and the details of the pathway
enrichment analysis can be found in Web Appendices C and D,
respectively. Our data analyses demonstrate that NoiseSH yields
biologically meaningful results.

4.2 Application to an AMP-AD study

The AMP-AD program is focused on discovering novel thera-
peutic targets for AD, understanding how these novel targets op-
erate in gene, protein, and metabolic networks, and assessing
the druggability of these novel targets (Hodes and Buckholtz,
2016). One of the studies included in the AMP-AD project is the
Religious Orders Study (ROS), which is a longitudinal clinical-
pathologic cohort study of aging and AD conducted by Rush

In the parentheses are the standard deviations of the mean squared prediction errors.
Abbreviations: AMP-AD, accelerating medicines partnership-Alzheimer’s disease;
MSPEs, mean squared prediction errors.

University that enrolled individuals from religious communities
for longitudinal clinical analysis and brain donation (Bennett
et al, 2012). We used the proteomics data set from ROS to in-
vestigate the association of individuals’ protein levels with their
mini-mental state examination (MMSE) scores. The MMSE is a
30-point questionnaire that is used extensively in clinical and re-
search settings to measure cognitive impairment (Pangman etal,
2000).

There are 61 proteins included in our analysis. The protein-
protein interaction network (G) and pathway information were
obtained from the STRING database, including 105 edges and
24 pathways. We analyzed 539 subjects with no cognitive im-
pairment, mild cognitive impairment, or AD. The subjects were
randomly divided into a training set, a validation set, and a test-
ing set, with equal size. The graphical lasso was used to estimate
the precision matrix for predictors and obtain the correspond-
ing graph A*. The tuning parameter in graphical lasso was cho-
sen by cross-validation. Then we fitted our model and the com-
peting methods used in the simulation study. The tuning param-
eters in the competing methods were determined by choosing
those with the smallest MSPE in the validation set. For our pro-
posed approach, we set 7 = r* = § in the latent scale models,
and chose priorso® ~ ZG(1, 1), (ag, bg) = (2, 1) for&jr, q ~
B(1,1), and fty = &, = pt = pt = (0,0,0,0,0)", which
are fairly uninformative. The remaining parameters were chosen
by minimizing the MSPE in the validation set. We recorded the
MSPE for the testing samples. This procedure was repeated for
50 times.

Table 4 shows the MSPE:s for the test set. NoiseSH leads to the
smallest MSPE, which shows the prediction advantage of our ap-
proach. In addition, we used the 95% credible intervals to select
proteins. The selected proteins are encoded by genes including
CD47 and STX1A, which have been shown to be associated with
AD (Gheibihayat et al., 2021; Williams et al., 2021). Using the
related genes, a pathway enrichment analysis identified a number
of enriched pathways such as serotonin neurotransmitter release
cycle and dopamine neurotransmitter release cycle, which have
been shown to be associated with AD (Meltzer et al., 1998; Pan
et al, 2019). Our data analyses show that NoiseSH yields bio-
logically meaningful results.
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S DISCUSSION

We have developed a Bayesian framework for predicting an out-
come in structured high-dimensional settings. Our approach
uses 2 sources of network information, namely, the noisy graph
extracted from database and the graph estimated for predictors in
the data at hand to inform the latent true graph. Our simulation
experiments and analyses of 2 real datasets demonstrate the su-
periority of our proposed method over several existing methods.
To relieve the computation burden, we recommend users to se-
lect covariates that are most correlated with the outcome before
applying our method.

We have pursued a Bayesian approach to the problem of ac-
counting for network noise in graph-guided statistical learning.
If network replicates are available, a frequentist approach offers a
natural alternative. A starting point could be to employ method-
of-moments techniques to estimate network noise under a “sig-
nal plus noise” model (Chang et al., 2022) and constructing an
unbiased estimator for the degree of each node (Li et al., 2021).
The unbiased estimators of degrees can then be used in the
network-constrained regularization criterion, for example, the
network-constrained regularization for linear model in Li and Li
(2008).

Our work here sets the stage for extensions to generalized lin-
ear models for general types of outcomes, such as binary or cate-
gorical. We could also extend our approach to models beyond re-
gression, including support vector machines and linear discrimi-
nant analysis. Another future direction is to extend our adaptive
structured shrinkage prior to more general classes of priors on
the shrinkage parameters, which would translate to more diverse
penalties.
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