JOURNAL OF DATA SCIENCE 24 (1), 167-186 DOI: 10.6339/25-JDS1203
January 2026 Statistical Data Science

Subject-Specific Scalar-on-Image Regression

LeO Yu-rENG Liubf, Haixu Malt, Yureng Liv®*, AND HoNGgTU ZHU'?

! Department of Statistics and Operations Research, University of North Carolina at Chapel Hill, USA
2Department of Biostatistics, University of North Carolina at Chapel Hill, USA
3 Department of Statistics, University of Michigan, USA

Abstract

Neuroimaging technology has received considerable attention in recent years. One of the key
problems in the imaging data analysis is the heterogeneity among individual subjects. In partic-
ular, the relationship between the imaging biomarkers and the clinical outcomes may vary across
different individuals. Popular existing statistical methodologies such as the functional linear re-
gression and high dimensional linear regression can be inadequate because the homogeneous
regression relationship is assumed for all subjects. In this paper, we propose the Subject-Specific
Scalar-on-Image Regression (S3IR) model to handle heterogeneous populations. Specifically, we
utilize a binary subject-specific masking image to capture the heterogeneous sparsity among in-
dividuals. The proposed S3IR model incorporates the spatial structure of the imaging data and
is able to achieve both local smoothness and subject-specific sparsity of the estimated regres-
sion coefficients. Furthermore, we design an EM-type adaptive algorithm to estimate the model
coefficients. Simulation studies are presented to show the superior performance of our proposed
method over some existing ones in handling heterogeneity. Finally, we apply the S3IR model to
analyze data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). The results show
that our model can effectively identify interpretable and significant disease-related regions and
improve prediction performance of the cognitive scores.

Keywords functional linear regression; heterogeneity; imaging data; reproducing kernel
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1 Introduction

The use of imaging biomarkers to predict clinical outcomes has been popular and created great
impact in public health. Many studies have demonstrated that medical images can deliver clini-
cally important information. Such information may help explore the pathophysiology of certain
diseases and assist diagnosis and treatments (Fan et al., 2008; Stonnington et al., 2010; Cheng
et al., 2011; Huang et al., 2016; Jiang et al., 2021). As imaging-based predictive models are
increasingly used in clinical settings, ensuring their trustworthiness, such as interpretability,
robustness, and alignment with clinical reasoning, has also become essential for responsible de-
ployment in practice (Winston et al., 2002; Santos et al., 2016; Li et al., 2023).

Numerous statistical and machine learning tools have been proposed to analyze medical
images in the literature. Zhu et al. (2023) provides a comprehensive review for neuroimaging
data analysis. One branch of these models uses images as the covariates to predict the scalar-
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valued clinical scores. We denote this as the scalar-on-image regression model (Zhu et al., 2017;
Kang et al., 2018; Liu et al., 2017). If the linear relationship between the response and the
imaging covariates is assumed, the coefficients of the model would lie on the same space as that
of the covariate images. We refer such coefficients as the coefficient image. The coefficient image
is of great importance in the prediction of clinical outcomes, as well as in the identification of
pathologically relevant imaging biomarkers. In practice, the collected imaging data can be high-
dimensional in many imaging studies, such as Magnetic Resonance Imaging (MRI) data (Raz
et al., 2017; Casanova et al., 2018; Li et al., 2021). In these studies, the scalar-on-image regression
problem can be viewed as a special case of the high-dimensional linear model (Bithlmann and
Van De Geer, 2011), or the functional linear regression model (Ramsay and Silverman, 2005;
Ferraty and Vieu, 2006), depending on how the imaging data are used in the model.

In the high dimensional linear model, one can predict the clinical score by using the high-
dimensional imaging data as the covariates. In this case, each voxel of the imaging data is
treated as a feature in the model. In practice, the dimension p of the voxels can be very large for
medical images. For example, to analyze a typical T1 MRI image of size 256 x 256 x 256, one will
need to build a 16, 777, 216 dimensional regression model. Moreover, due to the cost of imaging
acquisitions, compared to the dimension of features, the sample size n is usually relatively small.
Therefore, many regularized methods are proposed to solve this high-dimensional regression
problem. For example, Carroll et al. (2009) proposed a regression model with the Elastic net
penalty (Zou and Hastie, 2005) to analyze the MRI data, and Toiviainen et al. (2014) applied
the Lasso regression (Tibshirani, 1996) to identify the brain regions that respond to musical
stimuli. These sparse regularization methods can effectively solve the high-dimensional problem
and may detect some sparse imaging voxels as the important features. However, the estimation
of coefficient images of these methods does not incorporate spatial smoothness. As a result,
these methods may not be able to extract interpretable imaging biomarkers. In contrast, the
spatial regularization methods are attractive due to their well-structured coefficient images and
improved prediction performance. For instance, Grosenick et al. (2013) proposed the GraphNet
penalty as a generalized Elastic net penalty that incorporates local graphical structures; Liu
et al. (2018) introduced a spatial regularization framework using the first and second order total
variation penalties for both classification and regression problems. Such spatial regularization
terms utilize the locally spatial structure of the imaging data and can help to yield spatially
smooth coefficient images.

Another popular approach for the scalar-on-image regression is to utilize the functional
linear regression techniques (Goldsmith et al., 2011; Morris, 2015; Wang et al., 2016a). Instead
of fitting an ultra high dimensional regression model, these methods treat the images as func-
tional covariates over the imaging domain, and construct the coefficient images using some basis
functions. For instance, Reiss and Ogden (2007), Wang and Zhu (2017), and Feng et al. (2019)
proposed the functional principal component regression and functional partial least squares ap-
proaches for the scalar-on-image regression model. Wang et al. (2014) and Reiss et al. (2015)
applied the wavelet basis to construct spatially smooth regression coefficients. These methods
can achieve spatially smooth coefficient images if the basis functions are chosen properly. Con-
sidering this potential advantage of functional linear regression, we develop our method under
this framework.

The problem of interest in this paper is the common heterogeneity of imaging data. In the
current literature, most scalar-on-image regression models assume the homogeneous regression
relationship and apply a common model for all subjects. However, the homogeneity assumption
may not hold in practice. Although the biological structures of human organs are relatively
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Figure 1: The brain images of two patients with head and neck cancer. The tumors are marked
in the red circles.

consistent across the whole population, certain diseases can cause structural damages in different
regions for different patients, thus yielding heterogeneous patterns (Maheux et al., 2023). For
illustration, Figure 1 displays the brain images of two patients that have head and neck cancer.
The tumors are marked by the red circles and located in different brain regions. The homogeneous
models may underperform in terms of both estimation and prediction in this case. Many mixture
regression models are proposed to address the heterogeneity issue. Examples include but not
limited to Viele and Tong (2002), Hurn et al. (2003), Hoshikawa (2013), and Wang et al. (2016D).
However, their estimation can be unstable when the number of mixture components is large.
Moreover, the prediction rule of mixture regression models typically uses a weighted average of
the mixture components based on the estimated posterior probabilities, which tends to ignore
the heterogeneity for new patients and may cause biased prediction (Hoshikawa, 2013).

In this paper, we propose the Subject-Specific Scalar-on-Image Regression (S3IR) model
under the functional linear regression framework to solve the heterogeneous regression problems
efficiently. At the population level, the proposed S3IR model uses the homogeneous regression
coefficients to characterize the common regression relationship between the biomarkers and
clinical outcome. At the individual level, we further impose a subject-specific binary masking
image to capture the heterogeneous sparsity across the large-scale populations. To incorporate
spatial smoothness of the imaging data, we assume that the regression coefficients lie on the
Reproducing Kernel Hilbert Space (RKHS) with a radial basis kernel. Hence, the overall estimate
of the regression coefficients would yield spatial smoothness within certain regions and sparse
spatial signals elsewhere. Moreover, we introduce an efficient adaptive algorithm to estimate the
homogeneous effects and subject-specific binary masking images iteratively. For predicting the
clinical outcome, we propose a novel classifier based on a weighted distance of the image covariate
to determine whether to assign active or inactive regions for a new subject. The individual
sparsity is determined by the corresponding individualized assignment based on this classifier.
Importantly, our framework contributes to the broader goal of trustworthy machine learning, as
it offers an interpretable, structured approach to model individual-level variability in imaging
data. The regional masking mechanism and smooth coefficient structure enhance interpretability,
while the model’s individualized architecture promotes robustness to heterogeneity, which are
key principles in trustworthy AI. The effective performance of the proposed S3IR model is
demonstrated through several simulation studies and analysis of data from the Alzheimer’s
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Disease Neuroimaging Initiative (ADNI) study.

The rest of this paper is organized as follows. In Section 2, we introduce the S3IR modeling
framework and its key components. The detailed algorithms for the estimation procedure, model
selection, and the prediction are included in supplementary materials. We present extensive
simulation experiments to illustrate the performance of S3IR in various settings in Section 3.
The real application on the ADNI study is provided in Section 4. We conclude our paper in
Section 5.

2 Methodology

In this section, we first introduce the homogeneous scalar-on-image regression model. Then, we
extend it to our proposed S3IR model that can better deal with heterogeneity.

2.1 Data Structure and Homogeneous Models

Let X(¢) € R, Vt € D, represent the image intensity, where D denotes the image domain, and ¢
is the corresponding location index. Here, D can be a bounded 2-D surface or 3-D volume, and
t can be a vector of length 2 or 3 respectively, according to the dimension of image domain D.
Using these notations, a scalar-on-image regression model is given as follows,

y,-=ﬂo+/ X:OB)dt +¢; fori=1,....n, (1)
teD

where y; € R represents the scalar responses, X; denotes the covariate image, which is a real
valued function over the domain D, B is the homogeneous coefficient image of X;, By € R
denotes the intercept term, ¢; represents the independent noise, and n denotes the sample size
of the observed data. Here, model (1) is referred as the homogeneous model. It assumes a
homogeneous regression relationship between the responses y;’s and the covariates X;’s, and all
the subjects share a common coefficient image B. In practice, this assumption may be violated
by the heterogeneities among the samples. For example, in neuroimaging studies, the patients
that belong to different subtypes of a certain disease may have different pathological patterns.
Thus, they should not share one common disease map (Maheux et al., 2023). In particular, the
location of affected regions in medical images may vary across different subjects, and the number
of such regions may be more than one and different from one subject to another. In this case, the
homogeneous model (1) may fail or underperform due to such heterogeneities across subjects.

2.2 Subject-Specific Models

Now, we propose the subject-specific model to solve the heterogeneity issue. Using the same
notation of model (1), a subject-specific functional linear regression model is given by

vi = Bo —i—/ X:(0)B;(t)dt +¢; fori=1,...,n, (2)
teD

where B, is a subject-specific coefficient image to capture the heterogeneous relationship between
X; and y;. This model allows each sample to perform its unique regression relationship, thus
offers considerable flexibility. However, there are two major limitations of model (2). First, model
(2) is not identifiable, i.e., we are unable to construct n distinct coefficient images using just n
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samples. Second, model (2) may lack interpretability and prediction power due to the ignorance
of the population structure.

In most neuroimaging studies, the heterogeneous disease patterns often exist in the form
of sub-groups or sub-clusters. The disease maps may be similar within each group and different
across groups. Thus, it is reasonable to assume that there exists a set of coefficient images,
B={BY,...,M} where M « n is the total number of sub-groups, that covers most of the
pathological patterns of the disease. Therefore, instead of using a distinct 8; for each subject, we
may assume B, = B if subject i belongs to the m-th group. This assumption naturally leads
to the consideration of a mixture regression model (Viele and Tong, 2002; Hurn et al., 2003;
Hoshikawa, 2013; Wang et al., 2016b),

M

)’i=Zfz‘m [/ X,-(t)ﬂ(m)(t)dti|+e,-; fori=1,...,n, (3)
m=1 teD
where t;,, is the posterior probability of subject i belonging to the group m, i.e., t;,, = P(B; =
B“™|X;,y;). Compared with the homogeneous model (1) and the subject-specific model (2),
the mixture regression model (3) allows heterogeneity among the disease maps for different
subgroups while at the same time maintains identifiability.

Although model (3) serves as a good compromise between model (1) and (2), it may under-
perform when the total number of the mixture components is large. Moreover, how to accurately
estimating the number of mixture components can be one of the problems for the mixture model
in practice. Cross validation or Bayesian information criteria (BIC) are potential methods to
determine this number, however, the performance of them may not be stable. Furthermore, the
prediction of mixture regression depends on the estimation of the posterior probability for each
group. Such estimation requires strong assumptions on the joint distribution of the covariates
and the response (Hoshikawa, 2013).

To overcome the above challenges, we introduce a hidden binary masking image B; to
characterize the heterogeneity and propose the novel S3IR model as follows,

yi=,30+f X OB, (0)B®)dt +¢; fori=1,...,n. (4)
teD

Model (4) is motivated by considering both population structure and the individual heterogene-
ity. At the population level, the intrinsic biological structures, i.e., brain structure, in the medical
images are relatively consistent across different people. This inspires us to use a homogeneous
disease map B to characterize the common regression relationship between the clinical responses
and medical images. At the individual level, different patients may present different affected
regions in the images. Hence, we introduce the subject-specific masking image B;’s to capture
this heterogeneity. On one hand, model (4) can generate subject-specific disease patterns from
the homogeneous disease map, i.e., B;(t) = B;(t)B(t),VYt € D. On the other hand, it can be
interpreted as a subject-specific feature extraction procedure that selects different regions in the
images as subject-specific covariates for different patients, i.e., X; = X; o B;. The overlap of all
the B;’s characterizes the overall sparsity structure of the disease map . We denote the overlap
as the population masking image B, i.e.,

_J 1 ifoneof B;(t) =1,
B(’)_{o if all of B;(t) = 0. (5)

The population masking image B serves two key purposes in our framework. First, it defines the
support regions for the homogeneous disease map #, ensuring that §(¢) = 0 when B(z) = 0, which
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enforces sparsity at the population level. Second, it provides the basis for constructing individual-
level masking images B;(t) by determining the candidate regions R; that can be activated or
deactivated for each subject, which will be described in detail in Section 2.2.2. Thus, B(t) acts
as a template that captures the overall spatial pattern of potential disease-related regions while
allowing for subject-specific heterogeneity within this template.

2.2.1 Homogeneous Disease Map and Its Potts Prior

The population-level disease map B in model (4) describes the homogeneous regression rela-
tionship between the clinical responses and the medical images, and should reveal the common
pathological patterns in the images. Moreover, the biological structure of the human organs
naturally yields locally smooth patterns in the medical images, and the disease-related patterns
usually appear at certain locations. Due to these characteristics, the disease map should achieve
both spatial smoothness and sparsity, and be able to detect the possible disease-related regions
while ruling out the irrelevant ones, such as the background or normal tissues.

To incorporate spatial smoothness, we assume that the coefficient image B lies on the
Reproducing Kernel Hilbert Space (RKHS) with a radial-based kernel. In this paper, we focus
on the Gaussian kernel given as follows,

lIs =11
K(s, 1) =exp{—T}, (6)
where s,t € D denote two different location indices in the image domain, and o represents the
bandwidth of the kernel function. The space H induced by this kernel is a space of smooth
functions over the image domain D. The level of the smoothness is controlled by o.

In general, RKHS provides smooth estimate of the coefficients over the imaging domain
D, but it does not guarantee sparse estimation. We utilize the population-level binary image
B in (5) to reinforce the spatial structure and achieve the desired sparsity in the coefficient
images. Specifically, the regions with B(r) = 1 capture the effective regions (non-zero parts of
coefficient images), and the ones with B(#) = 0 represent the ineffective regions. We assume that
the masking image B follows a Potts model (Besag, 1986; Zhang et al., 2001), which measures
the probability of sparsity patterns in the image domain D. Let sp (f) denote the local similarity
score of the binary image B at location t € D, t be a parameter that controls the level of
spatial smoothness and local similarity, and C(t) be the normalizing factor. The probability
mass function of a Potts model is given as:

p(B|7) = exp [r > sp <r>] C(o). (7)

teD

The local similarity score is defined as:

sg ()= 5(B().B®). (8)
t'eN;

where §(-, -) is the Kronecker function, i.e., 8(s,#) =1 if s = and 0 if s # ¢, and N; defines all
the adjacent neighborhoods of ¢. In particular, we use the 4 adjacent pixels and the 6 adjacent
voxels as the neighborhoods of ¢ to construct the similarity scores for the 2-D and 3-D images
respectively. Given a specific B, the local similarity score sg(t) for t € D is computed according
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Figure 2: Examples of binary images in 2-D space and their associated local similarity scores.
The first row displays the binary images B{(t) and B,(t), which have exactly same numbers of
0’s and 1’s. The second row displays their associated local similarity scores sg, (t) and sg, (¢).

to Equation (8), and the corresponding Potts likelihood of B can be computed using Equation
(7).

Note that compared with the B with a messy structure, the B with the spatial smooth
structure is more likely to be selected in our model. For illustration, the example in Figure 2
includes two binary images B; and B, with exactly the same number of 0’s and 1’s. However,
B, and B, have different spatial patterns, resulting in different sums of local similarity scores:
Y iepSp, (1) = 44 and ), _psp, (1) = 56. Hence, compared with B;, B, has larger value of
likelihood and is more likely to be selected. Therefore, under the Potts model assumption, we
may expect that, with large probability, the binary image B would prefer partitioning the whole
image domain D into several disjoint non-zero regions that have the more organized structures,
denoted as Ry Cc Dfork=1,...,K, i.e.,

o 1 ifre U Ry,
B@) = { 0 ifre D/ Uk Rek. (9)

We will use these region R;’s to characterize the potential disease-related regions in the medical
images. Since the homogeneous disease map B will be constructed based on the support regions in
B, the estimated coefficient image 8 can achieve similar spatial smoothness and spatial sparsity
to that of B.

2.2.2 Individual Disease Maps

In our S3IR model, the heterogeneity is characterized by the subject-specific coefficient B8;’s, and
each B; is constructed by applying a binary masking image B; on the homogeneous coefficient 8,
i.e., B; = B;oB. These heterogeneous coeflicient images not only describe the intrinsic biological
structures with the spatially smoothing homogeneous map £, but also incorporate heterogeneity
structure via the masking images B;’s.
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Figure 3: Plots for the homogeneous coefficient images f in Scenarios 1, 2 and 3.

The heterogeneous masking images are constructed by activating different nonoverlapping
regions detected, defined in Equation (9) for the homogeneous mask B. Specifically,

K
B =) IRy, (10)
k=1

where [I;; € {0, 1} indicates whether region Ry is active or not for the i-th subject, and R; denotes
the support function for region Ry, i.e,

_ 1 ifreRy,
R (@) _{ 0 ifreD\ Ry (11)

where D \ Ry denotes the set difference (i.e., the complement of Ry).

In summary, our model contains two sets of coefficients: the population coefficients g and
B, and the individual-level coefficients B;’s. The homogeneous disease map B characterizes the
overall regression relationship between the disease status y;’s and the medical images X;’s. The
masking image B incorporates the spatial smoothness and sparsity of 8, and recovers the possible
disease-related regions R;’s. The individual-level binary images B;’s determine the active regions
for each subject, and characterize the heterogeneous structure of different individuals.

3 Simulation Studies

In this section, we present the numerical performance of the S3IR model through multiple
simulation studies conducted for various scenarios. The covariate images X;’s are generated
with a 2D Gaussian random field, with zeros constrained on the boundary. The population-
level coefficient image B is generated based on Gaussian functions centered at various locations
in the image domain. The number of non-zero regions is set to be 2, 3 and 5 in Scenarios
1, 2 and 3, respectively. The demonstration of these coefficient images is illustrated in Fig-
ure 3.

In each scenario, every individual-level coefficient §; has at least one active region chosen
randomly from the non-zero regions in the homogeneous coefficient images. The remaining re-
gions are assigned to be active with a probability 0.2. Within each active region Ry, we introduce
regional signals to the covariate images, denoted as S;. These signals are generated from the cor-
responding regional signal in the homogeneous coefficient image. The strength of the signals is
controlled by the Regional Signal-To-Noise Ratio (RSNR), i.e., Sy = RSNR* Unif(1, 1.5) % * R;.
These additional signals introduce the heterogeneity among the covariates, with the RSNR. de-
termining the level of heterogeneity. A higher RSNR indicates more distinguishable patterns
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Figure 4: An example of the synthetic image in the case with moderate heterogeneity. The left
panel is the coefficient image with 3 non-zero regions. The middle panel is the masking image,
indicating that the top two regions are active. The right panel is the corresponding covariate
image X with RSNR = 0.5.

between active and inactive regions. In our simulation studies, we conduct experiments in each
scenario with the value of RSNR increasing from 0, 0.25, 0.5, 0.75 to 1. This covers a wide range
of heterogeneity, from homogeneity to weak, moderate, and strong heterogeneity. An example
of the coefficient image and its associated covariate image in the case of moderate heterogeneity
(RSNR = 0.5) is shown in Figure 4. The homogeneous coefficient image has 3 non-zero regions,
with the top two being active in the covariate image.

We compare our model’s performance with existing high-dimensional regression models,
including Ridge Regression (RR) (Hoerl and Kennard, 1970), Lasso regression (Lasso) (Tibshi-
rani, 1996), Elastic-Net regression (EN) (Zou and Hastie, 2005), Functional Linear Regression
(FLR) (Yuan and Cai, 2010), and Spatial REGularized regression (SREG) (Liu et al., 2018).

For each simulation setting, we generate 200 training samples and an independent test
set of 200 images. The comparison methods are evaluated using 10-fold cross validation for
model selection. To evaluate the performance of different methods, we use the Relative Esti-
mation Error (REE) of the homogeneous disease map B, and the Root Mean Squared Pre-
diction Error (RMSPE) calculated on the test samples. The REE and RMSPE are defined as

REE = ||B — BI1%/11B1?>, and RMSPE = \/l/n* Zf; ()3[* — yi*)z, where * indicates the test sam-
ples and n* is the test sample size.

The experiments are repeated 50 times, and the means and standard errors of the REE for
and RMSPE for prediction are reported in Tables 1 and 2. Figure 5 presents the boxplots of REE
and RMSPE, displaying the median, 0.25 quantile, and 0.75 quantile. As shown in Table 1 and
Figure 5, the proposed S3IR method consistently achieves highly competitive performance for
the estimation of § compared to homogeneous methods. Specifically, we provide a visualization
of the estimated coefficients from one replication in Figure 6. As shown in Figure 6, Lasso and
Elastic-Net demonstrate an extremely sparse estimation characterized by isolated pixels, while
ridge regression produces an overall shrinkage effect on the estimated coefficients. The estimated
coefficients using SREG and FLR employ the specific clustering pattern. However, they also
exhibit numerous false positives for the inactive regions. Furthermore, these methods attenuate
the signals in active regions and thus, lead to biased estimation because they neglect the subject
heterogeneity. In addition, as the RSNR increases, the accuracy of estimation improves for all
six methods. Notably, the S3IR method capitalizes on the regional signals and the underlying
heterogeneity, resulting in a more pronounced enhancement in estimation accuracy. Moreover,
we observe stable empirical convergence of the S3IR method. The estimated coefficients stabilize
rapidly. For instance, in a representative simulation with RSNR = 0.5, the relative change in
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Table 1: REE of B in simulation studies. The means of the 50 iterations are reported, with
standard errors in parentheses. The values of the best methods are in bold.

Scenario 1

RSNR 0 0.25 0.5 0.75 1
RR 0.95 (0.01) 0.90 (0.01) 0.76 (0.02) 0.61 (0.02) 0.48 (0.02)
EN 0.97 (0.03) 0.84 (0.05) 0.57 (0.06) 0.46 (0.04) 0.44 (0.04)
Lasso 0.99 (0.03) 0.87 (0.07) 0.60 (0.06) 0.51 (0.06) 0.49 (0.05)
SREG 0.35 (0.10) 0.17 (0.09) 0.16 (0.06) 0.18 (0.08) 0.18 (0.06)
FLR 0.67 (0.04) 0.49 (0.05) 0.30 (0.03) 0.22 (0.02) 0.18 (0.02)
S3IR 0.15 (0.09) 0.14 (0.08) 0.08 (0.06) 0.06 (0.04) 0.06 (0.03)
Scenario 2
RSNR 0 0.25 0.5 0.75 1
RR 0.97 (0.01) 0.89 (0.01) 0.73 (0.02) 0.57 (0.03) 0.44 (0.02)
EN 0.99 (0.02) 0.87 (0.04) 0.71 (0.06) 0.63 (0.05) 0.60 (0.06)
Lasso 1.00 (0.01) 0.97 (0.05) 0.77 (0.07) 0.72 (0.07) 0.71 (0.08)
SREG 0.59 (0.12) 0.24 (0.08) 0.21 (0.10) 0.20 (0.06) 0.20 (0.07)
FLR 0.75 (0.04) 0.50 (0.04) 0.30 (0.03) 0.23 (0.02) 0.21 (0.02)
S3IR 0.22 (0.17) 0.09 (0.03) 0.06 (0.01) 0.05 (0.01) 0.05 (0.01)
Scenario 3
RSNR 0 0.25 0.5 0.75 1
RR 0.97 (0.01) 0.90 (0.02) 0.73 (0.03) 0.57 (0.03) 0.44 (0.03)
EN 1.00 (0.01) 0.90 (0.04) 0.84 (0.12) 0.84 (0.10) 0.84 (0.05)
Lasso 1.00 (0.01) 1.02 (0.04) 1.05 (0.07) 1.05 (0.07) 1.06 (0.08)
SREG 0.78 (0.10) 0.37 (0.12) 0.25 (0.08) 0.26 (0.07) 0.28 (0.07)
FLR 0.80 (0.04) 0.55 (0.04) 0.32 (0.03) 0.26 (0.03) 0.23 (0.02)
S3IR 0.70 (0.26) 0.13 (0.09) 0.09 (0.03) 0.11 (0.03) 0.10 (0.02)

MSE of,lAi falls below 10~ within 15 iterations.

For the prediction accuracy under the independent test sets, as shown in Table 2 and Fig-
ure 5, the homogeneous models exhibit overall inferior performance for prediction due to biased
estimation. Moreover, these models apply uniform coefficients to each subject, disregarding the
fact that the subjects are heterogeneous. In contrast, the proposed S3IR model identifies active
and inactive patterns in the training data and utilizes them to determine the active regions
for the test samples through the pattern matching procedure defined in Equation (S.8) in the
supplementary materials. Under moderate and strong RSNR settings, the prediction accuracy of
S3IR shows significant improvement. However, in the homogeneous setting where RSNR equals
to 0, although S3IR may yield a better estimation of the population disease map B, its predic-
tion performance can be worse than that of the homogeneous models. This is possibly due to
the insufficient information available to accurately identify the active regions in the absence of
regional heterogeneity.
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Table 2: RMSPE for prediction in simulation studies. The means from 50 iterations are reported,
with standard errors in parentheses. The values of the best methods are in bold.

Scenario 1

RSNR 0 0.25 0.5 0.75 1
RR 2.51 (0.14) 3.34 (0.16) 4.42 (0.19) 5.03 (0.28) 5.08 (0.30)
EN 2.52 (0.14) 3.20 (0.18) 3.21 (0.24) 2.96 (0.20) 2.83 (0.17)
Lasso 2.53 (0.14) 3.23 (0.22) 3.24 (0.24) 3.01 (0.21) 2.89 (0.17)
SREG 1.94 (0.14) 2.04 (0.14) 2.19 (0.18) 2.25 (0.16) 2.28 (0.18)
FLR 2.28 (0.12) 2.57 (0.15) 2.63 (0.17) 2.56 (0.15) 2.40 (0.16)
S3IR 2.20 (0.14) 2.08 (0.17) 1.50 (0.18) 1.19 (0.09) 1.16 (0.08)
Scenario 2
RSNR 0 0.25 0.5 0.75 1
RR 2.71 (0.14) 4.08 (0.18) 5.59 (0.34) 6.20 (0.38) 6.24 (0.42)
EN 2.71 (0.15) 4.03 (0.19) 4.41 (0.29) 4.15 (0.31) 3.99 (0.27)
Lasso 2.71 (0.15) 4.18 (0.25) 4.46 (0.30) 4.27 (0.32) 4.13 (0.28)
SREG 2.38 (0.16) 2.66 (0.20) 2.94 (0.22) 3.02 (0.22) 3.07 (0.24)
FLR 2.59 (0.13) 3.14 (0.16) 3.32 (0.18) 3.22 (0.18) 3.22 (0.21)
S3IR 2.74 (0.19) 2.67 (0.21) 1.91 (0.30) 1.36 (0.09) 1.29 (0.10)
Scenario 3
RSNR 0 0.25 0.5 0.75 1
RR 3.00 (0.15 5.08 (0.29 7.27 (0.51 8.20 (0.50 8.14 (0.57
EN 2.99 (0.16 5.08 (0.32 6.69 (0.55 6.43 (0.53 6.07 (0.36

SREG 2.90 (0.20 3.79 (0.28 4.18 (0.30 4.24 (0.29 4.32 (0.28
FLR 2.98 (0.15 4.10 (0.20 4.53 (0.29 4.45 (0.25 4.33 (0.24

(0.15) (0.29) (0.51) (0.50) (0.57)
(0.16) (0.32) (0.55) (0.53) (0.36)
Lasso 2.99 (0.17) 5.39 (0.29) 6.76 (0.53) 6.64 (0.51) 6.41 (0.38)
(0.20) (0.28) (0.30) (0-29) (0.28)
(0.15) (0.20) (0.29) (0.25) (0.24)
S3IR 3.48 (0.23) 4.14 (0.29) 3.61 (0.45) 2.42 (0.21) 2.02 (0.15)

4 Real Data Application

We apply the proposed S3IR model to the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
study. The ADNI study was initiated in 2003 by National Institute on Aging, National Institute
of Biomedical Imaging and Bioengineering, Food and Drug Administration, private pharmaceuti-
cal companies and non-profit organizations. The study collects various data, including Magnetic
Resonance Imaging (MRI) and Positron Emission Tomography (PET) images, CerebroSpinal
Fluid (CSF), blood biomarkers, and neuropsychological assessments, to investigate the combi-
nation of biological markers and neuropsychological tests for measuring the progression of Mild
Cognitive Impairment (MCI) and early Alzheimer’s Disease (AD). More information about the
ADNI study can be found at the ADNI website (http://www.adni-info.org/).

We aim to utilize the T1-weighted MRI images collected at baseline to predict the cogni-
tive scores of patients, including Mini-Mental State Examination (MMSE) scores, Alzheimer’s
Disease Assessment Scale-cognitive score with 11 test items (ADAS-cogll), and scores with 13
items (ADAS-cogl3). The MMSE is a brief 30-point questionnaire used to evaluate the cog-
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Figure 5: Boxplots of REE for § and RMSPE for prediction in simulation studies. The asterisk
signs show the medians from 50 iterations, and the cross signs denote the 0.25/0.75 percentiles.
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Figure 6: Plots of estimated coefficients in Scenario 1 with RSNR = 0.25. The image on the
most left shows the true coefficients. The top row displays the estimation from Ridge Regression
(RR), Elastic-Net (EN) and Lasso, and the bottom row demonstrates the estimation from Spatial
REGularized regression (SREG), Functional Linear Regression (FLR) and the proposed Subject-
Specific Scalar-on-image Regression (S3IR). The Relative Estimation Error (REE) for these
methods are 0.87, 0.77, 0.78, 0.16, 0.44 and 0.08 respectively.

nitive impairment. It can be used to assess the patient’s arithmetic, memory and orientation
condition. In general, any score greater than or equal to 27 indicates normal cognition, while
scores below this threshold indicate varying degrees of cognitive impairment. In addition, the
ADAS-Cog score is important for evaluating AD pathology stage and predicting future pro-
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Table 3: Demographical information of all subjects in data analysis. The mean values of different
variables are reported, with standard deviations in parentheses.

Diagnosis Male  Female Age MMSE ADAS-cogll ADAS-cogl3
AD 86 79 75.47(7.33) 23.32(1.98) 18.32(6.02) 28.65(7.44)
MCI 238 128  74.78(7.23) 26.98(1.78) 11.55(4.48) 18.66(6.32)
NC 115 103 75.90(5.04) 29.10(1.01) 6.19(2.96) 9.44(4.22)

MCI

Figure 7: Three typical patterns of the covariate images from patients with diagnostic labels as
NC, MCI and AD respectively (from top to bottom).

gression. The ADAS-cogll test consists of 70 points while the ADAS-cogl3 test consists of 85
points. Higher scores indicate more severe disease progression. For further details, please refer
to Mungas (1991), Rosen et al. (1984), and Petersen et al. (2005).

Structural MRI is a powerful imaging technique for diagnosing AD. It is intriguing to use
MRI data to predict cognitive scores, which can assist in diagnosing the current disease status
of AD. In our analysis, we exclude subjects with missing measurements or low image quality
and select 749 participants from the ADNI study, including 165 AD patients, 366 MCI patients,
and 218 healthy controls. Table 3 summarizes the demographic information of the subjects.

To preprocess the MRI images, we perform several steps, including anterior commissure
and posterior commissure correction, N2 bias field correction, skull-stripping, intensity inhomo-
geneity correction, cerebellum removal, segmentation, and registration. By applying these steps,
we generate RAVENS-maps of the whole brain for each subject, resulting in 749 images of size
128 x 128 x 128. Figure 7 provides examples of typical covariate images from patients with
diagnostic labels as NC (Normal Control), MCI, and AD.

For model training and evaluation, we employ a training-test splitting scheme. The entire
dataset is stratified based on diagnostic results and is divided into a 80% training set and a 20%
test set. We train the models on the training set and evaluated their performance on the test set.
For models requiring tuning parameter selection, we utilize a 5-fold cross validation procedure
on the training set for model selection. We replicate this entire process with 30 times.
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Table 4: Mean values of the Root Mean Square Prediction Error (RMSPE) in the ADNI data
analysis among 30 random splits. The smallest values are displayed in bold and underlined, and
the second smallest values are shown in bold only.

MMSE ADAS-cogll ADAS-cogl3

Ridge 0.93 0.92 0.89
Elastic 1.13 1.16 1.21
Lasso 0.99 1.00 0.96
SREG 1.14 1.12 1.12
FLR 0.98 1.02 0.97
S3IR 0.89 0.93 0.93

Table 5: Mean values of the correlation between predicted scores and observed scores in the ADNI
data analysis among 30 random splits. The largest values are displayed in bold and underlined,
and the second largest values are shown in bold only.

MMSE ADAS-cogll ADAS-cogl3

Ridge 0.66 0.66 0.70
Elastic 0.53 0.51 0.50
Lasso 0.61 0.59 0.64
SREG 0.68 0.67 0.71
FLR 0.64 0.60 0.65
S3IR 0.71 0.70 0.72

To predict each type of cognitive scores, we fit our proposed S3IR model and other com-
parison methods used in the simulation studies based on image covariates. In order to facilitate
comparison across different cognitive measurements, we standardize the observed and estimated
responses using the means and standard deviations calculated from the response values in the
training set. We then compute the RMSPE using the rescaled values. Additionally, we evaluate
the correlation between the predicted responses and the observed values, denoted as corr(Y,Y).

The RMSPE and the correlation results are summarized in Tables 4 and 5. We can see that
the prediction results show consistent pattern for the three different responses across all models
compared. Ridge regression achieves an overall better prediction error (around 0.90), although its
correlation performance is not as good as other spatial methods. The sparse methods, Elastic Net
and Lasso, yield high prediction errors and low correlations primarily due to their inconsistency
in variable selection and extreme sparsity in the estimated coefficient images. SREG achieves
low prediction accuracies but high correlations overall, partly due to the underlying spatial
structure in its coefficient images and its capability to identify disease-related regions in the
estimated coefficients. FLR delivers moderate prediction error and correlation, mainly due to
the spatial smoothness induced by the Gaussian kernel in its coefficient images. The proposed
S3IR achieves either the best or second-best prediction error and the highest correlation among
all methods, demonstrating the advantage of modeling heterogeneity. The boxplots of RMSPE
and the correlation in Figure 8 further confirm these results. Note that the Elastic Net and S3IR
methods exhibit more variation across different iterations. For Elastic Net, this is primarily due
to inconsistent variable selection by ignoring the heterogeneity and the complexity of the tuning
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Figure 8: Boxplots of the Root Mean Square Prediction Error (RMSPE) and the correlation
between predicted scores and observed scores in the ADNI data analysis among 30 random
splits.

procedure, while for S3IR, the variation arises from the region estimations and assignments.

The coefficient images from one typical replication for the three different responses MMSE,
ADAS-cogll, and ADAS-cogl3 are displayed in Figure 9. We can observe consistent patterns
across the coefficient images from ridge regression, SREG, FLR, and S3IR. The sparse methods,
Elastic Net and Lasso, yield ultra-sparse disease maps that are challenging to interpret biologi-
cally. Ridge regression and SREG provide spatially clustered estimations that roughly capture
the disease-related regions. FLR produces smoother coefficient images with larger patchy signals
compared to ridge regression and SREG. The proposed S3IR not only captures spatial smooth-
ing signals but also yields moderate sparsity in the disease maps, benefitting from the use of
both the Gaussian kernel and the Potts prior. By comparing the coefficients in Figure 9 (a) with
those in (b) and (c), we observe that the effects of the signals are opposite to each other. This
discrepancy is due to the negative correlation between MMSE and disease severity, whereas the
ADAS-cog scores exhibit a positive correlation.

To further investigate our results, we superimpose all the obtained coefficient images onto
the Montreal Neurological Institute (MNI)-152 template (Fonov et al., 2011). Several regions
are identified as significant and disease related in the generated disease maps, including the mid
frontal gyrus, hippocampus, and temporal gyrus. These regions have been extensively discussed
in previous research papers and are believed to be closely associated with the development of MCI
and AD, and possibly functionally linked to cognitive abilities. For instance, the superior and
middle frontal gyrus, which are involved in logical thinking and planning, undergo progressive
damage during the progression of the disease (Hirono et al., 1998). Additionally, atrophy in
the medial temporal lobe is predominantly observed in the early stages of Alzheimer’s disease,
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(a) MMSE

(b) ADAS-cogll

(c) ADAS-cogl13

Figure 9: Plots of the coefficient images from all comparison methods for different response
variables: (a) MMSE, (b) ADAS-cogll, and (c) ADAS-cogl3. Each panel shows results from
Ridge, Elastic Net, Lasso, SREG, FLR, and S3IR methods (from top-left to bottom-right).



Subject-Specific Scalar-on-Image Regression 183

while widespread temporal lobe and global cerebral atrophy are characteristic of advanced AD
(Killiany et al., 1993; Chan et al., 2001). Our analysis is consistent with the above findings in
the literature on Alzheimer’s disease. While the performance gain of S3IR in the ADNI study is
more modest compared to simulations, it remains consistent with expectations given the likely
lower degree of regional heterogeneity in the real data. The ADNI results suggest that even in
less heterogeneous settings, S3IR can offer reliable and stable performance, while its advantages
become more pronounced as regional variation increases.

5 Discussion

In this paper, we introduce a new approach called Subject-Specific Scalar-on-Image Regression
(S3IR) model to address the challenges posed by heterogeneous imaging data. The proposed
S3IR model leverages the Gaussian reproducing kernel to maintain the spatial smoothness of
the underlying biological structure during the estimation process. To further enhance spatial
smoothness and exclude irrelevant regions, we incorporate a hidden masking image with a Potts
prior. Our S3IR model captures both population-level and individual-level coefficients. On one
hand, the population-level coefficients represent the homogeneous regression relationship be-
tween clinical responses and covariate images across the entire population. On the other hand,
the individual-level coefficients take into account the heterogeneous structure and generate dis-
tinct patterns of active and inactive regions for each individual. By incorporating the heteroge-
neous structure among subjects, our S3IR model improves the prediction performance based on
the individual characteristics and variations in the imaging data.

From a trustworthy machine learning perspective (Li et al., 2023), S3IR contributes along
several dimensions. First, the subject-specific masks offer interpretable visual summaries of which
brain regions are actively contributing to prediction for each individual, enhancing transparency
in biomedical applications. Second, by explicitly modeling heterogeneity, the approach supports
robust generalization to subpopulations and out-of-distribution individuals, which is critical in
real-world deployment.

Most scenarios considered in the paper focus on the continuous outcome. One interesting
future direction is to generalize the S3IR model to deal with various types of outcomes, such as
discrete outcome and survival outcome. Another possible future work is to extend our method
to deal with data with multiple outcomes.

Supplementary Material

The detailed algorithms for the estimation procedure, model selection, and the prediction are
included in supplementary materials.
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