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Abstract
In the post-genome era, a novel research field, ‘radiomics’ has been developed to offer a new viewpoint for the use of 
genotypes in radiology and medicine research which have traditionally focused on the analysis of imaging phenotypes. The 
present study analyzed brain morphological changes related to the individual’s genotype. Our data consisted of magnetic 
resonance (MR) images of patients with mild cognitive impairment (MCI) and Alzheimer’s disease (AD), as well as their 
apolipoprotein E (APOE) genotypes. First, statistical parametric mapping (SPM) 12 was used for three-dimensional ana-
tomical standardization of the brain MR images. A total of 30 normal images were used to create a standard normal brain 
image. Z-score maps were generated to identify the differences between an abnormal image and the standard normal brain. 
Our experimental results revealed that cerebral atrophies, depending on genotypes, can occur in different locations and 
that morphological changes may differ between MCI and AD. Using a classifier to characterize cerebral atrophies related 
to an individual’s genotype, we developed a computer-aided diagnosis (CAD) scheme to identify the disease. For the early 
detection of cerebral diseases, a screening system using MR images, called Brain Check-up, is widely performed in Japan. 
Therefore, our proposed CAD scheme would be used in Brain Check-up.
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1 Introduction

As we enter the post-genome era, the technologies for 
genetic analysis have advanced dramatically along with 
an astonishing decline in the cost of analysis. In 2007, the 

cost to sequence the entire human genome was 10 million 
USD, but decreased sharply to only 1000 USD in 2013 [1]. 
Therefore, it is likely that genetic testing may be performed 
in daily clinical practice in the near future. In this context, a 
novel research area, ‘radiomics’ [2–7] is being developed to 
offer a new viewpoint of genotypes to research in radiology 
and medicine which have traditionally focused on the analy-
sis of imaging phenotypes. Figure 1 shows the relationship 
between radiomics and omics research. Gene and protein 
data are referred to as genome and proteome, respectively. 
Their analytical techniques and data obtained using this 
approach is called ‘genomics’ and ‘proteomics’ with—omics 
attached at the end. Hence, radiomics is a generic term to 
refer to the analytical technologies of medical images and 
the image features obtained by this approach. In particular, 
research on the relationship between medical images and the 
genome is called ‘radiogenomics’; similarly, ‘radioproteom-
ics’ refers to research on the relationship between medical 
images and proteins.

With the arrival of a worldwide aging society, the inci-
dence of dementia tends to increase. Therefore, this study 
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focused on computer-aided diagnosis (CAD) [8–12] for 
the early detection of Alzheimer’s disease (AD). Several 
methods have been proposed for the early detection of AD, 
including the automatic segmentation of white and gray 
brain matter in MR images [13], extraction of cerebrospinal 
fluid [14], and measurement of the thickness of the brain 
cortex [15]. In addition, a voxel-based specific regional 
analysis system for Alzheimer’s disease (VSRAD) [16], 
based on voxel-based morphometry (VBM) is used in clini-
cal settings for the evaluation of brain atrophy. However, 
these methods are used to quantify image features, with a 
focus on morphological changes related to cerebral atrophy, 
but their relationship to genes have not yet been analyzed.

In a related study using image features and genes, Muñoz-
Ruiz et al. [17, 18] proposed a computer-assisted clinical 
decision-making tool for the differential diagnosis of fron-
totemporal dementia and AD. The study used available diag-
nostic biomarkers from neuropsychological test, volumetric 
magnetic resonance imaging, single-photon emission tomog-
raphy, cerebrospinal fluid biomarkers, and the APOE geno-
type. The use of image features and genotype is the same as 
that in the present study. However, this related study would 
be classified as CAD for differential diagnosis.

In this study, we investigated the relationship between 
APOE genotypes and morphological changes in cerebral 
atrophy. APOE is associated with AD and an individual’s 
APOE genotype can be determined by blood tests. If the 

development of a lesion is related to an individual genotype, 
it may be possible to develop a CAD scheme for the early 
detection of the disease by identifying image features related 
to the process by which a lesion is generated. This paper is 
organized as follows: we propose a method for the quantita-
tive evaluation of brain morphological changes in Sect. 3; 
we clarify the differences in the morphological changes of 
brain atrophy related to genotypes and develop a CAD using 
genotype and image features in Sect. 4; and we discuss dif-
ferences between the present study and radiomic research 
in Sect. 5.

2  Materials

In this study, MR images and APOE genotypes of 206 cases 
were selected from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) database [19]. The images were acquired 
with a 3.0T MR device by magnetization-prepared rapid 
acquisition with gradient echo (MP-RAGE). The matrix 
size was 256 × 256 with a voxel size of 1.0 × 1.0 × 1.2 mm3. 
This data included 56 normal subjects as well as 81 and 
69 patients with mild cognitive impairment (MCI) and AD, 
respectively. Figure 2 shows a model of the clinical trajec-
tory of AD [20]. MCI is considered a preliminary stage of 
AD, with 10–15% of patients with MCI reportedly develop-
ing AD every year [21]. Therefore, we selected MR images 

Fig. 1  Relationship between radiomics and omics research. The 
images are cited from reference [2]. Medical images may record 
multi-level cellular activities from the molecular level to the forma-

tion of a lesion. Therefore, medical images are inclusive in the rela-
tionship with omics information of each hierarchy
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of patients with MCI and AD, to quantify image features for 
the transition of the disease state from MCI to AD. In addi-
tion, we used APOE gene in this study because it is known 
to be related to AD [22, 23]. The APOE genotypes include 
2/2, 2/3, 2/4, 3/3, 3/4, and 4/4. Since few people have the 
APOE ε2 (2/2) and those with the APOE ε4 genotype tend 
to develop AD, we included those patients with the APOE ε3 
(3/3) and APOE ε4 (4/4) genotypes in this study too.

3  Methods

Figure 3 shows the flowchart of our method. To analyze 
the morphological changes in the brain, the brain images 
were normalized for size and anatomical position. Average 
image and standard deviation images were prepared using 
30 normal cases. The abnormal cases were divided into four 
groups: MCI with APOE ε3, AD with APOE ε3, MCI with 
APOE ε4, and AD with APOE ε4. Four average images were 
created from each of these four groups. We created Z-score 
maps by normalizing the average images of the four groups 
to the normal average and the normal standard deviation 
(SD) images. The degree of atrophy of each abnormal case 
was quantitatively analyzed using the pixel values of the 
Z-score map. The details of our method are described below.

3.1  Standardization of brain anatomy

We implemented standardization of the brain anatomy using 
statistical parametric mapping (SPM) 12 [24] as a preproc-
essing step for the analysis of morphological changes in the 
brain. First, realignment processing was used to correct the 
head movement due to body motion and pulsation. A normali-
zation procedure was subsequently used to convert the image 
to match the standard brain of the Montreal Neurological Insti-
tute (MNI) prepared in SPM. Additionally, a linear grayscale 
transformation was used to correct the image density. Based 
on the image histograms, a pixel value of 0.05% at the top was 

obtained by applying the P-tile method. The linear grayscale 
transformation was made so that the pixel values equal to or 
greater than the value obtained by P-tile method were set as 
255, and the minimum value was 0. These processes were used 
for standardization of the brain anatomy; the anatomical posi-
tion was the same for all images. We could, therefore, analyze 
the morphological changes by comparing pixel values at the 
corresponding positions.

3.2  Z‑score maps

We created Z-score maps to visually analyze changes in brain 
morphology in the four groups classified by MCI and AD sta-
tus and APOE genotypes. First, a normal average image and 
a normal SD image were prepared using 30 standardized MR 
images from unaffected patients. These images were obtained 
by calculating the average value and SD in each voxel. Next, 
the average MR images were also prepared for each of the four 
abnormal groups. The following equation was used to create 
the four Z-score maps:

(1)ZScore (x, y, z) =
Input (x, y, z) −Mean (x, y, z)

SD (x, y, z)
,

Fig. 2  Model of the clinical trajectory of AD, which is modified form 
Fig. 1 in reference [18]. Starting treatment during MCI may suppress 
the progression to AD

Fig. 3  Overall scheme for determining the Z-score map of each 
patient according to their genotype
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where Mean (x, y, z) and SD (x, y, z) are the normal average 
image and normal SD image, respectively. Input (x, y, z) is 
the average image for each abnormal group. Because the 
voxel value of Z-score map can show the normalized differ-
ence from the normal brain, cerebral atrophy would result 
in a negative Z-score value.

3.3  Quantitative evaluation of the degree 
of cerebral atrophy

By setting the region of interest (ROI) in the normal standard 
brain, the degree of atrophy in the ROI can be quantified. In 
this study, three-dimensional ROIs were set in three regions; 
i.e., the hippocampus, occipital lobe, and islet cortex. We 
developed a software for filling ROIs in three dimensions 
using C# language, and it was used for marking the ROIs. 
We determined the total value in the ROI when the Z-score 
was negative, as the degree of cerebral atrophy in the region. 
Box-whisker charts were produced to evaluate the differ-
ences in the degree of atrophy among the four abnormal and 
the normal groups.

3.4  Construction of CAD using genotype and image 
features

To demonstrate the possibility of constructing a CAD using 
genotype and image features, we need to add a classifier. 
However, the number of samples decreased (especially 
in normal cases), when we divided all cases by genotype. 
Hence, we could not use complicated classifiers such as arti-
ficial neural network, support vector machine, and so on. In 
this study, therefore, we employed quadratic discriminant 
analysis (QDA) as a classifier for distinguishing between 
normal and abnormal cases. Since QDA uses the averages 
and variances of normal and abnormal cases for generat-
ing the decision boundary of a quadratic surface, training 
and testing can be performed with a small number of sam-
ples. The input data of QDA was a genotype (APOEε3 or 
APOEε4) and the three image features (the degree of atrophy 
of three regions, i.e., the hippocampus, occipital lobe, and 
islet cortex). The output classes of QDA were normal, MCI, 
and AD, respectively. For evaluating the performance of 
CAD, we employed a cross validation test using the ‘leave-
one-patient-out’ method.

4  Results

Figure 4 shows the Z-score maps of the average images 
obtained for each of the four abnormal groups; i.e., MCI 
with APOE ε3, AD with APOE ε3, MCI with APOE ε4, 

and AD with APOE ε4. The gray scale in the Z-score maps 
indicates pixel values in the range for the normal standard 
brain. The green represents the anatomical locations of 
cerebral atrophy where the pixel value was lower than that 
of the normal brain. As shown in Fig. 4, cerebral atrophy 
was observed in the parietal lobes of MCI patients with 
the APOE ε4 genotype, but not in those with the APOE ε3 
genotype. In contrast, the cerebral atrophy in AD patients 
with the APOE ε3 genotype was spread throughout the 
brain. Cerebral atrophy tended to remain localized in AD 
patients with APOE ε4. In terms of genotype, sharp cer-
ebral atrophy was observed from MCI to AD in patients 
with APOE ε3. However, rapid brain changes were not 
seen from MCI to AD in patients with APOE ε4; the 
cerebral atrophy remained in the hippocampal region of 
patients with AD. These results demonstrate that the site 
of cerebral atrophy and the formation process of the dis-
ease were different depending on the genotype.

To investigate the individual variation, the hippocam-
pus, occipital lobe, and islet cortex regions were marked 
in three dimensions and the degree of cerebral atrophy in 
each region was determined. Figure 5 shows box-whisker 
charts indicating the degree of cerebral atrophy in each 
region. Twenty-six normal cases, which were not used 
to create the normal standard brain, were used to con-
struct the box-whisker plots of normal cases. As shown in 
Fig. 5, individual variation was large in the hippocampus. 
However, there were differences in the degree of cerebral 
atrophy depending on the patient genotypes in all three 
regions.

To demonstrate the possibility of constructing CAD 
using a combination of genotype and image features, we 
employed QDA for distinguishing between normal cases 
and abnormal cases. Table 1 shows the results of QDA 
using ‘leave-one-patient-out’ method. The number of 
normal cases is 26; the numbers of MCI and AD are 81 
and 69, respectively. Hence, the total number of abnor-
mal cases for both MCI and AD is 150. The sensitivity, 
specificity, and diagnostic accuracy for the detection of 
abnormal cases were 74.7% (112/150), 73.1% (19/26), and 
74.4% (131/176), respectively, when we used genotype and 
three image features; whereas, they were 78.0% (117/150), 
15.4% (4/26), and 68.8% (121/176) when we used only the 
three image features without genotype. Figure 6 shows 
the receiver operating characteristic (ROC) curves for 
the distinction between normal and the other cases using 
QDA output values for normal class. The area under the 
curve (AUC) with genotype and image features was 0.797, 
whereas with three image features it was 0.528. Although 
there was an inverse hook on the lower left corner due to 
the small sample size of normal cases, we could obtain 
higher AUC value ( p < 0.01 ) using a combination of geno-
type and image features.



269Computer-aided diagnosis with radiogenomics: analysis of the relationship between genotype…

Fig. 4  Relationship between genotypes and cerebral atrophies in patients with MCI and AD. The upper row shows the patients with APOE ε3, 
and the lower row shows the patients with APOE ε4. The left shows the patients with MCI, and the right shows the patients with AD

Fig. 5  Box-whisker charts indicating the degree of cerebral atrophy in each of the three brain regions
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5  Discussion

Our results revealed that depending on the genotype, (1) 
the anatomical locations of the cerebral atrophy differ and 
(2) the transition in the disease state from MCI to AD 
differs. Mori et al. [25] reported that APOE ε4 was sig-
nificantly correlated with the rate of hippocampal atrophy; 
this result is different from our result. On the other hand, 
Barber et al. [26] reported that APOE ε4 allele does not 
determine medial temporal lobe atrophy. Yasuda et al. [27] 
reported that patients with AD who carried the APOE ε4 
allele had less whole brain atrophy than those without it. 
These results show the same tendency as our result. In 
addition, Mori et al. [25] mentioned above, concluded that 
APOE genotype is not only related to the development of 
AD but also involved in the pattern of disease progres-
sion; therefore, the conclusion of their study is the same 
as our result.

Since a person’s genotype can be determined by genetic 
screening, we can use this information to identify patients 
susceptible to AD. Those patients may be subjected to 

periodic image examinations for the early detection of the 
onset of disease. If it is possible to identify changes in 
cerebral atrophy related to the patient’s genotype based 
on image examination, the onset may be detected earlier 
than that at present. Therefore, if a computer can accu-
rately learn image features extracted from the change in 
lesions related to a patient’s genotype, it would be possible 
to develop a CAD scheme for the early detection of dis-
ease. People with the APOE ε4 genotype tend to develop 
AD [22]. However, the cerebral atrophy in AD patients 
with the APOE ε4 genotype did not spread throughout the 
brain and tended to remain localized, as shown in Fig. 4. 
Therefore, it is important to make image interpretations 
by taking into account the patient’s genotype. In fact, the 
result of Fig. 6 indicated that diagnostic accuracy was 
improved using genotype and image feature. The result 
of Table 1 would not be sufficient for clinical use. How-
ever, it indicates the possibility of realization of CAD with 
radiogenomics.

Research on radiomics is also investigating the relation-
ship between genes and image features [28–37]. For exam-
ple, Huynh et al. [28] reported the relationship between 
radiomic features and disease recurrence in early-stage 
non-small cell lung cancer. Li et al. [34] assessed the rela-
tionship between radiomic features extracted from MR 
images and the recurrence risk score output by the multigene 
assays commonly used for the examination of gene expres-
sion in breast cancer. Yu et al. [37] proposed a method to 
estimate isocitrate dehydrogenase 1 (IDH1) status, which 
was reportedly correlated with the development, treatment, 
and prognosis of glioma, using radiomic features obtained 
from T2-weighted and fluid attenuation inversion recovery 
(FLAIR) images. Figure 7 shows the differences between 
these radiomic studies and the present study. Medical care 
is performed in the order of detection of lesion, differential 
diagnosis, and treatment. Radiomic research may be used to 
analyze the relationship between cancer genotype and image 
features and may also predict the possibility of recurrence 
and metastasis and suggest an optimal treatment.

Although we determined image features in three cer-
ebral regions for the quantitative evaluation of the degree 

Table 1  The results of QDA 
when we use (a) genotype and 
image features and (b) image 
features

Fig. 6  The ROC curves for the distinction between normal and the 
other cases (MCI and AD)
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of cerebral atrophy, we could not obtain image features 
that clearly distinguished between normal and abnormal 
cases. To investigate the degree of cerebral atrophy in other 
regions, the problem of multiple test [38] must be solved; 
however, the sample size becomes small when normal and 
abnormal cases are divided by genotypes. Since a large num-
ber of cases would be necessary for solving the problem of 
a multiple test, it can be said that this is the limitation of the 
present study.

6  Conclusion

The results of this study revealed that the morphological 
changes in the cerebral atrophy may differ according to 
the patient genotype. Using a classifier to learn changes 
in image features of the lesion related to the difference in 
genotype, we developed a CAD scheme to support per-
sonalized medicine. For the early detection of cerebral 

diseases, a screening system using MR images, called 
Brain Check-up, is widely performed in Japan. There-
fore, our proposed CAD scheme would be used in Brain 
Check-up.
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