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Abstract 

Background: Computed tomography (CT) is an imaging modality commonly used 
for studies of internal body structures and very useful for detailed studies of body com-
position. The aim of this study was to develop and evaluate a fully automatic image 
registration framework for inter-subject CT slice registration. The aim was also to use 
the results, in a set of proof-of-concept studies, for voxel-wise statistical body composi-
tion analysis (Imiomics) of correlations between imaging and non-imaging data.

Methods: The current study utilized three single-slice CT images of the liver, abdo-
men, and thigh from two large cohort studies, SCAPIS and IGT. The image registration 
method developed and evaluated used both CT images together with image-derived 
tissue and organ segmentation masks. To evaluate the performance of the registra-
tion method, a set of baseline 3-single-slice CT images (from 2780 subjects includ-
ing 8285 slices) from the SCAPIS and IGT cohorts were registered. Vector magnitude 
and intensity magnitude error indicating inverse consistency were used for evalua-
tion. Image registration results were further used for voxel-wise analysis of associa-
tions between the CT images (as represented by tissue volume from Hounsfield unit 
and Jacobian determinant) and various explicit measurements of various tissues, fat 
depots, and organs collected in both cohort studies.

Results: Our findings demonstrated that the key organs and anatomical structures 
were registered appropriately. The evaluation parameters of inverse consistency, such 
as vector magnitude and intensity magnitude error, were on average less than 3 mm 
and 50 Hounsfield units. The registration followed by Imiomics analysis enabled 
the examination of associations between various explicit measurements (liver, spleen, 
abdominal muscle, visceral adipose tissue (VAT), subcutaneous adipose tissue (SAT), 
thigh SAT, intermuscular adipose tissue (IMAT), and thigh muscle) and the voxel-wise 
image information.

Conclusion: The developed and evaluated framework allows accurate image regis-
trations of the collected three single-slice CT images and enables detailed voxel-wise 
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studies of associations between body composition and associated diseases and risk 
factors.

Keywords: Image registration, Computed tomography, Body composition, Imiomics 
analysis

Introduction
Metabolic diseases, such as type 2 diabetes (T2D) and cardiovascular diseases (CVD), 
are some of the leading causes of mortality globally; existing protocols of prevention 
and diagnosis may be obsolete [1].

Body composition is known to be an important risk factor associated with both 
T2D and CVD. Different methods are used to study body composition, including 
imaging techniques such as computed tomography (CT). CT images provide detailed 
analysis, which can aid in understanding the relationship between body composition 
and these diseases [2, 3].

The Swedish Cardiopulmonary Bioimage Study (SCAPIS) and Impaired Glucose 
Tolerance Microbiota (IGT) studies were established to thoroughly investigate the 
existing protocols of prevention and diagnosis related to metabolic diseases such as 
T2D and CVD, with the aim of improving them. These nationwide studies incorpo-
rate advanced imaging technologies, biomarkers, and epidemiological analyses to 
study more than 30,000 individuals. SCAPIS and IGT include CT imaging based on 
3-single-slice (liver, abdomen, and thigh) protocols.

The SCAPIS study [1] intends to use imaging techniques to investigate fat deposits 
in conjunction with clinical data as well as data obtained through “omics” technolo-
gies to improve our understanding of the role of obesity and diabetes, associated with 
CVD and chronic obstructive pulmonary disease (COPD).

Similarly, the objective of the IGT study [4] is to investigate the impact of the gut 
microbiota on glucose dysregulation and the development of CVD.

CT scans are commonly used in medical image analysis as they can provide high-
resolution anatomical information of the whole body. Diagnosis, treatment planning 
and evaluation of disease progression can be done through CT images [5–7]. To bet-
ter understand large-scale image data, it is important to transform them into a com-
mon geometry before analyzing them. Image registration plays a significant role in 
image analysis, especially in the realm of medical imaging. It can be used to improve 
the accuracy and reliability of image analysis methods by deforming images into a 
common reference space [8].

Image registration techniques are typically tailored for the imaged body region and 
imaging modality they intended to be used for. As described in [9, 10], the authors 
used to identify a spatial transformation that aligns a collection of images into a 
common reference space that helps to fuse images acquired by different modalities. 
They investigated the anatomical and structural changes in longitudinal studies and 
extended their study to conduct a statistical voxel-wise body composition analysis 
[11–13].

To utilize the full potential of the CT images in the SCAPIS and IGT studies, there is 
a need for efficient image registration methods prior to applying an Imiomics analysis 
(association between imaging and non-imaging data) [13] to the 3-slice CT images.
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The use of deep learning (DL) based registration methods has increased in recent 
years due to their faster runtime and ability to avoid issues specific to the optimization 
process of classical methods [14]. However, these methods often require large datasets 
to produce reliable results, and newer methods without this requirement have only been 
tested on limited datasets [15, 16]. There are still several domain specific challenges, 
which need to be addressed before DL-based image registration methods can be widely 
used in clinical settings instead of classical methods [17].

Previously, image registration methods have used combinations of rigid and deform-
able steps [13, 18–20] or biomechanical models [21, 22]. However, only a limited amount 
of research on 3-slice CT image registration has been conducted, and also most of the 
research has focused on registering serial CT images from a maximum of 30 subjects 
[19]. Inter-subject 3D CT image registration has previously been studied in the context 
of atlas generation from 1466 lung screening CT images. This approach used masks of 
lung and body to guide and evaluate the registrations [23]. As per our knowledge, inter-
subject image registration of 3-slice CT into common space, for subsequent voxel-wise 
statistics, is unexplored.

The aim of this study was to develop and evaluate a fully automated inter-subject regis-
tration technique for a 3-slice CT imaging protocol, allowing detailed voxel-wise studies 
of associations between imaging and non-imaging data. An image registration method 
that leverages the CT images in parallel with segmentation masks was developed and 
evaluated using more than 8000 images from two cohorts. Results were evaluated using 
common registration evaluation metrics and proof-of-concept studies where prior infor-
mation on what voxel-wise results to expect were available.

Results
The results of the image registration followed by Imiomics analysis are presented in this 
section, and the visual representation of registered images is illustrated in Additional 
file 1: Fig S1. Table 1 presents an overview of the performance metrics for the quality of 
the transformations for the 3-slice CT images.

The evaluation revealed that thigh registration yielded the best performance, while 
liver registration transformations were the quickest to complete. The abdomen registra-
tion process, on the other hand, comparatively, took a longer time and gave higher vec-
tor magnitude error (VME) and intensity magnitude error (IME) scores.

Voxel-wise statistics results of image registration are illustrated in Fig.  1. The Jaco-
bian mean image of the liver slice, displayed in the figure, clearly highlights the pres-
ence of the liver, spleen, lungs, vertebra, and SAT. However, the visualizations of the ribs 
are obscure, and the anterior left side appears darker and blurrier. The standard devia-
tion (STD) of high intensity Hounsfield unit (HU) is primarily concentrated in the lungs, 
air and vertebra. In contrast, the liver, spleen, and subcutaneous fat exhibited a low-
intensity STD.

The visualization of the average VME indicates that the registration exhibits the least 
inverse consistency at the upper right edge of both the male and female liver and at the 
bottom edge of the female liver, mainly due to the presence of the kidneys in the female 
temple. High VME values are observed at the boundary between the spleen and lungs, 



Page 4 of 16Ahmad et al. BioMedical Engineering OnLine           (2024) 23:42 

while lower VME values are found in the middle of the liver, the upper part of the verte-
bra, and the SAT.

Further analysis of the average Jacobian, calculated for all points in Fig.  1, where 
a lower value signifies local contraction and a higher value indicates local expan-
sion, demonstrates an overall higher average. This suggests that the template images 
are generally smaller than the other images in the data. Notably, the mean Jacobian 
for males is lower at the bottom of the liver and higher at the bottom of the spleen, 
indicating that the template image has larger lungs on one side than the target (mov-
ing) images. The female collage has a higher Jacobian mean in the lungs, indicating 
that the template images generally have a lower lung than the target images. Also, 
the female mean Jacobian has lower values at the bottom of the liver, indicating the 

Table 1 Comparison of performance metrics for 3-slice CT registration methods

Data are presented as mean ± STD for vector magnitude error (VME), intensity magnitude error (IME), and Hounsfield unit 
(HU)
a Only mean was measured

Cohort Slice Sex Subjects VME (mm) IME (HU) Number of folds Registration 
time (s)a

SCAPIS Liver M 500 2.41 ± 1.28 37.28 ± 7.3 0.16 ± 0.5 5

F 453 2.47 ± 1.61 33.24 ± 5.28 0.18 ± 0.45 4.5

Abdomen M 502 2.84 ± 1.53 48.67 ± 5.85 1.03 ± 5.29 6.5

F 455 2.75 ± 1.79 45.41 ± 5.49 0.97 ± 7.4 7

Thigh M 502 1.97 ± 0.86 29.08 ± 4.36 0.64 ± 4.52 5

F 455 1.33 ± 0.73 28.81 ± 4.23 0.49 ± 2.04 5.5

IGT Liver M 784 2.04 ± 0.92 31.11 ± 7.04 0.14 ± 1.46 4.5

F 990 2.15 ± 1.03 32.82 ± 5.52 0.59 ± 1.12 4

Abdomen M 812 2.99 ± 1.23 49.7 ± 6.87 0.91 ± 6.09 7.5

F 1011 2.73 ± 1.06 43.24 ± 6.94 0.71 ± 4.43 6.5

Thigh M 812 1.29 ± 0.87 30.91 ± 5.89 0.82 ± 6.51 5.5

F 1009 1.11 ± 0.56 26.04 ± 4.91 0.53 ± 8.89 6

Fig. 1 Resulting CT scans collage of males (n = 502) and females (n = 455) from the SCAPIS cohort study. The 
template images are the preprocessed images, while the mean, standard deviation (STD) intensity and mean 
vector magnitude error (VME) of all registered images are shown as Mean HU, STD HU and VME, respectively. 
The mean and STD of the logarithm Jacobian in every point are illustrated in the mean Jac and STD Jac, 
respectively
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presence of kidneys. The lungs have a high Jacobian STD, indicating that the size of 
the lungs varies between subjects in the dataset. The male mean Jacobian of liver and 
spleen has a lower value as compared to the female mean Jacobian, which also shows 
that the male template has larger liver and spleen volumes. Notably, adipose tissue 
consistently exhibits a higher Jacobian STD rate than liver, spleen and bone marrow, 
indicating greater variability in its size among subjects.

The mean of the registered male and female abdomen images depicted in the figure 
appears sharp in the skeletal muscles, vertebrae, and SAT but blurry in the intra-abdom-
inal region. This region also exhibits a high STD and a white border at the top and bot-
tom. The most anterior skeletal muscles display the least consistent registration, while 
the most posterior SAT exhibit the most consistent registration. The mean Jacobian 
reveals that the lateral SAT, skeletal muscles are generally larger in the template images 
(lower value). The SAT, intra-abdominal region, anterior skeletal muscle and intestinal 
gases have high Jacobian standard deviations, indicating that their size varies greatly 
between subjects. In contrast, skeletal muscles and vertebrae display lower deviations, 
suggesting that their sizes remain relatively consistent across subjects.

For the thigh slice, the mean images of male and female collages are sharp, with clear 
distinctions between lean tissue, adipose tissue, and bone. Notably, the only high STDs 
are found at the boundaries between tissue types. The average VME is low around the 
bone but higher in lateral SAT and at the boundary between adipose tissue and lean 
tissue. The mean Jacobian of the male thigh is lower in the lateral SAT, indicating more 
adipose tissue in the template images, and higher in the lean tissue, indicating less lean 
tissue in the template images. For the female mean, Jacobian is lower in lean tissue than 
adipose tissue, which shows that there is more lean tissue than adipose tissue in female 
temples. The Jacobian STD in the female thigh is higher in the lateral SAT than the lean 
tissue, indicating more variation between images in the lateral SAT. However, in the 
male thigh, Jacobian STD is lower in lateral SAT and lean tissue, indicating less variation 
between images, and higher at the border of lean tissues, indicating higher variation.

Deformed CT images were further employed to conduct a voxel-wise analysis of asso-
ciations between the CT images (as represented by tissue volume from HU and Jacobian 
determinant) and various explicit measurements collected in both cohort studies, as 
depicted in Fig. 2. The utilization of Imiomics analysis enabled the examination of asso-
ciations between various segmentation measurements (liver, spleen, abdominal muscle, 
VAT, SAT, thigh SAT, IMAT, and thigh muscle) and other associated information. As 
illustrated in Fig. 2 and Additional file 1: Fig S3, the results indicate a positive correlation 
between 3-slice CT images of the liver, abdomen, and thigh organs and non-imaging 
parameters, such as liver area for the liver slices, skeletal muscle area for the abdominal 
slices, and thigh muscle area for the thigh slices, which were measured explicitly with 
the assistance of previously trained UNET++ [24] based deep learning models. The 
voxel-wise statistical analysis was carried out by employing linear regression models to 
determine the relationship between imaging and non-imaging data, as demonstrated by 
the HU/cm2 and Jac/cm2 scales. The findings from the analysis indicated that the images 
exhibited a close relationship with the expected outcomes (with a slope close to 1). These 
results were visually displayed through color-coded representations, where regions were 
highlighted in different colors.
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Additional file 1: Figs. S2, S4 show the resultant Imiomics collages for 3-slice CT voxel-
wise associations with liver fat HU, spleen, VAT, SAT, IMAT, and thigh SAT.

Similarly, Additional file  1: Fig S5 presents the correlation matrices, which demon-
strate the association of each variable with others and provide additional evidence of the 
Imiomics analysis by accurately highlighting the region of the correlation map.

Discussion
In this study, we developed an image registration framework that successfully regis-
tered CT images from a 3-slice CT body composition analysis protocol from two large 
cohorts. The images were registered for males and females separately. The registration 
results were evaluated and further utilized to conduct voxel-wise regression  analysis 
between imaging and non-imaging data  proof-of-concept studies, where prior knowl-
edge of what results to expect was available.

Our developed image registration framework allows inter-subject-based detailed and 
precise voxel-wise analysis of body composition in large study populations, as well as a 
cohort saliency analysis from deep regression studies [25, 26]. The registration method 
utilizes a one-step approach with a tissue-specific regularization weight map. The tech-
nique utilizes multi-channel input, including CT images and generated masks of struc-
tures, in order to register, i.e., identify point-to-point-correspondence between subjects 
and avoid local minima. The performance of the registration was found to be good, see 
Table 1, with an average VME being similar to, or lower than, that from similar methods 
[12, 13].

In this study, the binary masks were found useful for image registration. However, we 
found that the best results were achieved when we assigned higher weights to the CT 

Fig. 2 Resulting Imiomics collage for 3-slice CT images of (liver, abdomen, and thigh). From left to right, 
selected processed CT template images, deformed Hounsfield unit’s images, and Jacobian determinant 
images are represented for all male (n = 502) and female (n = 455) subjects, from the SCAPIS cohort. The 
collage Imiomics (deformed HU and Jac determinant) images were associated with non-imaging data. The 
3-slice (liver, abdomen, and thigh) collage shows voxel-wise regression results (beta values) between liver 
area for liver slice, skeletal muscle area for abdominal slice, and thigh muscle area for thigh slice
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images compared to the individual masks. This is likely because the masks contribute 
with some high-level features, whereas the CT image contains more detailed informa-
tion (spanning also the full images/or both spatially and intensity wise), which is useful 
to register the images into a common space.

For the liver slices, the visualization of the mean and STD of the registered male and 
female subjects demonstrated successful registration for most of the reference space 
(illustrated in Fig. 1). This is indicated by the relative sharpness of tissues and organs in 
the mean HU image. However, some areas of the image may not be perfectly registered. 
This is likely due to large inter-subject structural variability. Overall, the average VME 
is low, indicating consistent and high-quality registrations. The Jacobian mean image of 
female shows that the template images are generally smaller than the other images in the 
dataset, suggesting that the temple is not a precise mean image. This could potentially be 
improved by using different template images or synthesizing new template images using 
for example the method proposed by Pilia et al. [27]. The Jacobian STD also shows that 
the different tissues vary to different extents, with lungs, adipose tissue and bone/verte-
bra varying the most and liver and spleen varying the least.

For the abdominal slices, the visualization of the mean and STD of the registered male 
and female images shows a relatively sharp mean image and a low-intensity STD HU 
image in most areas (illustrated in Fig. 1). This indicates successful registration in most 
tissues, including skeletal muscles, vertebrae and abdominal SAT. However, the intra-
abdominal region in the mean HU image is blurry, indicating less successful registration 
in this area. The high HU intensity STD in the anterior intra-abdominal region is due to 
differences in the amount and location of intestinal gases, and the large difference in HU 
between gas and tissue in CT. The relatively high average VME in most anterior skeletal 
muscles may be due to the vague or absent anterior skeletal muscles in some subjects, 
which affects the automatic generation of ISAT masks and the performance of the regis-
tration framework. However, the overall VME is low, indicating good quality in the pro-
duced transforms. The Jacobian values are mostly around one, with a mean value close 
to one, indicating that the template image is relatively close to representing an average 
shape of the dataset. The Jacobian STD of both males and females shows that the size of 
air between internal organs and adipose tissue varies the most between subjects, while 
lean tissue varies to some degree.

Similarly, for the thigh slices, the sharp mean HU images and the low-intensity STD 
(illustrated in Fig. 1) for both males and females indicate successful registration. The rel-
atively high average VME at the lateral SAT, the border between lean tissue and adipose 
tissue may indicate uncommon tissue shapes in those regions. However, the registration 
is generally consistent, especially around the bone, which is in roughly the same place in 
different subjects and therefore does not require large deformations. The average of the 
Jacobian of the male thigh registrations shows that the template images have more SAT 
and less lean tissue in the dataset. Female thigh registration shows that template images 
have on average less SAT and lean tissue. The Jacobian STD of the thigh registration 
shows that the size of SAT varies more in females than in males, and lean tissue varies 
less in both.

From the voxel-wise Imiomics analysis of SCAPIS (Fig.  2), liver area is seen to corre-
late positively to liver size and attenuation for both male and female. The correlation was 
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confirmed in Additional file 1: Fig S5. In the abdominalen slice the muscle area measure-
ments are seen to correlate negatively to the intra-abdominal Hounsfield units (HUs). This 
is likely because abdominal muscle area correlates positively to VAT area (see Additional 
file 1: Fig S5). A larger VAT area will after the registration be compressed into the intra-
abdominal region of the template image. Partial volume and the very challenging registra-
tion problem may result in that, on average, HUs are lower for persons with larger muscle 
area.

In a previous study including 3D chest CT scans (n = 1466) inter-subject image registra-
tion methodology has been presented and evaluated [23]. The authors presented a stand-
ardized thoracic atlas to support lung cancer screening efforts, addressing the challenge of 
anatomical variability. They developed a multi-stage registration pipeline optimized for the 
entire thoracic space and included handling scans with missing information due to varia-
tions in FOV. The study aimed to create a resource for standardizing chest CT analysis for 
lung cancer screening and identifying phenotypic variations. In comparison with our work, 
both studies utilize image registration techniques; however, our work analyzes a specific 
three-slice CT imaging protocol and explores voxel-wise analysis for detailed body compo-
sition studies. The method presented in this work also contains a multi-channel approach 
that simultaneously uses the original CT images and tissue segmentation masks to improve 
the registration.

There are certain limitations to our study. One such limitation is that the requirement 
of segmentation masks for image registration may limit the applicability of the proposed 
method in certain contexts. In addition, another limitation is finding the best regulariza-
tion settings (weights), and the fact that template images need to be selected. In this study, 
we selected template images separately for both sex and study since we assumed this would 
simplify the registration problem. To optimize the registration parameters, we utilized vari-
ous metrics, including mean, standard deviation, and inverse consistency images, to evalu-
ate the registrations. Proof-of-concept studies were also used to guide the optimization. It 
is important to acknowledge that the use of multiple reference spaces for the various body 
sections may result in fragmentation of the voxel-wise statistical analysis, potentially hin-
dering the ability to draw comprehensive conclusions across studies and sexes. Another 
limitation of this study is, that the body composition’s association with diseases and more 
risk factors remain untested. This we aim to address in future work.

Conclusion
In this study, we have presented and evaluated an inter-subject image registration frame-
work and proof-of-concept voxel-wise correlations using two cohort studies, SCAPIS 
and IGT. The proposed technique utilizes both low-level and high-level image features to 
achieve accurate registration, resulting in average VME and IMEs of less than 3 mm and 50 
HUs, respectively. The proposed approach allows effective visualization of associations at 
the voxel level, with potential applications in studies of body composition and its relations 
to disease or disease risk factors. In the future, image registration can also be used to com-
bine saliency information from deep regression analysis.
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Materials and methods
Subjects and CT imaging

This study incorporates CT imaging data from two large-scale cohorts: SCAPIS and 
IGT. SCAPIS [1] is a study focusing on CVD and COPD in which 30,154 men and 
women participants aged between 50 and 64 years were voluntarily participating. The 
imaging data were collected from six university hospitals in Sweden over the years 2013 
and 2018, and a random sample of the population recruited in Gothenburg was used 
in this study. Similarly, IGT [4] is a mirror cohort to SCAPIS, with its primary focus on 
individuals at risk of developing T2D and investigating the impact of the gut microbiota 
on glucose dysregulation and the development of CVD. The IGT study included 1,965 
subjects with varying forms of glucose dysregulation and employed the same CT pro-
tocols as SCAPIS. Both studies were approved by the Swedish Ethical Review Authority 
(Dnr 2021-05856-01), and all participants provided written informed consent.

CT images were acquired using a Somatom Definition Flash with a Stellar detector 
(Siemens Healthcare, Forchheim, Germany) according to a specified procedure, with a 
500 mm field of view (FOV), image dimensions of 512 × 512 × 1, and 5 mm slice thick-
ness. The image slice locations of the liver, abdomen and thigh slices were determined 
as follows: the liver slice was reconstructed from the lung scan. The lung scan was 
performed during maximum inhalation, where the images could be rescanned once if 
needed. Reconstructed slices were selected with the goal of containing as much as pos-
sible of the liver, including right and left liver lobes, the spleen (a 2  cm2 region of interest 
(ROI) should be possible to place in the spleen), and some lung tissue. Instructions were 
also given to try to avoid the kidneys and the heart in the selected slice. If not possible 
to follow all instructions, the liver and spleen instructions were prioritized. The scan-
ning was performed with kV and mAs settings of 120 kV, 25 mAs for the lung scan (liver 
slice), 120 kV and 40 mAs for the abdominal slice and 120 kV and 20 mAs for the thigh. 
Reconstruction was performed using kernel I31f medium smooth for the liver slice and 
B31s medium smooth for the abdominal and thigh slices. The abdominal single-slice 
scan was placed above the crista edge and in the center of vertebra L4. Preferably, no 
liver or kidneys should be seen in the slice. The priority was to avoid crests in the image. 
Regarding the thigh slice, it was taken in position midway between the outer edge of the 
acetabulum and the joint surface of the knee joint.

A total of 8285 slices (52.8% females) from the baseline visits from both studies with 
analyzable image quality and content as well as complete data on non-imaging and 
explicit measurements from the CT images were successfully included in this study. 
These included 2867 SCAPIS slices (47.5% females) and 5418 IGT slices (55.6% females). 
An overview of the datasets and their characteristics is presented in Table 2.

The explicit measurements were quantified with the assistance of previously trained 
DL-based segmentation UNET ++ models [24]. The models exhibited Dice scores dur-
ing cross-validations (liver = 0.994, spleen = 0.993, skeletal muscle = 0.988, visceral and 
subcutaneous adipose tissue (VAT and SAT) = (0.973 and 0.990), thigh muscle = 0.996, 
thigh SAT = 0.992, intermuscular adipose tissue (IMAT = 0.927).
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Image preprocessing

The initial preprocessing steps for image registrations involved setting a common physi-
cal origin for all images.

According to the CT acquisition protocol, the images should have a FOV of 500 mm 
[1]. However, there were a few images with other FOVs. These were resampled to the 
common physical dimensions. Images containing at least 50 voxels with intensities 
above 2000 HU were flagged for review to check for the presence of metallic implants. 
Intensity values above 1024 HU were truncated to 1024 HU, to remove outliers and irrel-
evant variation in extreme values between subjects.

Binary masks

In parallel with CT images, binary masks were used for different preprocessing steps 
and to support the image registration process. The binary masks were created either by 
classical methods or using deep learning-based segmentations (UNET++ model [24, 
28]). The classical methods used thresholding and basic image analysis approaches as 
described below.

A body mask for all slices of liver, abdomen and thigh was created by thresholding HU 
intensities above −190, labeling, selecting, and closing the largest object, using binary fill 
operations (for the thighs, the two largest objects). The body masks were employed to 
eliminate the CT table and other non-body objects to generate the processed CT images.

The vertebra masks, for the liver and abdominal slices, were created by use of thresh-
olding (above 200 HU [29]) followed by morphological opening operations.

Similarly, for thigh registration, the cortical bone and lean tissue masks were generated 
by thresholding the intensity values (above 200 HU [29] for bone and between −29 HU 
and 150  HU [30] for lean tissue masks), labeling the largest object, and then extract-
ing it from the mask in order to exclude the bone marrow. The bone marrow region 
inside the cortical bone was filled in order to reduce the number of local minima during 
registration.

Binary masks for liver, spleen, and abdominal muscles were created using deep learn-
ing as previously described as DL pipeline [24]. A few liver slices where the spleen was 
not visible (out of protocol) were excluded.

The abdominal muscle mask was used in combination with the abdominal slice in 
order to produce an inside subcutaneous adipose tissue (ISAT) mask with a similar tech-
nique as used [12].

Table 2 Characteristics of SCAPIS and IGT cohorts

Age and BMI (mean ± STD)

Characteristics/Cohort SCAPIS IGT

Sex Male Female Male Female

Subjects/Slices 502/1504 455/1363 812/2408 1011/3010

Age (years) 58.33 ± 4.33 58.54 ± 4.23 58.34 ± 4.49 57.86 ± 4.54

BMI (kg/m2) 27.92 ± 4.16 27.16 ± 5.37 28.18 ± 3.95 27.37 ± 4.65
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Registration methods

The image registration procedure is described in Fig. 3.
The registration process of 3-slice CT images was done in a single step using a multi-

channel input that includes the preprocessed CT images and the corresponding masks 
for each slice, as shown in Fig. 3. Our registration method relied on both a combination 
of low-level and high-level features to establish point-correspondence between complex 
and significantly different images. The CT image was set to a higher weight than the cor-
responding masks, which makes the registration rely more on the CT image than on the 
masks. Registration parameters and image weights are listed in Table 3, chosen based on 
preliminary testing on the sample.

The registration method was optimized using an objective function known as the sum 
of squared differences (SSD) and the least restricted transformation model to enable 
local displacements and create a displacement field.

A tissue-specific regularization weight map during registration was applied to each 
slice based on HU threshold, with lower weights for tissues with high elasticity (e.g., fat) 
and higher weights for tissues with low elasticity (e.g., bone).

A fast graph-cut based technique [31] and a hierarchical multi-resolution strategy with 
Gaussian image pyramids were used to optimize the objective function and avoid local 
minima.

The multi-resolution strategy commenced at the lowest resolution and ended at level 
one; the final resolution of the registered images was the original resolution downscaled 
by a factor of two in each dimension.

Template image selection

The image registration is performed for the two studies and male and female subjects 
separately. Prior to utilizing the methods, a reference space or template image was 

Fig. 3 Proposed methodology for 3-slice CT (computed tomography) image registration to enable 
voxel-wise analysis. Registration was done slice-wise, small boxes in colored red, light blue and yellow 
represent each slice registration process which is performed independently. The process involved the 
generation of body masks for each slice from raw CT images. Processed CT images are the CT images after 
removal of CT tables and non-body objects, generated from raw CT images and body masks. Deep learning 
segmentation models were used to generate liver, spleen, and abdominal muscle segmentation masks. For 
creating ISAT (inside subcutaneous adipose tissue) masks the processed CT images and a predicted deep 
learning abdominal muscle mask were used. Lean tissue, vertebrae, and cortical bone masks were generated 
from processed CT images. All preprocessed images and masks were used simultaneously to perform 
registration tasks
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selected. We used a methodology based on image segmentation results (z-scores) to 
select images corresponding to a representative “mean image”. The template image was 
selected by minimizing the sum of absolute z-scores for a set of parameters. Images were 
then visually quality controlled to ensure they had no major artifact or other unusual 
features.

For the liver slice, spleen, liver, abdominal visceral and subcutaneous adipose tissue 
areas were used. For the abdominal slice, abdominal VAT, SAT, and skeletal muscle areas 
were used. Similarly, for thigh slices, thigh SAT and thigh muscle were used to compute 
the sum of absolute z-score. We selected the template image with the lowest summed 
z-score value for both studies and sexes individually.

Voxel‑wise body composition analysis

The image registrations were utilized to conduct a set of voxel-wise body composition 
proof-of-concept studies. Voxel-wise linear regressions were performed between image 
information (intensities in terms of HUs and size differences by use of Jacobian determi-
nants) and a set of explicit proof-of-concept measurements (e.g., explicit measurements 
area (in terms of  cm2) and intensity measurements (HU) from the CT images).

Performing this linear regression for each pixel or voxel in a slice of the 2D image can 
provide insights into the relationship between the areas of interest and the correspond-
ing voxel intensities in the CT image, allowing to understand how changes in the explicit 
measurement (e.g., liver area/abdominal VAT area) affect the voxel intensities.

To calculate the correlation map between image voxel intensities and non-imaging 
parameters (explicit measurements). The statistical linear regression method was used 
to model the relationship between image voxel intensity yi,j,k and explicit measurement 
xi,j as follows:

Table 3 Image registration parameters

Parameter Settings

Step size/block size 0.5/[16]

Update rule Additive

Pyramid levels 8

Pyramid stop level 1

Regularization weight map [0.05,0.05,0.05,0.1] (air, 
adipose tissue, soft tissue, 
bone)

Weights Liver Abdomen Thigh

CT image 0.5 0.4 0.5

Masks
 Liver 0.1 – –

 Spleen 0.1 – –

 Body 0.15 0.1 0.1

 Vertebra 0.15 0.2 –

 Skeletal muscle – 0.2 –

 ISAT – 0.1 –

 Bone – – 0.2

 Lean tissue – – 0.2
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where β0,j = intercept,β1,j = slope, ǫi,j,k ∼ N
(

0, σ 2
)

, and σ 2 = error variance.  
In this equation, yi,j,k is the predicted (correlation map) voxel intensity for voxel (i,j) 

with intensity xi,j in channel k (grayscale 1D), β0,j is the intercept (or bias term) for the 
linear regression model specific to the column or area j, β1,j is the slope (or coefficient) 
corresponding to xi,j and ǫi,j,k represents the error term or residual.

The error term ǫi,j,k is assumed to follow a normal distribution N (0, σ 2) with mean 0 
and variance σ 2.

Method evaluation

The image registration method was evaluated using three parameters: the transformed 
images, the quality of the transforms, and the computation time. The transformed 
images were evaluated for similarity with the template image through visual inspec-
tion and by calculating statistical measures such as the voxel-wise mean, and standard 
deviation (STD). The quality of the transforms was analyzed using inverse consistency 
(IC) and their diffeomorphic properties. To analyze the IC, reverse direction registra-
tions were conducted, followed by an assessment of the average vector magnitude error 
(VME) and intensity magnitude error (IME) across the segmented body region. Subse-
quently, the Jacobians of the resultant transformations were computed.

The IC errors were defined in terms of average VME and IME for each segmented 
body region Ω in a pair of images (x and y). The intensity value of image x at each voxel 
location i was represented by Ix(i) . The IC errors for composite transforms Txy ◦ Tyx and 
Tyx ◦ Txy were averaged into a single value for each pair of registered images:

The diffeomorphic property was evaluated by counting the number of points where 
the Jacobian of the resulting transforms was less than zero (number of folds). The natural 
logarithm of the Jacobian was computed to efficiently interpret local tissue volume dif-
ferences between subjects. The computation time was measured for all preprocessing 
steps, excluding the time for generating explicit masks with the help of a deep learning 
models.

To assess the efficacy of the voxel-wise body composition analysis method, we per-
formed both a visual analysis of the output results as well as an analysis of voxel-wise 
proof-of-concept regression studies.

In addition to evaluating the methods, a linear correlation analysis using the Pearson 
correlation coefficient was conducted to evaluate the association between non-imaging 
data (explicit measurement), which demonstrates the relationship of each variable with 
others.

yi,j,k = β0,j + β1,jxi,j + ǫi,j,k ,

IMExy =
1

|�|

∑

i∈�

� Ix(i)− Ix
(

Tyx ◦ Txy(i)
)

�

VMExy =
1

|�|

∑

i∈�

� x − Tyx ◦ Txy(i)) �
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The experiments were carried out on a Linux-based operating system with the follow-
ing specifications: Intel (R) Xeon (R) W-2133 CPU at 3.60  GHz, 32 gigabytes (GB) of 
RAM, and Nvidia GeForce RTX 2080 Ti Graphic Card with 11 GB RAM.

Supplementary Information
The online version contains supplementary material available at https:// doi. org/ 10. 1186/ s12938- 024- 01235-x.

Additional file 1: Figure S1 Visual representations of liver, abdomen, and thigh slices of templates (reference 
images), targeted images (moving or deforming images), and registered images (transformed images). Figure 
S2. Resulting Imiomics collage for 3-slice CT images of (liver, abdomen, and thigh). From left to right, selected 
processed CT template images, deformed Hounsfield unit, and Jacobian determinant images are represented for all 
male (n=502) and female (n = 455) subjects, from the SCAPIS cohort. The collage Imiomics (deformed HU and Jac 
determinant) images were associated with non-imaging data. The Hounsfield unit (HU) and Jacobian (Jac) collage 
show voxel-wise regression results (beta values) between a 3-slice image (liver, abdomen, and thigh) and the cor-
responding liver fat measurements in HU units. The subsequent HU and Jac images display correlations between 
liver CT slice and spleen area in  cm2, abdomen CT slice and VAT area in  cm2, thigh CT slice and thigh IMAT area in 
 cm2. Similarly, in the last set of HU and Jac images, correlations between liver CT slice and abdominal SAT area in 
cm², abdomen CT slice and abdominal SAT area in  cm2, thigh CT slice and thigh SAT area in  cm2 are represented. 
Small colored boxes of green, red and white in each image indicating non imaging correlation measurements. 
abd is short for the abdomen. Figure S3 Resulting Imiomics collage for 3-slice CT images of (liver, abdomen, and 
thigh). From left to right, selected processed CT template images, deformed Hounsfield unit’s images, and Jacobian 
determinant images are represented for all male (n=812) and female (n=1011) subjects, from the IGT cohort. The 
collage Imiomics (deformed HU and Jac determinant) images were associated with non-imaging data. The 3-slice 
(liver, abdomen, and thigh) collage shows voxel-wise regression results (beta values) between liver area for liver slice, 
skeletal muscle area for abdominal slice, and thigh muscle area for thigh slice. Figure S4. Resulting Imiomics collage 
for 3-slice CT images of (liver, abdomen, and thigh). From left to right, selected processed CT template images, 
deformed Hounsfield unit, and Jacobian determinant images are represented for all male (n = 812) and female (n = 
1011) subjects, from the IGT cohort. The collage Imiomics (deformed HU and Jac determinant) images were associ-
ated with non-imaging data. The Hounsfield unit (HU) and Jacobian (Jac) collage show voxel-wise regression results 
(beta values) between a 3-slice image (liver, abdomen, and thigh) and the corresponding liver fat measurements 
in HU units. The subsequent HU and Jac images display correlations between liver CT slice and spleen area in cm², 
abdomen CT slice and VAT area in cm², thigh CT slice and thigh IMAT area in  cm2. Similarly, in the last set of HU and 
Jac images, correlations between liver CT slice and abdominal SAT area in cm², abdomen CT slice and abdominal SAT 
area in  cm2, thigh CT slice and thigh SAT area in  cm2 are represented. Small colored boxes of green, red and white in 
each image indicating non imaging correlation measurements. abd is short for the abdomen. Figure S5 Correlation 
(Pearson correlation coefficient) matrix of non-imaging variables (explicit measurements in  cm2 and HU attenuation) 
for male and female participants (n = 8285) in SCAPIS and IGT studies. Measurements are in terms of area  (cm2), and 
liver fat in terms of Hounsfield unit. abd is short for the abdomen.
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