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A B S T R A C T   

High quality, high resolution T1-weighted (T1w) and diffusion tensor imaging (DTI) brain templates located in a 
common space can enhance the sensitivity and precision of template-based neuroimaging studies. However, such 
multimodal templates have not been constructed for the older adult brain. The purpose of this work which is part 
of the MIITRA atlas project was twofold: (A) to develop 0.5 mm isotropic resolution T1w and DTI templates that 
are representative of the brain of non-demented older adults and are located in the same space, using advanced 
multimodal template construction techniques and principles of super resolution on data from a large, diverse, 
community cohort of 400 non-demented older adults, and (B) to systematically compare the new templates to 
other standardized templates. It was demonstrated that the new MIITRA-0.5mm T1w and DTI templates are well- 
matched in space, exhibit good definition of brain structures, including fine structures, exhibit higher image 
sharpness than other standardized templates, and are free of artifacts. The MIITRA-0.5mm T1w and DTI tem
plates allowed higher intra-modality inter-subject spatial normalization precision as well as higher inter- 
modality intra-subject spatial matching of older adult T1w and DTI data compared to other available tem
plates. Consequently, MIITRA-0.5mm templates allowed detection of smaller inter-group differences for older 
adult data compared to other templates. The MIITRA-0.5mm templates were also shown to be most represen
tative of the brain of non-demented older adults compared to other templates with submillimeter resolution. The 
new templates constructed in this work constitute two of the final products of the MIITRA atlas project and are 
anticipated to have important implications for the sensitivity and precision of studies on older adults.   

1. Introduction 

High quality T1-weighted (T1w) and diffusion tensor imaging (DTI) 
brain templates are indispensable tools in neuroimaging (Evans et al., 
2012; Fonov et al., 2009; Joshi et al., 2004; Mazziotta et al., 2001; 
Zhang and Arfanakis, 2018). Due to the advantages of integrating 
structural and diffusion MRI information in voxel-wise multivariate 
statistical analyses, T1w and DTI templates that are located in a common 

space are highly desirable (Calhoun and Sui, 2016; Avants et al., 2008a, 
2010a; Kim et al., 2015; Kochunov et al., 2007; Sasamoto et al., 2014; 
Sydykova et al., 2007; Toga et al., 2006). In addition, recent de
velopments in image acquisition, reconstruction and enhancement (Jia 
et al., 2016; Wiggins et al., 2006; Zhang et al., 2009; Sánchez and 
Vilaplana, 2018; Zeng et al., 2018), and in neuroimaging software 
(Manjón et al., 2020; Park et al., 2014), have made it possible to study 
the brain at submillimeter resolution (Bookheimer et al., 2019; Van 
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Leemput et al., 2008; Yushkevich et al., 2015), increasing the demand 
for templates with high spatial resolution (Yushkevich et al., 2009; Zhao 
et al., 2016). Furthermore, due to well-known age-related brain changes 
(Blatter et al., 1995; Cox et al., 2016; Ge et al., 2002; Lemaître et al., 
2005; Raz et al., 2005; Sullivan et al., 2006, 2010; Westlye et al., 2010), 
it is essential for studies on older adults to use T1w and DTI brain tem
plates that are representative of the older adult brain in order to avoid 
registration errors or biases (Fonov et al., 2011; Good et al., 2001; 
Ridwan et al., 2021a; Senjem et al., 2005; Yoon et al., 2009). However, 
multimodal T1w and DTI templates that are located in the same space 
and have submillimeter resolution are not available for the older adult 
brain. 

Multimodal T1w and DTI templates can be constructed using three 
approaches. One approach is based on single-channel registration and 
can either optimize spatial matching of templates across modalities as 
well as template quality for only one modality at the cost of low template 
quality for the other modality (Gupta et al., 2016; Mori et al., 2008; 
Rohlfing et al., 2010), or can optimize template quality for both mo
dalities separately at the cost of reduced template matching across 
modalities (Hsu et al., 2015). To address these limitations, a second 
approach uses multichannel registration aiming at both high template 
quality and excellent template matching across modalities (Arthofer 
et al., 2021; Avants et al., 2008a; Irfanoglu et al., 2016; Lange et al., 
2020; Li and Verma, 2011; Park et al., 2003). However, due to the 
drastically different contrast between T1w and DTI images, the 
requirement in multichannel registration for simultaneous optimization 
of inter-subject spatial matching in both T1w and DTI data may lead to 
less precise spatial matching of the features of interest in each modality 
compared to considering each modality separately, thereby compro
mising the quality of both templates (Wu et al., 2022). For those reasons, 
a third, iterative approach was introduced recently which uses single 
modality registration in data from multiple individuals to maximize the 
quality of one template and applies the resulting transformations to data 
from both modalities, then uses single modality registration to maximize 
the quality of the other template and applies the resulting trans
formations to data from both modalities, and repeats these steps itera
tively (Wu et al., 2022). Multiple iterations enhance both the quality and 
spatial matching of the two templates. This approach was successful in 
generating multimodal T1w and DTI templates that exhibited higher 
image quality and excellent spatial matching and allowed overall higher 
inter-subject and inter-modality spatial normalization precision for 
external data compared to templates generated using state-of-the-art 
multichannel registration. Although these were templates of the older 
adult brain they were constructed with 1 mm isotropic resolution. 

A conventional approach for building templates with submillimeter 
resolution is to use data that also have submillimeter resolution. How
ever, one major limitation of this approach is the complexity of 
acquiring high resolution MRI data from a large number of older adults 
due to long acquisition times, motion artifacts, and/or low signal to 
noise ratio. Niaz et al. (2022) addressed this limitation by constructing a 
high resolution population-based T1w brain template from lower reso
lution images on individual subjects using the concept of multiple image 
super resolution and considering every co-registered image as a different 
realization of the template brain. The resulting high resolution T1w 
template improved visualization of fine structural details, allowed 
higher spatial normalization precision for external data and enabled 
detection of smaller inter-group morphometric differences compared to 
the template generated using conventional template building methods 
(Niaz et al., 2022). However, this approach has so far only been tested on 
single channel T1w images. 

The purpose of the present work was twofold: (A) to develop 
multimodal T1w and DTI templates that are representative of the brain 
of non-demented older adults, located in the same space, and have 
submillimeter resolution, using advanced multimodal template con
struction techniques and principles of super resolution, and (B) to sys
tematically compare the new templates to other standardized templates. 

First, high quality T1w and DTI data were collected on a large, diverse, 
community cohort of 400 non-demented older adults. An initial tem
plate was constructed by pairwise affine registration to minimize biases 
towards any participant’s images or any existing templates. Next, T1w 
and DTI data were spatially normalized using the iterative multimodal 
template building approach introduced by Wu et al. (2022) that aims at 
maximizing the quality and spatial matching of the two templates. The 
resulting spatial transformations were used to forward-map signals to 
exact physical locations in template space and using principles of super 
resolution the final T1w and DTI templates were generated. Finally, the 
new templates were compared to those of other standardized templates 
in terms of image quality and performance when used as reference for 
alignment of older adult data. The new templates constitute two of the 
final products of the project to develop a comprehensive older adult 
brain atlas named Multichannel Illinois Institute of Technology & Rush 
university Aging (MIITRA) atlas, and are available for download at 
www.nitrc.org/projects/miitra. 

2. Methods 

2.1. Data 

Two older adult brain MRI datasets were used in this work. Dataset 1 
was used in the construction of the new high resolution multimodal T1w 
and DTI templates. It consisted of structural T1w and diffusion-weighted 
data collected on 400 non-demented older adults (50% male; 64.9–98.9 
years age range; mean±sd age=79.9±7.1 years; 79.5% had no cognitive 
impairment and 20.5% had mild cognitive impairment; 54% white and 
43% black; 7% Latino) participating in the Rush Memory and Aging 
Project (Bennett et al., 2018), Minority Aging Research Study (Barnes 
et al., 2012), Religious Orders Study (Bennett et al., 2018), and Clinical 
Core and Latino Core of the Rush Alzheimer’s Disease Research Center 
(Marquez et al., 2020). All studies were approved by the institutional 
committee for the protection of human subjects and all participants 
provided written informed consent. All data were acquired on a 3T 
Siemens Trio (188 persons) and a 3T Philips Achieva MRI scanner (212 
persons). T1w images were acquired using a 3D magnetization prepared 
rapid acquisition gradient echo (MPRAGE) sequence with the following 
parameters: 3T Siemens Trio: TR = 2300 ms, TE = 2.98 ms, TI = 900 ms, 
flip-angle = 9◦, field of view (FOV) = 256 × 256 mm2, 176 sagittal 
slices, acquired voxel size=1 × 1 × 1 mm3, and an acceleration factor of 
2; 3T Philips Achieva: TR = 8 ms, TE = 3.7 ms, TI = 955 ms, flip-angle =
8◦, FOV = 240 × 228 mm2, 181 sagittal slices, acquired voxel size=1 ×
1 × 1 mm3, and an acceleration factor of 2. The diffusion data were 
obtained using a spin-echo echo-planar diffusion-weighted imaging 
sequence with the following parameters: 3T Siemens Trio: TR = 8100 
ms, TE = 85 ms, FOV = 224 × 224 mm2, 65 axial slices, acquired voxel 
size = 2 × 2 × 2 mm3, b = 1000s/mm2 for 40 diffusion gradient di
rections, and 6 volumes with b = 0 s/mm2; 3T Philips Achieva: TR = 10, 
701 ms, TE = 55 ms, and all other parameters were the same. 

Dataset 2 was used in the evaluation of the performance of the 
different templates considered in this work. It consisted of T1w and 
diffusion-weighted data from 202 non-demented older adults (50% 
male; 65–93.2 years age range; mean±sd age = 78.3±6.0 years; 122 had 
no cognitive impairment and 80 had mild cognitive impairment) 
participating in the Alzheimer’s Disease Neuroimaging Initiative 3 
(ADNI3) (http://adni.loni.usc.edu). ADNI was established as a public- 
private partnership under the leadership of Principal Investigator 
Michael W. Weiner, MD in 2003 to investigate whether serial MRI, 
positron emission tomography (PET), other biological markers, and 
clinical and neuropsychological assessment can be combined to measure 
the progression of mild cognitive impairment and early Alzheimer’s 
disease. All data in Dataset 2 were collected on 3T Siemens (146 per
sons) and 3T Philips (56 persons) MRI scanners. T1w images were ob
tained using 3D MPRAGE sequences with the following parameters: 3T 
Siemens Prisma (92 persons), Verio (23 persons), Trio (22 persons) and 
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Skyra (9 persons): TR=2300 ms, TE=2.98 ms, TI=900 ms, flip- 
angle=9◦, FOV=256 × 240 mm2, 208/176/176/176 sagittal slices 
respectively, voxel size=1 × 1 × 1 mm3, and an acceleration factor of 2; 
3T Philips Achieva (40 persons) and Ingenia (16 persons): TR=6.5 ms, 
TE=2.9 ms, TI=900 ms, flip-angle=9◦, FOV=256 × 256 mm2, 211 
sagittal slices, voxel size=1 × 1 × 1 mm3, and an acceleration factor of 2. 
The diffusion data were acquired using spin-echo echo-planar diffusion- 
weighted sequences with the following parameters: Siemens Prisma (92 
persons) and Skyra (9 persons): TR=7200 and 9600 ms respectively, 
TE=56 and 82 ms respectively, FOV=232 × 232 mm2, 80 axial slices, 
voxel size=2 × 2 × 2 mm3, b = 1000s/mm2 for 48 diffusion gradient 
directions, and 7 volumes with b = 0 s/mm2; Siemens Verio (23 persons) 
and Trio (22 persons): TR = 12,500 and 12,400 ms respectively, TE =
95 ms, FOV = 232 × 232 mm2, 80 axial slices, voxel size=2 × 2 × 2 
mm3, b = 1000s/mm2 for 30 diffusion gradient directions and one vol
ume with b = 0 s/mm2; Philips Achieva (40 persons) and Ingenia (16 
persons): TR=9916 and 10,861 ms respectively, TE=86 and 100 ms 
respectively, FOV=256 × 256 mm2, 80 axial slices, voxel size=2 × 2 ×
2 mm3, b = 1000s/mm2 for 32 diffusion directions, and one volume with 
b = 0 s/mm2. 

2.2. Image preprocessing 

T1w images in both Datasets 1 and 2 were skull-stripped using the 
automated brain extraction tool HD-BET (Isensee et al., 2019). The brain 
images were then segmented using CAT12 (Farokhian et al., 2017) and 
the tissue masks were used as priors for N4 bias field inhomogeneity 
correction of the T1w images (Tustison et al., 2010). The intensities of 
the resulting images were normalized to the range [0,100] through 
piecewise linear histogram matching (Nyúl et al., 2000; Shah et al., 
2011) as implemented in the python package by Reinhold et al., 2019. In 
addition, the gray matter in Dataset 2 was segmented into the 
Desikan-Killiany regions using FreeSurfer (Fischl, 2012; McCarthy et al., 
2015). Diffusion-weighted images in both Datasets 1 and 2 were cor
rected for motion, eddy-currents and EPI distortions, the B-matrix was 
reoriented, and diffusion tensors were computed in each brain voxel 
using TORTOISE and the RESTORE nonlinear fitting option (Irfanoglu 
et al., 2017; Pierpaoli et al., 2010; Rohde et al., 2004; Chang et al., 2005, 
2012). Next, for every participant in Dataset 1, the T1w and DTI data 
were up-sampled to 0.5 mm isotropic resolution through voxel splitting 
(no interpolation), the b = 0 s/mm2 images were affinely registered to 
the T1w images using ANTs with mutual information as the cost function 
(Avants et al., 2009, 2011), and the resulting transformation was 
applied to the diffusion tensors. The spatial matching between the T1w 
and DTI data was verified by visual inspection. The co-registered T1w 
and DTI data of Dataset 1 were used for template construction. 

2.3. Template construction 

The template construction process can be divided into 7 steps 
(Fig. 1). Briefly, in step 1, a minimum transformation initial T1w tem
plate was generated to minimize biases towards any participant’s im
ages or any existing templates (Ridwan et al., 2021b; Seghers et al., 
2004). Steps 2 to 5 included the iterative multimodal template building 

approach introduced by Wu et al. (2022). In step 6, the resulting 
transformations were combined and were used to forward-map signals 
from native space to exact physical locations in template space, and 
super resolution principles were applied as in Niaz et al. (2022). Lastly, 
in step 7, a patch-based sparse representation data fusion technique was 
employed to combine signals across participants into the final templates 
while reducing the effects of any residual misregistration (Ridwan et al., 
2021b; Shi et al., 2014). The template construction process is described 
in more detail below. 

In step 1, an unbiased initial T1w template was generated in a 
reference-free manner (Ridwan et al., 2021b; Seghers et al., 2004). T1w 
images (after the preprocessing of Section 2.2) were first center-aligned 
using linear translations, and then spatially normalized by computing 
pairwise affine transformations (400 × 399=159,600 registrations) 
using ANTs (Avants et al., 2009, 2011). Mutual information was used as 
the cost function for affine registration. For each participant, the mean 
affine transform to all other participants was computed and combined 
with the center alignment translation. The combined transform was then 
applied to the preprocessed T1w images to bring them to a common 
space with a single interpolation. A T1w template was generated from 
the spatially normalized T1w images using simple averaging, and was 
used as an initial template in the following step. (Note that step 1 was 
not conducted for DTI data because of the design of the iterative 
multimodal template building approach introduced by Wu et al. (2022); 
see next steps) 

In step 2, T1w-based inter-subject spatial normalization was per
formed on the T1w images from step 1 according to the approach 
described in Ridwan et al. (2021a) and Wu et al. (2022), which uses the 
symmetric group-wise normalization (SyGN) method (Avants et al., 
2010b). The nonlinear registration step was initiated by setting the 
regularization kernel to Gauss[3,1] and was repeated for multiple iter
ations until the Pearson cross-correlation similarity index across T1w 
templates from successive iterations was higher than 0.9995 (Ridwan 
et al., 2021a). The regularization kernel was then changed to Gauss[3,0] 
(to allow higher amounts of warping) and nonlinear registration was 
repeated for multiple iterations until the Pearson cross-correlation 
similarity index reached again a value higher than 0.9995. The trans
formations resulting from step 2 were combined with transformations 
from previous steps, and the resulting transforms were applied to the 
preprocessed T1w and DTI data from Section 2.2 to bring them to a 
common space with a single interpolation. In this and other steps that 
included transformation of DTI data, diffusion tensors were reoriented 
based on the local rotation information of the corresponding deforma
tion field. 

In step 3, DTI-based inter-subject spatial normalization was per
formed on the DTI data from step 2 following the procedure described in 
Wu et al. (2022), which uses the non-linear registration component of 
DR-TAMAS (dtireg-create-template.sh) (Irfanoglu et al., 2016). The 
transformations resulting from step 3 were combined with those from 
previous steps, and the resulting transforms were applied to the pre
processed T1w and DTI data from Section 2.2 to bring them to a common 
space with a single interpolation. Steps 4 and 5 included a second iter
ation of steps 2 and 3, respectively. 

In step 6, images were forward-mapped from native space to 

Fig. 1. Schematic representation of the approach used for the construction of the MIITRA-0.5mm T1w and DTI templates of the older adult brain.  
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template space following the strategy described in Niaz et al. (2020, 
2022). More specifically, for each participant, the transformation from 
previous steps was combined with an additional linear transformation 
for ac-pc alignment computed by the acpcdetect program of the Auto
matic Registration Toolbox (ATRA) (Ardekani and Bachman, 2009), and 
the single transformation was inverted and used to map the signals from 
native space (after the preprocessing of Section 2.2) to exact physical 
locations in template space with sub-voxel accuracy. In voxels where 
more than one signals from the same participant were mapped to, the 
final signal for that participant was calculated by applying Gaussian 
weighted averaging. Voxels without any signal from a participant were 
filled using conventional backward transformation (instead of forward 
mapping) of the participant’s images using trilinear interpolation. 

In step 7, a patch-based sparse-representation data fusion technique 
described in Shi et al. (2014) was applied on the transformed T1w and 
DTI images from all participants to construct the final templates (Rid
wan et al., 2021b). This approach was preferred over simple averaging 
to reduce the impact of any residual spatial mismatch across participants 
on the final templates. Finally, skull and other head structures were 
added to the final T1w template using the strategy by Rohlfing et al. 
(Rohlfing et al., 2012; Ridwan et al., 2021a; Niaz et al., 2022). However, 
the brain-only templates were considered in the following evaluation. 
The final templates are referred to as MIITRA-0.5mm T1w and DTI 
templates in the rest of this work (Fig. 2) and are available for download 
at www.nitrc.org/projects/miitra. 

2.4. Comparison of MIITRA-0.5mm T1w and DTI templates to other 
standardized templates 

The MIITRA-0.5mm T1w template was compared to other stan
dardized T1w templates with ≤1 mm isotropic voxels, few of which were 
constructed using at least some data on older adults: three templates 
with 0.5 mm isotropic voxels, namely (a) MCALT v1.4 (Schwarz et al., 
2017), (b) ICBM2009b Asym (Fonov et al., 2009, 2011), and (c) Colin27 
(Aubert-Broche et al., 2006; Holmes et al., 1998), (d) HCP-1200 with 
0.7 mm isotropic voxels (Glasser et al., 2013), and two templates with 1 
mm isotropic voxels, namely (e) MIITRA-1mm-2021 (Ridwan et al., 
2021a), and (f) Oxford-MM-0 (Arthofer et al., 2021) (Table 1). Impor
tantly, MIITRA-1mm-2021 was previously compared to approximately 
20 other T1w templates (Ridwan et al., 2021a), and therefore by 
comparing to MIITRA-1mm-2021 it is possible to indirectly compare to 
all those other templates. The MIITRA-0.5mm DTI template was also 
compared to other standardized DTI templates with different 
voxel-sizes: two templates with 1 mm isotropic voxels, namely (a) 
Oxford-MM-0 (Arthofer et al., 2021) and (b) ICBM81 (Mori et al., 2008), 
and (c) IXI aging v2.0 (Zhang et al., 2010) with 1.75 × 1.75 × 2.25 mm3 

voxels (Table 1). No other DTI template with sub-millimeter resolution 
is currently available and therefore the comparison was limited to 
templates that included at least some data on middle-aged or older adult 
individuals. The MIITRA-0.5mm T1w and DTI templates were compared 
to the above templates in terms of image quality, inter-subject spatial 
normalization precision for older adult data, ability to detect small 
inter-group differences, and representativeness of the older adult brain. 
The MIITRA-0.5mm templates were also compared to the following 
pairs of T1w and DTI templates in terms of inter-modality spatial 
normalization precision for older adult data: (a) Oxford-MM-0 T1w and 
DTI templates (Arthofer et al., 2021) and (b) MNI152 T1w (Grabner 
et al., 2006) and ICBM81 DTI templates (Mori et al., 2008). More details 
on how the evaluation was conducted are provided below. 

2.4.1. Evaluation of templates in terms of image quality, inter-subject and 
inter-modality spatial normalization precision of older adult data 

The image quality of T1w and DTI templates was evaluated by visual 
inspection as well as quantitatively. Image sharpness was assessed by 
means of the normalized power spectra along the anterior-posterior 
(AP), left-right (LR) and superior-inferior (SI) axes separately (Niaz 

et al., 2022). 
The precision of inter-subject and inter-modality spatial normaliza

tion of older adult data from Dataset 2 when using the different tem
plates as reference was compared across templates. More specifically, 
T1w and DTI data from Dataset 2 were registered to each T1w template 
using ANTs and to each DTI template using DR-TAMAS. All registrations 
used symmetric normalization (SyN) diffeomorphic transformation 
(Avants et al., 2008b), one of the top-performing transformation models 
(Klein et al., 2009). The precision of intra-modality inter-subject spatial 
normalization of T1w images from Dataset 2 was first assessed by means 
of the pairwise normalized cross-correlation (PNCC) of spatially 
normalized T1w images (Ferreira et al., 2014; Wang et al., 2004): 

PNCCij =
1
N
×

∑N
x=1(Si(x) − μi) ×

(
Sj(x) − μj

)

σi × σj
, (1)  

where Si(x) and Sj(x) are the signals of participants i and j at voxel x, μi, 
σi and μj, σj are the mean and standard deviation of the intensities of all 
the voxels of subjects i and j, and N is the total number of voxels. The 
average PNCC over all pairs of spatially normalized T1w images of 
Dataset 2 (202 × 201/2 = 20,301 pairs) was compared across T1w 
templates using one-way ANOVA followed by the Tukey-Kramer post- 
hoc test. Differences with p<0.05 were considered significant. In addi
tion, the transformations of T1w images of Dataset 2 to each T1w tem
plate were applied to the corresponding white matter masks of Dataset 2 
and the pairwise Jaccard index (JI) of white matter masks in the space of 
each T1w template was calculated as follows: 

JIij =
Mi ∩ Mj

Mi ∪ Mj
, (2)  

where Mi ∩ Mj and Mi ∪ Mj are the intersection and union of the white 
matter masks of participants i and j. The average JI over all pairs of 
transformed white matter masks (202 × 201/2 = 20,301 pairs) was 
compared across T1w templates using one-way ANOVA followed by the 
Tukey-Kramer post-hoc test. Differences were considered significant at 
p<0.05. The same approach was used to assess the pairwise JI of gray 
matter masks and the pairwise JI of ventricle masks for each T1w 
template. 

The precision of intra-modality inter-subject spatial normalization of 
DTI data from Dataset 2 was first assessed by means of the pairwise 
Euclidean distance of tensors (DTED) (Alexander and Gee, 2000; Zhang 
et al., 2011; Wang et al., 2022): 

DTED =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

trace
((

Di − Dj
)2
)√

, (3)  

where Di and Dj are diffusion tensors of participants i and j in the same 
voxel. The average DTED over all pairs of spatially normalized DTI data 
of Dataset 2 (202 × 201/2 = 20,301 pairs) was calculated in each voxel, 
and cumulative distributions of the average DTED in white matter were 
compared across DTI templates using the one-sided two-sample 
Kolmogorov-Smirnov (KS) test. Differences were considered significant 
at p<0.05. Second, the coherence of primary eigenvectors (COH) 
(Zhang et al., 2011; Irfanoglu et al., 2016) from spatially normalized DTI 
data of Dataset 2 was estimated using: 

COH = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
β2 + β3

2β1

√

, (4)  

where β1, β2, β3 are the primary, secondary, and tertiary eigenvalues of 
the mean dyadic tensor given by: 

Ē =
1
N

∑N

i=1
ei

1eiT
1 , (5)  

where ei
1 is the primary eigenvector of participant i, and N is the total 
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Fig. 2. Examples of sagittal, coronal and axial slices of the MIITRA-0.5mm T1w template, FA map of the DTI template, and FA colormap overlaid on the 
T1w template. 
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number of participants of Dataset 2 (Basser and Pajevic, 2000; Jones 
et al., 2002). The COH was calculated in each voxel, and cumulative 
distributions of COH in white matter were compared across DTI tem
plates using the one-sided two-sample Kolmogorov-Smirnov (KS) test. 
Differences were considered significant at p<0.05. 

The precision of inter-modality intra-subject spatial matching ach
ieved for T1w and DTI data of Dataset 2 when different multimodal 
templates were used as reference was also evaluated. More specifically, 
the white matter, gray matter and ventricle masks of participants from 
Dataset 2 were transformed to both the T1w template space (using the 
T1w-based transformations) and the DTI template space (using the 
tensor-based transformations) and the Jaccard index (JI) between the 
two versions of the masks was calculated for each participant of Dataset 
2. The average JI over all participants of Dataset 2 was compared across 
multimodal templates using one-way ANOVA followed by the Tukey- 
Kramer post-hoc test. Differences were considered significant at p<0.05. 

2.4.2. Impact of spatial normalization precision on the ability to detect 
small inter-group differences 

The impact of spatial normalization precision achieved with each 
template as reference on the ability to detect small inter-group differ
ences was assessed using power analysis (Wicks et al., 2011; Zhang and 
Arfanakis, 2018; Ridwan et al., 2021a; Niaz et al., 2022). To accomplish 
this evaluation for the T1w templates, the gray matter tissue probability 
maps from Dataset 2 were transformed to each T1w template space using 
the T1w-based transformations generated above and the resulting maps 

were smoothed using a Gaussian filter with sigma of 3.4 mm, following 
unmodulated voxel-based morphometry procedures (Good et al., 2002; 
Radua et al., 2014; Niaz et al., 2022). Maps of the standard deviation 
across smoothed maps were then used in power analyses to assess the 
minimum morphometric differences that can be detected in each voxel 
across two hypothetical groups, assuming 100 participants per group, 
significance at p<0.05, and power>0.95. Maps of the minimum 
detectable inter-group morphometric differences were generated for 
each T1w template, and cumulative distributions were compared across 
T1w templates using the one-sided two-sample Kolmogorov-Smirnov 
(KS) test. Differences were considered significant at p<0.05. A similar 
evaluation was conducted for the DTI templates. More specifically, the 
FA maps from Dataset 2 were transformed to each DTI template space 
using the tensor-based transformations generated in the previous section 
and the resulting maps were smoothed using a Gaussian filter with sigma 
of 3.4 mm. Maps of the standard deviation across smoothed FA maps 
were used in power analysis to assess the minimum detectable 
inter-group FA difference in each white matter voxel. Cumulative dis
tributions of the minimum detectable inter-group FA differences were 
compared across DTI templates using the one-sided two-sample 
Kolmogorov-Smirnov (KS) test, and differences were considered signif
icant at p<0.05. 

2.4.3. Evaluation of templates in terms of their representativeness of the 
brain of non-demented older adults 

The representativeness of the brain of non-demented older adults 
was assessed for each template in terms of the average log-Jacobian 
determinant of the deformations performed for spatial normalization 
of Dataset 2 when each template is used as reference. The log-Jacobian 
determinant is used in each voxel as a local index of volume change 
during spatial normalization, indicating tissue expansion (log-Jacobian 
determinant > 0) or shrinkage (log-Jacobian determinant < 0) (Chung 
et al., 2001; Leow et al., 2007; Yanovsky et al., 2009). For the evaluation 
of T1w templates, maps of log-Jacobian determinant were generated 
from deformations of T1w images from Dataset 2 to the T1w templates 
and were averaged over all participants transformed to the same space. 
Histograms of the average log-Jacobian determinant were compared 
across T1w templates using a one-sided two-sample 
Kolmogorov-Smirnov (KS) test, separately for expansion and shrinkage. 
Differences were considered significant at p<0.05. The same approach 
was used to compare DTI templates in terms of their representativeness 
of the older adult brain. 

3. Results 

3.1. T1w and DTI template image quality 

Visual inspection of the new MIITRA-0.5mm T1w and DTI templates 
showed that major structures of the cerebrum, cerebellum, and brain
stem, cortical and subcortical gray matter, white matter, ventricles, gyri 
and sulci were well-defined and free of artifacts, fine structures were 
well-resolved (e.g. cortex of the cerebellum, anterior commissure), and 
brain T1w and DTI features were well-matched in space (Fig. 2). 
Quantitative comparison of the normalized power spectra showed 
higher energy at high spatial frequencies in all three axes for the 
MIITRA-0.5mm T1w template compared to other standardized T1w 
templates, indicating higher image sharpness for the MIITRA-0.5mm 
T1w template (Fig. 3). The FA map of the new MIITRA-0.5mm DTI 
template is also characterized by higher image sharpness compared to 
other standardized DTI templates as demonstrated in the normalized 
power spectra (Fig. 4). 

3.2. Comparison of templates in terms of inter-subject and inter-modality 
spatial normalization precision of older adult data 

In terms of the intra-modality inter-subject spatial normalization 

Table 1 
T1w, DTI and multimodal templates evaluated in this work.   

Name No. of 
participants 

Age range 
(years) 

Voxel- 
size 
(mm3)  

MIITRA-0.5mm 400 64.9–98.9 0.5 ×
0.5 ×
0.5  

MCALT v1.4 (Schwarz 
et al., 2017) 

202 30–92 0.5 ×
0.5 ×
0.5  

ICBM2009b Asym ( 
Fonov et al., 2009, 
2011) 

152 18–44 0.5 ×
0.5 ×
0.5 

T1w template Colin27 ( 
Aubert-Broche et al., 
2006; Holmes et al., 
1998) 

1 (27 scans) 33 0.5 ×
0.5 ×
0.5  

HCP-1200 (Glasser 
et al., 2013) 

1113 22–35 0.7 ×
0.7 ×
0.7  

MIITRA-1mm-2021 ( 
Ridwan et al., 2021a) 

222 65–95 1 × 1 ×
1  

Oxford-MM-0 ( 
Arthofer et al., 2021) 

713 45–81 1 × 1 ×
1 

DTI template MIITRA-0.5mm 400 64.9–98.9 0.5 ×
0.5 ×
0.5 

Oxford-MM-0 ( 
Arthofer et al., 2021) 

713 45–81 1 × 1 ×
1 

ICBM81 (Mori et al., 
2008) 

81 18–59 1 × 1 ×
1 

IXI aging v2.0 (Zhang 
et al., 2010) 

51 65–83 1.75 ×
1.75 ×
2.25 

Multimodal 
templates 

MIITRA-0.5mm T1w & 
DTI 

400 64.9–98.9 0.5 ×
0.5 ×
0.5 

Oxford-MM-0 T1w & 
DTI (Arthofer et al., 
2021) 

713 45–81 1 × 1 ×
1 

MNI152 T1w & 
ICBM81 DTI (Grabner 
et al., 2006; Mori 
et al., 2008) 

152 / 81 18–44 / 
18–59 

1 × 1 ×
1  
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Fig. 3. (A) Axial slices of the MIITRA-0.5mm, MCALT v1.4, ICBM2009b Asym, Colin27, HCP-1200, MIITRA-1mm-2021, and Oxford-MM-0 T1w templates. (B) 
Normalized power spectra for the anterior-posterior (AP), left-right (LR), and superior-inferior (SI) axes of all T1w templates. The energy at high spatial frequencies in 
the normalized power spectra was higher for MIITRA-0.5mm compared to other T1w templates. 

Fig. 4. (A) Axial slices of FA maps of the MIITRA-0.5mm, Oxford-MM-0, ICBM81 and IXI aging v2.0 DTI templates. (B) Normalized power spectra for the anterior- 
posterior (AP), left-right (LR), and superior-inferior (SI) axes of all of FA templates. The energy at high spatial frequencies in the normalized power spectra of FA maps 
from MIITRA-0.5mm was higher compared to other DTI templates. 
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precision achieved for T1w data from Dataset 2 when using different 
templates as reference, the MIITRA-0.5mm T1w template resulted in 
higher average PNCC of normalized T1w data (p<0.05) (Fig. 5A), higher 

average pairwise JI of normalized gray matter masks (p<0.05) (Fig. 5B), 
the second highest average pairwise JI of normalized white matter 
masks (p<0.05), and higher average pairwise JI of ventricle masks 

Fig. 5. Boxplots of the (A) pairwise normalized cross-correlation (PNCC), (B) pairwise Jaccard index (JI) of gray matter masks, (C) pairwise JI of white matter masks, 
and (D) pairwise JI of ventricle masks from spatially normalized older adult T1w images of Dataset 2 when using different T1w templates as references. 

Fig. 6. Histograms of the relative number of white matter voxels at different values of (A) average pairwise Euclidean distance of tensors (DTED) and (B) coherence 
of primary eigenvectors (COH) across spatially normalized older adult DTI data of Dataset 2 when using different DTI templates as references. 
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(p<0.05) (Fig. 5D) compared to all other T1w templates. These findings 
demonstrate that the MIITRA-0.5mm T1w template provided higher 
inter-subject spatial normalization precision for older adult T1w data 
from Dataset 2 compared to other templates especially in gray matter 
and the ventricles. 

In terms of the intra-modality inter-subject spatial normalization 
precision achieved for DTI data from Dataset 2 when using different 
templates as reference, the MIITRA-0.5mm DTI template resulted in a 
higher number of white matter voxels with lower DTED (p<10− 10) 
(Fig. 6A), and a higher number of white matter voxels with higher COH 
(p<10− 10) (Fig. 6B) compared to all other DTI templates. These results 
demonstrate that the MIITRA-0.5mm DTI template provided higher 
inter-subject spatial normalization precision for older adult DTI data 
from Dataset 2 compared to other templates. 

In terms of the inter-modality intra-subject spatial matching ach
ieved for T1w and DTI data of Dataset 2 when different multimodal 
templates are used as reference, the MIITRA-0.5mm T1w and DTI tem
plates resulted in higher average JI between white matter masks trans
formed to template space using T1w transformations and the same masks 
transformed to template space using DTI transformations, compared to 
all other multimodal templates (p<0.05) (Fig. 7). The same was true for 
gray matter masks and ventricle masks. These findings demonstrate that 
the MIITRA-0.5mm T1w and DTI templates provided higher inter- 
modality intra-subject spatial matching for older adult data from Data
set 2 compared to other multimodal templates. 

3.3. Impact of spatial normalization precision on the ability to detect 
small inter-group differences 

Power analysis showed that use of the MIITRA-0.5mm T1w template 
as a reference for spatial normalization of older adult T1w data allows 
detection of smaller inter-group morphometric differences in gray 
matter, compared to other T1w templates. This was demonstrated in 
Fig. 8A as a higher number of gray matter voxels with cooler colors and a 
lower number of voxels with warmer colors when using the MIITRA- 
0.5mm T1w template. Also, the cumulative distribution of the mini
mum detectable inter-group morphometric differences was significantly 
shifted to the left for the MIITRA-0.5mm T1w template compared to 
other T1w templates (p<10− 10 in all cases) (Fig. 8B). 

A separate power analysis showed that use of the MIITRA-0.5mm DTI 
template as a reference for spatial normalization of older adult DTI data 
allows detection of smaller inter-group FA differences in white matter, 
compared to other DTI templates. This was demonstrated in Fig. 9A as a 
higher number of white matter voxels with cooler colors and a lower 

number of voxels with warmer colors when using the MIITRA-0.5mm 
DTI template (Fig. 9A). Also, the cumulative distribution of the mini
mum detectable inter-group FA differences was significantly shifted to 
the left for the MIITRA-0.5mm DTI template compared to other DTI 
templates (p<10− 10 in all cases) (Fig. 9B). 

3.4. Comparison of templates in terms of their representativeness of the 
brain of non-demented older adults 

When registering older adult T1w data from Dataset 2 to the MIITRA- 
0.5mm T1w template a higher number of voxels exhibited an average 
log-Jacobian determinant near zero compared to registration to other 
high resolution T1w templates, namely MCALT v1.4, ICBM2009b Asym, 
Colin27 and HCP-1200 (p<10− 10 in both expansion and contraction) 
(Fig. 10). This suggests that MIITRA-0.5mm T1w template is more 
representative of the older adult T1w data of Dataset 2 than other high 
resolution templates. Only the lower resolution templates (MIITRA- 
1mm-2021 and Oxford-MM-0) resulted in less deformation (p<10− 10) 
because their larger voxels limit local deformations (not a fair compar
ison). Among DTI templates, MIITRA-0.5mm was the only high resolu
tion DTI template, yet it required lower average deformation of older 
adult data than even the lower resolution ICBM81 and IXI v2.0 DTI 
templates (p<10− 10 in both expansion and contraction) (Fig. 11). Only 
Oxford-MM-0 DTI template required even less deformation (p<10− 10) 
but again templates with larger voxels limit local deformations (not a 
fair comparison). These findings suggest that MIITRA-0.5mm DTI tem
plate is representative of the non-demented older adult data of Dataset 2. 

4. Discussion 

The present work constructed high quality 0.5 mm isotropic reso
lution multimodal T1w and DTI templates of the brain of non-demented 
older adults in a common space using advanced multimodal template 
construction techniques and principles of super resolution on data from 
a large, diverse, community cohort of 400 non-demented older adults. It 
was demonstrated that the new MIITRA-0.5mm T1w and DTI templates 
are well-matched in space, exhibit good definition of brain structures, 
including fine structures, exhibit higher image sharpness than other 
standardized templates, and are free of artifacts, all essential pre
requisites for precise spatial normalization when used as references. 
Indeed, the MIITRA-0.5mm T1w and DTI templates allowed higher intra- 
modality inter-subject spatial normalization precision as well as higher 
inter-modality intra-subject spatial matching of non-demented older 
adult T1w and DTI data compared to other available standardized 

Fig. 7. Boxplots of the Jaccard index (JI) between older adult white matter/gray matter/ventricle masks of Dataset 2 transformed to the space of multimodal 
templates using T1w transformations and the same masks transformed to template space using DTI transformations. 
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templates. Consequently, MIITRA-0.5mm templates allowed detection 
of smaller inter-group differences for older adult data compared to other 
templates. Lastly, the MIITRA-0.5mm templates were shown to be most 
representative of the brain of non-demented older adults compared to 
other templates with submillimeter resolution. The new templates 
constructed in this work constitute two of the final products of the 
MIITRA atlas project and are anticipated to have important implications 
for the sensitivity and precision of studies on older adults. They are 
available for download at www.nitrc.org/projects/miitra. 

In MIITRA-0.5mm T1w and DTI templates, major structures of the 
older adult brain were well-defined and free of artifacts, fine structures 
were well-resolved, image sharpness was higher than that of other 
standardized templates, and brain T1w and DTI features were well- 
matched in space. A number of factors led to these characteristics. 
Using good quality raw data in combination with a state-of-the-art 

iterative multimodal template construction approach resulted in pre
cise spatial alignment of the raw data across participants reducing 
blurring, as well as in precise spatial alignment across modalities 
enhancing spatial matching of the final templates (Wu et al., 2022). 
Combining all transformations into one, forward mapping signals from 
raw space to exact physical locations in template space, and applying 
multiple image super resolution principles minimized interpolations 
thereby further reducing blurring, and revealed fine brain details (Niaz 
et al., 2022). The use of a patch-based sparse representation data fusion 
technique instead of simple averaging also reduced blurring by dimin
ishing the contribution of any misregistered structures to the final 
templates (Ridwan et al., 2021b; Shi et al., 2014) (Appendix 1 generated 
a 0.5 mm T1w template ignoring most of the above steps of the template 
construction approach and demonstrates the important value of these 
steps). Overall, the approach used in this work resulted in multimodal 

Fig. 8. (A) Maps and (B) cumulative distributions of the minimum detectable inter-group morphometric differences in gray matter when using different T1w 
templates as references, according to a power analysis in older adult T1w data from Dataset 2. 
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templates possessing characteristics that are important for precise 
inter-subject and inter-modality spatial normalization of older adult 
data when these templates are used as references. 

As expected, the MIITRA-0.5mm T1w and DTI templates provided 
higher intra-modality inter-subject spatial normalization precision as 
well as higher inter-modality intra-subject spatial matching of non- 
demented older adult T1w and DTI data compared to other available 
standardized templates. The same conclusion can be extended for the 
performance of the MIITRA-0.5mm T1w template in comparison to 
several other available T1w templates that were not considered here, 

because MIITRA-0.5mm outperformed MIITRA-1mm-2021 which was 
recently shown to outperform approximately 20 other known templates 
(see Ridwan et al., 2021a). By providing higher spatial normalization 
precision, the MIITRA-0.5mm T1w and DTI templates can lower vari
ability in univariate and multivariate voxel-wise analyses, thereby 
enhancing the sensitivity and specificity of neuroimaging studies of the 
older adult brain (Hsu et al., 2015; Ridwan et al., 202la; Zhang and 
Arfanakis, 2018). Direct evidence of this was the finding that the 
MIITRA-0.5mm templates allowed detection of smaller inter-group dif
ferences compared to other templates. Detecting small brain changes 

Fig. 9. (A) Maps and (B) cumulative distributions of the minimum detectable inter-group FA differences in white matter when using different DTI templates as 
references, according to a power analysis in older adult DTI data from Dataset 2. 
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and doing so at submillimeter resolution is of particular interest in 
studies of aging as early brain abnormalities are naturally small, and for 
several devastating age-related diseases these abnormalities begin in 
small-sized brain structures. 

The MIITRA-0.5mm T1w and DTI templates were more representa
tive of the brain of non-demented older adults than other high resolution 
templates. This was due to the large, diverse, community cohort of 
exclusively older adults that the new templates are based on, the con
struction of an initial unbiased template which helped to avoid bias to 
any individual anatomy or pre-selected template, and in general due to 
the iterative multimodal template construction approach used. Several 
of the other templates were built using not only data on older adults but 
also data on middle-aged and young adults and were therefore naturally 
less representative of the older adult brain, requiring larger de
formations for spatial normalization of older adult data. This finding is 
important for studies of the older adult brain because use of a 

representative template can enhance image registration and increase the 
accuracy of downstream quantification and analysis (Fonov et al., 2011; 
Good et al., 2001; Senjem et al., 2005; Yoon et al., 2009). Finally, it 
should be stressed here that the amount of deformation required for 
spatial normalization can only be compared across templates of the same 
resolution as templates with larger voxels limit local deformations by 
default and therefore a comparison across resolutions is not meaningful. 

In addition to the multiple strengths of the present work, there are 
also a few caveats. First, the template construction process used for the 
development of the MIITRA-0.5mm T1w and DTI templates is compu
tationally expensive and time consuming. However, since the MIITRA- 
0.5mm templates are standardized i.e. constructed only once and 
made available for use in multiple studies, no further investment of re
sources or time is needed. Second, the performance of the MIITRA- 
0.5mm T1w template was compared to only 6 other popular templates 
while several other T1w templates have been developed over the last two 

Fig. 10. (A) Maps and (B) histograms of the average log-Jacobian determinant of the deformation of older adult T1w images from Dataset 2 for registration to 
different T1w templates. 
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decades. However, an exhaustive comparison recently demonstrated 
that MIITRA-1mm-2021 had superior performance than several other 
templates (Ridwan et al., 2021a), and in the present work 
MIITRA-0.5mm outperformed MIITRA-1mm-2021, therefore it is not 
necessary to duplicate those comparisons. Third, the T1w and DTI data 
utilized for template construction did not have 0.5 mm isotropic reso
lution because such data is currently unavailable due to obvious tech
nical limitations that are accentuated when it comes to imaging a large 
number of older adults. The same limitation is true however for all other 
available 0.5 mm isotropic resolution templates. Fourth, even though 
the cohort that participated in the construction of the MIITRA templates 
was more diverse than that of other popular templates (e.g. the sample 
in ICBM2009b was ~90% white) diversity needs to be further enhanced 
in our sample and efforts are underway to do exactly that (especially for 
Latino and Asian representation). Finally, in the present study spatial 
normalization was evaluated using state-of-the-art registration algo
rithms and older adult data of typical quality for studies of aging. Future 
work should consider other registration algorithms as well as data with 
different image quality. 

5. Conclusion 

The new MIITRA-0.5mm T1w and DTI templates are of high quality, 
have submillimeter resolution, and were constructed in a common space 
using advanced multimodal template construction techniques and 
principles of super resolution on data from a large, diverse, community 
cohort of non-demented older adults. The new MIITRA-0.5mm tem
plates allowed higher inter-subject and inter-modality spatial matching 
of non-demented older adult T1w and DTI data compared to other 
available templates. Thus, MIITRA-0.5mm allowed detection of smaller 
inter-group differences for older adult data compared to other tem
plates. Furthermore, the MIITRA-0.5mm templates were shown to be 
most representative of the brain of non-demented older adults compared 
to other templates with submillimeter resolution. The new templates 
constructed in this work constitute two of the final products of the 
MIITRA atlas project and are anticipated to have important implications 
for the sensitivity and precision of studies on older adults. 
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