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Abstract

The inconsistency of volumetric results often seen in MR neuroimaging studies can be partially attributed to small sample
sizes and variable data analysis approaches. Increased sample size through multi-scanner studies can tackle the former, but
combining data across different scanner platforms and field-strengths may introduce a variability factor capable of masking
subtle statistical differences. To investigate the sample size effect on regression analysis between depressive symptoms and
grey matter volume (GMV) loss in Alzheimer’s disease (AD), a retrospective multi-scanner investigation was conducted.
A cohort of 172 AD patients, with or without comorbid depressive symptoms, was studied. Patients were scanned with
different imaging protocols in four different MRI scanners operating at either 1.5 T or 3.0 T. Acquired data were uniformly
analyzed using the computational anatomy toolbox (CAT12) of the statistical parametric mapping (SPM12) software. Sin-
gle- and multi-scanner regression analyses were applied to identify the anatomical pattern of correlation between GM loss
and depression severity. A common anatomical pattern of correlation between GMYV loss and increased depression severity,
mostly involving sensorimotor areas, was identified in all patient subgroups imaged in different scanners. Analysis of the
pooled multi-scanner data confirmed the above finding employing a more conservative statistical criterion. In the retrospec-
tive multi-scanner setting, a significant correlation was also exhibited for temporal and frontal areas. Increasing the sample
size by retrospectively pooling multi-scanner data, irrespective of the acquisition platform and parameters employed, can
facilitate the identification of anatomical areas with a strong correlation between GMV changes and depression symptoms
in AD patients.

Keywords Sample size - Neuroimaging - Regression - Alzheimer’s disease - Depression

4 Efstratios Karavasilis Second Department of Neurology, University
stratoskaravasilis @yahoo.gr General Hospital ‘Attikon’, Medical School, National
and Kapodistrian University of Athens, Athens, Greece
Second Department of Radiology, University 6
General Hospital ‘Attikon’, Medical School,
National and Kapodistrian University of Athens, 19
Papadiamantopoulou Street, Athens, Greece

Department of Radiology, 424 General Military Hospital,
Thessaloniki, Greece

Division of Clinical Neurosciences, Department
of Pediatrics, University of Tennessee Health Science Center,

Department of Medical Physics, Medical School, Democritus Memphis, USA

University of Thrace, Alexandroupolis, Greece
3 Department of Anatomy and Neurobiology, University
3rd Age Day Care Center IASIS, Glyfada, Greece of Tennessee Health Science Center, Memphis, USA
First Department of Neurology, Aeginition Hospital, Medical 9
School, National and Kapodistrian University of Athens,

Athens, Greece

Neuroscience Institute, Le Bonheur Children’s Hospital,
Memphis, USA

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s13246-019-00758-1&domain=pdf

564

Australasian Physical & Engineering Sciences in Medicine (2019) 42:563-571

Introduction

Advanced magnetic resonance (MR) neuroimaging tech-
niques are increasingly used to aid clinicians in estimat-
ing the effect of aging in healthy control groups [1-4],
as well as in the early or differential diagnosis of sev-
eral neurodevelopmental or neurodegenerative disorders,
including schizophrenia, epilepsy, multiple sclerosis,
and Alzheimers’ disease (AD) [5-10]. One of the most
prominent contributions of MR neuroimaging is volumet-
ric assessment, often used for the detection of brain vol-
ume alterations in clinical groups and in the identification
of correlations between volumetric changes and clinical
indices. The employed analysis technique is called voxel-
based morphometry (VBM) and is based on the statistical
parametric mapping of three-dimensionally (3D) acquired,
high resolution, T1-weighted MR images. The inconsist-
ency of results often reported in the literature partially
originates from the use of small sample sizes [11]. This
limitation cannot be always overcome by the optimization
of the acquisition protocol and the fine-tuning of the post-
processing analysis and, thus, the multi-scanner approach
offers an attractive alternative [11].

Prospective, multi-scanner studies, however, necessitate
a well-conceived and executed research design, hindering
their practical implementation. Nevertheless, 3D, high res-
olution, T1-weighted images are routinely used, regardless
of the specific scanner and imaging protocol employed, for
global or focal gray matter volumetry in patients with neu-
rodevelopmental or neurogenerative disorders. This point,
along with the fact that quantitative neuropsychological
assessment is usually performed in these patients, suggest
that the creation of an appropriate retrospective “multi-
scanner” dataset can constitute a realistic alternative in the
investigation of subtle VBM differences and their correla-
tion to neuropsychological indices.

With the advantage of retrospectively pooling multi-
scanner data to expand the sample size come important
drawbacks. It is widely accepted that experimental vari-
ance in quantitative MR imaging studies increases when
data are acquired by multiple scanners and protocols [11,
12]. Different scanner platforms and static magnetic field
strengths, field inhomogeneities, type of receiving coils,
variation in patient positioning and geometry distortions
due to non-linear gradients are some of the factors which
have been considered as sources of variance in multi-
scanner studies [13—15]. A phantom-based quality con-
trol procedure, as well as the scanning of a small group
of volunteers in all available MR scanners, have been
suggested [15] as methodological strategies to calibrate
multi-scanner studies. However, conducting such strate-
gies is a complex and time-consuming undertaking. On
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the other hand, MR scanner related inherent variations are
averaged out in the multi-scanner setting, whilst the effect
of systematic or random errors associated with a single
scanner is minimized.

The current study focuses on the potential correlations
between grey matter volume (GMYV) and depression symp-
toms in AD patients. To investigate how the sample size
affects the outcome of regression analysis between gray
matter loss and severity of comorbid depression, for which
the neuroanatomical substrate is still debatable [16], we ret-
rospectively studied a cohort of 151 AD patients with and
without depression. Patients were scanned with different
imaging protocols in four different MRI scanners operating
at either 1.5 T or 3.0 T. Whole brain regression analysis of
single- and multi-scanner datasets was employed to identify
anatomical areas of correlation between severity of depres-
sion symptomatology and grey matter volume loss.

Methods
Participants

One hundred seventy two (172) AD patients with and with-
out comorbid depression were initially registered in this
retrospective study. The patients were recruited from an
outpatient Memory clinic and a Day Care Center for 3rd
Age. The inclusion criteria were (a) clinical diagnosis of
AD according to established National Institute on Aging/
Alzheimer’s Association (NIAA) criteria [17] (b) Greek
as native language and (c) Mini Mental State Examination
(MMSE) score > 17 (since individuals with an MMSE score
lower than 15 may be regarded as non-reliable in self-assess-
ment tests [18-20]). Participants were excluded if they had
a premorbid central nervous system disorder, if they had a
premorbid major depression or other significant psychiatric
disorder as defined by the Diagnostic and Statistical Manual
of Mental Disorders [21] and if they had an active or current
alcohol, drug or other controlled substance abuse history.
Informed consent to participate in the study was obtained
from all participants. The study was conducted in compli-
ance with the regulations of the local ethics committee and
in accordance with the ethical standards laid down in the
1964 Declaration of Helsinki and its later amendments.

Neurocognitive and neuropsychiatric assessment

Depression was evaluated using the Geriatric Depression
Scale (GDS) [22] for participants older than 65 years old and
the Zung Depression Scale [23] for participants up to the age
of 65 years (n=19). GDS was also administered to patients
younger than 65 years old to facilitate correlation with neu-
roimaging data. A GDS score of <10 is considered as the
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cut-off point for depression (mild depression: 10—19; severe
depression: 20-30). With regard to the Zung Depression
Scale, a score equal to or higher than 50 indicates depres-
sion (mild: 50-59, moderate: 60—69, severe > 70). Cognitive
assessment included the Addenbrooke’s Cognitive Exami-
nation Revised (ACE-R) [24], the Frontal Assessment Bat-
tery [25], the Clock Drawing Test [24] and verbal fluency
(animals and words/min). For the purpose of the current
neuroimaging analysis, only the ACE-R and GDS results
were considered.

MRI data acquisition protocol

All participants underwent a brain MRI exam as part of
their routine clinical evaluation within one month from the
time of neurocognitive and neuropsychiatric assessment.
In all cases, the brain MRI protocol included a 3D, high
spatial resolution T1-weighted (3D HR-T1) gradient echo
pulse sequence for the acquisition of detailed anatomical
images. MRI scans were performed in four different MR
scanners. Therefore, acquisition parameters varied depend-
ing on the MR scanner and exact protocol used. Neverthe-
less, all employed acquisition protocols met the minimum
requirements for obtaining images suitable for VBM analysis
(reconstructed voxel size<1.2 mm X 1.2 mm X 1.2 mm). The
main acquisition/reconstruction parameters and the corre-
sponding static magnetic field strengths are given in Table 1.
All acquired images were screened by an experienced neuro-
radiologist using standard neuroradiological criteria for the
detection of pathologies or abnormalities, including white
matter hyperintensities, and the presence of image artifacts
(e.g., due to gross motion).

MRI data preprocessing

Volumetric analysis was performed using the computational
anatomy toolbox (CAT12), a toolbox of statistical paramet-
ric mapping (SPM12; Wellcome Department of Cognitive
Neurology, https://www.fil.ion.ucl.ac.uk/spm/software/
spm12) implemented on MATLAB R2015b (The Math-
Works, Natick, USA). All 3D-HR T1 images were initially
segmented into GM, white matter (WM) and cerebrospinal

fluid, and then were normalized using Diffeomorphic Ana-
tomical Registration Through Exponentiated Lie Algebra
(DARTEL). For registration purposes, six iterations and
an existing DARTEL template in MNI space, derived from
555 healthy controls of the IXI-database (https://www.brain
-development.org), were employed. During this registration
procedure, local GM and WM volumes are conserved by
modulating the image intensity of each voxel by the Jacobian
determinants of the computed deformation fields. Registered
image and preprocessing parameters exported were quantita-
tively assessed and data with weighted overall quality meas-
ure (IQR) lower than C+ were excluded from further analy-
sis. The remaining normalized and modulated GM images
were smoothed with an 8 mm full-width-at-half-maximum
isotropic Gaussian kernel via a standard module of SPM.

Anatomical region volumes were calculated using script
get_totals.m (developed by Ged Ridgway), VBM12 and
WFU_Pickatlas MATLAB toolboxes, according to the fol-
lowing steps: (1) Masks of the anatomical region of interest
were created using WFU_Pickatlas toolbox (https://www.
Fmri.wfubmc.edu); (2) the masks’ voxel size was interpo-
lated to the voxel size of the modulated normalized seg-
mented data using co-register (re-slice) module of SPM12;
(3) volumes of anatomical regions of interest were calculated
using script get_totals.m.

Statistical analysis

Pre-processed images were fed into SPM12 statistical mod-
els. Whole-brain correlation analysis between GM volume
and GDS was performed using the “multiple regression”
design function of SPM12. To this purpose, GDS was used
as covariate of interest, whilst age, gender, years of educa-
tion, total intracranial volume (TIV), age onset and ACE-R
were used as confounding variables to account for any poten-
tially contributing effect on the pattern of focal GM changes
[26-28]. The above statistical design was performed for (1)
participants scanned in each MRI scanner separately, (2) all
study participants independent of MRI scanner, (3) partici-
pants scanned at 1.5 T scanners only and (4) participants
scanned at 3.0 T scanners only. In cases (2), (3) and (4), the
MRI scanner was used as a control covariate.

Table 1 Acquisition parameters

#of MR TR/TE(ms) Flip angle (°) Acquisition matrix Acquired/recon- Static magnetic
and field strength of scanners scanner structed slice thickness field strength
employed (mm) (Tesla)

1 9.3/3.7 15 320%320 1.4/0.7 1.5

2 18/4.9 25 256 %200 1.0/1.0 3.0

3 7.1/3.1 15 256 x224 1.4/0.7 1.5

4 9.9/3.7 7 256 %237 1.0/1.0 3.0

MR magnetic resonance, TR repetition time, TE echo time, ms milliseconds, mm millimeters
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The statistical threshold was set at p<0.05, applying fam-
ily-wise error (FWE) correction for multiple comparisons.
A more liberal criterion was also applied (p <0.001 uncor-
rected, extended threshold: expected voxels per cluster).
Anatomical regions of interest covering the entire volumes
of clusters were defined using the WFU PickAtlas tool of
SPM [29, 30] and Automated Anatomical Labeling (AAL)
[31].

Results
Demographic and clinical data of participants

Twenty one MR image datasets of both depressed and non-
depressed AD patients were excluded from the analyzed
sample due to the presence of abnormalities and/or severe
artifacts (qualitative assessment by the neuroradiologist) or
because of inadequate image quality (IQR < C+, quantitative
assessment by the CAT12 toolbox). Table 2 presents demo-
graphic data and clinical characteristics for the four groups
scanned in the four different MR scanners.

Regression analysis

A common anatomical pattern of correlation between GM
volume loss and increased GDS score, mostly involving
sensorimotor areas, was identified in all patient subgroups
imaged at different scanners (Fig. 1a). Additionally, whole
brain regression analysis revealed significant correlations
in several frontal, temporal, cerebellar and basal ganglia
structures in some but not all scanner subgroups (Table 2).

When combining imaging data from all scanners, the
detected correlation pattern of GM volume loss and comor-
bid depression severity confirmed the above findings and
appeared to extend towards the temporal and frontal lobes
(Fig. 1b). Furthermore, enlargement of the sample size

clearly promotes statistical significance, since thalamic and
sensorimotor clusters survived FWE correction at p <0.05
in the combined analysis of the total study cohort (Table 3).

Figure 2 highlights the correlation between GM volume
loss and increased GDS score for the patient subgroups
scanned at 1.5 T (a) and 3.0 T (b), respectively. A common
anatomical pattern of strong correlation, mainly involving
sensorimotor areas and bilateral thalamus, was revealed in
both subgroups. However, regression analysis of the 1.5 T
dataset also exhibited significant correlations in frontal,
temporal and cerebellar areas, as well as in the right insula,
while a significant correlation for the 3.0 T dataset was
shown in occipital areas (Table 3).

Table 4 presents the anatomical regions, per scanner,
for which GMV loss was associated with increased GDS.
Results from various scanners are compatible, although
between-scanner variations, also resulting from unmatched
patient cohorts, are noticeable.

Discussion

The main goal of this study was to increase the sample size
by retrospectively pooling multi-scanner neuroimaging data,
regardless of acquisition field strength and imaging param-
eters, to facilitate the identification of brain areas with a
significant correlation between depressive symptoms sever-
ity and brain atrophy in AD. To this purpose, whole brain
regression analysis models were applied without a priori
theoretical preconceptions as to what brain regions might
be affected. Multi-scanner outcomes were compared against
single-scanner and single-field findings. Current results sug-
gest that the practical approach of employing large-sample,
multi-scanner analysis is more robust to identify brain areas
with correlation between GM loss and depression severity,
compared to the analysis of a relatively more homogeneous
and optimized, yet smaller, dataset acquired from a single

Table 2 Demographic data and

o o X Variables MRI scanner Statistics

clinical characteristics of patient

groups analyzed 1 (n=38) 2 (n=61) 3 (n=28) 4 (n=24)
Age (y) 71.7+9.1 74.2+8.2 74.7+6.7 76.1+6.5 ns
Gender (M/F) 8/30 20/41 10/18 3121 ns
Education (y) 11.7+3.8 10.2+4.3 11.5+4.1 8.6+52 F=3.135; p=0.027*
ACE-R 67.0+12.7 62.8+13.1 69.4+10.6 58.9+9.4 F=4.205; p=0.007"
Age onset 68.2+9.8 71.8+8.6 72.0+6.8 73.2+7.0 ns
GDS 6.3+5.4 7.7+6.0 64+55 74+6.1 ns
Depression (N/Y) 30/8 41/20 19/9 18/6 ns

n number of patients, y years, M/F male/female, ACE-R Addenbrooke’s Cognitive Examination Revised,
GDS Geriatric Depression Scale, N/Y no/yes, ns non-significant at p < 0.05

2 MRI 1 >MRI 4 (p=0.006); MRI 3>MRI 4 (p=0.017)
® MRI 1>MRI 4 (p=0.011); MRI 3>MRI 2 (p=0.018); MRI 3> MRI 4 (p=0.002)
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Fig. 1 Association between grey matter volume loss and Geriatric
Depression Scale score for a individual scanner subgroups (p <0.001,
uncorrected, extended threshold: k=75 (MRI 1), k=88 (MRI 2),

MR scanner or a limited number of scanners operating at the
same field strength.

In the context of MR neuroimaging research, between-
center variations are likely to include the use of different
scanner manufacturers, models and releases, coil con-
figurations, field inhomogeneity levels and acquisition
or reconstruction parameters inherent to individual scan-
ners [32, 33]. Inevitably, these variations could extenuate
subtle statistical differences. Indeed, inter-scanner studies
report major inconsistencies in volumetric measurements
across different scanners [34, 35]. Discrepancies between
results reported in single-scanner studies can be attributed
to small sample sizes, specific group clinical characteris-
tics and medications, inherent scanner-related artifacts, as
well as to variable preprocessing parameter settings and
analysis methods. Additionally, acquisition magnetic field
strength may introduce a considerable bias in volumetric
measurements [36, 37], also due to RF transmission field
inhomogeneity which enhances signal and contrast non-
uniformity in the resulting images [38]. Previous studies
have detected total GM and WM volume differences [36,
37], as well as regional differences [38, 39]. Regarding
total GM and WM volumes, this study didn’t reveal any
significant differences between patients scanned at 1.5 T

Lk

k=73 (MRI 3), k=59 (MRI 4) voxels) and b all participants inde-
pendent of MRI scanner used (p <0.05, FWE-corrected)

compared to those scanned at 3.0 T. The 1.5 T group, how-
ever, exhibited a wider range of anatomical regions with
significant correlation, compared to the 3.0 T group, whilst
the relevant anatomical pattern better matched that of the
total patient cohort.

The well documented inter-scanner variation in volumet-
ric measurements is comparable to that corresponding to
within-scanner measurements [15]. Specifically, significant
within-scanner volumetric deviations have been found in
repetitive measurements of the same subject in the same
MR scanner [35]. This compromised reproducibility can be
attributed to system-related factors, such as variable shim-
ming and resonance frequency optimization settings, and/
or subject-related factors, including non-identical subject
positioning that affects magnetic field homogeneity. In this
sense, a multi-scanner approach does not necessarily lead
to an increase in the observed deviation between measured
volumes. On the other hand, current results highlight that
the increase in sample size associated with a multi-scanner
analysis has a positive outcome in the achieved statistical
confidence. As shown in Table 3, a distinct anatomical pat-
tern with correlations, mainly involving sensorimotor and
thalamic regions, survived after correction for multiple
comparisons.
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Table 3 Anatomical regions

for which reduced gray matter
volume was associated with
increased Geriatric Depression
Scale score in all participants,
in individual scanner subgroups,
as well as at different magnetic
field strengths

Anatomical labeling

MRI scanners

15T 30T

All

—

Thalamus_R

Thalamus_L
Postcentral_R
Postcentral_L
Precentral_R
Precentral_L
Supp_Motor_Area_R
Supp_Motor_Area_L
Paracentral_Lobule_R
Paracentral_Lobule_L

\/*
\/*
\/*
\/*
\/*
\/*
\/*
\/*
\/*
\/*

Frontal_Sup_Med_R
Frontal_Sup_Med_L
Frontal_Sup_R
Frontal_Sup_L
Frontal_Mid_R
Frontal_Med_Orb_R
Frontal_Med_Orb_L
Frontal_Sup_Med_R
Temporal_Sup_R

LR R X

Temporal_Sup_L
Temporal_Mid_R
Temporal_Mid_L
Temporal_Pole_Sup
Cingulum_Mid_R
Cingulum_Ant_R

=

Insula_R

Putamen_R
Cerebellum_Crus1_R
Cerebellum_Crus2_R
Cerebellum_4_5_R
Cerebellum_9_R
Occipital Mid L
Occipital Sup L

*
*

U S N

< L

*

L LSRN
S S S
LR L
<L Rk

<_

<<

L=l =<

< =0 <

\/
\/

Checkmark symbol denotes significance at p<0.001, uncorrected (extended threshold: k=75 (MRI 1),
k=88 (MRI 2), k=73 (MRI 3), k=59 (MRI 4), k=90 (1.5 T), k=96 (3.0 T) voxels), whilst star symbol
denotes significance at p <0.05, FWE-corrected

L/R left/right, Supp_Motor_Area supplementary motor area, Sup superior, Mid middle, Med medial, Ant

anterior, Orb orbital

The robustness of the followed multi-scanner approach is
not solely based on the higher level of statistical significance
attained, but it is also supported by the identification of addi-
tional areas with significant correlations. Multi-scanner data
analysis revealed anatomical regions of significant corre-
lation between GM volume loss and depression severity,
which were not identified in single-scanner or single-field
analyses. The detected areas, mainly involving mediofrontal
and orbitofrontal cortex, right insula and right cerebellar
crus, have also been identified as regions prone to volume
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reduction in late life depression [40, 41]. In addition, an
increased sample size, by means of a multi-scanner dataset,
seems to minimize the risk of false positive findings result-
ing from single-scanner related effects in volumetric regres-
sion analysis. As evidenced in Table 3, the involvement of
temporal and limbic regions mainly detected in a specific
single-scanner (#3) analysis was not confirmed by other
single-scanner or multi-scanner analyses. Although ACE-R
score was treated as a confounding variable, it is postu-
lated that this finding is partly related to the relatively high
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Fig.2 Association between grey matter volume loss and Geriatric
Depression Scale score for patients scanned at a 1.5 T magnetic field

strength (p<0.001, uncorrected, extended threshold k=90 voxels)

Table4 Volumes (ml) of
anatomical regions for which
reduced gray matter volume
was associated with increased
Geriatric Depression Scale
score in all participants for each
scanner

and b 3.0 T magnetic field strength (p <0.001, uncorrected, extended
threshold k=96 voxels)

Anatomical labeling

Volumes (ml) in each MRI scanner

#1 #2 #3 #4
Thalamus_R 3.94+0.51 3.66+0.59 3.52+0.26 3.04+£0.67
Thalamus_L 3.83+0.57 2.87+0.66 3.43+0.64 3.47+0.48
Postcentral_R 8.21+0.75 7.56+1.19 7.88+0.98 7.81+1.11
Postcentral_L 9.08+0.97 8.11+1.09 8.68 +1.32 8.38+0.99
Precentral_R 7.61+0.76 6.57+1.17 7.15+1.14 7.33+1.08
Precentral_L 8.54+1.13 7.43+1.23 8.05+1.43 7.89+1.18
Supp_Motor_Area_R 6.24+0.84 5.66+0.93 6.00+1.16 5.70+0.87
Supp_Motor_Area_L 5.04+0.60 4.62+0.76 4.97+0.90 4.79+0.75
Paracentral_Lobule_R 2.05+0.32 1.81+£0.32 1.90+0.36 1.83+0.35
Paracentral_Lobule_L 3.00+0.50 2.43+0.57 3.06+0.61 2.96+0.47
Frontal_Sup_R 9.35+1.33 8.41+1.51 9.13+1.53 8.51+1.20
Frontal_Mid_R 12.78 +1.68 12.27+1.96 12.16 £ 1.68 12.09+2.12
Temporal_Sup_R 6.98+0.90 7.24+0.95 7.05+1.05 7.13+1.27

Only the anatomical regions which survived the statistical threshold of p=0.05 FWE corrected or were
detected as statistical significant (p <0.001 uncorrected) in at least two MRI scanners are shown

L/R left/right, Supp_Motor_Area supplementary motor area, Sup superior, Mid middle, Med medial, Ant

anterior, Orb orbital
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cognitive outcome of this specific patient group (Table 2). In
any case, the employment of multi-scanner data averages out
different scanner effects, thus attenuating potential single-
scanner bias or systematic error [11].

This work provides evidence that multi-institution and
multi-scanner morphometric data can be of some interest,
even when they are acquired without using an optimized
imaging protocol and a standardized procedure as in the Alz-
heimer’s disease neuroimaging initiative (ADNI) study [42,
43]. Although the considerable differences between systems
may render pooling absolute measures and ratios problem-
atic [32], current results suggest that correlation indices
are comparable across different systems and protocols. It
is inevitable, however, that variations in imaging settings
or parameters will adversely affect multi-scanner results
under certain circumstances. In such a case, one may use
a phantom or a small common cohort, if feasible, to unveil
specific scanners or institutions that may be responsible for
significant data variability. Such an approach could allow
identification of inconsistent data, whilst if a suitable phan-
tom is utilized, post-imaging processing could be employed
to eliminate geometric distortions.

Several caveats of the current study are noteworthy.
Despite the adopted cut-off MMSE value of 17, the fact that
the depression tests employed are self-assessment surveys
adds significant variance. Although visual and quantitative
quality control of imaging data was performed, we were not
able to directly validate scanner-related parameters, such
as magnetic field homogeneity and gradient linearity. No
attempt was made to control for the effect of antidepressant
or other medications. Since however medications were too
diverse in the studied cohort, a rigorous statistical evaluation
was impractical. Another limitation is the lack of a single-
scanner study comprising of a large sample of AD patients
with and without depression in order to establish a ground
truth of the neuroanatomical substrate of depression symp-
toms in AD. Nevertheless, our results are consistent with
the findings of another work [44] studying two independent
cohorts, the first one consisting of 41 patients scanned with
the same system and the second one consisting of 148 ADNI
patients imaged at 58 scanners with a standardized protocol
optimized to eliminate between-system inconsistencies. The
authors found that even mild and subsyndromal depression
is associated with cortical thinning in patients with AD and
that depression-related cortical changes mainly included
temporal and parietal regions, also identified in this work.
The involvement of frontal regions, as well as midbrain
and hindbrain structures, demonstrated in the current study
may be partly due to the severity of depressive symptoms
in the studied cohort. The current analyses merely reflect
the greater statistical power of an increased subject cohort.
Nevertheless, this is a retrospective study of heterogene-
ous imaging datasets acquired as part of patients’ routine
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evaluation. To investigate if significant differences exist
among single-scanner groups, either a comparison between
scanner groups in a significantly larger population needs to
be performed or rescans of the same subjects on different
scanners are required.

In conclusion, findings of the current study suggest that
increasing the patient cohort, by retrospectively pooling
multi-scanner data, seems to constitute a practical approach
in MR neuroimaging regression analysis and might be supe-
rior to the single-scanner scheme involving a homogeneous
but limited dataset.
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