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ABSTRACT

BACKGROUND: Neurodegenerative diseases require collaborative, multisite research to comprehensively grasp their
complex and diverse pathological progression; however, there is caution in aggregating global data due to data
heterogeneity. In the current study, we investigated brain structure across stages of Alzheimer’s disease (AD) and
how relationships vary across sources of heterogeneity.

METHODS: Using 6 international datasets (N > 27,000), associations of structural neuroimaging markers were
investigated in relation to the AD continuum via meta-analysis. We investigated whether associations varied across
elements of magnetic resonance imaging acquisition, study design, and populations.

RESULTS: Modest differences in associations were found depending on how data were acquired; however, patterns
were similar. Preliminary results suggested that neuroimaging marker-AD relationships differ across ethnic groups.
CONCLUSIONS: Diversity in data offers unique insights into the neural substrate of AD; however, harmonized pro-
cessing and transparency of data collection are needed. Global collaborations should embrace the inherent het-
erogeneity that exists in the data and quantify its contribution to research findings at the meta-analytical stage.

https://doi.org/10.1016/j.bpsc.2024.07.019

Most neurodegenerative disorders, such as Alzheimer’s dis-
ease (AD), are highly complex and heterogeneous and are
caused by an interplay of many genetic and nongenetic fac-
tors, such as the APOE gene and smoking. These factors
explain the liability to disease within populations and dispar-
ities across populations (1,2). However, the effects of each risk
factor are generally small, which makes them difficult to detect
in typically underpowered neuroimaging studies, which in turn
contributes to the alarming lack of reproducibility within the
field (3-5). This is more accentuated in nonstereotypical sam-
ples (in terms of demographics, ancestral admixture,
geographical regions), which intrinsically defy any systematic
generalization (6). Multisite efforts are needed to achieve the
required sample sizes, but data are difficult to pool together
given the large amount of heterogeneity in the acquisition and
analysis of neuroimaging data. Impressive initiatives, such as
the ADNI (Alzheimer’s Disease Neuroimaging Initiative), try to
solve this by prospectively collecting data within a harmonized
acquisition protocol (7). While valuable, such initiatives are
extremely costly and time consuming and therefore not scal-
able to the sample sizes necessary to study the multifactorial

origins of neurodegenerative diseases. Furthermore, under-
represented regions such as Africa, South America, and Asia
typically have access to different infrastructure, making it un-
realistic that such harmonized data collection will be feasible in
the short term (8). An alternative approach is to accept the
existing measurement heterogeneity and account for it
analytically, which is the basis for the UNITED (Uncovering
Neurodegenerative Insights Through Ethnic Diversity) con-
sortium (9). While this heterogeneity contributes to increased
noise, it also has several benefits that could potentially
outweigh this. First, such inclusive collaborations could dras-
tically increase sample size and thus also statistical power.
Imaging genetics consortia have shown that, despite widely
varying assessments, replicable findings can be obtained
(10-12). Second, finding the same associations across sites
with heterogeneous data collection is supportive of a true
underlying signal, whereas harmonized data collection could
underlie a systematic bias toward scanner and sequence
choice that renders the results less generalizable. Third, this
approach allows for the inclusion of currently underrepre-
sented groups, which leads to more generalizable results as
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well as incorporation of researchers from these regions in
global studies. Furthermore, this large, diverse approach may
have more potential to capture the biological heterogeneity of
the disease. However, the impact of the various layers of
measurement heterogeneity in neuroimaging research has not
yet been systematically studied in a multisite setting.

In the current investigation, we studied more than 27,000
individuals to investigate associations of structural neuro-
imaging markers in groups with AD and mild cognitive
impairment (MCI) in comparison to a group of healthy control
participants (HCs), between individuals with and without a
family history of dementia, and between APOE €4 carriers
versus noncarriers. We assessed whether these relationships
varied across elements of magnetic resonance imaging (MRI)
acquisition; study design, such as processing and analysis
methods; and population groups, such as ethnicity, so that
these insights can be employed for future large collaborative
neuroimaging efforts.

METHODS AND MATERIALS

A schematic overview of the study design is shown in Figure 1.
In short, we included 27,764 individuals from the UKBB (UK
Biobank) (13), ALFA (ALzheimer and FAmilies study) (14), ADNI
(7), NACC (National Alzheimer’s Coordinating Center) (15),
AIBL (Australian Imaging Biomarkers and Lifestyle study) (16),
and WMH-AD (White Matter Hyperintensities in Alzheimer’s
Disease study) (17). All datasets had institutional review board
approval and data sharing consent in place, and except for
ALFA, all are open access datasets. An additional reproduc-
ibility set, ID1000 from the AOMIC (Amsterdam Open MRI
Collection), was used to determine the reproducibility of the
image processing methods (18). This study included cogni-
tively healthy individuals who underwent a short-time test-
retest imaging protocol undertaking that results in 3 T1-
weighted images from 1 session. From this sample, 2725 T1
MRI scans from 927 individuals were included. Methods
related to clinical and imaging acquisition and processing are
described in Table S1 in Supplement 2. Briefly, the diagnoses
were predominantly clinical/research diagnoses and not
biomarker-based diagnoses, with those classified as AD and
MCI having the diagnosis at MRI date. Incident AD indicates a
conversion to AD; these individuals were free of AD at the time
of the MRI date (healthy control or MCI) and received the
classification during follow-up. Descriptive information about
these studies, including population characteristics, is pre-
sented in Table S2 in Supplement 2.

MRI Processing

T1-weighted images were processed to extract volumetric
information using 2 different software packages, FreeSurfer
(version 6.0) (19) and FSL (version 6.0.5.1) (20); these variables
included the total gray matter, total white matter, and 7
subcortical structures. These variables were standardized
within each sample. Next, 54,000 features of the shape of
these 7 subcortical brain structures (Figure S1 in Supplement
1) were derived using the ENIGMA-Shape protocol (21),
which used the FreeSurfer segmentations as input. Lastly, the
T1-weighted images were processed for a voxel-based
morphometry (VBM) analysis using a previous pipeline (22),

Method Heterogeneity Effects in Neuroimaging of AD

which provides highly detailed information on the structure of
the whole brain using approximately 1.5 million variables that
are able to be meta-analyzed easily at the voxel level. The full
methodology is reported in Supplemental Methods in
Supplement 1.

Statistical Analysis

Briefly, first the software FSL, FreeSurfer, ENIGMA-Shape, and
VBM were analyzed to examine the reproducibility of pro-
cessing methods through an intraclass correlation coefficient
(ICC) analysis of repeat imaging. For vertex and voxel analysis,
summary measures for each structure or the total gray matter
(VBM) were reported, respectively. Next, the total sample was
used to compare results between MRI volumes and clinical
outcomes when processed via FreeSurfer or FSL. The use, or
not, of standardization of volumetric variables was also
investigated to assess whether standardizing within sample
influenced the effect of the results when comparing different
processing software. This was only done in volumetric analysis
because the subsequent analysis uses FreeSurfer (for volumes
and processing for shape and VBM). Next, the data sites were
stratified and meta-analyzed based on MRI field strength and
manufacturer to investigate MRI acquisition effects. The total
sample was then used to investigate the parallel use of various
MRI markers (volume, shape, VBM) across the AD continuum.
Lastly, the samples were stratified and meta-analyzed based
on ethnicity. All analyses were performed using R (volumetric
and shape), Python, and FSLmaths (VBM) (23,24).

Sample Stratification. The samples were stratified, where
possible, based on MRI field strength (1.5T/3T), manufacturer
(GE/Siemens/Philips), and self-reported ethnicity (African/
Asian/European/Hispanic). Regression analyses were run for
each stratification using the volumetric data (FreeSurfer),
subcortical shape, and VBM data.

Regression Models at Individual Sites. In each study,
multivariate logistic (for clinical diagnosis and family history),
linear (for analysis assessing APOE €4 load), and Cox (for
incident dementia) regressions were performed over 3 models.
Model 1 included age and sex; model 2 additionally adjusted
for intracranial volume (FreeSurfer variable for all analyses
except for FSL models); and model 3 adjusted for age, sex,
intracranial volume, and education. Education was adjusted for
only in model 3 because these data were not available in the
WMH-AD and for 30% of the AIBL participants. In the APOE ¢4
volumetric analysis, data were analyzed in 2 ways: 1) stratified
for diagnosis-free individuals (only including cognitively
normal) and 2) additionally adjusted for diagnosis (cognitively
normal [0], MCI [1], AD [2]) in the whole sample. The second
method was used for the vertex- and voxel-based analysis. To
further investigate potential methodological bias, the software
analysis was also performed on standardized volumetric vari-
ables (z matrices). This was only done in the software analysis
because all data were utilized together in that analysis. Stan-
dardization in the further stratified groups could increase
further potential bias.

Meta-Analysis. Results were subsequently meta-analyzed
across all samples using the random effects meta-analysis
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Figure 1. Schematic overview of the study
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method in the R packages meta and metafor (25). These re-
sults were compared between groups using the z test. A
positive z score indicates that the effect is larger in this cohort/
group than in the reference group, whereas a negative z score
indicates that it is smaller. The size of the z score indicates the
magnitude of the difference, with a z score of +1.64 significant
at a .05 p value equivalent. Additional comparison of manu-
facturers was performed only in the NACC dataset due to large
disproportionality across the manufacturers in the data and
reasonable homogeneity in the NACC dataset in relation to
other factors (15). Similarly, incident AD and family history re-
sults are largely restricted to the Patterns Across the AD
Continuum section due to little heterogeneity in the data that
contains these variables.

Multiple Testing. Bonferroni-adjusted p values were used
for volumetric analysis (o < .0009) (17 measures, 3 models,

Interclass correlation
coefficients of MRI

markers using
AOMIC

.05/51), resulting in a z-value threshold of 3.121. For the shape
analysis, the number of independent tests was calculated to be
8591 using UKBB data via permutation testing across all
shapes and measures, which resulted in a Bonferroni-adjusted
p-value threshold of 5.82 X 1078 (z = 4.42). Similarly, the VBM
threshold of p < 2.99 X 10~7 was calculated previously using a
permutation method similar to the one that was described
previously (z = 5.06) (22).

RESULTS

Population Characteristics

The mean ages (in years) of the populations ranged from 62
(UKBB) to 74 (ADNI, AIBL, WMH-AD) across studies (Figure 1).
The percentage of the population that was female ranged from
46.6% (ADNI) to 64.3% (ALFA). Mean years of education
ranged from 12.40 (AIBL) to 17.11 (UKBB). Notably, the WMH-
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AD dataset did not have education information, and in the
AIBL, 30% of participants were missing this information. A full
overview of the case-control and APOE ¢4 load distribution is
provided in Table 1 and Figure 1 (full results in Table S2 in
Supplement 2). For incident AD, the mean (SD) time to follow-
up/diagnosis was 4.13 (3.22) and 4.66 (3.32) for the ADNI and
NACC, respectively (full results in Table S2 in Supplement 2).

Impact of Data Acquisition and Analysis on
Associations

Reproducibility of Imaging in the AOMIC Data.
Overall, all methods showed a good level of reproducibility
within volumetric segmentation software and the voxel-based
measures. However, FreeSurfer had results with substantially
better reproducibility than FSL (ICC: 0.89-0.97 compared with
0.58-0.82, respectively). Thus, FreeSurfer was used in all
subsequent volumetric analyses. For the subcortical shape
analysis, the mean ICC was 0.76 for all 54,000 measures and
was particularly high for the thalamus, caudate, putamen,
hippocampus, and amygdala. The nucleus accumbens, the
smallest subcortical structure, showed the lowest reproduc-
ibility (mean ICC: 0.53, percentage above fair: 67.42), while still
being considered moderate/fair (23,25). Voxel-based mea-
surements had a mean ICC of 0.95, with 97.9% being above
the 0.75 cutoff criterion for “good.” For full results, see
Table S3 in Supplement 2.

Software (FSL vs. FreeSurfer). When we compared the
use of FSL and FreeSurfer, a significant difference in the meta-
analyzed results was consistently seen in the relationships
between brain volumes and the AD-diagnosis group (vs. the
HC group). While a similar pattern of relationships was
observed, in model 3, the largest differences in the associa-
tions were seen in the amygdala (left, beta FreeSurfer —0.0074;
FSL —0.0034) (Figure 2; Table S4 in Supplement 2). For the
associations of brain volumes with the MCI-diagnosis group
(compared with the HC group), differences in results across the
software were seen in volumes of total white matter and the

Table 1. Population Subgroups

Method Heterogeneity Effects in Neuroimaging of AD

caudate, hippocampus, right thalamus, and putamen (model
3). The largest of these differences was seen in the left hip-
pocampus (z = 11.81). Only the right hippocampus was
significantly different across segmentation software in the as-
sociations with APOE €4 in the total samples adjusted by
diagnosis (Table S4 in Supplement 2).

Standardization. When standardizing the brain volumes
within each dataset, the relationships between brain volumes
and clinical outcomes across FSL and FreeSurfer had similar
patterns of association. Despite this, in the nonstandardized
analysis, the left palladium associations did not differ signifi-
cantly between the 2 processing methods (model 3) (z = 2.59),
while in the standardized analysis, they did differ z = 3.64).
Additionally, in the nonstandardized analysis, the left amygdala
was significantly different across the software (z = 4.37), while
in the standardized analysis it was not different (z = 2.80). For
full analysis, see Table S4 in Supplement 2.

Field Strength and Manufacturer. When we examined
the data subgrouped by MR field strength and manufacturer,
similar patterns of associations were seen across the volu-
metric relationships with groups with a diagnosis of AD or MCI
(each compared with the HC group) across all models. Despite
this, differences in the relationships were seen most promi-
nently in the hippocampus (AD: z = 5.39-11.73) and amygdala
(AD: z = 5.23-11.61) in model 3 (Figure 2; Tables S5 and S6 in
Supplement 2). Differences within these structures were also
evident in the shape analysis, especially when we compared
GE and Siemens (Tables S5 and S6 in Supplement 2;
Figures S2-S5 in Supplement 1). For the field strength com-
parison, the APOE ¢4 volumetric analysis in cognitively normal
individuals did not vyield significantly different relationships;
however, when looking at the total sample and adjusting for
diagnosis, differences were also seen in relation to the
amygdala (left/right z = 3.84/4.67) and the hippocampus (left/
right z = 4.40/4.53) (full results in Table S5 in Supplement 2). No
differences were observed across MR manufacturers in the

APOE ¢4 Load Family History MCI AD Incident AD

Population Group 0 1 2 No Yes No Yes No Yes No Yes “FU Years
Full 18,437 7428 905 14,802 4587 2751 1695 2744 1069 2803 829 4.13-4.66
Ethnicity

African 235 159 26 80 10 217 80 217 184 213 32 4.11-4.81

Asian 315 100 12 211 28 64 74 64 43 54 16 4.19-5.25

European 17,566 7006 845 14,488 3954 2216 1379 1909 856 2134 722 4.13-5.11

Hispanic 272 126 14 - - 193 139 193 101 238 46 4.03-5.45
Tesla

15 934 625 131 - - 669 597 669 418 844 446 4.56-5.77

3 17,271 6577 750 14,802 4587 1986 937 1981 560 1673 370 4.16-4.68
Manufacturer—NACC

GE 1036 668 141 - - 1079 419 1076 417 - - -

Siemens 557 310 56 - - 599 248 595 195 - - -

Philips 117 53 13 - - 142 39 142 38 - - -

AD, Alzheimer’s disease; FU, follow up; MCI, mild cognitive impairment; NACC, National Alzheimer’s Coordinating Center.

*FU years display the mean (range) across the samples.
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Figure 2. Associations between subcortical brain volumes in the left hemisphere and the Alzheimer’s disease group in comparison to the healthy control
group across magnetic resonance software and hardware. Bold line represents beta values; dashed lines indicate 95% Cls. Gray line indicates 0. All models
are adjusted for age, sex, intracranial volume, and education (model 3). Software analysis: n control/case: 2744/1069. Field strength: n control/case: 3T, 1981/
560; 1.5T, 669/418. Magnetic resonance imaging manufacturer: n control/case: GE, 1076/417; Siemens, 595/195, Philips, 142/38.

APOE ¢4 analysis. When looking at hippocampal subfield
analysis across field strengths and manufacturers, many as-
sociations differed significantly across the hardware elements
(Table S5 in Supplement 2).

In VBM analysis, similar relationships emerged across MR
field strengths and manufacturers across the classifications
(Figures S2-S5 in Supplement 1). Clusters of significant dif-
ferences across field strengths were seen in the thalamus,
middle frontal gyrus, parahippocampal area, and insular area in
relation to the AD group in comparison to the HC group
(Tables S5 and S6 in Supplement 2; Figures S2-S5 in
Supplement 1). Similarly, differences in the VBM analysis were
mainly observed when GE and Siemens MRI scanners were
compared, with the largest voxel clusters of significantly
different associations being in the orbital gyrus, substantia
nigra, and lateral ventricle frontal horn central part and occipital
horn. This latter region also showed differences between Phi-
lips and GE/Siemens (Table S6 in Supplement 2).

Relationship Between Imaging Markers and Clinical
Outcomes

Insights From Different Imaging Markers. The rela-
tionship between imaging markers and the AD group in com-
parison to the HC group is partly reported in Figure 3 and in full
in Table S7 in Supplement 2. In the gross volumetric analysis,
all structures were negatively associated with the AD group in
comparison with the HC group, most notably the accumbens,
amygdala, and hippocampus (larger beta in the left hemi-
sphere). The hippocampal subfield analysis showed that this
association was particularly pronounced in the presubiculum,
parasubiculum, dentate gyrus, CA4, and CA3 (full results in
Table S7 in Supplement 2).

In the shape and VBM analysis, these structures, as well as
the anterior and superior temporal gyri, showed the strongest
negative associations with the AD group compared with the
HC group, indicating volume loss and inward deformation in
AD. However, both strong positive and negative clusters were

found across the caudate, pallidum, putamen, thalamus, and
the insula, which were not identified in the volumetric analyses.
For example, in model 3, there was only a weak negative as-
sociation between AD and right caudate volume (beta [95%
Cl]: —0.0003 [-6 X 10~ *to —1 X 10™)), whereas nearly half of
the caudate shape measures (=1191 of 2502) were signifi-
cantly associated with AD (minimal p value 1.05 x 10~2%), most
of which actually showed a positive association (Figure 3;
Table S7 in Supplement 2). Similar differential associations,
both positive and negative, were seen across other structures
and in the MCI and APOE ¢4 analysis when using different MRI
measures (Table S7 in Supplement 2).

Role of Ethnicity. When looking at model 2, due to missing
education variables, the largest differences across the non-
European ethnic groups in comparison to the European sam-
ple were seen when comparing European to African and His-
panic subgroups, specifically for the relationships between AD
and the hippocampus (left hippocampus, European-Hispanic
Z = 6.54; European-African z = 2.95); this was also observed
in the shape analysis (Figure 4; Table S8 in Supplement 2;
Figures S6 and S7 in Supplement 1). The comparisons be-
tween the European and Hispanic subgroups in model 3 also
showed significant differences in the associations with the
amygdala, with Europeans showing a stronger negative as-
sociation (smaller volumes in Europeans with AD) (right
amygdala, beta: European -—0.0062; Hispanic —0.0045;
European-Hispanic z = 5.28). The shape analysis showed no
significant difference between the relationships across
subcortical structure shape and AD diagnosis between the
European and Asian groups. The VBM analysis identified small
clusters that differed significantly in their relationships to the
AD-diagnosis group (compared with the HC group) across
European and non-European groups, which were within the
lateral ventricle frontal horn central part and occipital horn and
the parietal lobe, with larger clusters of voxels being negatively
associated with AD in Europeans than other groups (Table S8
in Supplement 2; Figures S6 and S7 in Supplement 1).
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The relationship between the MCI-diagnosis group (compared
with the HC group) and hippocampal volume was also signif-
icantly different between the European and non-European
subgroups, predominantly between European and African
subgroups (left/right z = 4.69/3.90). No significant differences
in the volumetric relations to APOE ¢4 load were seen across
ethnic groups (full results in Table S8 in Supplement 2), except
for a small cluster of vertices in the thalamus (European-African
comparison).

Patterns Across the AD Continuum. Similar patterns of
association were seen, with increasing strength upon
increasing clinical severity (Figure 5; full results in Table S7 in
Supplement 2). Despite this general increase in relationship
strength, the association with AD was most pronounced in the
accumbens (beta [95% CI], left —0.0076 [—0.0088
to —0.0064]; right —0.009 [—-0.0104 to —0.0076]), amygdala
(left —0.0074 [-0.0087 to —0.0062]; right —0.0061 [—0.0071
to —0.0051])) and hippocampus (left —0.0041 [-0.0048
to —0.0034]; right —0.0036 [—0.0039 to —0.0034]), with the
relationships with MCI showing similar but more subdued
patterns of neurodegeneration. Additionally, MCI diagnosis
and incident AD (per year change) had a similar pattern of

Hippocampus

¢

.~y
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Figure 3. Associations between caudate, thal-
amus, and hippocampus and the Alzheimer’s dis-
ease group in comparison to the healthy control
group. From top to bottom: volumetric associations
including hippocampal subfield volumes, subcortical
shape (LogJacs), and voxel-based morphology. All
models are adjusted for age, sex, intracranial vol-
ume, and education. Color intensity indicates a
higher t value, with blue indicating larger volume/
shape expansion and gray matter intensity and red
indicating a smaller volume and shape contraction
and lower gray matter intensity. n control/case:
2744/1069. Colors represent t values with ranges
of —32 to 32, —16 to 16, and —10 to 10 from top to
bottom, respectively.

association and strength. Relationships between the caudate
shape were seen in AD and MCI diagnostic groups compared
with the HC group; however, this was much smaller or
nonexistent when individuals with incident AD were compared
with nonconverters (Figure 5; Table S7 in Supplement 2). No
relationships were observed for family history of dementia or in
the APOE €4 analysis when conducted in the HC group,
whereas relationships were observed, although they were
small and mainly in the amygdala and hippocampus, when
looking in the total sample and adjusting for diagnosis. An
example of this increasing strength of the association across
the AD disease stages in the left hippocampus are as follows
(beta [95% CI]): AD (—0.0041 [—0.0048 to —0.0034]), MCI
(—0.0019 [-0.0021 to —0.0017]), incident dementia (per-year
increase in risk) (—0.002 [-0.0023 to —0.0018]), APOE &4
(adjusted  for  diagnosis) (—0.0001693 [-0.0002116
to —0.0001269]), APOE ¢4 (within cognitively healthy in-
dividuals) (—0.0000288 [-4.8 X 107° to —9 X 1079)), and
family history (0.0012 [-0.0012 to 0.0036]).

VBM also showed similar patterns across AD, MCI, and
APOE ¢4, with a surprising larger positive cluster in the thal-
amus in the AD group than in the HC group (Figure 5; Table S7
in Supplement 2). In the VBM analysis, large negative
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Figure 4. Associations between magnetic resonance markers and the Alzheimer’s disease group in comparison to the healthy control group across ethnic
groups. Figure depicts left hemisphere associations between regional volumes/subcortical shape with Alzheimer’s disease adjusted for age, sex, and intra-
cranial volume. n control/case: African, 217/184; Asian, 64/43; European, 1909/856; Hispanic, 193/101. Top: volumetric analysis. Bold line represents beta
values, and dashed lines indicate 95% Cls. Bottom: subcortical shape analysis. Radial distance (first row) reports t values over the vertices per shape across
the ethnicities (range —16 to 16). Color intensity indicates a higher t value, with blue indicating larger shape expansion and red indicating a smaller shape
contraction than a reference. The second row reports the significant z values when comparing each non-European group to the European group (range —16

to 16).

associations with gray matter atrophy and the AD-diagnosis
group, compared with the HC group, were observed globally
(Table S7 in Supplement 2). Similar associations, although
smaller, were observed in the MCI-diagnosis group compared
with the HC group. In the current sample, no relationships were
seen with family history of dementia across volumetric, shape,
and VBM analysis (Table S7 in Supplement 2).

DISCUSSION

In the current study, we investigated the patterns of associa-
tion between MRI markers and AD stages across different
aspects of study design. Many of the association patterns

were similar across strata of technical, processing, and clinical
groups, which affirms the enormous potential of multisite
analysis of heterogeneous data. Despite relatively small non-
European groups, the results also revealed subtle differences
in patterns of neurodegeneration across ethnic groups.

It is known that differences in data acquisition and pro-
cessing contribute to variability, and many studies have shown
differences in extracted MRI features depending on these
factors (6,26-29). In the current study, this also translated to
differences in associations with clinical outcomes across AD
stages. Despite the overall modest effect, differences in the
relationships to the amygdala and hippocampus volumes were
observed across technical elements such as field strength,
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Figure 5. Associations with magnetic resonance markers across clinical variables. Regional volumetric and shape associations with Alzheimer’s disease
(AD). Volumetric: top, global volumes; bottom, left hemisphere associations. Adjusted for age, sex, intracranial volume, and education. Circles represent beta
values, with lines indicating 95% Cls. For incident AD, the circles represent beta as a volume change per year. For the subcortical shape analysis, radial
distance and LogJacs are reported from t values over the vertices per shape across the classifications. Color intensity indicates a higher t value, with blue
indicating larger shape expansion and red indicating a shape contraction compared with a reference. n control/case: AD, 2744/1069; mild cognitive impairment

(MCI), 2751/1695; incident AD, 2803/829; family history, 14,802/4587.

despite other studies finding little effects (26). When seg-
menting small regions, such as the hippocampal subregions,
differences in relationships to AD became more apparent
across MR hardware. Thus, care must be taken when inves-
tigating small regions within heterogeneous MR sources, and
other methods, such as voxel-based analysis, may be prefer-
able. Other large differences were seen when software types
were compared, namely FreeSurfer and FSL segmentation
pipelines. Thus, efforts toward harmonization of processing
software are crucial when meta-analyzing multisite data,
especially with the field moving toward more fine-grained
metrics. Harmonized processing in fine-grained metrics also
enables the gold-standard approach of meta-analyzing at each
vertex and voxel, whereas the less ideal peak-based meta-
analysis techniques are often used when meta-analyzing
published work and/or differing methods (30). Despite this,
caution should be taken regarding multisite VBM due to po-
tential gray matter volume differences; however, meta-analysis
at the summary statistic level may overcome these potential
problems (31). Additionally, there are preanalysis harmoniza-
tion tools that aim to estimate and correct for heterogeneity
(32). However, while promising, these tools have their own
limitations, including lack of reliability in small samples and
difficulty being applied to multisite data that are not shared
and/or without access to high-performance computing infra-
structure (33). Furthermore, recent research has shown that
some methods can actually harm the analysis when using

structural imaging data, with one study observing that
harmonization methods, such as neuroCombat, appeared to
obscure some true biological effects when applied to structural
MRI (33). Thus, while extremely useful for many situations, in
some instances, such methods need further development.
Altogether, these results indicate that postacquisition harmo-
nization methods cannot completely negate differences in
image collection across all situations.

While measurement heterogeneity can result in some po-
tential bias, we do not conclude that uniform data is the so-
lution. Global harmonization of neuroimaging machines and
protocols in clinical practice is not realistic with new machines
and protocols being developed constantly and with disparities
in access to these technologies in low- and middle-income
countries. Thus, the use of heterogeneous data in research
results in more generalizable conclusions with better real-word
translation. Furthermore, there are sometimes specific choices
for machines that could not be addressed with uniformity, for
example, a weaker magnet (<1.5T) when a patient has foreign
bodies in their brain (34) or the use of low-field MRI or
computed tomography (CT) when standard MRl is not feasible.
The modest differences that we observed when comparing
1.5T and 3T MRI scanners are likely to increase when including
more heterogeneous imaging modalities such as CT or low-
field MRI. While this may be true, current consortia have
combined CT and MR information and arrived at the same
conclusions when studying relatively crude measures such as
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intracranial volume (35). Despite similar results being reported
in MR investigations when using CT-segmented gray matter
and white matter in relation to markers of neurodegeneration,
combining different modalities such as CT and MRI with more
fine-grained variables needs further testing (36). Although it is
unknown what the impact of even more heterogeneous
acquisition will be, these points, together with the minimal
differences in patterns seen in the current study inclusive of
heterogeneous data, suggest that it is time to accept that no
singular way of acquiring data is optimal and that the use of
varied data will have a wider impact.

While homogeneity of methods that extract specific mea-
surements is preferred, having heterogeneity in processing and
analysis can also be valuable. The use of multiple processing
methods to gather different, but complementary, information
provides more insight into the atrophy patterns of diseases
(387). The current investigation into the relationship between
caudate volume and AD yielded a modest negative associa-
tion. When investigating this region with more detailed vertex-
and voxel-based measures, strong negative and positive as-
sociations to AD were both observed. This suggests that re-
gions in the caudate have differential associations to the
disease, which is missed with gross volumetric analysis. The
caudate nucleus itself is a complex structure, with different
portions of the caudate receiving projections from distinct
cortical regions and therefore also being involved in different
cognitive processes. Thus, these more detailed imaging
measures allow a more complete depiction of the neurode-
generative process and its progression in the brain.

Despite relatively small non-European samples, the current
study found subtle variations across ethnic groups, with dif-
ferential patterns emerging across detailed imaging markers.
Few previous studies have investigated differences in the
relationship between brain atrophy, AD, and cognitive decline
across populations, and those studies have reported mixed
results, potentially due to cohort and methodological differ-
ences (38-42). In the volumetric analysis, negative associations
between AD and MCI and the hippocampus and accumbens
were significantly different in non-Europeans and Europeans.
There were no significant differences in the strength of associ-
ations in the Asian stratum compared with the other groups, but
this is not conclusive due to the small sample size and large
variation within this stratum. Additionally, due to education in-
formation missing from the Taiwan site, we mostly studied
ethnic differences in model 2 that were not adjusted for edu-
cation. Education and other unmeasured confounders could
potentially further influence these relationships. This initial
investigation is the first step for larger studies planned in the
wider UNITED consortium. The current results provide support
for the use of detailed MRI markers to unravel subtle similarities
and differences in disease progress across populations.

Notably, almost no significant differences were found in the
effects of the APOE ¢4 alleles in the ethnic groups. This lack of
differentiation is interesting given the reports that despite
higher rates of prevalence of the ¢4 allele in Africans, less effect
of the ¢4 allele on risk for AD is observed. However, the largest
effect of APOE €4 on factors such as AD risk occurs in Euro-
peans (43). Relatively few studies have investigated the direct
effect of this €4 allele on brain architecture across ethnic
groups; however, one study suggested a differential effect of
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APOE ¢4 on brain volume in Chinese versus White individuals
(44). Conflicting results have been found with positron emis-
sion tomography. Despite both higher positron emission to-
mography positivity and higher standardized uptake value
ratios being related to the ¢4 allele, research has found that
African Americans have lower rates of positron emission to-
mography positivity than Whites but also higher odds of
elevated standardized uptake value ratios (45,46). We believe
that larger, multisite efforts will help resolve conflicting find-
ings, with limited, single-site efforts typically being under-
powered. Nevertheless, reports of differences in APOE alleles
between populations could also be explained by other genetic
or environmental factors that modify effects. In future research,
it is important to measure these potential modifiers to under-
stand the pathways in which these effects occur. For example,
the current sites were largely based in European, North
American, and Australian locations, and it is unclear to what
extent these findings can be extrapolated to other settings with
their unique local backdrops.

The current investigation highlights the potential of incor-
porating data from multiple sites and heterogeneous origins,
including both the ability to replicate previously found asso-
ciations in single sites despite heterogeneous data and the
ability to tease apart subtle differences across populations.
Despite only using a sample of the full consortium, strengths of
this study include its size and the systematic nature of the
investigation to uncover potential bias and its impact within
this study design. Furthermore, the ability to use the raw
output for the high-dimensional markers for the meta-analysis
is beneficial and will allow for more accuracy in collaborative
full consortium work. This also allowed for direct comparisons
of groups at the voxel and vertex levels, which considers
multiple statistical elements rather than only the significant
cluster size and location as is done with peak-based meta-
analysis.

Our work also outlines what is needed in the future in large
multisite consortia. Importantly, the inclusion of more diverse
populations (i.e., non-European), which is the main focus of
UNITED, is lacking in the field (47-49). Related to this, our
current analysis focused on specific acquisition protocols that
are typical in Europe and North America, but more variability
exists. Other elements, such as multimodal acquisition with CT
and low-field MRI may be more difficult to harmonize and
conduct joint analyses on. In addition, more variability exists in
image processing that was not assessed in the current project,
because our focus was on methods that are open source and
therefore more accessible. However, the results do depict the
benefits of harmonizing software when extracting the same
markers. On the clinical side, comparisons may be complicated
by diagnostic approaches, including mixed pathology with sin-
gle classifications due to a lack of biomarker-defined diagnosis.
Other limitations of the current analysis include potential further
confounding across strata whereby the observed differences
may be influenced by factors other than those under investi-
gation, such as ethnicity in the broader investigations.

Conclusions

The current study shows great potential for the wider con-
sortium and other international multisite collaborations. The
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investigations highlight the importance of implementing
harmonized processing and analysis pipelines to alleviate po-
tential bias but also the importance of being transparent and
stratifying more on aspects of study design when harmoniza-
tion is not an option. This will not only allow for more accurate
interpretation of the results but will also allow for better
generalization across clinical populations. Further research in
the consortium will allow for robust results and subgroup in-
vestigations while retaining high levels of statistical power,
especially in high-dimensional imaging analysis, which re-
quires strict thresholding. Furthering this work has the potential
to investigate imaging of neurodegeneration across a wide
range of diverse population groups together.
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