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Background: Alzheimer’s disease (AD) and depression are debilitating brain disorders
that are often comorbid. Shared brain mechanisms have been implicated, yet findings
are inconsistent, reflecting the complexity of the underlying pathophysiology. As
both disorders are (partly) heritable, characterising their genetic overlap may provide
aetiological clues. While previous studies have indicated negligible genetic correlations,
this study aims to expose the genetic overlap that may remain hidden due to mixed
directions of effects.

Methods: We applied Gaussian mixture modelling, through MiXeR, and conjunctional
false discovery rate (cFDR) analysis, through pleioFDR, to genome-wide association
study (GWAS) summary statistics of AD (n = 79,145) and depression (n = 450,619).
The effects of identified overlapping loci on AD and depression were tested in 403,029
participants of the UK Biobank (UKB) (mean age 57.21, 52.0% female), and mapped
onto brain morphology in 30,699 individuals with brain MRI data.

Results: MiXer estimated 98 causal genetic variants overlapping between the 2
disorders, with 0.44 concordant directions of effects. Through pleioFDR, we identified a
SNP in the TMEM106B gene, which was significantly associated with AD (B = −0.002,
p= 9.1× 10−4) and depression (B= 0.007, p= 3.2× 10−9) in the UKB. This SNP was
also associated with several regions of the corpus callosum volume anterior (B > 0.024,
p < 8.6 × 10−4), third ventricle volume ventricle (B = −0.025, p = 5.0 × 10−6), and
inferior temporal gyrus surface area (B = 0.017, p = 5.3 × 10−4).

Discussion: Our results indicate there is substantial genetic overlap, with mixed
directions of effects, between AD and depression. These findings illustrate the value
of biostatistical tools that capture such overlap, providing insight into the genetic
architectures of these disorders.

Keywords: Alzheimer’s disease, major depression, genome-wide association study, neuroimaging, genetic
overlap

Frontiers in Neuroscience | www.frontiersin.org 1 July 2021 | Volume 15 | Article 653130

https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2021.653130
http://creativecommons.org/licenses/by/4.0/
mailto:j.monereosanchez@maastrichtuniversity.nl
mailto:j.monereosanchez@maastrichtuniversity.nl
https://doi.org/10.3389/fnins.2021.653130
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2021.653130&domain=pdf&date_stamp=2021-07-05
https://www.frontiersin.org/articles/10.3389/fnins.2021.653130/full
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-15-653130 July 5, 2021 Time: 11:34 # 2

Monereo-Sánchez et al. Genetics of Alzheimer’s and Depression

INTRODUCTION

Alzheimer’s disease (AD) is a highly disabling neurodegenerative
disease characterised by memory loss and a gradual cognitive,
functional, and behavioural decline (Reitz and Mayeux, 2014).
Its prevalence increases rapidly with age, affecting 13% of the
population at age 80, and 37% of the population at age 90
(Von Strauss et al., 1999). Individuals with AD often have
comorbid major depressive disorder (MDD), present in 22–
59% of cases (Zubenko et al., 2003; Starkstein et al., 2005),
while MDD has an estimated lifetime prevalence of 11–15%
in the general population (Bromet et al., 2011). MDD is a
heterogeneous disorder; in addition to the core symptoms of low
mood, anhedonia, and loss of energy, it comprises behavioural,
physiological, and psychological signs and symptoms that include
changes in appetite, sleeping, and psychomotor patterns, fatigue,
lack of concentration, feelings of worthlessness or guilt, and
suicidal ideation (American Psychiatric Association, 2013).

It has been long discussed whether a history of depressive
symptoms is a risk factor for later development of AD, or rather
an early prodromal manifestation of AD (Devanand et al., 1996;
Chen et al., 1999). While bidirectional effects between the two
disorders is likely, there is more evidence that midlife onset
depressive symptoms and/or MDD are a risk factor for AD
than vice versa (Jorm, 2001; Wilson et al., 2002; Green et al.,
2003; Ownby et al., 2006; Barnes et al., 2012; Gracia-García
et al., 2015). Furthermore, AD patients with depressive symptoms
show accelerated cognitive decline and neurodegeneration, with
significantly more plaques and tangles in the hippocampus than
non-depressed individuals with AD (Rapp et al., 2006), while
AD symptom count (Verkaik et al., 2007) or tau pathology
(Kramberger et al., 2012) does not appear to contribute to the
incidence or severity of depressive disorders.

Neuroimaging studies have provided scattered evidence that
AD and depressive disorders share neurobiological pathways.
Early stage AD is associated with atrophy of the hippocampus,
para-hippocampal regions (Jack et al., 1999), and temporo-
parietal cortex (Acharya et al., 2019), with atrophy becoming
generalised in later stages of the disease, including cortical
thinning in primary motor and sensory regions (Fox et al.,
2001; Sabuncu et al., 2011). Similarly, MDD and recurrent major
depression (MD) are related to smaller hippocampal volumes
(Sheline et al., 1999; Bremner et al., 2000; Mervaala et al., 2000),
amygdala, and parahippocampal areas (Andreescu et al., 2008)
as well as lower cortical thickness in medial orbitofrontal cortex,
fusiform gyrus, insula, rostral, and caudal anterior and posterior
cingulate cortex, temporal lobe in MDD (Schmaal et al., 2020),
many of these changes correlating positively with the duration
of the disease (Andreescu et al., 2008). In AD patients with
comorbid symptoms of depression, MRI studies have shown
specifically thinner cortex in temporal and parietal areas when
compared to non-depressed AD patients (Lebedeva et al., 2014).
Conjunction analysis on the brain morphological changes that
overlap between AD and late-life onset depression has shown
that, in addition to the previously mentioned structures, both
conditions are associated with hippocampal atrophy (Boccia
et al., 2015). Yet, the risk of developing AD in MDD does

not seem to be mediated by hippocampal or amygdala volumes
(Geerlings et al., 2008).

Both AD and depressive disorders are heritable, with twin
studies indicating 37% broad heritability for MDD (Sullivan
et al., 2000) and 74% for AD (Gatz et al., 1997). Molecular
genetics studies show that both disorders have complex genetic
architectures. AD has recently been characterised as oligogenic,
with estimates indicating the involvement of relatively few
genetic variants, in addition to the well-known, strong APOE-
e4 risk variant (Holland et al., 2020; Zhang et al., 2020). MDD
on the other hand has been estimated to be the most polygenic
of all major brain disorders (Holland et al., 2020), involving
many genetic variants with small effects that explain a small
amount of its heritability (Wray et al., 2018). Regardless, given
the high comorbidity and indications of shared neurobiological
pathways, substantial genetic overlap is to be expected, which
may be leveraged to better understand these disorders (Smeland
et al., 2020). Indeed, several candidate gene studies have
identified shared genetic risk factors (Ye et al., 2016) that
implicate hypothesised shared mechanisms, such as chronic
neuroinflammatory changes in the brain (Leszek et al., 2018).
While negligible genetic overlap between AD and MDD has been
reported (Gibson et al., 2017; Lutz et al., 2020), substantial genetic
overlap may remain hidden from measures of global genetic
correlation due to mixed directions of effects. Here, we assess the
genetic overlap between AD and depression across the genome
through tools that capture the extent of overlap or specific
loci, regardless of directions of effect. This was followed-up by
analyses of the associations between shared loci and regional
brain morphology in the UK Biobank (UKB) population study,
providing valuable insights into their shared neurobiology.

MATERIALS AND METHODS

GWAS Summary Statistics
To investigate the genetics of AD, we made use of the phase 1
summary statistics from a recent genome-wide association study
(GWAS) that combined samples from the Psychiatric Genomics
Consortium (PGC), the International Genomics of Alzheimer’s
Project (IGAP), and the Alzheimer’s Disease Sequencing Project
(ADSP) (Jansen et al., 2019). The phase 1 sample of this GWAS
was chosen as it did not include any UKB participants, thereby
preventing sample overlap with our follow-up analyses in the
UKB. The summary statistics contained 9,862,739 SNPs and was
based on 24,087 late-onset AD cases and 55,058 controls with
European ancestry.

For the depression phenotype of the GWAS data, we obtained
the summary statistics from the PGC MDD GWAS from 2019,
including the 23andMe cohort (Wray et al., 2018). The construct
of depression here is based on data from cohorts with MDD
as well as self-reported depression, thereby closely aligning to
the measure of depression that we constructed from the UKB
data. We used a version of the meta-analysed summary statistics
where the UKB sample was left out, to prevent sample overlap
in downstream analyses. This version contained 15,507,882 SNPs
for 121,198 individuals with depression and 329,421 controls.
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For the post-GWAS analyses, we excluded the major
histocompatibility complex (MHC) region (chr6: 26–34MB)
from both summary statistics, as well as the APOE locus
(chr19: 45–45.8 MB) from the AD GWAS, in accordance with
recommendations (Smeland et al., 2020).

For the estimate of rg, we applied cross-trait linkage
disequilibrium score regression (LDSR) (Bulik-Sullivan et al.,
2015). We further applied Gaussian mixture modelling, as
implemented in the MiXeR tool, to the GWAS summary
statistics, to estimate distributions of causal genetic variants,
i.e., unobserved functional genetic variants that influence the
phenotypes under investigation (Frei et al., 2019). MiXeR
achieves this by fitting Gaussian curves to the GWAS summary
statistics to optimally model null and non-null effects. The shapes
of these Gaussians are then used to estimate the polygenicity (the
number of causal genetic variants involved) and discoverability
(average effect size of the causal variants, as h2) of AD and
depression. We further estimated the genetic overlap between
AD and depression, as the number of causal variants shared
regardless of direction of effects, through bivariate MiXeR. For
the calculations of the MiXeR parameters, we made use of
9,997,231 SNPs from the 1000 Genomes Phase 3 data. Please see
the MiXeR design paper for more details (Frei et al., 2019).

We conducted conjunctional false discovery rate (cFDR)
analysis through the pleioFDR tool using default settings
(Smeland et al., 2020). We set an FDR threshold of 0.05 as whole-
genome significance, in accordance with recommendations.1

Participants
We made use of data from participants of the UKB population
cohort, under accession number 27412. The composition, set-
up, and data gathering protocols of UKB have been extensively
described elsewhere (Sudlow et al., 2015). We selected all
individuals with White European ancestry, as determined by a
combination of self-identification as “White British” and similar
genetic ancestry based on genetic principal components (UKB
field code 22006), with good quality genetic data.

We constructed a proxy measure of AD case-control
status, combining information on International Classification
of Disease, version 10 (ICD-10) diagnoses of dementia of the
participants together with parental age and parental AD status,
as described previously (Jansen et al., 2019). Based on lifetime
hospital inpatient records linked to the UKB data, we made
use of the ICD-10 to assign a score of 2 to any participants
with a diagnosis of AD (F00 and/or G30; n = 782). All other
participants received a 1-U increase for each biological parent
reported to have (had) AD. Further, the contribution for each
unaffected parent to the score was inversely weighted by the
parent’s age/age at death, namely (100-age)/100, giving us an
approximate score between 0 and 2. This approach was taken in
order to account for possible late-life onset AD, i.e., to minimise
the labelling of individuals that will develop AD as controls. This
proxy measure has been shown to be highly genetically correlated
to AD status (rg = 0.81) (Jansen et al., 2019). Participants with
missing data on any of the relevant questions were excluded

1https://github.com/precimed/pleiofdr

from these analyses (n = 19,332). The final sample size was
n = 390,284, with a mean age of 57.33 years (SD = 7.49), and
52.02% was female.

The depression phenotype utilised in this study was
constructed by assigning case status to any UKB participant with
an ICD10 diagnosis of depression (F32–34, F38–39), n = 15,238,
as well as any additional participants that answered affirmative
to the question whether they had ever seen a general practitioner
or psychiatrist for nerves, anxiety, tension, or depression (UKB
field codes 2090 and 2010), during any UKB testing visit
(n = 159,063). Control status was assigned to anyone who
had answered “no” to these questions at all testing visits. This
definition of depression is identical to the “broad depression
phenotype” described by Howard in 2018 (Howard et al., 2018),
based on a GWAS of depression in the UKB, which reported
that this definition led to the largest number of genome-wide
significant hits, while still being highly genetically correlated with
a GWAS using a strict clinical definition of MDD, rg = 0.85
(Howard et al., 2018). We excluded anyone with any missing
data on these questions (n = 6,587). The final sample size was
n = 403,029, with a mean age of 57.21 years (SD = 7.49), and
52.02% was female.

Our sample size for the neuroimaging analyses, following pre-
processing as described below and excluding individuals with
brain disorders, was n = 30,699. As the neuroimaging data
collection took place several years after the initial data collection,
this subsample had a mean age of 64.32 years (SD = 7.48), and
52.06% was female.

Genetic Data Pre-processing
We made use of the UKB v3 imputed data, which has
undergone extensive quality control procedures as described by
the UKB genetics team (Bycroft et al., 2018). After converting
the BGEN format to PLINK binary format, we additionally
carried out standard quality check procedures, including filtering
out individuals with more than 10% missingness, SNPs with
more than 5% missingness, SNPs with an INFO score below
0.8, and SNPs failing the Hardy–Weinberg equilibrium test at
p = 1 × 10−9. We further set a minor allele frequency threshold
of 0.001, leaving 12,245,112 SNPs.

Image Acquisition
For the analyses involving neuroimaging data, we made use of
MRI data from UKB released up to March 2020. T1-weighted
scans were collected from four scanning sites throughout the
United Kingdom, all on identically configured Siemens Skyra
3T scanners, with 32-channel receive head coils. The UKB core
neuroimaging team has published extensive information on the
applied scanning protocols and procedures, which we refer to for
more details (Miller et al., 2016).

The T1-weighted scans were stored locally at the secure
computing cluster of the University of Oslo. We applied
the standard “recon-all-all” processing pipeline of Freesurfer
v5.3, performing automated surface-based morphometry and
subcortical segmentation (Fischl et al., 2002; Desikan et al.,
2006). From the output, we extracted all commonly studied
global, subcortical, and cortical morphology measures, as listed

Frontiers in Neuroscience | www.frontiersin.org 3 July 2021 | Volume 15 | Article 653130

https://github.com/precimed/pleiofdr
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-15-653130 July 5, 2021 Time: 11:34 # 4

Monereo-Sánchez et al. Genetics of Alzheimer’s and Depression

in Supplementary Table 1. For each of these, we summed the
left and right hemisphere measure, if applicable, leaving a total
of 96 brain measures.

We excluded individuals with bad structural scan quality as
indicated by an age and sex-adjusted Euler number [a measure of
segmentation quality based on surface reconstruction complexity
(Rosen et al., 2018)] more than three standard deviations lower
than the scanner site mean, or with a global brain measure more
than five standard deviations from the sample mean, n= 717.

Statistical Analyses
All downstream analyses were carried out in R v3.6.1. In all
follow-up analyses, involving UKB data, we adjusted for age,
sex, and the first 20 genetic principal components to control
for population stratification. For the neuroimaging analyses, we
additionally adjusted for scanner site, Euler number (Rosen
et al., 2018), and a measure-specific global estimate for the
regional measures (total surface area, mean cortical thickness,
or intracranial volume). The latter was done to ensure that we
are studying associations with regional brain morphology rather
than global effects.

To correct for multiple comparisons, we applied spectral
decomposition to the Pearson’s correlation matrix of the 96
regional brain measures (Nyholt, 2004). Based on the observed
eigenvalues, we estimated the effective number of independent
traits in our neuroimaging analyses to be 51. We therefore set an
alpha of.001 for these analyses.

Graphs were created through ggplot2 (Wickam, 2009), and
brain maps through ggseg (Mowinckel and Vidal-Piñeiro, 2019).
The code for running pleioFDR and MiXeR is available via
GitHub, https://github.com/precimed/.

RESULTS

Global Genetic Overlap
Eighteen loci were genome-wide significant in the AD GWAS,
which had an estimated SNP-based heritability, h2, of 0.05
(SE= 0.01). The depression GWAS summary statistics contained
33 significant loci, with an h2 of 0.05 (SE= 0.002), see Figure 1A.
These numbers are in line with the results from the original
GWAS studies (Wray et al., 2018; Jansen et al., 2019). Using
LDSC, the two disorders showed a negligible genetic correlation
of−0.03 (SE= 0.06, p= 0.60).

Through univariate mixture modelling, we found that AD has
an estimated 261 causal genetic variants, with a discoverability of
2.1× 10−4. Depression was estimated to involve 15,228 variants,
with a discoverability of 6.8 × 10−6. In other words, depression
was estimated to be over 50 times more polygenic and its genetic
determinants were estimated to be approximately 30 times less
discoverable than AD. Expected sample sizes needed to explain
half of the genetic variance for AD was 0.5 million, for depression
10 million, see Figure 1B.

Bivariate mixture modelling indicated that there were 98
causal variants overlapping between the two traits, i.e., 38%
of all variants for AD and 1% of all variants for depression,
see Figure 1C. Given the size of the reference genome, we

estimate that by chance the overlap would be approximately four
variants. The fraction of concordant directions of effects for the
shared variants was 0.44. The bivariate density plot, Figure 1D,
illustrates the presence of mixed directions of associations for
many SNPs; some SNPs have the same direction of association
for both traits, while others are positively associated with AD
and negatively associated with depression or vice versa. The net
result of this is a negligible negative correlation, despite a large
proportion of AD’s causal variants overlapping with depression.

Locus Overlap
Through conjunctional FDR analysis, we discovered a SNP
at chromosome 7, rs5011436, located at an intron of the
TMEM106B gene, that was significantly associated with both
traits. We replicated this association with both traits using UKB
data; for AD, we found a negative relation with the number
of copies of the C allele (B = −0.002, SE = 6.5 × 10−4,
p = 9.1 × 10−4), whereas for depression we found a positive
relation (B = 0.007, SE = 0.001, p = 3.2 × 10−9), in
accordance with the directions of effects as reported in the
two original GWAS.

We subsequently calculated the association of rs5011436
with cortical and subcortical brain morphology, using the
neuroimaging subset of the UKB. As shown in Figure 2, we
found that the C allele of this SNP is significantly associated with
higher volume of the posterior (B = 0.035, SE = 7.6 × 10−3,
p = 3.4 × 10−6), mid posterior (B = 0.026, SE = 7.5 × 10−3,
p = 6.6 × 10−4), and anterior (B = 0.024, SE = 7.3 × 10−3,
p = 8.6 × 10−4) sections of the corpus callosum, lower
volume of the third ventricle (B = −0.025, SE = 6.1 × 10−3,
p = 5.0 × 10−6), as well as larger area of the inferior temporal
gyrus (B= 0.017, SE= 4.8× 10−3, p= 5.3× 10−4).

DISCUSSION

Here we employed state-of-the-art biostatistical tools to improve
our knowledge of the genetic underpinnings of the relation
between AD and depression. In line with previous reports we
have identified large differences in the genetic architecture of
these disorders. We add new knowledge by revealing the presence
of genetic overlap between them. We further illustrated how
conjunctional analysis may be used to discover specific shared
genetic loci, and substantially expanded on previous efforts
by mapping the effects onto the brain in order to identify
neurobiological mechanisms that contribute to the relation
between these disorders.

We found that many of the causal variants for AD
are overlapping with depression. This partly contradicts the
previously reported negligible genetic correlation between AD
and MD (Gibson et al., 2017), as well as the overall low
genetic correlation reported between neurologic and psychiatric
disorders (Anttila et al., 2018). However, whereas genetic
correlations rely on globally consistent directions of effects
between the two traits under investigation, bivariate Gaussian
mixture modelling estimates the number of causal variants that
have an effect on both, regardless of directions of effects. High
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FIGURE 1 | Genetic overlap between Alzheimer’s disease (AD) and depression. (A) Miami plot, contrasting the observed −log10 (p-values), shown on the y-axis, of
each SNP for AD (top half, blue) with depression (bottom half, red). The x-axis shows the relative genomic location, grouped by chromosome, and the red dashed
lines indicate the whole-genome significance threshold of 5 × 10−8. (B) Estimated percent of genetic variance explained by SNPs surpassing the genome-wide
significance threshold, on the y axis, as a function of sample size, depicted on the x axis on a log10 scale, for AD and depression. Current sample sizes and
percentages of genetic variance explained by discovered SNPs are shown in parentheses. (C) Venn diagram depicting the estimated number of causal variants
shared between AD and depression and unique to either of them. Below the diagram, we show the estimated genetic correlation. (D) Bivariate density plot,
illustrating the relationship between the observed GWAS Z-values for AD (on the x-axis) and depression (on the y-axis).

levels of mixed directions of effects is likely to be commonplace
for complex traits such as brain disorders. This can be seen in, for
instance, another psychiatric disorder like schizophrenia, which

has been estimated to share virtually all causal variants with
educational attainment, despite a near-zero genetic correlation
(Frei et al., 2019).
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FIGURE 2 | rs5011436 C allele relation to brain morphology. Brain maps
showing the spatial distribution of Z scores. Legend colour’s intensity shows
strength in correlation. Positive correlation in orange, negative correlations in
blue. Stars mark the regions that remain significant after multiple comparisons
correction (p < 0.001). Cortical thickness: no significant regions; cortical
surface area: inferior temporal gyrus; subcortical volume: anterior, mid
posterior and posterior corpus callosum, and third ventricle.

The strong heterogeneity of depressive disorders is likely
to contribute to the mixed directions of effects between the
two traits, which appears in contradiction to the high levels
of reported comorbidity with AD. The heterogeneity of the
depression phenotype is evident from its wide range of signs and
symptoms and the likely existence of several depression subtypes.
This may explain how the extent of genetic overlap can be large
for the less polygenic AD, yet very small for depression, which fits
with numerous reports that depressive disorders are an important
predictor of AD pathology while the opposite is less true (Rapp
et al., 2006; Verkaik et al., 2007; Kramberger et al., 2012). We
speculate that some depressive disorder subtypes will be shown
as genetically more concordant with AD than others, in line with
indications that depressive disorders subtypes have significantly
different genetic architectures (Jang et al., 2004; Milaneschi et al.,
2016). The wide range of reported levels of comorbidity with AD
across studies (Mega et al., 1999; Zubenko et al., 2003; Starkstein
et al., 2005; Verkaik et al., 2007; Gracia-García et al., 2015) may

also be due to this heterogeneity, as they differ in defining and
subtyping of depression. A direct investigation of the relation
of AD comorbidity and depressive disorders subtypes, coupled
to neurobiological data, would be valuable. We postulate that
studies using more narrow depressive disorder subtypes would
find lower polygenicity and more concordant directions of effects
with AD for specific subtypes.

Our use of cFDR to identify a specific locus shared by AD
and depression is an example of how we may use genetics to
improve our understanding of the neurobiology underlying the
relation between these two disorders. The SNP rs5011436 is
located in an intron of the gene TMEM106B, which encodes the
transmembrane protein 106B. TMEM106B was the first genetic
risk factor to be identified for fronto-temporal lobar degeneration
(FTLD; Van Deerlin et al., 2010). Since then, it has also been
reported in GWAS of both AD (Jun et al., 2016) and MD
(Howard et al., 2019). The protein TMEM106b is thought to
regulate lysosomal function, with a role in the clearance of TPD-
43 (Nicholson and Rademakers, 2016). Both lysosomal function
and specifically TDP-43 are highly related with the pathogenesis
of AD (Nixon et al., 1992; Wilson et al., 2011) and MD (Modrego
and Ferrández, 2004). TMEM106B expression has been shown to
be downregulated in brains of individuals with AD (Satoh et al.,
2014), while it has been found to be upregulated in individuals
with MD (Dall’Aglio et al., 2020).

The evidence for involvement of TMEM106B in both
disorders is further substantiated by our neuroimaging analyses,
indicating effects on several brain regions that have been tied to
both AD and depression. In particular the corpus callosum was
implicated by our analyses, in line with previous neuroimaging
findings on TMEM106B (Adams et al., 2014), with higher volume
of several callosal subregions for carriers of the rs5011436 c-allele,
the allele that we found to convey risk for depression and
to be protective for AD. MDD is associated with abnormal
cerebral lateralisation, and individuals with familial MDD have
been found to have significantly larger callosal volume than
individuals with non-familial forms of MDD (Lacerda et al.,
2005), while AD has been repeatedly linked to degeneration of the
corpus callosum (Di Paola et al., 2010). Thus, specific, genetically
mediated, forms of depression have been found to have opposing
directions of effects on the corpus callosum than other forms of
depression and AD.

Our estimates of heritability, polygenicity, and discoverability
highlight the complexity of the genetic architecture of both
disorders. While twin studies have indicated high broad
heritability of AD (Gatz et al., 1997) and MD (Sullivan
et al., 2000), we replicated previous findings of low SNP-based
heritability, as captured by GWAS data (Lambert et al., 2013;
Wray et al., 2018; Jansen et al., 2019). This possibly implicates an
important role for rare variants, as well as a high degree of genetic
and environmental interaction effects. Contrasting the two
disorders, it is clear that AD polygenicity is relatively low, with a
recent study even qualifying late-onset AD as oligogenic (Zhang
et al., 2020). Depressive symptoms on the other hand are highly
polygenic, partly reflecting the substantial clinical heterogeneity
which may capture a broad range of conditions, each likely
with partly distinct genetic determinants (Jang et al., 2004).
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Regardless of these differences in genetic architectures, our
analyses made clear that, with current approaches, GWAS sample
sizes will need to reach millions of individuals to uncover a
substantial fraction of the common genetic variance influencing
both disorders.

Our findings once again reiterate the complexity of the genetic
architectures of brain disorders, highlighting the limitations of
the GWAS approach. Our power analyses suggest that, despite
tremendous efforts from worldwide consortia to bring together
large samples, we are only at the very beginning of uncovering the
genetic determinants of AD and depression through the standard
GWAS approach. Clearly, more powerful biostatistical tools are
needed, ones that better match this complexity and that leverage
genetic signal shared across traits of interest (Frei et al., 2019;
Smeland et al., 2020; van der Meer et al., 2020) in order to
lower the required sample sizes and provide more meaningful
metrics. While approaches like Gaussian mixture modelling are
a step in the right direction, the current implementation does still
suffer from oversimplified assumptions about the nature of the
genetic architecture of brain disorders; AD is enriched for rare
variants, while the MiXeR analysis focuses on common variants
only. Further, low polygenicity implies a handful of large genetic
effects – there is a bigger chance that the distribution of those
effect sizes won’t follow a Gaussian distribution, violating model
assumptions. We are developing extensions of this method that
will handle such characteristics.

To conclude, in this study we provided further insights
into the genetic relationship between AD and depression,
providing evidence of significant genetic overlap, and
neuropathological effects reflected in brain morphological
changes, warranting further genetic research. However, it
seems that the complex relation between AD and depression
will require future research to employ larger sample sizes,
cleaner phenotype definitions and further improvements
of biostatistical tools. It will also be important to study
interaction effects between genetic variants and between
genetic and environmental factors, as well as the dynamic
interplay between relevant factors over the lifespan. These
all will influence the underlying biological mechanisms that
account for the complex relationship between these disorders.
Ultimately this knowledge may provide a path toward
more effective treatments, thereby reducing the enormous
burden that AD and depression place on patients and their
care-givers.

DATA AVAILABILITY STATEMENT

Publicly available datasets were analysed in this study. This
data can be found on the UK biobank datasets under
accession number 27412. This data can be accessed following a

formal application at https://www.ukbiobank.ac.uk/enable-your-
research.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by UK North West Multi-centre Research Ethics
Committee. The patients/participants provided their written
informed consent to participate in this study.

AUTHOR CONTRIBUTIONS

JM-S and DM conceived the study. DM and TK pre-
processed the data. JM-S and DM performed all analyses, with
conceptual input from MS and DL. All authors contributed
to interpretation of results. JM-S and DM drafted the
manuscript and all authors contributed to and approved the final
manuscript.

FUNDING

The authors were funded by the Research Council of Norway
(276082, 213837, 223273, 204966/F20, 229129, 249795/F20,
225989, 248778, 249795, 298646, and 300767), the South-
Eastern Norway Regional Health Authority (2013-123, 2014-097,
2015-073, 2016-064, and 2017-004), Stiftelsen Kristian Gerhard
Jebsen (SKGJ-Med-008), the European Research Council (ERC)
under the European Union’s Horizon 2020 Research and
Innovation Programme (ERC Starting Grant, Grant agreement
No. 802998) and National Institutes of Health (R01MH100351
and R01GM104400).

ACKNOWLEDGMENTS

This work was partly performed on the TSD (Tjeneste
for Sensitive Data) facilities, owned by the University of
Oslo, operated and developed by the TSD service group
at the University of Oslo, IT-Department (USIT) (tsd-
drift@usit.uio.no). We would like to thank the research
participants and employees of 23 and Me for making this
work possible.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnins.
2021.653130/full#supplementary-material

REFERENCES
Acharya, U. R., Fernandes, S. L., WeiKoh, J. E., Ciaccio, E. J., Fabell, M. K. M., Tanik,

U. J., et al. (2019). Automated detection of Alzheimer’s disease using brain MRI
images–a study with various feature extraction techniques. J. Med. Syst. 43:302.

Adams, H. H. H., Verhaaren, B. F. J., Vrooman, H. A., Uitterlinden, A. G.,
Hofman, A., van Duijn, C. M., et al. (2014). TMEM106B influences volume
of left-sided temporal lobe and interhemispheric structures in the general
population. Biol. Psychiatry 76, 503–508. doi: 10.1016/j.biopsych.2014.
03.006

Frontiers in Neuroscience | www.frontiersin.org 7 July 2021 | Volume 15 | Article 653130

https://www.ukbiobank.ac.uk/enable-your-research
https://www.ukbiobank.ac.uk/enable-your-research
mailto:tsd-drift@usit.uio.no
mailto:tsd-drift@usit.uio.no
https://www.frontiersin.org/articles/10.3389/fnins.2021.653130/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnins.2021.653130/full#supplementary-material
https://doi.org/10.1016/j.biopsych.2014.03.006
https://doi.org/10.1016/j.biopsych.2014.03.006
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-15-653130 July 5, 2021 Time: 11:34 # 8

Monereo-Sánchez et al. Genetics of Alzheimer’s and Depression

American Psychiatric Association (2013). Diagnostic and Statistical Manual of
Mental Disorders, 5th Edn. Washington, DC: American Psychiatric Association.

Andreescu, C., Butters, M. A., Begley, A., Rajji, T., Wu, M., Meltzer, C. C.,
et al. (2008). Gray matter changes in late life depression—a structural MRI
analysis. Neuropsychopharmacology 33, 2566–2572. doi: 10.1038/sj.npp.1
301655

Anttila, V., Bulik-Sullivan, B., Finucane, H. K., Walters, R. K., Bras, J., Duncan, L.,
et al. (2018). Analysis of shared heritability in common disorders of the brain.
Science 360:eaa8757.

Barnes, D. E., Yaffe, K., Byers, A. L., McCormick, M., Schaefer, C., and Whitmer,
R. A. (2012). Midlife vs late-life depressive symptoms and risk of dementia:
differential effects for Alzheimer disease and vascular dementia. Arch. Gen.
Psychiatry 69, 493–498. doi: 10.1001/archgenpsychiatry.2011.1481

Boccia, M., Acierno, M., and Piccardi, L. (2015). Neuroanatomy of Alzheimer’s
disease and late-life depression: a coordinate-based meta-analysis of MRI
studies. J. Alzheimer’s Dis. 46, 963–970. doi: 10.3233/jad-142955

Bremner, J. D., Narayan, M., Anderson, E. R., Staib, L. H., Miller, H. L., and
Charney, D. S. (2000). Hippocampal volume reduction in major depression.
Am. J. Psychiatry 157, 115–118. doi: 10.1176/ajp.157.1.115

Bromet, E., Andrade, L. H., Hwang, I., Sampson, N. A., Alonso, J., de Girolamo, G.,
et al. (2011). Cross-national epidemiology of DSM-IV major depressive episode.
BMC Med. 9:90. doi: 10.1186/1741-7015-9-90

Bulik-Sullivan, B., Finucane, H. K., Anttila, V., Gusev, A., Day, F. R., Loh, P.-R.,
et al. (2015). An atlas of genetic correlations across human diseases and traits.
Nat Genet. 47, 1236. doi: 10.1038/ng.3406

Bycroft, C., Freeman, C., Petkova, D., Band, G., Elliott, L. T., Sharp, K., et al. (2018).
The UK biobank resource with deep phenotyping and genomic data. Nature
562, 203–209. doi: 10.1038/s41586-018-0579-z

Chen, P., Ganguli, M., Mulsant, B. H., and DeKosky, S. T. (1999). The temporal
relationship between depressive symptoms and dementia: a community-based
prospective study. Arch. Gen. Psychiatry 56, 261–266. doi: 10.1001/archpsyc.
56.3.261

Dall’Aglio, L., Lewis, C. M., and Pain, O. (2020). Delineating the genetic component
of gene expression in major depression. Biol. Psychiatry 89, 627–636. doi:
10.1016/j.biopsych.2020.09.010

Desikan, R. S., Ségonne, F., Fischl, B., Quinn, B. T., Dickerson, B. C., Blacker,
D., et al. (2006). An automated labeling system for subdividing the human
cerebral cortex on MRI scans into gyral based regions of interest. Neuroimage
31, 968–980. doi: 10.1016/j.neuroimage.2006.01.021

Devanand, D. P., Sano, M., Tang, M. X., Taylor, S., Gurland, B. J., Wilder, D.,
et al. (1996). Depressed mood and the incidence of Alzheimer’s disease in
the elderly living in the community. Arch. Gen. Psychiatry 53, 175–182. doi:
10.1001/archpsyc.1996.01830020093011

Di Paola, M., Spalletta, G., and Caltagirone, C. (2010). In vivo structural
neuroanatomy of corpus callosum in Alzheimer’s disease and mild cognitive
impairment using different MRI techniques: a review. J. Alzheimer’s Dis. 20,
67–95. doi: 10.3233/jad-2010-1370

Fischl, B., Salat, D. H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., et al.
(2002). Whole brain segmentation: automated labeling of neuroanatomical
structures in the human brain. Neuron 33, 341–355.

Fox, N. C., Crum, W. R., Scahill, R. I., Stevens, J. M., Janssen, J. C., and Rossor,
M. N. (2001). Imaging of onset and progression of Alzheimer’s disease with
voxel-compression mapping of serial magnetic resonance images. Lancet 358,
201–205. doi: 10.1016/s0140-6736(01)05408-3

Frei, O., Holland, D., Smeland, O. B., Shadrin, A. A., Fan, C. C., Maeland, S., et al.
(2019). Bivariate causal mixture model quantifies polygenic overlap between
complex traits beyond genetic correlation. Nat. Commun. 10:2417.

Gatz, M., Pedersen, N. L., Berg, S., Johansson, B., Johansson, K., Mortimer, J. A.,
et al. (1997). Heritability for Alzheimer’s disease: the study of dementia in
Swedish Twins. J. Gerontol. Ser. A. 52A, M117–M125.

Geerlings, M. I., den Heijer, T., Koudstaal, P. J., Hofman, A., and Breteler, M. M. B.
(2008). History of depression, depressive symptoms, and medial temporal lobe
atrophy and the risk of Alzheimer disease. Neurology 70, 1258–1264. doi:
10.1212/01.wnl.0000308937.30473.d1

Gibson, J., Russ, T. C., Adams, M. J., Clarke, T. K., Howard, D. M., Hall,
L. S., et al. (2017). Assessing the presence of shared genetic architecture
between Alzheimer’s disease and major depressive disorder using genome-wide
association data. Transl. Psychiatry 7:e1094 doi: 10.1038/tp.2017.49

Gracia-García, P., De-La-Cámara, C., Santabárbara, J., Lopez-Anton, R.,
Quintanilla, M. A., Ventura, T., et al. (2015). Depression and incident
Alzheimer disease: the impact of disease severity. Am. J. Geriatr. Psychiatry 23,
119–129. doi: 10.1016/j.jagp.2013.02.011

Green, R. C., Cupples, L. A., Kurz, A., Auerbach, S., Go, R., Sadovnick, D., et al.
(2003). Depression as a risk factor for Alzheimer disease: the MIRAGE study.
Arch. Neurol. 60, 753–759. doi: 10.1001/archneur.60.5.753

Holland, D., Frei, O., Desikan, R., Fan, C.-C., Shadrin, A. A., Smeland, O. B., et al.
(2020). Beyond SNP heritability: Polygenicity and discoverability of phenotypes
estimated with a univariate Gaussian mixture model. PLoS Genet. 16:e1008612.
doi: 10.1371/journal.pgen.1008612

Howard, D. M., Adams, M. J., Clarke, T.-K., Hafferty, J. D., Gibson, J., Shirali,
M., et al. (2019). Genome-wide meta-analysis of depression identifies 102
independent variants and highlights the importance of the prefrontal brain
regions. Nat. Neurosci. 22, 343–352. doi: 10.1038/s41593-018-0326-7

Howard, D. M., Adams, M. J., Shirali, M., Clarke, T.-K., Marioni, R. E., Davies,
G., et al. (2018). Genome-wide association study of depression phenotypes in
UK Biobank identifies variants in excitatory synaptic pathways. Nat. Commun.
9, 1–10.

Jack, C. R., Petersen, R. C., Xu, Y. C., O’Brien, P. C., Smith, G. E., Ivnik, R. J.,
et al. (1999). Prediction of AD with MRI-based hippocampal volume in mild
cognitive impairment. Neurology 52:1397. doi: 10.1212/wnl.52.7.1397

Jang, K. L., Livesley, W. J., Taylor, S., Stein, M. B., and Moon, E. C. (2004).
Heritability of individual depressive symptoms. J. Affect. Disord. 80, 125–133.
doi: 10.1016/s0165-0327(03)00108-3

Jansen, I. E., Savage, J. E., Watanabe, K., Bryois, J., Williams, D. M., Steinberg, S.,
et al. (2019). Genome-wide meta-analysis identifies new loci and functional
pathways influencing Alzheimer’s disease risk. Nat. Genet. 51, 404–413. doi:
10.1038/s41588-018-0311-9

Jorm, A. F. (2001). History of depression as a risk factor for dementia: an updated
review. Austr. N Z J. Psychiatry. 35, 776–781. doi: 10.1046/j.1440-1614.2001.
00967.x

Jun, G., Ibrahim-Verbaas, C. A., Vronskaya, M., Lambert, J.-C., Chung, J.,
Naj, A. C., et al. (2016). A novel Alzheimer disease locus located near the
gene encoding tau protein. Mol. Psychiatry 21, 108–117. doi: 10.1038/mp.
2015.23

Kramberger, M. G., Jelic, V., Kåreholt, I., Enache, D., Eriksdotter Jönhagen, M.,
Winblad, B., et al. (2012). Cerebrospinal Fluid Alzheimer markers in depressed
elderly subjects with and without Alzheimer’s disease. Dement. Geriatr. Cogn.
Dis. Extra 2, 48–56. doi: 10.1159/000334644

Lacerda, A. L. T., Brambilla, P., Sassi, R. B., Nicoletti, M. A., Mallinger, A. G.,
Frank, E., et al. (2005). Anatomical MRI study of corpus callosum in unipolar
depression. J. Psychiatr. Res. 39, 347–354. doi: 10.1016/j.jpsychires.2004.
10.004

Lambert, J.-C., Ibrahim-Verbaas, C. A., Harold, D., Naj, A. C., Sims, R., Bellenguez,
C., et al. (2013). Meta-analysis of 74,046 individuals identifies 11 new
susceptibility loci for Alzheimer’s disease. Nat. Genet. 45, 1452–1458.

Lebedeva, A., Westman, E., Lebedev, A. V., Li, X., Winblad, B., Simmons, A., et al.
(2014). Structural brain changes associated with depressive symptoms in the
elderly with Alzheimer’s disease. J. Neurol. Neurosurg. Psychiatry 85, 930–935.
doi: 10.1136/jnnp-2013-307110

Leszek, J., Trypka, E., Koutsouraki, E., Michmizos, D., Yarla, N. S., Tarasov, V. V.,
et al. (2018). Late-life depression and Alzheimer disease: a potential synergy of
the underlying mechanisms. Curr. Med. Chem. 25, 5389–5394. doi: 10.2174/
0929867323666160902152829

Lutz, M. W., Sprague, D., Barrera, J., and Chiba-Falek, O. (2020). Shared genetic
etiology underlying Alzheimer’s disease and major depressive disorder. Transl.
Psychiatry 10, 1–14.

Mega, M. S., Mastennan, D. M., O’Connor, S. M., Barclay, T. R., and Cummings,
J. L. (1999). The spectrum of behavioral responses to cholinesterase inhibitor
therapy in Alzheimer disease. Arch. Neurol. 56, 1388–1393. doi: 10.1001/
archneur.56.11.1388

Mervaala, E., Föhr, J., Könönen, M., Valkonen-Korhonen, M., Vainio, P., Partanen,
K., et al. (2000). Quantitative MRI of the hippocampus and amygdala in severe
depression. Psychol. Med. 30, 117–125. doi: 10.1017/s0033291799001567

Milaneschi, Y., Lamers, F., Peyrot, W. J., Abdellaoui, A., Willemsen, G.,
Hottenga, J. J., et al. (2016). Polygenic dissection of major depression clinical
heterogeneity. Mol. Psychiatry 21, 516–522. doi: 10.1038/mp.2015.86

Frontiers in Neuroscience | www.frontiersin.org 8 July 2021 | Volume 15 | Article 653130

https://doi.org/10.1038/sj.npp.1301655
https://doi.org/10.1038/sj.npp.1301655
https://doi.org/10.1001/archgenpsychiatry.2011.1481
https://doi.org/10.3233/jad-142955
https://doi.org/10.1176/ajp.157.1.115
https://doi.org/10.1186/1741-7015-9-90
https://doi.org/10.1038/ng.3406
https://doi.org/10.1038/s41586-018-0579-z
https://doi.org/10.1001/archpsyc.56.3.261
https://doi.org/10.1001/archpsyc.56.3.261
https://doi.org/10.1016/j.biopsych.2020.09.010
https://doi.org/10.1016/j.biopsych.2020.09.010
https://doi.org/10.1016/j.neuroimage.2006.01.021
https://doi.org/10.1001/archpsyc.1996.01830020093011
https://doi.org/10.1001/archpsyc.1996.01830020093011
https://doi.org/10.3233/jad-2010-1370
https://doi.org/10.1016/s0140-6736(01)05408-3
https://doi.org/10.1212/01.wnl.0000308937.30473.d1
https://doi.org/10.1212/01.wnl.0000308937.30473.d1
https://doi.org/10.1038/tp.2017.49
https://doi.org/10.1016/j.jagp.2013.02.011
https://doi.org/10.1001/archneur.60.5.753
https://doi.org/10.1371/journal.pgen.1008612
https://doi.org/10.1038/s41593-018-0326-7
https://doi.org/10.1212/wnl.52.7.1397
https://doi.org/10.1016/s0165-0327(03)00108-3
https://doi.org/10.1038/s41588-018-0311-9
https://doi.org/10.1038/s41588-018-0311-9
https://doi.org/10.1046/j.1440-1614.2001.00967.x
https://doi.org/10.1046/j.1440-1614.2001.00967.x
https://doi.org/10.1038/mp.2015.23
https://doi.org/10.1038/mp.2015.23
https://doi.org/10.1159/000334644
https://doi.org/10.1016/j.jpsychires.2004.10.004
https://doi.org/10.1016/j.jpsychires.2004.10.004
https://doi.org/10.1136/jnnp-2013-307110
https://doi.org/10.2174/0929867323666160902152829
https://doi.org/10.2174/0929867323666160902152829
https://doi.org/10.1001/archneur.56.11.1388
https://doi.org/10.1001/archneur.56.11.1388
https://doi.org/10.1017/s0033291799001567
https://doi.org/10.1038/mp.2015.86
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles


fnins-15-653130 July 5, 2021 Time: 11:34 # 9

Monereo-Sánchez et al. Genetics of Alzheimer’s and Depression

Miller, K. L., Alfaro-Almagro, F., Bangerter, N. K., Thomas, D. L., Yacoub, E.,
Xu, J., et al. (2016). Multimodal population brain imaging in the UK Biobank
prospective epidemiological study. Nat. Neurosci. 19, 1523–1536. doi: 10.1038/
nn.4393

Modrego, P. J., and Ferrández, J. (2004). Depression in patients with mild cognitive
impairment increases the risk of developing dementia of Alzheimer type: a
prospective cohort study. Arch. Neurol. 61, 1290–1293.

Mowinckel, A. M., and Vidal-Piñeiro, D. (2019). Visualisation of brain statistics
with r-packages ggseg and ggseg3d. arXiv [Preprint] arXiv191208200

Nicholson, A. M., and Rademakers, R. (2016). What we know about TMEM106B
in neurodegeneration. Acta Neuropathol. 132, 639–651. doi: 10.1007/s00401-
016-1610-9

Nixon, R. A., Cataldo, A. M., Paskevich, P. A., Hamilton, D. J., Wheelock, T. R., and
Kanaley-Andrews, L. (1992). The lysosomal system in neurons. Involvement at
multiple stages of Alzheimer’s disease pathogenesis. Ann. N Y. Acad. Sci. 674,
65–88. doi: 10.1111/j.1749-6632.1992.tb27478.x

Nyholt, D. R. A. (2004). Simple correction for multiple testing for single-nucleotide
polymorphisms in linkage disequilibrium with each other. Am. J. Hum. Genet.
74, 765–769. doi: 10.1086/383251

Ownby, R. L., Crocco, E., Acevedo, A., John, V., and Loewenstein, D. (2006).
Depression and risk for Alzheimer disease: systematic review, meta-analysis,
and metaregression analysis. Arch. Gen. Psychiatry 63, 530–538. doi: 10.1001/
archpsyc.63.5.530

Rapp, M. A., Schnaider-Beeri, M., Grossman, H. T., Sano, M., Perl, D. P., Purohit,
D. P., et al. (2006). Increased hippocampal plaques and tangles in patients
with Alzheimer disease with a lifetime history of major depression. Arch. Gen.
Psychiatry 63, 161–167. doi: 10.1001/archpsyc.63.2.161

Reitz, C., and Mayeux, R. (2014). Alzheimer disease: epidemiology, diagnostic
criteria, risk factors and biomarkers. Biochem. Pharmacol. 88, 640–651. doi:
10.1016/j.bcp.2013.12.024

Rosen, A. F. G., Roalf, D. R., Ruparel, K., Blake, J., Seelaus, K., Villa, L. P., et al.
(2018). Quantitative assessment of structural image quality. Neuroimage 169,
407–418.

Sabuncu, M. R., Desikan, R. S., Sepulcre, J., Yeo, B. T. T., Liu, H., Schmansky, N. J.,
et al. (2011). The dynamics of cortical and hippocampal atrophy in Alzheimer
disease. Arch. Neurol. 68, 1040–1048. doi: 10.1001/archneurol.2011.167

Satoh, J., Kino, Y., Kawana, N., Yamamoto, Y., Ishida, T., Saito, Y., et al. (2014).
TMEM106B expression is reduced in Alzheimer’s disease brains. Alzheimers
Res. Ther. 6:17. doi: 10.1186/alzrt247

Schmaal, L., Pozzi, E., C Ho, T., van Velzen, L. S., Veer, I. M., Opel, N.,
et al. (2020). ENIGMA MDD: seven years of global neuroimaging studies
of major depression through worldwide data sharing. Transl. Psychiatry
10:172.

Sheline, Y. I., Sanghavi, M., Mintun, M. A., and Gado, M. H. (1999). Depression
duration but not age predicts hippocampal volume loss in medically healthy
women with recurrent major depression. J. Neurosci. 19, 5034–5043. doi: 10.
1523/jneurosci.19-12-05034.1999

Smeland, O. B., Frei, O., Shadrin, A., O’Connell, K., Fan, C. C., Bahrami, S.,
et al. (2020). Discovery of shared genomic loci using the conditional false
discovery rate approach. Hum. Genet. 139, 85–94. doi: 10.1007/s00439-019-
02060-2

Starkstein, S. E., Jorge, R., Mizrahi, R., and Robinson, R. G. (2005). The construct
of minor and major depression in Alzheimer’s disease. Am. J. Psychiatry 162,
2086–2093. doi: 10.1176/appi.ajp.162.11.2086

Sudlow, C., Gallacher, J., Allen, N., Beral, V., Burton, P., Danesh, J., et al. (2015).
UK biobank: an open access resource for identifying the causes of a wide

range of complex diseases of middle and old age. PLoS Med. 12:e1001779.
doi: 10.1371/journal.pmed.1001779

Sullivan, P. F., Neale, M. C., and Kendler, K. S. (2000). Genetic epidemiology of
major depression: review and meta-analysis. Am. J. Psychiatry 157, 1552–1562.
doi: 10.1176/appi.ajp.157.10.1552

Van Deerlin, V. M., Sleiman, P. M. A., Martinez-Lage, M., Chen-Plotkin, A.,
Wang, L.-S., Graff-Radford, N. R., et al. (2010). Common variants at 7p21
are associated with frontotemporal lobar degeneration with TDP-43 inclusions.
Nat. Genet. 42, 234–239.

van der Meer, D., Frei, O., Kaufmann, T., Shadrin, A. A., Devor, A., Smeland,
O. B., et al. (2020). Understanding the genetic determinants of the brain with
MOSTest. Nat. Commun. 11, 1–9.

Verkaik, R., Nuyen, J., Schellevis, F., and Francke, A. (2007). The relationship
between severity of Alzheimer’s disease and prevalence of comorbid depressive
symptoms and depression: a systematic review. Int. J. Geriatr. Psychiatry 22,
1063–1086. doi: 10.1002/gps.1809

Von Strauss, E., Viitanen, M., De Ronchi, D., Winblad, B., and Fratiglioni, L.
(1999). Aging and the occurrence of dementia: findings from a population-
based cohort with a large sample of nonagenarians. Arch. Neurol. 56, 587–592.
doi: 10.1001/archneur.56.5.587

Wickam, H. (2009). ggplot2: Elegant Graphics for Data Analysis. New York, NY:
Springer.

Wilson, A. C., Dugger, B. N., Dickson, D. W., and Wang, D.-S. (2011). TDP-43 in
aging and Alzheimer’s disease-a review. Int. J. Clin. Exp. Pathol. 4:147.

Wilson, R. S., Barnes, L. L., Mendes De Leon, C. F., Aggarwal, N. T., Schneider, J. S.,
Bach, J., et al. (2002). Depressive symptoms, cognitive decline, and risk of AD
in older persons. Neurology 59, 364–370. doi: 10.1212/wnl.59.3.364

Wray, N. R., Ripke, S., Mattheisen, M., Trzaskowski, M., Byrne, E. M., Abdellaoui,
A., et al. (2018). Genome-wide association analyses identify 44 risk variants and
refine the genetic architecture of major depression. Nat. Genet. 50, 668–681.

Ye, Q., Bai, F., and Zhang, Z. (2016). Shared genetic risk factors for late-life
depression and Alzheimer’s disease. J. Alzheimer’s Dis. 52, 1–15. doi: 10.3233/
jad-151129

Zhang, Q., Sidorenko, J., Couvy-Duchesne, B., Marioni, R. E., Wright, M. J., Goate,
A. M., et al. (2020). Risk prediction of late-onset Alzheimer’s disease implies an
oligogenic architecture. Nat. Commun. 11, 1–11.

Zubenko, G. S., Zubenko, W. N., McPherson, S., Spoor, E., Marin, D. B., Farlow,
M. R., et al. (2003). A collaborative study of the emergence and clinical features
of the major depressive syndrome of Alzheimer’s disease. Am. J. Psychiatry 160,
857–866. doi: 10.1176/appi.ajp.160.5.857

Conflict of Interest: Dr. Andreassen has received speaker’s honorarium from
Lundbeck, and is a consultant to HealthLytix.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest. The handling editor is currently organizing a Research Topic
with two of the authors OA and OS.

Copyright © 2021 Monereo-Sánchez, Schram, Frei, O’Connell, Shadrin, Smeland,
Westlye, Andreassen, Kaufmann, Linden and van der Meer. This is an open-access
article distributed under the terms of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice. No
use, distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Neuroscience | www.frontiersin.org 9 July 2021 | Volume 15 | Article 653130

https://doi.org/10.1038/nn.4393
https://doi.org/10.1038/nn.4393
https://doi.org/10.1007/s00401-016-1610-9
https://doi.org/10.1007/s00401-016-1610-9
https://doi.org/10.1111/j.1749-6632.1992.tb27478.x
https://doi.org/10.1086/383251
https://doi.org/10.1001/archpsyc.63.5.530
https://doi.org/10.1001/archpsyc.63.5.530
https://doi.org/10.1001/archpsyc.63.2.161
https://doi.org/10.1016/j.bcp.2013.12.024
https://doi.org/10.1016/j.bcp.2013.12.024
https://doi.org/10.1001/archneurol.2011.167
https://doi.org/10.1186/alzrt247
https://doi.org/10.1523/jneurosci.19-12-05034.1999
https://doi.org/10.1523/jneurosci.19-12-05034.1999
https://doi.org/10.1007/s00439-019-02060-2
https://doi.org/10.1007/s00439-019-02060-2
https://doi.org/10.1176/appi.ajp.162.11.2086
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1176/appi.ajp.157.10.1552
https://doi.org/10.1002/gps.1809
https://doi.org/10.1001/archneur.56.5.587
https://doi.org/10.1212/wnl.59.3.364
https://doi.org/10.3233/jad-151129
https://doi.org/10.3233/jad-151129
https://doi.org/10.1176/appi.ajp.160.5.857
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

	Genetic Overlap Between Alzheimer's Disease and Depression Mapped Onto the Brain
	Introduction
	Materials and Methods
	GWAS Summary Statistics
	Participants
	Genetic Data Pre-processing
	Image Acquisition
	Statistical Analyses

	Results
	Global Genetic Overlap
	Locus Overlap

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


