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Abstract

In the field of neuroimaging reverse inferences can lead us to suppose the involve-

ment of cognitive processes from certain patterns of brain activity. However, the

same reasoning holds if we substitute “brain activity” with “brain alteration” and “cog-

nitive process” with “brain disorder.” The fact that different brain disorders exhibit a

high degree of overlap in their patterns of structural alterations makes forward

inference-based analyses less suitable for identifying brain areas whose alteration is

specific to a certain pathology. In the forward inference-based analyses, in fact, it is

impossible to distinguish between areas that are altered by the majority of brain dis-

orders and areas that are specifically affected by certain diseases. To address this

issue and allow the identification of highly pathology-specific altered areas we used

the Bayes' factor technique, which was employed, as a proof of concept, on voxel-

based morphometry data of schizophrenia and Alzheimer's disease. This technique

allows to calculate the ratio between the likelihoods of two alternative hypotheses

(in our case, that the alteration of the voxel is specific for the brain disorder under

scrutiny or that the alteration is not specific). We then performed temporal simula-

tions of the alterations' spread associated with different pathologies. The Bayes' fac-

tor values calculated on these simulated data were able to reveal that the areas,

which are more specific to a certain disease, are also the ones to be early altered. This

study puts forward a new analytical instrument capable of innovating the methodo-

logical approach to the investigation of brain pathology.

K E YWORD S

alteration specificity, Alzheimer's disease, Bayes' factor, brain disorders, pain, reverse

probability, schizophrenia, voxel-based morphometry

1 | INTRODUCTION

Studying the distribution of co-altered areas in the pathological brain

is fundamental to better understand how neuropathologies spread

and develop, as well as to improve categorizations and diagnoses

(Hyman, 2010). The psychopathological models in the Diagnostic and

Statistical Manual of Mental Disorders (DSM, American Psychiatric

Association, 2013) and the International Statistical Classification of
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Diseases (ICD, World Health Organization, 2007) consider both psy-

chiatric and neurological conditions as distinct clinical constructs with

different etiologies. However, growing evidence is challenging this

view (Buckholtz & Meyer-Lindenberg, 2012; Nolen-Hoeksema &

Watkins, 2011). For example, large-scale phenotypic studies and

etiological investigations suggest that brain disorders are frequently

characterized by polygenic inheritance with multiple small-effect risk

alleles causing a constant diffusion of genetic liability, thus ruling

out any rigid classification of mental illnesses (Buckholtz & Meyer-

Lindenberg, 2012; Gejman, Sanders, & Kendler, 2011; Krueger, 1999).

Comorbidity, too, defies rigid categorization. Co-occurrences of psy-

chiatric diseases are rather frequent than exceptional (Cauda et al.,

2017; Cauda et al., 2018; Goodkind et al., 2015; van den Heuvel &

Sporns, 2019); this large diversity in symptomatology, dimensionality

and comorbidity (Kessler et al., 2005; Krueger & Markon, 2011;

Markon, 2010) points to a profound revision of models of classification

(Krueger & Markon, 2006).

A transdiagnostic approach can meet this new need, as it is able to

highlight important differences and similarities in brain disorders. Sev-

eral studies already show that a variety of psychiatric and neurological

conditions preferentially target certain brain regions (Buckholtz &

Meyer-Lindenberg, 2012; Cauda et al., 2017; Cauda et al., 2019;

Cauda, Nani, Costa, et al., 2018; Cole, Repovs, & Anticevic, 2014;

Goodkind et al., 2015; Liloia et al., 2018; McTeague, Goodkind, &

Etkin, 2016). More specifically, Cauda et al. (2019) showed that most

of brain disorders are likely to produce anatomical alterations that

largely overlap with each other, thus demonstrating that there is a

common set of regions (such as the insula, the anterior cingulate cortex

(ACC), some of the prefrontal and anterior temporal areas) which is

altered by the majority of brain disorders (in these areas more than

90% of pathologies have at least one focus of alteration). In contrast,

there are very few brain areas specifically altered by one or a limited

number of diseases (Liloia et al., 2018). This large overlap of altered

regions makes them scarcely informative about the development of

neuropathological processes, because in these regions the alteration

pattern is rather nonspecific. Furthermore, analyses based on forward

inferences (Poldrack, 2006) cannot help us, as they tend to treat in the

same way both the areas having high or low specificity. Instead, an

approach based on Bayesian reverse inferences can extract relevant

information from patterns of altered regions. There are, however,

important issues that need to be addressed, which this study aims to

tackle. Let us see three points in more details.

First, using the anatomical likelihood estimation (ALE) values as

source data, it is possible to create, through a Bayesian reverse infer-

ence approach, a map of alterations caused by brain disorders, and

identify the areas, if any, that are more specific for these diseases.

Researchers generally apply forward inferences by asking what

are the areas affected by certain pathology; in our case, we are inter-

ested in reverse inferences by asking what are the pathological condi-

tions that might have produced a specific alteration pattern. The

probability that a specific pattern of gray matter (GM) alterations may

be related to a specific brain disorder is not equivalent to the probabil-

ity that a specific brain disorder may be related to a specific pattern of

GM alterations: P(GM alteration|brain disease) 6¼ P(brain disease|GM

alteration). The reason of the not equality of the relation between the

two probabilities could be due to various factors, such as noise,

incomplete knowledge of the anatomical and/or functional relation-

ship. To our best knowledge, this kind of calculus has never been tried

before on meta-analytical data of morphological alterations but only

on healthy subjects' task-based fMRI data (Poldrack, 2006, 2011;

Yarkoni, Poldrack, Nichols, Van Essen, & Wager, 2011). A study

(Sprooten et al., 2017), which tried a type of reverse inference over

functional data of psychiatric patients, was not based on a Bayesian

reverse inference, as authors applied a Chi squared test with the

Yates' correction on a cross tables diagnosis-by-region and tested

whether studies about different psychiatric conditions report similar

results. The authors, in sum, calculated a form of correlation between

the number of studies of the pathology-by-region and those of

another pathology.

Second assuming the equiprobability of the priors, the calculus of

the Bayes' factor (BF) index can measure the involvement of an

altered area in a brain disorder as well as avoid the potential bias of

the inhomogeneous representativeness of diseases within a database.

The possibility of the reverse inference from neuroimaging

data has been extensively explored (Hutzler, 2014; Machery, 2014;

Montagna, Wager, Barrett, Johnson, & Nichols, 2018; Poldrack,

2006, 2011, 2012; Poldrack & Yarkoni, 2016; Wager et al., 2015;

Woolrich et al., 2009). On the legitimacy of the method per se see

Lieberman and Eisenberger (2015), Poldrack (2013), Lieberman (2015),

Yarkoni (2015a), Yarkoni (2015b), ShackmanLab (2015), Wager

et al. (2016), Gelman (2017), Machery (2014) and Hutzler (2014). With

a pioneering study, Poldrack (2006) highlighted the difficulties in the

field of functional neuroimaging because the usual kind of inference

that can be applied to neuroimaging data is of the form: if a process

X is involved then the Y brain is activated, and also because it

has been highlighted that very specific patterns of activations associ-

ated with pathological conditions are extremely infrequent (Fox &

Friston, 2012; Poldrack, 2011). Difficulties in making a reverse infer-

ence correctly have been discussed in the debate raised after the

publication of Lieberman and Eisenberger (2015) (Gelman, 2017;

Lieberman, 2015; Poldrack, 2013; ShackmanLab, 2015; Wager

et al., 2016; Yarkoni, 2015a, 2015b), who claimed that activity of the

anterior dorsal cingulate is selective for pain. These findings, however,

have been criticized (Gelman, 2017; Lieberman, 2015; Poldrack, 2013;

ShackmanLab, 2015; Wager et al., 2016; Yarkoni, 2015a, 2015b).

To better assess the involvement of a certain brain activation in a

cognitive process we propose to use the BF index (Jeffreys, 1961),

which is the ratio between the likelihoods of two alternative hypothe-

ses. The choice of prior probabilities is the most complex issue in the

Bayesian approach to meta-analytical data. Priors are generally set to

0.5, so that neither hypothesis P(H1) nor hypothesis P(H2) is privileged,

where H1is the hypothesis of specificity and H2 the hypothesis of

nonspecificity, respectively. It should be noted that with a sufficient

amount of data, as it is our case, the BF should converge to the value

“true,” even though the priors are supposed to be equiprobable. It is

plausible that, even though you and I can have different prior beliefs,
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more often we will agree over the form of the likelihood, so that, if we

gather enough data, the posterior will become very close (Lee, 2012).

In any case, to avoid the introduction of prior densities regarding

the parameters, and to assess whether or not the use of inhomoge-

neous data may produce incorrect BF values, we propose to apply the

Schwarz criterion (Kass & Raftery, 1995; Schwarz, 1978), which, for

large samples, can be considered as an approximation of the logarithm

of BF. As postulated by the Schwarz criterion, our hypothesis is that

the BF values, calculated with equiprobable priors, converge to the

Bayesian information criterion (BIC) if they do not suffer from the bias

due to the inhomogeneity of the sample.

Third, considering neuropathology in its temporal progression,

the BF index can detect which cerebral areas are likely to be altered

early.

As alterations develop from few to many (Cauda et al., 2018),

reverse inferences may identify as more specific to a certain brain dis-

order the areas that are affected early. Theoretically, the maximum

level of overlap between altered regions reaches its limit when all the

brain is affected. In this hypothetical case, each brain pathology would

alter most of the cerebral areas. So, when abnormalities gradually

spread (Fornito, Zalesky, & Breakspear, 2015; Goedert, Masuda-

Suzukake, & Falcon, 2017; Iturria-Medina & Evans, 2015; Yates, 2012;

Zhou, Gennatas, Kramer, Miller, & Seeley, 2012), the overlap of alter-

ations caused by different pathologies will be greater and greater, thus

reducing the degree of specificity of the areas that are progressively

more altered (for an infographic see Figure S4). The capacity of the BF

index to highlight more informative altered regions was tested by

applying the calculus on simulations of diseases with different stages

of alteration spread.

2 | MATERIALS AND METHODS

As a proof of concept, we put forward a map based on Bayesian

reverse inference of the two most represented brain diseases in the

BrainMap database (http://brainmap.org/), namely schizophrenia

(SCZ) and Alzheimer's disease (AD).

BrainMap is an online open access database of published func-

tional and voxel-based morphometry (VBM) experiments that reports

both the coordinate-based results (x,y,z) in standard brain space

(Talairach or MNI) and a hierarchical coding scheme of meta-data con-

cerning the experimental methods and conditions (Fox et al., 2005;

Fox & Lancaster, 2002; Laird, Lancaster, & Fox, 2005; Vanasse

et al., 2018). At the time of the selection phase (April 2018), BrainMap

included meta-data associated with more than 4,000 publications,

containing over 19,000 experiments, 148,000 subjects and 149,000

coordinate-based results.

2.1 | Selection of studies

First, we queried the VBM BrainMap database sector (Vanasse

et al., 2018). By means of the software application Sleuth (v.2.4), we

employed a double systematic search to retrieve the eligible voxel-

based results for each of the two brain disorders of interest. The sea-

rch algorithms were constructed as follows:

For the meta-analysis of SCZ:

SCZ QUERY A) [Experiments Context IS Disease] AND [Experiment

Contrast IS Gray Matter] AND [Experiments Observed Changes IS

Controls>Patients] AND [Experiments Observed Changes IS Con-

trols<Patients] AND [Subjects Diagnosis IS Schizophrenia];

SCZ QUERY B) [Experiments Context IS Disease] AND [Experiment

Contrast IS Gray Matter] AND [Experiments Observed Changes

IS Controls>Patients] AND [Experiments Observed Changes IS

Controls<Patients] AND [Subjects Diagnosis IS NOT Schizophrenia].

For the meta-analysis of AD:

AD QUERY A) [Experiments Context IS Disease] AND [Experiment

Contrast IS Gray Matter] AND [Experiments Observed Changes IS

Controls>Patients] AND [Experiments Observed Changes IS Con-

trols<Patients] AND [Subjects Diagnosis IS Alzheimer's Disease];

AD QUERY B) [Experiments Context IS Disease] AND [Experiment

Contrast IS Gray Matter] AND [Experiments Observed Changes

IS Controls>Patients] AND [Experiments Observed Changes IS

Controls<Patients] AND [Subjects Diagnosis IS NOT Alzheimer's

Disease].

Therefore, two researchers screened all the identified articles in

order to ascertain that: (a) a specific whole-brain VBM analysis was

performed, (b) a comparison between pathological sample and healthy

control participants was included, (c) GM decrease/increase changes

in pathological sample were included, (d) locations of GM changes

were reported in a definite stereotactic brain space (i.e., Talairach

or MNI).

On the basis of the aforementioned criteria, we included in our

analyses: 114 articles, for a total of 147 experiments, 1754 GM

changes and 4,944 subjects (SCZ QUERY A); 693 articles, for a total

of 1,211 experiments, 9,353 GM changes and 41,746 subjects (SCZ

QUERY B); 55 articles, for a total of 83 experiments, 961 GM

changes and 1,297 subjects (AD QUERY A); 760 articles, for a total

of 1,277 experiments, 10,151 GM changes, and 49,194 subjects

(AD QUERY B). Descriptive information of interest and meta-data of

GM changes were extracted from each selected article (see Table S1

for detailed information about the description and distribution of

the VBM data set included in the meta-analysis). In order to facili-

tate subsequent analyses, coordinate-based results from MNI ste-

reotactic space were converted into Talairach space by using

Lancaster's icbm2tal transformation (Laird et al., 2010; Lancaster

et al., 2007).

The selection of studies was performed according to the pre-

ferred reporting items for systematic reviews and meta-analyses

(PRISMA) Statement international guidelines (Liberati et al., 2009;

Moher, Liberati, Tetzlaff, & Altman, 2009). The overview of the selec-

tion strategy is illustrated in Figure S1 (PRISMA flow chart).
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2.2 | ALE and creation of the modeled
activation maps

We performed an ALE using the random effects algorithm of

GingerAle (v.2.3.6, http://brainmap.org/ale) (Eickhoff et al., 2009;

Eickhoff, Bzdok, Laird, Kurth, & Fox, 2012; Turkeltaub et al., 2012).

The ALE is a quantitative voxel-based meta-analysis technique capa-

ble of providing information about the anatomical reliability of results

through a statistical comparison on the basis of a sample of reference

studies from the existing literature (Laird et al., 2005).

To describe the theory behind the ALE method we follow the

description and nomenclature used in Samartsidis, Montagna, Nichols,

and Johnson (2017). The idea of ALE is to model, for each voxel, the

probability that it is a true location of a focus reported as Gaussian

distribution centered on it. Given a study i, the map based on a single

location xik is given by:

Lik vð Þ= cϕ3 vjxik ,σ2I
� �

with ϕ3(x; μ, Σ) is a three-dimensional Gaussian distribution with mean

and covariance μ, Σ evaluated at x�3, I is the identity matrix and c is

a normalization constant ensuring that the sum of ϕ3 over voxels

equals to one. In this way Lik(v) is the probability that the voxel v is the

true location of xik.

The only free parameter is σi, which is determined in an empirical

study by Eickhoff et al. (2009) associating the number of subjects ni in

each study with the SD σi.

The next step of the ALE procedure is to merge the maps Lik in a

single study map Li. This map quantifies the probability of how the

focus near v is really located in v. The final ALE statistic is computed

as follows:

l vð Þ=1−
Y

i

1−Li vð Þð Þ ð1Þ

This formula represents the probability that one of the closest

activations is located in voxel v.

The significance test of ALE is obtained using a Monte Carlo pro-

cedure. For each location, multiple statistics are created by sampling

activation maps from random location. The null ALE statistic is

obtained as follows:

l� vð Þ=1−
Y

i

1−Li v
�ð Þð Þ

in which v* is drawn uniformly from all possible brain locations. The

null distribution can be used to calculate p-values uncorrected or not,

see Eickhoff et al. (2012) for a more detailed description.

2.3 | Reverse inference and Bayes' factor

The framework of the reverse inference is the Bayes' theorem. In gen-

eral, reverse inference in neuroimaging provides information about

the involvement of brain areas in cognitive processes. Through a

reverse inference we can infer the posterior probability of a certain

cognitive process M starting from a pattern of brain activation A. This

inference is based on the conditional probability or likelihood P(A|M)

and a prior probability P(M), that is, the probability we have before

acquiring any clues on brain activations. Neuroimaging data can pro-

vide information on the likelihood of M given A.

The same reasoning still holds if we substitute “brain activity A"

with “brain alteration A” and “cognitive process M" with “brain disor-

der M". In this case, the reverse inference leads us to infer the poste-

rior probability of a pathology P(M|A) from a certain pattern of brain

alterations P(A|M) using the Bayes' theorem:

P MjAð Þ= P AjMð ÞP Mð Þ
P AjMð ÞP Mð Þ+ P Aj¬Mð ÞP ¬Mð Þ ,

where the ¬ symbol is the logical NOT.

Therefore, given the brain alteration A and the prior probability

that the disease M occurs, it is possible to assess the posterior proba-

bility that M occurs on the basis of A. This choice depends on the

information that we know before calculating the likelihood. In the lit-

erature, there is no general consensus as to how this choice should be

made—for a review of the several proposals put forward to address

this point see Carlin and Louis (2008).

The Bayesian approach to testing hypotheses has been developed

by Jeffreys (1961) as part of his scientific program to study inference.

Within this approach, given two competing hypotheses, the statistical

models represent the probability that data are in accord with one

or the other hypothesis and the Bayes' theorem is used to determine

the posterior probability of the two hypotheses. By calculating the

ratio between the two hypotheses we obtain a relation that can be

expressed in words as “Posterior odds = Bayes' Factor × prior odds”.

The BF is the ratio between the posterior and prior odds and rep-

resents a summary of evidence in favor of one of the two hypotheses.

The BF is similar to a likelihood ratio. However, differently from the

likelihood ratio, in the Bayesian framework there is no necessity of

sampling the distribution to assess the sample, because all the infer-

ences are conditional on the sample at hand. The BF therefore is a

summary measure of the information contained in the data about the

plausibility of the model.

We will adopt an objective Bayesian reasoning in which we try to

introduce little prior knowledge into the problem. This perspective

leads to consider the priors ratio P(H1)/P(H2) to be 1, meaning that the

prior probability is equal. This position is reasonable because the

resulting BF can be corrected with other ratios if the priors change.

With this choice, we have that the likelihood ratio is equal to the pos-

terior ratio, which is an important step because in the case of specific-

ity the two hypotheses are each the complementary of the other, so

that we obtain:

BF =
P H1jDð Þ

1−P H1jDð Þ ð2Þ

according to which the BF is equal to the odd ratio of the posterior.
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The framework within which the BF can be calculated on the basis

of meta-analytic data are the following. The likelihood of the data are

calculated as usual: the parameters of the Gaussian distribution are

obtained as a function of the number of subjects used in the experi-

ments under examination. That means that we do not use Bayes to

determine the posterior of the parameters: rather, in this context the

parameters are given and processed as usual in the ALE meta-analysis.

The Bayesian hypothesis test is applied to the successive steps of the

analysis. Therefore, the data used for the calculation of the BF are the

final ALE map obtained as usual with GingerALE software (Eickhoff

et al., 2009; Eickhoff et al., 2012; Turkeltaub et al., 2012).

For the analysis of VBM data the competing hypotheses were:

(a) the alteration of the voxel was specific for the brain disorder under

scrutiny; (b) or the alteration was not (¬) specific. We needed there-

fore to calculate the ALE maps derived from all the experiments in

which the detected alterations were associated with a specific brain

disorder and the ALE maps derived from all the experiments in

which the detected alterations were not associated with that specific

brain disorder. The final result of this process was the BF, a number

between [0, ∞] representing how much the data could support the

model Disease or ¬Disease.

Following Kass and Raftery (1995), the BF value can be inter-

preted as follows (Table 1).

2.4 | The Bayes' factor and temporal evolution of
brain diseases

Because the BF does not guarantee to highlight the earliest areas, but

it does so in virtue of statistical considerations, we run a simulation

to understand this aspect. As already showed (Cauda, Nani, Costa,

et al., 2018; Cauda, Nani, Manuello, et al., 2018; Crossley et al., 2014;

Iturria-Medina & Evans, 2015; Raj, Kuceyeski, & Weiner, 2012; Tatu

et al., 2018; Yates, 2012), neuropathological alterations are supposed

to be distributed across the brain following structural and functional

connectivity pathways. In order to simulate the alteration spread

related to a certain pathology we used the anatomical connectivity

matrix derived from Hagmann et al. (2008). Specifically, we used the

average fiber tract density between two brain areas, obtained from

healthy individuals with a parcellation of gray matter in 998 areas

(nodes). First, we simulated a target pathology, that is, AD; AD is the

ideal candidate because its areas of inception are well known. To do

so, we selected three nodes for each cerebral hemisphere on the basis

of the anatomopathological knowledge about AD (Braak & Del

Tredici, 2011). These six nodes were selected because of their prox-

imity to the transentorhinal cortex, which is known to be one of

the earliest sites of neurofibrillary deposition in AD (Braak, Alafuzoff,

Arzberger, Kretzschmar, & Del Tredici, 2006), and were used as

starting points for a simulated pathological spread. The model of simu-

lation was based on the diffusion equation already applied in Cauda,

Nani, Manuello, et al. (2018), which is the following:

dx tð Þ
dt

= −βLx tð Þ

where x is the concentration of the disease factor, β is the diffusivity

constant controlling propagation speed and the matrix L is the

Laplacian graph defined as:

L= I−Δ−1=2EΔ1=2

in which E is the matrix of the edges representing the connection

strength between nodes and Δ is the diagonal matrix with δi =
P

jeij as

the ith diagonal element. The solution of this equation is:

x tð Þ= exp −βLtð Þx0

This formula describes the evolution of an initial configuration

x0. The initial condition determines where the pathology begins to

spread, that is, which nodes are the earliest to be altered. Thus, by

considering different initial conditions, it is possible to simulate differ-

ent temporal evolutions of brain diseases. The entire temporal span of

the alterations' spread was subdivided in 1000 time points (arbitrary

units), from the initial condition (in which few nodes are altered) to

the state of equilibrium (in which all the nodes are altered). After

obtaining the diffusion data, we randomly selected for each simulation

100 time points so as to have a simulated picture of the uneven distri-

bution of pathological alterations. In each of these time points we

analyzed for every node the degree of its alteration; the nodes that

showed a degree of alteration over a predetermined threshold were

considered as being actually altered. Subsequently, every selected

time point with its surviving altered nodes was treated as an experi-

ment, thus generating different MA maps obtained from simulated

patients (from 6 to 20); all these MA maps were eventually united in

an ALE map.

To simulate other possible pathologies (up to 30), we selected for

each disease six bilateral nodes (three for each side) that were used to

study the temporal evolution of the alterations' spread. Overall, we

generated 1,000 time points for every simulated disease. As we did

for the target pathology, we randomly selected 100 time points, to

analyze the uneven distribution of alterations in different temporal

series. Simulating different number of patients (from 6 to 20), each

time point generated an MA map, which was united with the other

MA maps of the other time points in an ALE map. Finally, the MA

maps obtained from the target pathology (i.e., AD) and those obtained

from the other simulated diseases were used for the BF calculus.

TABLE 1 Bayes' factor points associated with different forces of
evidence

Bayes' factor (BF) Force of evidence

1 to 3 Not worth more than a mere mention

>3 to 20 Positive

>20 to 150 Strong

>150 Very strong

CAUDA ET AL. 4159



2.5 | Validation

To assess the efficacy of our algorithm we have performed an analysis of

reverse inference on fMRI data about pain tasks obtained from the

BrainMap database; this analysis has been already carried out by Yarkoni

et al. (2011), and its results are also available on the Neurosynth platform

(core tools) as well as in Yarkoni (2015b). We made the following two

queries in the functional BrainMap database sector (April 2018):

A - PAIN) [Experiments Context IS Normal Mapping] AND [Experiments

Activation IS Activation Only] AND [Subjects Diagnosis IS Normals]

AND [Experiments Imaging Modality IS fMRI] AND [Experiments Par-

adigm Class IS Pain Monitor/Discrimination];

B - NO PAIN) [Experiments Context IS Normal Mapping] AND [Experi-

ments Activation IS Activation Only] AND [Subjects Diagnosis IS Nor-

mals] AND [Experiments Imaging Modality IS fMRI] AND

[Experiments Paradigm Class IS NOT Pain Monitor/Discrimination].

We retrieved 81 articles, for a total of 261 experiments, 2,604

foci and 1,157 subjects (QUERY A); and 3,141 articles, for a total of

10,209 experiments, 87,409 foci, and 58,367 subjects (QUERY B) (see

Figure S2 PRISMA flow chart for the overview of the selection strat-

egy, Table S2 for the sample characteristics and Table S3 for more

information about the selected fMRI data set, respectively).

From the data retrieved with Sleuth 2.4, we calculated the ALE

for the condition “pain” and for the condition “no-pain.” On the basis

of the priors p(Hi) = 0.5, i = 1, 2, we determined the posterior probabil-

ity and then the BF was determined as in (2), where in our case D

means the voxel v, so that the posterior, was defined as:

P H1jvð Þ= P vjH1ð Þ
P vjH1ð Þ+ P vjH2ð Þð Þ

where P(v|H1) is the likelihood obtained by Equation (1) under the

“pain” condition and P(v|H2) is the likelihood obtained in the “no pain”

condition. The results of our analysis were compared visually with

those of Poldrack (2006) as they are illustrated in Figure 2 of his study

(Poldrack, 2006) as well as with the results of an association map pro-

duced by Neurosynth (Yarkoni et al., 2011). Indeed, the standard out-

put of Neurosynth is not actually a BF map, so comparisons are

necessarily to be made by analogy.

2.6 | Validation of the priors: Schwarz criterion
and Bayes' information criterion

To test and consolidate the results obtained for the specificity with

meta-analytic data we used a different method that do not use the

prior as in the BF obtained in the previous section. It is possible to

avoid the introduction in the model of the prior density with the help

of the following formula:

S= logP DjH1ð Þ− logP DjH2ð Þ− 1
2

d1−d2ð Þlog nð Þ ð3Þ

where θk are the estimations with regard to the different hypotheses

Hk, dk is the dimension of θk, and n is the numerosity of the sample.

If n ! ∞, it is possible to show the validity of the following relation,

called Schwarz criterion (Schwarz, 1978):

S− logBF
logBF

!0

The Schwarz criterion, therefore, tends to the BF. If we consider

the BIC, which is defined as:

BIC = d log nð Þ−2log P Djθk ,ð Þð Þ

we can see that, from (3), minus twice the Schwarz criterion is the dif-

ference between the BIC of the two hypotheses—for an in-depth

description of this theme see Kass and Raftery (1995). Finally, if we

multiply the BIC for minus 0.5, we obtain the S value, which can be

compared with the BF. As pointed out in the introduction, we can

observe that the BIC depends on the number of samples (log(n)); it is

therefore a way of verifying whether or not the choice of 0.5 as prior

is correct for the BF calculus. If we obtain convergent results, we

would be relatively confident that the rationale for choosing equi-

probable priors is, at least with large samples, sound.

2.7 | Stability against sample unbalances: Sample
unbalance compensation

To minimize the potential bias of the inhomogeneous representative-

ness of brain disorders in the database, we generated a single sample

for every brain disease by determining an ALE map of all the experi-

ments about that specific disease. BF maps constructed with this

compensatory procedure were correlated to the original BF maps

obtained without compensation.

2.8 | The file drawer problem or robustness
against noise: Fail-safe

The “fail-safe” technique is frequently used in classical meta-analyses

of both medical and psychological studies. It was first introduced by

Rosenthal (1979) and a specific approach for assessing the robustness

of results against potential publication bias in ALE meta-analyses was

recently developed by Acar, Seurinck, Eickhoff, and Moerkerke (2018).

This method presumes that there are unpublished studies with

contra-evidence results, and consequently estimates the number of

these studies that can be added to the meta-analysis before results

get invalidated. In other words, the procedure requires to introduce

into the sample increasing amount of noise (i.e., unreported experi-

ments) in order to assess how statistically robust is the meta-analytic

result. Here the “fail-safe” technique has been used to address the

possibility that in BrainMap an amount of contra-evidence experi-

ments has not been stored.
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We used the code developed by Acar et al. (2018), which is

available on Github (https://github.com/NeuroStat/GenerateNull).

The procedure can be divided into two steps: noise generation and

robustness estimation. In the first step, the required amount of noise

experiments is obtained. It must be noted that in doing this, the algo-

rithm is constrained by the distributions of the number of foci and the

number of subjects of the real meta-analytic sample (i.e., experiments

retrieved from BrainMap). In other words, if the experiments in the

original meta-analysis had a sample-size between 10 and 20, and

reported between 10 and 20 foci (i.e., peak values) each, the simulated

experiments will also have a number of foci and subjects comprised

between 10 and 20. This lends the noise realistic features. The spatial

localization of peaks is then randomly sampled from the same gray

matter mask used in the ALE computation. In order to correctly esti-

mate the noise, the first step was repeated for each disorder sepa-

rately (i.e., AD, SCZ, and pain).

In the second step, the noise experiments and the original meta-

analytic sample are combined and fed into the ALE algorithm. Results

were tested for statistical significance with 1,000 permutations, as

implemented in GingerALE. In other words, the second step allows to

re-run the meta-analysis taking into account potential experiments

“remained in the drawer.” This procedure was iterated several times

(and for each of the three disorders considered) adding an increasing

amount of noise experiments (between k
2 and 3k, where k is the num-

ber of the original studies). The ALE maps obtained at each level

where then combined to show the robustness of the effect (i.e., the

amount of noise that can be added before the true effect detected by

ALE loses statistical significance). There are currently no normative

values to interpret the fail-safe results in the context of ALE meta-

analysis applied to VBM experiments. As pointed out by Acar et al.

(2018), the minimum amount of injected noise of 5k+10 proposed by

Rosenthal (1979) for behavioral studies seems to be excessively high

to be extended to fMRI field. For the scope of the present work, we

considered 3k a reasonable upper bound. Taking SCZ as an example,

this means that for each of the 114 experiments included in the origi-

nal meta-analysis, three more experiments remained unreported (for a

total of 342).

Finally, A BF map was computed for each level of noise, and cor-

related with the BF map originally obtained for the set of real experi-

ments (a threshold level of three BF points was used for each map).

This allowed us to test the degree to which BF is affected by potential

not included experiments.

3 | RESULTS

3.1 | Bayes' factor

3.1.1 | Comparison with previous results

To test our algorithm, we replicated the analysis performed in Yarkoni

et al. (2011). Figure 1 (middle and bottom rows, and Table S6) shows

the results of the reverse inference on pain tasks data queried from

BrainMap as well as the association map provided for “pain” by

F IGURE 1 Top: Base rates reports of how many pathologies of the VBM BrainMap database cause alterations in every area of the brain.
Areas highlighted in red are those in which more than the 90% of pathologies cause at least an alteration. Middle and bottom: Association test
(expressed in z points) over the term ‘Pain’ performed with Neurosynth and compared with a Bayes' factor (expressed in normalized BF values)
map calculated with equiprobable priors over BrainMap data (see Table S6 for the specific numeric visualization). Left panel: Radar map illustrating
the comparison between the network-based decomposition of previous results expressed in z mean points (Neurosynth) and Bayes' factor values
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F IGURE 2 Top right: Bayes' factor (BF) map of Alzheimer's disease calculated with equiprobable priors over BrainMap data. Top left: Bayes'
factor map of Alzheimer's disease calculated with equiprobable priors over BrainMap data, compensated for the different representativeness of
pathologies in the database. Bottom right: Bayes' factor (BF) map of schizophrenia calculated with equiprobable priors over BrainMap data.
Bottom left: Bayes' factor map of schizophrenia calculated with equiprobable priors over BrainMap data, compensated for the different
representativeness of pathologies in the database. Middle: Radar maps illustrating the comparison between the network-based decomposition of
previous results expressed in mean Bayes' factor values. Bayes' factor maps are expressed in normalized BF values. See Table S4 and S5 for the
specific numeric visualization
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Neurosynth. Our results are very similar, albeit more conservative,

to those of Neurosynth as well as to those shown by Yarkoni

(Yarkoni, 2015b; Yarkoni et al., 2011). However, differences are to be

expected, given the variability of input data and the methods used

for constructing the maps (ALE vs. MKDA; see Wager, Lindquist, &

Kaplan, 2007). Moreover, Neurosynth does not provide a BF map but

an association map expressed in z scores (for a detailed discussion see

Yarkoni, 2015b; Yarkoni et al., 2011).

3.1.2 | Alzheimer's disease and schizophrenia

Overall, the maps of specificity reveal that the two most represented

pathologies in BrainMap are characterized by certain areas with posi-

tive BF values (see Table 1 and Supplementary Results in the Supple-

mentary Material). It should be noted that the right parahippocampus

is the only region in AD reporting a strong BF value (i.e., BF 21),

whereas middle positive BF values (i.e., BF between 10 and 20) are

exhibited by the left inferior parietal lobule and the right caudate tail.

Others positive values (i.e., BF between 4 and 9) in AD were found in

the bilateral hippocampus-amygdala complex, in the right posterior

cingulate cortex and supramarginal gyrus, as well as in the left supe-

rior temporal gyrus and superior parietal lobe (see Table S5 for a

numeric visualization and Figure 2 top right). The resulting specificity

map for the SCZ condition shows middle positive BF values in the

right postcentral and inferior frontal areas, in the left orbital gyrus,

superior frontal and temporal areas. Other positive BF values in SCZ

were found in the bilateral precunei, in the right uncus, inferior/middle

temporal gyri and in the left medial frontal areas (see also Table S4

and Figure 2 bottom right).

3.1.3 | The Bayes' factor and temporal evolution
of brain diseases

Figure 3 shows the temporal evolution of the simulated target pathol-

ogy (i.e., AD), the foci from which the pathology begins to spread (top

left panel), and the temporal evolution of all the other simulated pathol-

ogies used for statistical comparison (middle panel). The figure also illus-

trates the BF map calculated on the synthetic data (bottom panel), as

well as the comparison between the areas showing a BF > 10 and the

starting points (nodes) of the simulated target pathology (right panel).

3.2 | Validation

3.2.1 | Sample unbalance compensation

Original BF maps obtained without compensation (Figure 2 top right

and bottom right) and those obtained with the compensatory procedure

F IGURE 3 Bayes' factor (BF) and the temporal evolution of pathologies. Top left: Starting nodes of the target pathology (Alzheimer's disease,
AD). Middle: Temporal evolution (expressed in arbitrary time points) both of the target pathology and of all the other simulated pathologies.
Colors from green to violet show the areas that are altered from early to late phases of the simulated pathological spread. Bottom: BF values
calculated on synthetic data. Right panel: Comparison between the areas showing a BF > 10 and the starting points of the simulated target
pathology
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(Figure 2, top left and bottom left) show high correlation values: 0.82

for AD and 0.74 for SCZ, respectively (see Figure 2, middle panel).

3.2.2 | Bayes' information criterion

To test how much the choice of equiprobable priors can influence

the BF values, we compared the BIC with the BF map related to

pain and generated with equiprobable priors (Figure 4). Results

show that both the techniques produce maps that are extremely

similar to each other (r = 0.88). This high correlation leads us to

think that the choice of equiprobable priors does not bias the BF

calculus.

3.2.3 | Fail-safe

Compared to the results related to AD and SCZ, the ones related to

the pain condition are more vulnerable to the noise injections. In fact,

for the pain condition most of brain areas with significant BF values

do not survive after an amount of noise over 100% (Figure 5, left

panel). In this case, the most surviving areas are the sensorimotor and,

F IGURE 5 Left panel: Fail-safe results of the Bayes' factor calculated over pain data. Areas colored from blue to red show increasing
resistances to progressively greater injections of noise in the data set. Middle panel: Fail-safe results of the Bayes' factor calculated over
Alzheimer's disease data. Areas colored from blue to red show increasing resistances to progressively greater injections of noise in the data set.
Right panel: Fail-safe results of the Bayes' factor calculated over schizophrenia data. Areas colored from blue to red show increasing resistances to
progressively greater injections of noise in the data set

F IGURE 4 Right panel: Comparison between the results of the Bayes' information criterion (BIC), expressed in S value (see Methods section),
performed over the term 'Pain' and the Bayes' factor (BF) map calculated with equiprobable priors over BrainMap data. Left panel: Radar map
illustrating the comparison between the network-based decomposition of previous results expressed in mean BIC and BF values. Bayes' factor
maps are expressed in normalized BF values. See Table S6 for the specific numeric visualization

4164 CAUDA ET AL.



to a lesser extent, the posterior insular. In contrast, AD and SCZ have

higher correlations even with great quantities of noise injection. In

particular, with regard to SCZ, the correlation is still at r = 0.67 after

an amount of noise of 300%, while with regard to AD, the correlation

is at r = 0.55 after an amount of noise over 150% (Figure 5, middle

and right panels). In the case of AD, the most surviving areas are those

associated with the posterior component of the default mode net-

work (DMN). In the case of SCZ, most of the areas with significant BF

values survive after huge noise injections, save for the most anterior

prefrontal areas. Figure 6 shows how the correlation between BF

maps, derived from AD, SCZ, and the pain condition and obtained

with and without noise, drops at r = 0.3 after an amount of noise

over 150%.

4 | DISCUSSION

In this study, we have applied a Bayesian reverse inference method to

map the pathological brain and identify its altered regions that are

specific to the two most represented disorders in BrainMap database

(i.e., AD and SCZ). This specificity is expressed in terms of BF, positive

values of which (>3, but rarely superior to 20) characterize the struc-

tural alteration profiles both of AD and of SCZ. In particular, the pos-

terior components of the DMN, the amygdalae, the hippocampus

and parahippocampus exhibit positive specificity in the BF map of

AD. Although the BF values of these areas are positive, they are not

strong and just the parahippocampus shows a BF that is slightly supe-

rior to 20 (see Figure S3 and Tables S4, S5, and S6).

With regard to AD, our findings are in accordance with well-

established research and have been also further supported recently by

our group (Manuello et al., 2018). Volumetric changes involving the hip-

pocampus/parahippocampus, and especially the entorhinal cortex, have

been repeatedly considered as relevant features in the development of

AD (Jack Jr. et al., 1997; Rabinovici et al., 2007; Whitwell et al., 2007).

In fact, the atrophy of the medial temporal lobe, generally involving the

amygdala (Poulin, Dautoff, Morris, Barrett, & Dickerson, 2011), is a sig-

nificant biomarker that helps predict the evolution from mild cognitive

impairment to AD (Devanand et al., 2007). Furthermore, resting-state

fMRI investigations provide evidence that AD is associated with a

decreased functional connectivity within the DMN (Zhu, Majumdar,

Korolev, Berger, & Bozoki, 2013). If we consider the progressive

tauopathy that characterizes AD, the typical involvement of both ento-

rhinal and parahippocampal districts may indicate that these are key

regions for the deposition of pathologic tau in this condition (Braak &

Braak, 1991; Braak & Del Tredici, 2011; Jack Jr. et al., 2018; Lowe

et al., 2018; Ossenkoppele et al., 2016; Price & Morris, 1999). The

deterioration of the mesial temporal (hippocampal/parahippocampal/

entorhinal) cortex, in association with the posterior portions of the

DMN, can be successfully identified by structural neuroimaging tech-

niques (both VBM and cortical thickness) with different outcomes for

F IGURE 6 Fail-safe results of the Bayes' factor (BF) of three data sets (i.e., pain, Alzheimer's disease, and schizophrenia) obtained from the
correlational values between the BF map calculated without injections of noise and BF maps calculated with progressively increasing injections of
noise. Colors from blue to red indicate increasing values of standard deviation between the r values calculated in the different runs of the fail-safe
procedure
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sensibility/specificity in comparison to normal isocortical atrophy (Diaz-

de-Grenu et al., 2014). The highest BF values in the parahippocampus

and the transentorhinal regions (Taylor & Probst, 2008) demonstrate

that high BF values are telltale signs of the cerebral areas that are the

earliest to be altered.

With regard to SCZ, we observe that the insula, the ACC, the ven-

tromedial prefrontal cortex, the dorsolateral prefrontal cortex, and

the medial thalamus show an increased specificity compared to other

altered areas. The BF values of these areas are positive but not strong

(ranging between 3 and 20 points). In morphometric studies of SCZ,

the involvement of the insular cortex is frequently reported (Bora

et al., 2011; Brandl et al., 2019; Wylie & Tregellas, 2010). Also,

decreases in gray or white matter volumes have been observed in

both ACC and various sites of the prefrontal cortex (Baiano et al.,

2007; Ellison-Wright, Glahn, Laird, Thelen, & Bullmore, 2008; Glahn

et al., 2008; Honea, Crow, Passingham, & Mackay, 2005; Kim, Kim, &

Jeong, 2017; Koo et al., 2008; Narr et al., 2005; Nesvag et al., 2008).

The thalamus, too, is supposed to play a role in SCZ, on the basis of

its many connections with several brain structures, especially with

the prefrontal cortex (Alelu-Paz & Gimenez-Amaya, 2008; Pergola,

Selvaggi, Trizio, Bertolino, & Blasi, 2015; van Erp et al., 2016). The

complex GM alterations reported by scientific literature in patients

with SCZ (in particular in insular and prefrontal regions) (Kelly

et al., 2018; van Erp et al., 2018) principally impact on areas whose dis-

ruption is directly associated with episodes of psychosis and their

long-term outcome (Palaniyappan et al., 2016; Zuliani et al., 2018),

as well as with cognitive ability and the development of cognitive dis-

turbances (Sasabayashi et al., 2017). The specific structural pattern,

characterized by altered cortical thickness/volume associated with

a perturbed cortical gyrification (both hyper- and hypogyria), reflects

the involvement of a strong genetic or very early developmental back-

ground (Docherty et al., 2015; Spalthoff, Gaser, & Nenadic, 2018).

For all these reasons, SCZ can be considered as a model of neu-

rodevelopmental disorder with high heritability (Andreasen, 2010;

Hilker et al., 2018).

The analysis of the alteration specificity put forward in this study is

complementary to the transdiagnostic alteration patterns observed in

previous investigations (Buckholtz & Meyer-Lindenberg, 2012; Cauda

et al., 2017; Cauda, Nani, Costa, et al., 2018; Cole et al., 2014; Goodkind

et al., 2015; McTeague et al., 2016; Poldrack, 2006, 2011; Yarkoni

et al., 2011). These two approaches provide an overarching picture of

the pathological brain, which is of great interest for a better understand-

ing of how neuropathological processes affect this organ. Interestingly,

although many cerebral areas are altered by the majority of brain dis-

eases, patterns of alterations that seem specific to certain conditions

can emerge. The study of these typical profiles of alterations promises

to give valuable insights for the improvement of our clinical tools.

4.1 | The temporal evolution of brain diseases

It should be noted that when a specific brain disease (especially

the neurodegenerative ones) is in its terminal stages, many areas of

the brain would be affected. Therefore, if neuropathologies were

studied during their advanced developments, they would show a

great overlap of alterations. Differently from the discipline of patho-

logical anatomy, which carries out postmortem studies of the human

brain, neuroimaging techniques usually examine mixed pathological

populations exhibiting different phases of brain degeneration. More-

over, many studies are conducted on patients after their first diagno-

sis. These samples of individuals, therefore, are not expected to have

areas showing great overlap of alterations (Cauda et al., 2019).

Clearly, the simulation shows that the BF calculus can capture,

albeit with some approximation, the earliest points of the simulated

spread. In other words, the BF calculus is able to identify the areas

that are more precociously altered and, therefore, to distinguish

between them and those regions that are affected later. This result

emphasizes the importance to use reverse inference techniques for

studying the anatomical alterations caused by brain diseases, as these

techniques can provide a window into the initial stages of neuropath-

ological development, thus making possible the identification of pat-

terns of alteration spread as specific biomarkers of the early phases of

brain disease in view of patients' selection for disease-modifying clini-

cal trials (Pratt & Hall, 2018; Rohrer et al., 2015; Weiner et al., 2017)

as well as for assessing the efficacy of therapies (Cummings, Ritter, &

Zhong, 2018; Lawrie, O'Donovan, Saks, Burns, & Lieberman, 2016;

Marizzoni et al., 2018).

Indeed, with regard to AD and SCZ, it has been possible to identify

with our Bayesian reverse inference method not only the areas that

appear to be early affected (Braak & Del Tredici, 2011; Nenadic

et al., 2015) but also the sites of the main pathological alterations of

these two conditions, which are characterized by tauopathy and com-

plex structural alterations related to a genetic/neurodevelopmental

background (Jack Jr. et al., 2018; Spalthoff et al., 2018). For instance,

analyses of real data about AD have revealed that the parahippocampus

is the area with the strongest BF values (superior to 20; see Table S5), a

result that is in line with well-established scientific evidence (Taylor &

Probst, 2008).

This result supports well the hypothesis that high values of BF

might be proportional to the degree of alteration earliness exhibited

by those areas. Furthermore, the conceptual implication suggested by

high BF values deserves attention: in fact, the more specific is a brain

area for a disease, the greater the likelihood for that area to be preco-

ciously involved in the progression of the disease. Therefore, although

the BF calculus cannot exactly pinpoint the very first starting site of a

neuropathological process, it can identify the areas that are probably

affected early and differentiate them from those that appear to be

affected later.

4.2 | Validation

The analyses carried out in this study to understand how a sample

that is not uniformly balanced could bias the BF results, along with

the choice for setting the priors, have led us to think that the entity

of the potential biases is not as serious as to invalidate the BF
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calculus. In fact, the strategies used to overcome those difficulties,

both in the case of the compensation of the inhomogeneity of the

sample and in the case of the choice of the priors, have produced

results very similar to those obtained without these procedures. Still,

further research is needed to finally solve these problems. Especially

with regard to the choice of the priors, we need further investigations

with the help of empirical as well as Bayesian empirical techniques

for their calculus.

The fail-safe analysis has showed that the BF results obtained

from the anatomical alteration data of AD and SCZ are rather solid, as

they survive after relevant injections of noise and they are not, there-

fore, strongly affected by publication bias (Acar et al., 2018). In partic-

ular, the results about SCZ are the best surviving, followed by the

results about AD and, at a certain distance, by the results about

the pain condition. Therefore, BF values obtained from VBM data

were more resistant to publication bias than those obtained from

functional data.

4.3 | Limitations

The analysis on meta-analytical data, which are characterized by a cer-

tain degree of deterioration as well as of spatial uncertainty, might

have increased the overlap between regions affected by different

pathologies and, as a consequence, reduced the capacity of revealing

small areas with high specificity. This aspect notwithstanding, the

necessity of using a huge repository, in which data of a large number

of brain disorders are stored, compels to adopt a meta-analytical

approach. Poldrack (2011) claimed that the BrainMap database might

be biased by the fact that the studies are introduced manually, as this

could lead to a partial sample of the literature. In contrast, the data-

base of Neurosynth, which uses an automated process for selecting

articles, should have a more comprehensive sample. We agree only in

part with this criticism. In fact, even if we could create an all-inclusive

database of task-based fMRI studies, the bias because the various

cognitive domains are not uniformly represented would not be defi-

nitely ruled out. This is because all the topics of research do not

have the same interest for the scientific community: for instance,

(i) some tasks or pathologies are more or less studied than others,

independently of their relative frequency; (ii) some other task or

pathologies are more difficult to study and, therefore, less investi-

gated; (iii) the automated selection process for introducing experi-

ments in a database can make classification mistakes, which are

sometimes more frequent than those occurring with a nonautomated

selection; (iv) Neurosynth does not differentiate between activation

and deactivation. In any case, the aim of the present study is not to

explore all the strengths and weaknesses of databases, such as

BrainMap or Neurosynth, but rather to propose solutions and try to

overcome the problems raised in the debate about the reverse

inference.

Although we have devised strategies to avoid the problem of the

inhomogeneity of the BrainMap samples, and though the inhomoge-

neous distribution of data concerns the priors regarding the

parameters of the likelihood model rather than the priors regarding

the hypotheses, the uneven representation of pathologies may none-

theless have biased some results of the reverse inference. However,

so far the use of BrainMap is the only way to create maps of GM

alterations capable of giving an overarching picture of the pathological

brain. As matter of fact, the frequency of distribution of pathologies in

a database cannot represent accurately the frequency of distribution

of pathologies in the real world. This is so because certain conditions

are more investigated than others, independently of their incidence in

the population, so that they are sampled with varying frequencies in

the literature. Moreover, BrainMap contains only a fraction of all the

neuroimaging literature about brain disorders and the addition of new

studies is not principally directed to reduce this inhomogeneity. So,

the amount of results that researchers report is inevitably related to

their expectations as well as to the fact that some research topics are

more prevalent than others; and the BrainMap database inevitably

reflects that bias. Furthermore, even though our model can exclude

possible two identical studies, it cannot control if more than one study

has been carried out on the big same data set, such as COBRE

(Calhoun et al., 2011) or ADNI (Wyman et al., 2013). As a conse-

quence, our estimates may be biased upwards. Nonetheless, the vali-

dation analysis through the BIC, the compensation of the base rates

of different pathologies, and the fail-safe technique have showed that

the potential biases of the sample are unlikely to invalidate our

results.

Since a choice about the prior must be made, on the basis of our

validation analyses and in absence of better strategies, we propose to

choose equal priors (i.e., 50%). Needless to say, even though our vali-

dation analyses are encouraging, equal priors have both strengths and

weaknesses; hopefully future procedures will provide better solutions.

In the meantime, however, we think that the choice of equal priors is

a valuable strategy and should be adopted. This would encourage the

use of reverse inference techniques for the study of alterations cau-

sed by brain diseases, a study that, in our opinion, is essential to better

understand the pathological brain, especially in light of the fact that

many brain areas are nonspecific to pathologies but, rather, exhibit a

great overlap of alterations. Indeed, in spite of the problems already

discussed, a study based on the reverse inference obtained from brain

alterations data are extremely interesting, as it allows the identifica-

tion of the areas that are more specific and/or precociously altered in

a certain pathology. This obviously does not allow sustaining that the

alteration of a certain area is strictly specific to just one pathology,

but certainly it allows to identify which areas, whose alteration is fre-

quently associated with more or less brain disorders, are more or less

specific and informative. In addition, we can compare results obtained

from different pathological processes with each other, as well as com-

pare different patterns of GM alteration associated with the same

pathology, so as to reach a pathological imprint that is more specific

to that pathology.

Finally, our simulations of alteration spreads related to different

pathologies are based on the premise that alterations move diffusively

along brain connectivity pathways. Although this underlying mecha-

nism has been confirmed by recent research (Cauda, Nani, Costa,
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et al., 2018; Cauda, Nani, Manuello, et al., 2018; Crossley et al., 2014;

Fornito et al., 2015; Iturria-Medina & Evans, 2015; Manuello

et al., 2018; Raj et al., 2012; Tatu et al., 2018; Zhou et al., 2012), it is

not the only one that might play a role in the alteration spread. More-

over, the contributions of different mechanisms can vary with regard

to the type of pathology affecting the brain, so that our simulations,

even though they offer in our view the best approximation to real

pathological spreads with the available data, do not pretend to grasp

all the complexities of the actual phenomenon.

Another criticism concerns the fact that over time patients

develop more diffuse structural abnormalities, so that the reliability of

an abnormality may become lower due to the nature of how the dis-

ease evolves. However, it seems plausible that a likelihood model

underlying the BF could explicitly represent the progression of the

disease by using the diffusion patterns employed here to simulate

data. Nonetheless, since this BF approach is able to make inferences

about the areas that are early altered, it should also be possible that

this phenomenon may be a feature of the data and not of this particu-

lar approach.

A further limitation is that the BF is calculated in a univariate man-

ner: each voxel or area is considered in isolation without taking into

account a possible influence of other areas or voxels. Currently we are

trying to develop an approach capable of considering a joint probability

in which more variables (voxels or areas) are taken into consideration;

this view, however, poses several methodological problems, which are

mostly related to the expansion of the parameters' space and, conse-

quently, to the difficulty in performing the calculation.

5 | CONCLUSION

Although transdiagnostic research provides evidence that many sites

of the brain are altered by several pathological processes, this study

shows that a Bayesian reverse inference is capable of identifying the

cerebral areas exhibiting a high alteration specificity to certain pathol-

ogies. This approach allows to distinguish between areas that are

altered by most of brain diseases and areas that are altered by a lim-

ited number of pathologies and, therefore, can be considered more

specific to a certain pathology. It is also capable of identifying the

areas that are likely to be affected early, thus opening a new window

into the in vivo study of the pathological brain. These findings offer

interesting prospects for better characterizing brain disorders, as well

as a new way to perform VBM meta-analyses, thus hopefully contrib-

uting to the intriguing quest for deciphering the complex landscape of

alteration patterns of the pathological brain.

ACKNOWLEDGMENTS

This study was supported by the Fondazione Carlo Molo (F.C., PI),

Turin; NIH/NIMH grant MH074457 (P.T.F., PI) and CDMRP grant

W81XWH-14-1-0316 (P.T.F., PI).

CONFLICT OF INTERESTS

The authors report no competing interests.

DATA AVAILABILITY STATEMENT

The data that support the findings of this study are openly available in

the BrainMap database at http://brainmap.org/sleuth/.

ORCID

Tommaso Costa https://orcid.org/0000-0002-0822-862X

REFERENCES

Acar, F., Seurinck, R., Eickhoff, S. B., & Moerkerke, B. (2018). Assessing

robustness against potential publication bias in activation likelihood

estimation (ALE) meta-analyses for fMRI. PLoS ONE, 13(11),

e0208177. https://doi.org/10.1371/journal.pone.0208177

Alelu-Paz, R., & Gimenez-Amaya, J. M. (2008). The mediodorsal thalamic

nucleus and schizophrenia. Journal of Psychiatry & Neuroscience, 33(6),

489–498.
American Psychiatric Association. (2013). Diagnostic and statistical manual

of mental disorders, fifth edition (DSM-5) (5th, ed.). Arlington, VA: Amer-

ican Psychiatric Publishing.

Andreasen, N. C. (2010). The lifetime trajectory of schizophrenia and

the concept of neurodevelopment. Dialogues in Clinical Neuroscience,

12(3), 409–415.
Baiano, M., David, A., Versace, A., Churchill, R., Balestrieri, M., &

Brambilla, P. (2007). Anterior cingulate volumes in schizophrenia: A sys-

tematic review and a meta-analysis of MRI studies. Schizophrenia

Research, 93(1–3), 1–12. https://doi.org/10.1016/j.schres.2007.02.012
Bora, E., Fornito, A., Radua, J., Walterfang, M., Seal, M., Wood, S. J., …

Pantelis, C. (2011). Neuroanatomical abnormalities in schizophrenia: A

multimodal voxelwise meta-analysis and meta-regression analysis.

Schizophrenia Research, 127(1–3), 46–57. https://doi.org/10.1016/j.

schres.2010.12.020

Braak, H., Alafuzoff, I., Arzberger, T., Kretzschmar, H., & Del Tredici, K.

(2006). Staging of Alzheimer disease-associated neurofibrillary pathology

using paraffin sections and immunocytochemistry. Acta Neuropathologica,

112(4), 389–404. https://doi.org/10.1007/s00401-006-0127-z
Braak, H., & Braak, E. (1991). Neuropathological stageing of Alzheimer-

related changes. Acta Neuropathologica, 82(4), 239–259.
Braak, H., & Del Tredici, K. (2011). The pathological process underlying

Alzheimer's disease in individuals under thirty. Acta Neuropathologica,

121(2), 171–181. https://doi.org/10.1007/s00401-010-0789-4
Brandl, F., Avram, M., Weise, B., Shang, J., Simoes, B., Bertram, T., …

Sorg, C. (2019). Specific substantial dysconnectivity in schizophrenia:

A Transdiagnostic multimodal meta-analysis of resting-state functional

and structural magnetic resonance imaging studies. Biological Psychia-

try, 85(7), 573–583. https://doi.org/10.1016/j.biopsych.2018.12.003
Buckholtz, J. W., & Meyer-Lindenberg, A. (2012). Psychopathology and

the human connectome: Toward a transdiagnostic model of risk for

mental illness. Neuron, 74(6), 990–1004. https://doi.org/10.1016/j.

neuron.2012.06.002

Calhoun, V. D., Sui, J., Kiehl, K., Turner, J., Allen, E., & Pearlson, G. (2011).

Exploring the psychosis functional connectome: Aberrant intrinsic net-

works in schizophrenia and bipolar disorder. Frontiers in Psychiatry, 2,

75. https://doi.org/10.3389/fpsyt.2011.00075

Carlin, B. P., & Louis, T. A. (2008). Bayesian methods for data analysis, Boca

Raton, FL: Chapman and Hall/CRC.

Cauda, F., Costa, T., Nani, A., Fava, L., Palermo, S., Bianco, F., … Keller, R.

(2017). Are schizophrenia, autistic, and obsessive spectrum disorders

dissociable on the basis of neuroimaging morphological findings?: A

voxel-based meta-analysis. Autism Research, 10, 1079–1095. https://
doi.org/10.1002/aur.1759

Cauda, F., Nani, A., Costa, T., Palermo, S., Tatu, K., Manuello, J., … Keller, R.

(2018). The morphometric co-atrophy networking of schizophrenia,

autistic and obsessive spectrum disorders. Human Brain Mapping, 39,

1898–1928. https://doi.org/10.1002/hbm.23952

4168 CAUDA ET AL.

http://brainmap.org/sleuth/
https://orcid.org/0000-0002-0822-862X
https://orcid.org/0000-0002-0822-862X
https://doi.org/10.1371/journal.pone.0208177
https://doi.org/10.1016/j.schres.2007.02.012
https://doi.org/10.1016/j.schres.2010.12.020
https://doi.org/10.1016/j.schres.2010.12.020
https://doi.org/10.1007/s00401-006-0127-z
https://doi.org/10.1007/s00401-010-0789-4
https://doi.org/10.1016/j.biopsych.2018.12.003
https://doi.org/10.1016/j.neuron.2012.06.002
https://doi.org/10.1016/j.neuron.2012.06.002
https://doi.org/10.3389/fpsyt.2011.00075
https://doi.org/10.1002/aur.1759
https://doi.org/10.1002/aur.1759
https://doi.org/10.1002/hbm.23952


Cauda, F., Nani, A., Manuello, J., Liloia, D., Tatu, K., Vercelli, U., … Costa, T.

(2019). The alteration landscape of the cerebral cortex. NeuroImage,

184, 359–371. https://doi.org/10.1016/j.neuroimage.2018.09.036

Cauda, F., Nani, A., Manuello, J., Premi, E., Palermo, S., Tatu, K., … Costa, T.

(2018). Brain structural alterations are distributed following functional,

anatomic and genetic connectivity. Brain, 141(11), 3211–3232.
https://doi.org/10.1093/brain/awy252

Cole, M. W., Repovs, G., & Anticevic, A. (2014). The frontoparietal control

system: A central role in mental health. The Neuroscientist, 20(6),

652–664. https://doi.org/10.1177/1073858414525995
Crossley, N. A., Mechelli, A., Scott, J., Carletti, F., Fox, P. T., McGuire, P., &

Bullmore, E. T. (2014). The hubs of the human connectome are gener-

ally implicated in the anatomy of brain disorders. Brain, 137(8),

2382–2395. https://doi.org/10.1093/brain/awu132

Cummings, J., Ritter, A., & Zhong, K. (2018). Clinical trials for disease-

modifying therapies in Alzheimer's disease: A primer, lessons learned,

and a blueprint for the future. Journal of Alzheimer's Disease, 64(s1),

S3–s22. https://doi.org/10.3233/jad-179901
Devanand, D. P., Pradhaban, G., Liu, X., Khandji, A., De Santi, S., Segal, S., …

de Leon, M. J. (2007). Hippocampal and entorhinal atrophy in mild cogni-

tive impairment: Prediction of Alzheimer disease. Neurology, 68(11),

828–836. https://doi.org/10.1212/01.wnl.0000256697.20968.d7

Diaz-de-Grenu, L. Z., Acosta-Cabronero, J., Chong, Y. F., Pereira, J. M.,

Sajjadi, S. A., Williams, G. B., & Nestor, P. J. (2014). A brief history of

voxel-based grey matter analysis in Alzheimer's disease. Journal of

Alzheimer's Disease, 38(3), 647–659. https://doi.org/10.3233/jad-130362
Docherty, A. R., Hagler, D. J., Jr., Panizzon, M. S., Neale, M. C., Eyler, L. T.,

Fennema-Notestine, C., … Kremen, W. S. (2015). Does degree of

gyrification underlie the phenotypic and genetic associations between

cortical surface area and cognitive ability? NeuroImage, 106, 154–160.
https://doi.org/10.1016/j.neuroimage.2014.11.040

Eickhoff, S. B., Bzdok, D., Laird, A. R., Kurth, F., & Fox, P. T. (2012). Activa-

tion likelihood estimation meta-analysis revisited. NeuroImage, 59(3),

2349–2361. https://doi.org/10.1016/j.neuroimage.2011.09.017

Eickhoff, S. B., Laird, A. R., Grefkes, C., Wang, L. E., Zilles, K., & Fox, P. T.

(2009). Coordinate-based activation likelihood estimation meta-

analysis of neuroimaging data: A random-effects approach based on

empirical estimates of spatial uncertainty. Human Brain Mapping, 30(9),

2907–2926. https://doi.org/10.1002/hbm.20718

Ellison-Wright, I., Glahn, D. C., Laird, A. R., Thelen, S. M., & Bullmore, E.

(2008). The anatomy of first-episode and chronic schizophrenia: An

anatomical likelihood estimation meta-analysis. The American Journal

of Psychiatry, 165(8), 1015–1023. https://doi.org/10.1176/appi.ajp.

2008.07101562

Fornito, A., Zalesky, A., & Breakspear, M. (2015). The connectomics of

brain disorders. Nature Reviews. Neuroscience, 16(3), 159–172. https://
doi.org/10.1038/nrn3901

Fox, P. T., & Friston, K. J. (2012). Distributed processing; distributed func-

tions? NeuroImage, 61(2), 407–426. https://doi.org/10.1016/j.

neuroimage.2011.12.051

Fox, P. T., Laird, A. R., Fox, S. P., Fox, P. M., Uecker, A. M., Crank, M., …
Lancaster, J. L. (2005). BrainMap taxonomy of experimental design:

Description and evaluation. Human Brain Mapping, 25(1), 185–198.
https://doi.org/10.1002/hbm.20141

Fox, P. T., & Lancaster, J. L. (2002). Opinion: Mapping context and content:

The BrainMap model. Nature Reviews. Neuroscience, 3(4), 319–321.
https://doi.org/10.1038/nrn789

Gejman, P. V., Sanders, A. R., & Kendler, K. S. (2011). Genetics of schizo-

phrenia: New findings and challenges. Annual Review of Genomics and

Human Genetics, 12, 121–144. https://doi.org/10.1146/annurev-

genom-082410-101459

Gelman, A. (2017). Is the dorsal anterior cingulate cortex “selective for

pain”?
Glahn, D. C., Laird, A. R., Ellison-Wright, I., Thelen, S. M., Robinson, J. L.,

Lancaster, J. L., … Fox, P. T. (2008). Meta-analysis of gray matter

anomalies in schizophrenia: Application of anatomic likelihood estima-

tion and network analysis. Biological Psychiatry, 64(9), 774–781.
https://doi.org/10.1016/j.biopsych.2008.03.031

Goedert, M., Masuda-Suzukake, M., & Falcon, B. (2017). Like prions: The

propagation of aggregated tau and α-synuclein in neurodegeneration.

Brain, 140(2), 266–278.
Goodkind, M., Eickhoff, S. B., Oathes, D. J., Jiang, Y., Chang, A., Jones-

Hagata, L. B., … Etkin, A. (2015). Identification of a common neurobio-

logical substrate for mental illness. JAMA Psychiatry, 72(4), 305–315.
https://doi.org/10.1001/jamapsychiatry.2014.2206

Hagmann, P., Cammoun, L., Gigandet, X., Meuli, R., Honey, C. J.,

Wedeen, V. J., & Sporns, O. (2008). Mapping the structural core of

human cerebral cortex. PLoS Biology, 6(7), e159. https://doi.org/10.

1371/journal.pbio.0060159

Hilker, R., Helenius, D., Fagerlund, B., Skytthe, A., Christensen, K.,

Werge, T. M., … Glenthoj, B. (2018). Heritability of schizophrenia and

schizophrenia Spectrum based on the Nationwide Danish twin regis-

ter. Biological Psychiatry, 83(6), 492–498. https://doi.org/10.1016/j.
biopsych.2017.08.017

Honea, R., Crow, T. J., Passingham, D., & Mackay, C. E. (2005). Regional

deficits in brain volume in schizophrenia: A meta-analysis of voxel-

based morphometry studies. The American Journal of Psychiatry,

162(12), 2233–2245. https://doi.org/10.1176/appi.ajp.162.12.2233
Hutzler, F. (2014). Reverse inference is not a fallacy per se: Cognitive pro-

cesses can be inferred from functional imaging data. NeuroImage, 84,

1061–1069. https://doi.org/10.1016/j.neuroimage.2012.12.075

Hyman, S. E. (2010). The diagnosis of mental disorders: The problem of

reification. Annual Review of Clinical Psychology, 6, 155–179. https://
doi.org/10.1146/annurev.clinpsy.3.022806.091532

Iturria-Medina, Y., & Evans, A. C. (2015). On the central role of brain con-

nectivity in neurodegenerative disease progression. Frontiers in Aging

Neuroscience, 7, 90. https://doi.org/10.3389/fnagi.2015.00090

Jack, C. R., Jr., Petersen, R. C., Xu, Y. C., Waring, S. C., O'Brien, P. C.,

Tangalos, E. G., … Kokmen, E. (1997). Medial temporal atrophy on MRI

in normal aging and very mild Alzheimer's disease. Neurology, 49(3),

786–794.
Jack, C. R., Jr., Wiste, H. J., Schwarz, C. G., Lowe, V. J., Senjem, M. L.,

Vemuri, P., … Petersen, R. C. (2018). Longitudinal tau PET in ageing

and Alzheimer's disease. Brain, 141(5), 1517–1528. https://doi.org/10.
1093/brain/awy059

Jeffreys, H. (1961). Theory of probability (3rd ed.). Oxford: Clarendon.

Kass, R. E., & Raftery, A. E. (1995). Bayes factors. Journal of the American

Statistical Association, 90(430), 773–795. https://doi.org/10.2307/

2291091

Kelly, S., Jahanshad, N., Zalesky, A., Kochunov, P., Agartz, I., Alloza, C., …
Donohoe, G. (2018). Widespread white matter microstructural differ-

ences in schizophrenia across 4322 individuals: Results from the

ENIGMA schizophrenia DTI working group. Molecular Psychiatry,

23(5), 1261–1269. https://doi.org/10.1038/mp.2017.170

Kessler, R. C., Demler, O., Frank, R. G., Olfson, M., Pincus, H. A.,

Walters, E. E., … Zaslavsky, A. M. (2005). Prevalence and treatment of

mental disorders, 1990 to 2003. The New England Journal of Medicine,

352(24), 2515–2523. https://doi.org/10.1056/NEJMsa043266

Kim, G. W., Kim, Y. H., & Jeong, G. W. (2017). Whole brain volume

changes and its correlation with clinical symptom severity in patients

with schizophrenia: A DARTEL-based VBM study. PLoS ONE, 12(5),

e0177251. https://doi.org/10.1371/journal.pone.0177251

Koo, M. S., Levitt, J. J., Salisbury, D. F., Nakamura, M., Shenton, M. E., &

McCarley, R. W. (2008). A cross-sectional and longitudinal magnetic

resonance imaging study of cingulate gyrus gray matter volume abnor-

malities in first-episode schizophrenia and first-episode affective psy-

chosis. Archives of General Psychiatry, 65(7), 746–760. https://doi.org/
10.1001/archpsyc.65.7.746

Krueger, R. F. (1999). The structure of common mental disorders. Archives

of General Psychiatry, 56(10), 921–926.

CAUDA ET AL. 4169

https://doi.org/10.1016/j.neuroimage.2018.09.036
https://doi.org/10.1093/brain/awy252
https://doi.org/10.1177/1073858414525995
https://doi.org/10.1093/brain/awu132
https://doi.org/10.3233/jad-179901
https://doi.org/10.1212/01.wnl.0000256697.20968.d7
https://doi.org/10.3233/jad-130362
https://doi.org/10.1016/j.neuroimage.2014.11.040
https://doi.org/10.1016/j.neuroimage.2011.09.017
https://doi.org/10.1002/hbm.20718
https://doi.org/10.1176/appi.ajp.2008.07101562
https://doi.org/10.1176/appi.ajp.2008.07101562
https://doi.org/10.1038/nrn3901
https://doi.org/10.1038/nrn3901
https://doi.org/10.1016/j.neuroimage.2011.12.051
https://doi.org/10.1016/j.neuroimage.2011.12.051
https://doi.org/10.1002/hbm.20141
https://doi.org/10.1038/nrn789
https://doi.org/10.1146/annurev-genom-082410-101459
https://doi.org/10.1146/annurev-genom-082410-101459
https://doi.org/10.1016/j.biopsych.2008.03.031
https://doi.org/10.1001/jamapsychiatry.2014.2206
https://doi.org/10.1371/journal.pbio.0060159
https://doi.org/10.1371/journal.pbio.0060159
https://doi.org/10.1016/j.biopsych.2017.08.017
https://doi.org/10.1016/j.biopsych.2017.08.017
https://doi.org/10.1176/appi.ajp.162.12.2233
https://doi.org/10.1016/j.neuroimage.2012.12.075
https://doi.org/10.1146/annurev.clinpsy.3.022806.091532
https://doi.org/10.1146/annurev.clinpsy.3.022806.091532
https://doi.org/10.3389/fnagi.2015.00090
https://doi.org/10.1093/brain/awy059
https://doi.org/10.1093/brain/awy059
https://doi.org/10.2307/2291091
https://doi.org/10.2307/2291091
https://doi.org/10.1038/mp.2017.170
https://doi.org/10.1056/NEJMsa043266
https://doi.org/10.1371/journal.pone.0177251
https://doi.org/10.1001/archpsyc.65.7.746
https://doi.org/10.1001/archpsyc.65.7.746


Krueger, R. F., & Markon, K. E. (2006). Reinterpreting comorbidity: A

model-based approach to understanding and classifying psychopathol-

ogy. Annual Review of Clinical Psychology, 2, 111–133. https://doi.org/
10.1146/annurev.clinpsy.2.022305.095213

Krueger, R. F., & Markon, K. E. (2011). A dimensional-spectrum model of

psychopathology: Progress and opportunities. Archives of General Psy-

chiatry, 68(1), 10–11. https://doi.org/10.1001/archgenpsychiatry.

2010.188

Laird, A. R., Fox, P. M., Price, C. J., Glahn, D. C., Uecker, A. M.,

Lancaster, J. L., … Fox, P. T. (2005). ALE meta-analysis: Controlling the

false discovery rate and performing statistical contrasts. Human Brain

Mapping, 25(1), 155–164. https://doi.org/10.1002/hbm.20136

Laird, A. R., Lancaster, J. L., & Fox, P. T. (2005). BrainMap: The social evo-

lution of a human brain mapping database. Neuroinformatics, 3(1),

65–78.
Laird, A. R., Robinson, J. L., McMillan, K. M., Tordesillas-Gutierrez, D.,

Moran, S. T., Gonzales, S. M., … Lancaster, J. L. (2010). Comparison

of the disparity between Talairach and MNI coordinates in functional

neuroimaging data: Validation of the Lancaster transform.

NeuroImage, 51(2), 677–683. https://doi.org/10.1016/j.neuroimage.

2010.02.048

Lancaster, J. L., Tordesillas-Gutierrez, D., Martinez, M., Salinas, F.,

Evans, A., Zilles, K., … Fox, P. T. (2007). Bias between MNI and

Talairach coordinates analyzed using the ICBM-152 brain template.

Human Brain Mapping, 28(11), 1194–1205. https://doi.org/10.1002/
hbm.20345

Lawrie, S. M., O'Donovan, M. C., Saks, E., Burns, T., & Lieberman, J. A.

(2016). Towards diagnostic markers for the psychoses. Lancet Psychia-

try, 3(4), 375–385. https://doi.org/10.1016/s2215-0366(16)00021-3
Lee, P. M. (2012). Bayesian statistics: An introduction (4th ed.) Hoboken,

NJ: John Wiley & Sons.

Liberati, A., Altman, D. G., Tetzlaff, J., Mulrow, C., Gotzsche, P. C.,

Ioannidis, J. P., … Moher, D. (2009). The PRISMA statement for

reporting systematic reviews and meta-analyses of studies that evalu-

ate health care interventions: Explanation and elaboration. Journal of

Clinical Epidemiology, 62(10), e1–e34. https://doi.org/10.1016/j.

jclinepi.2009.06.006

Lieberman, M. D. (2015). Comparing pain, cognitive, and salience accounts of

dACC, New York, NY: Sussex Publishers.

Lieberman, M. D., & Eisenberger, N. I. (2015). The dorsal anterior cingulate

cortex is selective for pain: Results from large-scale reverse inference.

Proceedings of the National Academy of Sciences of the United States of

America, 112(49), 15250–15255. https://doi.org/10.1073/pnas.

1515083112

Liloia, D., Cauda, F., Nani, A., Manuello, J., Duca, S., Fox, P. T., & Costa, T.

(2018). Low entropy maps as patterns of the pathological alteration

specificity of brain regions: A meta-analysis dataset. Data in Brief, 21,

1483–1495. https://doi.org/10.1016/j.dib.2018.10.142
Lowe, V. J., Wiste, H. J., Senjem, M. L., Weigand, S. D., Therneau, T. M.,

Boeve, B. F., … Jack, C. R., Jr. (2018). Widespread brain tau and its

association with ageing, Braak stage and Alzheimer's dementia. Brain,

141(1), 271–287. https://doi.org/10.1093/brain/awx320

Machery, E. (2014). In defense of reverse inference. British Journal for the

Philosophy of Science, 65(2), 251–267.
Manuello, J., Nani, A., Premi, E., Borroni, B., Costa, T., Tatu, K., … Cauda, F.

(2018). The Pathoconnectivity profile of Alzheimer's disease: A mor-

phometric Coalteration network analysis. Frontiers in Neurology, 8

(739), 1–15. https://doi.org/10.3389/fneur.2017.00739
Marizzoni, M., Ferrari, C., Jovicich, J., Albani, D., Babiloni, C.,

Cavaliere, L., … Frisoni, G. B. (2018). Predicting and tracking short

term disease progression in amnestic mild cognitive impairment

patients with prodromal Alzheimer's disease: Structural brain bio-

markers. Journal of Alzheimer's Disease, 69, 3–14. https://doi.org/10.
3233/jad-180152

Markon, K. E. (2010). Modeling psychopathology structure: A symptom-

level analysis of Axis I and II disorders. Psychological Medicine, 40(2),

273–288. https://doi.org/10.1017/S0033291709990183
McTeague, L. M., Goodkind, M. S., & Etkin, A. (2016). Transdiagnostic

impairment of cognitive control in mental illness. Journal of Psychiatric

Research, 83, 37–46. https://doi.org/10.1016/j.jpsychires.2016.

08.001

Moher, D., Liberati, A., Tetzlaff, J., & Altman, D. G. (2009). Preferred

reporting items for systematic reviews and meta-analyses: The PRI-

SMA statement. Journal of Clinical Epidemiology, 62(10), 1006–1012.
https://doi.org/10.1016/j.jclinepi.2009.06.005

Montagna, S., Wager, T. D., Barrett, L. F., Johnson, T. D., & Nichols, T. E.

(2018). Spatial Bayesian latent factor regression modeling of

coordinate-based meta-analysis data. Biometrics, 74(1), 342–353.
https://doi.org/10.1111/biom.12713

Narr, K. L., Bilder, R. M., Toga, A. W., Woods, R. P., Rex, D. E.,

Szeszko, P. R., … Thompson, P. M. (2005). Mapping cortical thickness

and gray matter concentration in first episode schizophrenia. Cerebral

Cortex, 15(6), 708–719. https://doi.org/10.1093/cercor/bhh172
Nenadic, I., Dietzek, M., Schonfeld, N., Lorenz, C., Gussew, A.,

Reichenbach, J. R., … Smesny, S. (2015). Brain structure in people at

ultra-high risk of psychosis, patients with first-episode schizophrenia,

and healthy controls: A VBM study. Schizophrenia Research, 161(2–3),
169–176. https://doi.org/10.1016/j.schres.2014.10.041

Nesvag, R., Lawyer, G., Varnas, K., Fjell, A. M., Walhovd, K. B., Frigessi, A.,

… Agartz, I. (2008). Regional thinning of the cerebral cortex in schizo-

phrenia: Effects of diagnosis, age and antipsychotic medication. Schizo-

phrenia Research, 98(1–3), 16–28. https://doi.org/10.1016/j.schres.

2007.09.015

Nolen-Hoeksema, S., & Watkins, E. R. (2011). A heuristic for developing

Transdiagnostic models of psychopathology: Explaining multifinality

and divergent trajectories. Perspectives on Psychological Science, 6(6),

589–609. https://doi.org/10.1177/1745691611419672
Ossenkoppele, R., Schonhaut, D. R., Scholl, M., Lockhart, S. N., Ayakta, N.,

Baker, S. L., … Rabinovici, G. D. (2016). Tau PET patterns mirror clinical

and neuroanatomical variability in Alzheimer's disease. Brain, 139(5),

1551–1567. https://doi.org/10.1093/brain/aww027

Palaniyappan, L., Marques, T. R., Taylor, H., Mondelli, V., Reinders, A.,

Bonaccorso, S., … Dazzan, P. (2016). Globally efficient brain organiza-

tion and treatment response in psychosis: A connectomic study of

gyrification. Schizophrenia Bulletin, 42(6), 1446–1456. https://doi.org/
10.1093/schbul/sbw069

Pergola, G., Selvaggi, P., Trizio, S., Bertolino, A., & Blasi, G. (2015). The role

of the thalamus in schizophrenia from a neuroimaging perspective.

Neuroscience and Biobehavioral Reviews, 54, 57–75. https://doi.org/10.
1016/j.neubiorev.2015.01.013

Poldrack, R. A. (2006). Can cognitive processes be inferred from neuroim-

aging data? Trends in Cognitive Sciences, 10(2), 59–63. https://doi.org/
10.1016/j.tics.2005.12.004

Poldrack, R. A. (2011). Inferring mental states from neuroimaging data:

From reverse inference to large-scale decoding. Neuron, 72(5),

692–697. https://doi.org/10.1016/j.neuron.2011.11.001
Poldrack, R. A. (2012). The future of fMRI in cognitive neuroscience.

NeuroImage, 62(2), 1216–1220. https://doi.org/10.1016/j.

neuroimage.2011.08.007

Poldrack, R. A. (2013). Is reverse inference a fallacy? A comment on Hutzler.

Retrieved from http://www.russpoldrack.org/2013/01/is-reverse-

inference-fallacy-comment-on.html

Poldrack, R. A., & Yarkoni, T. (2016). From brain maps to cognitive ontol-

ogies: Informatics and the search for mental structure. Annual Review

of Psychology, 67, 587–612. https://doi.org/10.1146/annurev-psych-
122414-033729

Poulin, S. P., Dautoff, R., Morris, J. C., Barrett, L. F., & Dickerson, B. C.

(2011). Amygdala atrophy is prominent in early Alzheimer's disease

4170 CAUDA ET AL.

https://doi.org/10.1146/annurev.clinpsy.2.022305.095213
https://doi.org/10.1146/annurev.clinpsy.2.022305.095213
https://doi.org/10.1001/archgenpsychiatry.2010.188
https://doi.org/10.1001/archgenpsychiatry.2010.188
https://doi.org/10.1002/hbm.20136
https://doi.org/10.1016/j.neuroimage.2010.02.048
https://doi.org/10.1016/j.neuroimage.2010.02.048
https://doi.org/10.1002/hbm.20345
https://doi.org/10.1002/hbm.20345
https://doi.org/10.1016/s2215-0366(16)00021-3
https://doi.org/10.1016/j.jclinepi.2009.06.006
https://doi.org/10.1016/j.jclinepi.2009.06.006
https://doi.org/10.1073/pnas.1515083112
https://doi.org/10.1073/pnas.1515083112
https://doi.org/10.1016/j.dib.2018.10.142
https://doi.org/10.1093/brain/awx320
https://doi.org/10.3389/fneur.2017.00739
https://doi.org/10.3233/jad-180152
https://doi.org/10.3233/jad-180152
https://doi.org/10.1017/S0033291709990183
https://doi.org/10.1016/j.jpsychires.2016.08.001
https://doi.org/10.1016/j.jpsychires.2016.08.001
https://doi.org/10.1016/j.jclinepi.2009.06.005
https://doi.org/10.1111/biom.12713
https://doi.org/10.1093/cercor/bhh172
https://doi.org/10.1016/j.schres.2014.10.041
https://doi.org/10.1016/j.schres.2007.09.015
https://doi.org/10.1016/j.schres.2007.09.015
https://doi.org/10.1177/1745691611419672
https://doi.org/10.1093/brain/aww027
https://doi.org/10.1093/schbul/sbw069
https://doi.org/10.1093/schbul/sbw069
https://doi.org/10.1016/j.neubiorev.2015.01.013
https://doi.org/10.1016/j.neubiorev.2015.01.013
https://doi.org/10.1016/j.tics.2005.12.004
https://doi.org/10.1016/j.tics.2005.12.004
https://doi.org/10.1016/j.neuron.2011.11.001
https://doi.org/10.1016/j.neuroimage.2011.08.007
https://doi.org/10.1016/j.neuroimage.2011.08.007
http://www.russpoldrack.org/2013/01/is%2010reverse%2010inference%2010fallacy%2010comment%2010on.html
http://www.russpoldrack.org/2013/01/is%2010reverse%2010inference%2010fallacy%2010comment%2010on.html
https://doi.org/10.1146/annurev-psych-122414-033729
https://doi.org/10.1146/annurev-psych-122414-033729


and relates to symptom severity. Psychiatry Research, 194(1), 7–13.
https://doi.org/10.1016/j.pscychresns.2011.06.014

Pratt, J., & Hall, J. (2018). Biomarkers in Neuropsychiatry: A Prospect for

the Twenty-First Century? Current Topics in Behavioral Neurosciences,

40, 3–10. https://doi.org/10.1007/7854_2018_58
Price, J. L., & Morris, J. C. (1999). Tangles and plaques in nondemented

aging and "preclinical" Alzheimer's disease. Annals of Neurology, 45(3),

358–368.
Rabinovici, G. D., Seeley, W. W., Kim, E. J., Gorno-Tempini, M. L.,

Rascovsky, K., Pagliaro, T. A., … Rosen, H. J. (2007). Distinct MRI atro-

phy patterns in autopsy-proven Alzheimer's disease and

frontotemporal lobar degeneration. American Journal of Alzheimer's Dis-

ease and Other Dementias, 22(6), 474–488. https://doi.org/10.1177/
1533317507308779

Raj, A., Kuceyeski, A., & Weiner, M. (2012). A network diffusion model of

disease progression in dementia. Neuron, 73(6), 1204–1215. https://
doi.org/10.1016/j.neuron.2011.12.040

Rohrer, J. D., Nicholas, J. M., Cash, D. M., van Swieten, J., Dopper, E.,

Jiskoot, L., … Binetti, G. (2015). Presymptomatic cognitive and neuro-

anatomical changes in genetic frontotemporal dementia in the genetic

Frontotemporal dementia initiative (GENFI) study: A cross-sectional

analysis. Lancet Neurology, 14(3), 253–262. https://doi.org/10.1016/
s1474-4422(14)70324-2

Rosenthal, R. (1979). The file drawer problem and tolerance for null

results. Psychological Bulletin, 86(3), 638–641.
Samartsidis, P., Montagna, S., Nichols, T. E., & Johnson, T. D. (2017). The

coordinate-based meta-analysis of neuroimaging data. Statistical Sci-

ence, 32(4), 580–599. https://doi.org/10.1214/17-sts624
Sasabayashi, D., Takayanagi, Y., Nishiyama, S., Takahashi, T., Furuichi, A.,

Kido, M., … Suzuki, M. (2017). Increased frontal gyrification negatively

correlates with executive function in patients with first-episode

schizophrenia. Cerebral Cortex, 27(4), 2686–2694. https://doi.org/10.
1093/cercor/bhw101

Schwarz, G. (1978). Estimating the dimension of a model. Ann. Statist., 6(2),

461–464. https://doi.org/10.1214/aos/1176344136
ShackmanLab. (2015). The importance of respecting variation in cingulate

anatomy: Comment on Lieberman & Eisenberger 2015 and Yarkoni.

Spalthoff, R., Gaser, C., & Nenadic, I. (2018). Altered gyrification in schizo-

phrenia and its relation to other morphometric markers. Schizophrenia

Research, 202, 195–202. https://doi.org/10.1016/j.schres.2018.07.014
Sprooten, E., Rasgon, A., Goodman, M., Carlin, A., Leibu, E., Lee, W. H., &

Frangou, S. (2017). Addressing reverse inference in psychiatric neuro-

imaging: Meta-analyses of task-related brain activation in common

mental disorders. Human Brain Mapping, 38(4), 1846–1864. https://
doi.org/10.1002/hbm.23486

Tatu, K., Costa, T., Nani, A., Diano, M., Quarta, D. G., Duca, S., … Cauda, F.

(2018). How do morphological alterations caused by chronic pain distrib-

ute across the brain? A meta-analytic co-alteration study. NeuroImage:

Clinical, 18, 15–30. https://doi.org/10.1016/j.nicl.2017.12.029
Taylor, K. I., & Probst, A. (2008). Anatomic localization of the transentorhinal

region of the perirhinal cortex. Neurobiology of Aging, 29(10), 1591–
1596. https://doi.org/10.1016/j.neurobiolaging.2007.03.024

Turkeltaub, P. E., Eickhoff, S. B., Laird, A. R., Fox, M., Wiener, M., & Fox, P.

(2012). Minimizing within-experiment and within-group effects in acti-

vation likelihood estimation meta-analyses. Human Brain Mapping,

33(1), 1–13. https://doi.org/10.1002/hbm.21186

van den Heuvel, M. P., & Sporns, O. (2019). A cross-disorder connectome

landscape of brain dysconnectivity. Nature Reviews. Neuroscience,

20(7), 435–446. https://doi.org/10.1038/s41583-019-0177-6
van Erp, T. G., Hibar, D. P., Rasmussen, J. M., Glahn, D. C., Pearlson, G. D.,

Andreassen, O. A., … Turner, J. A. (2016). Subcortical brain volume

abnormalities in 2028 individuals with schizophrenia and 2540 healthy

controls via the ENIGMA consortium. Molecular Psychiatry, 21(4),

547–553. https://doi.org/10.1038/mp.2015.63

van Erp, T. G. M., Walton, E., Hibar, D. P., Schmaal, L., Jiang, W.,

Glahn, D. C., … Turner, J. A. (2018). Cortical brain abnormalities in

4474 individuals with schizophrenia and 5098 control subjects via the

enhancing Neuro imaging genetics through meta analysis (ENIGMA)

consortium. Biological Psychiatry, 84(9), 644–654. https://doi.org/10.
1016/j.biopsych.2018.04.023

Vanasse, T. J., Fox, P. M., Barron, D. S., Robertson, M., Eickhoff, S. B.,

Lancaster, J. L., & Fox, P. T. (2018). BrainMap VBM: An environment

for structural meta-analysis. Human Brain Mapping, 39, 3308–3325.
https://doi.org/10.1002/hbm.24078

Wager, T. D., Atlas, L. Y., Botvinick, M. M., Chang, L. J., Coghill, R. C.,

Davis, K. D., … Yarkoni, T. (2016). Pain in the ACC? Proceedings of the

National Academy of Sciences, 113(18), E2474–E2475.
Wager, T. D., Kang, J., Johnson, T. D., Nichols, T. E., Satpute, A. B., &

Barrett, L. F. (2015). A Bayesian model of category-specific emotional

brain responses. PLoS Computational Biology, 11(4), e1004066.

https://doi.org/10.1371/journal.pcbi.1004066

Wager, T. D., Lindquist, M., & Kaplan, L. (2007). Meta-analysis of func-

tional neuroimaging data: Current and future directions. Social Cogni-

tive and Affective Neuroscience, 2(2), 150–158. https://doi.org/10.

1093/scan/nsm015

Weiner, M. W., Veitch, D. P., Aisen, P. S., Beckett, L. A., Cairns, N. J.,

Green, R. C., … Trojanowski, J. Q. (2017). Recent publications from the

Alzheimer's Disease Neuroimaging Initiative: Reviewing progress

toward improved AD clinical trials. Alzheimers Dement, 13(4), e1–e85.
https://doi.org/10.1016/j.jalz.2016.11.007

Whitwell, J. L., Petersen, R. C., Negash, S., Weigand, S. D., Kantarci, K.,

Ivnik, R. J., … Jack, C. R., Jr. (2007). Patterns of atrophy differ among

specific subtypes of mild cognitive impairment. Archives of Neurology,

64(8), 1130–1138. https://doi.org/10.1001/archneur.64.8.1130
Woolrich, M. W., Jbabdi, S., Patenaude, B., Chappell, M., Makni, S.,

Behrens, T., … Smith, S. M. (2009). Bayesian analysis of neuroimaging

data in FSL. NeuroImage, 45(1) Suppl, S173–S186. https://doi.org/10.
1016/j.neuroimage.2008.10.055

World Health Organization. (2007). International classification of diseases

(Vol. 10). Geneva: World Health Organization.

Wylie, K. P., & Tregellas, J. R. (2010). The role of the insula in schizophre-

nia. Schizophrenia Research, 123(2–3), 93–104. https://doi.org/10.

1016/j.schres.2010.08.027

Wyman, B. T., Harvey, D. J., Crawford, K., Bernstein, M. A., Carmichael, O.,

Cole, P. E., … Jack, C. R., Jr. (2013). Standardization of analysis sets for

reporting results from ADNI MRI data. Alzheimers Dement, 9(3),

332–337. https://doi.org/10.1016/j.jalz.2012.06.004
Yarkoni, T. (2015a). No, the dorsal anterior cingulate is not selective for

pain: comment on Lieberman and Eisenberger.

Yarkoni, T. (2015b). Still not selective: comment on comment on comment

on Lieberman & Eisenberger

Yarkoni, T., Poldrack, R. A., Nichols, T. E., Van Essen, D. C., & Wager, T. D.

(2011). Large-scale automated synthesis of human functional neuroim-

aging data. Nature Methods, 8(8), 665–670. https://doi.org/10.1038/
nmeth.1635

Yates, D. (2012). Neurodegenerative networking. Nature Reviews. Neuro-

science, 13(5), 288. https://doi.org/10.1038/nrn3248

Zhou, J., Gennatas, E. D., Kramer, J. H., Miller, B. L., & Seeley, W. W.

(2012). Predicting regional neurodegeneration from the healthy brain

functional connectome. Neuron, 73(6), 1216–1227. https://doi.org/10.
1016/j.neuron.2012.03.004

Zhu, D. C., Majumdar, S., Korolev, I. O., Berger, K. L., & Bozoki, A. C.

(2013). Alzheimer's disease and amnestic mild cognitive impairment

weaken connections within the default-mode network: A multi-modal

imaging study. Journal of Alzheimer's Disease, 34(4), 969–984. https://
doi.org/10.3233/jad-121879

Zuliani, R., Delvecchio, G., Bonivento, C., Cattarinussi, G., Perlini, C.,

Bellani, M., … Brambilla, P. (2018). Increased gyrification in schizophrenia

CAUDA ET AL. 4171

https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1007/7854_2018_58
https://doi.org/10.1177/1533317507308779
https://doi.org/10.1177/1533317507308779
https://doi.org/10.1016/j.neuron.2011.12.040
https://doi.org/10.1016/j.neuron.2011.12.040
https://doi.org/10.1016/s1474-4422(14)70324-2
https://doi.org/10.1016/s1474-4422(14)70324-2
https://doi.org/10.1214/17-sts624
https://doi.org/10.1093/cercor/bhw101
https://doi.org/10.1093/cercor/bhw101
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1016/j.schres.2018.07.014
https://doi.org/10.1002/hbm.23486
https://doi.org/10.1002/hbm.23486
https://doi.org/10.1016/j.nicl.2017.12.029
https://doi.org/10.1016/j.neurobiolaging.2007.03.024
https://doi.org/10.1002/hbm.21186
https://doi.org/10.1038/s41583-019-0177-6
https://doi.org/10.1038/mp.2015.63
https://doi.org/10.1016/j.biopsych.2018.04.023
https://doi.org/10.1016/j.biopsych.2018.04.023
https://doi.org/10.1002/hbm.24078
https://doi.org/10.1371/journal.pcbi.1004066
https://doi.org/10.1093/scan/nsm015
https://doi.org/10.1093/scan/nsm015
https://doi.org/10.1016/j.jalz.2016.11.007
https://doi.org/10.1001/archneur.64.8.1130
https://doi.org/10.1016/j.neuroimage.2008.10.055
https://doi.org/10.1016/j.neuroimage.2008.10.055
https://doi.org/10.1016/j.schres.2010.08.027
https://doi.org/10.1016/j.schres.2010.08.027
https://doi.org/10.1016/j.jalz.2012.06.004
https://doi.org/10.1038/nmeth.1635
https://doi.org/10.1038/nmeth.1635
https://doi.org/10.1038/nrn3248
https://doi.org/10.1016/j.neuron.2012.03.004
https://doi.org/10.1016/j.neuron.2012.03.004
https://doi.org/10.3233/jad-121879
https://doi.org/10.3233/jad-121879


and non affective first episode of psychosis. Schizophrenia Research, 193,

269–275. https://doi.org/10.1016/j.schres.2017.06.060

SUPPORTING INFORMATION

Additional supporting information may be found online in the

Supporting Information section at the end of this article.

How to cite this article: Cauda F, Nani A, Liloia D, et al.

Finding specificity in structural brain alterations through

Bayesian reverse inference. Hum Brain Mapp. 2020;41:

4155–4172. https://doi.org/10.1002/hbm.25105

4172 CAUDA ET AL.

https://doi.org/10.1016/j.schres.2017.06.060
https://doi.org/10.1002/hbm.25105

	Finding specificity in structural brain alterations through Bayesian reverse inference
	1  INTRODUCTION
	2  MATERIALS AND METHODS
	2.1  Selection of studies
	2.2  ALE and creation of the modeled activation maps
	2.3  Reverse inference and Bayes' factor
	2.4  The Bayes' factor and temporal evolution of brain diseases
	2.5  Validation
	2.6  Validation of the priors: Schwarz criterion and Bayes' information criterion
	2.7  Stability against sample unbalances: Sample unbalance compensation
	2.8  The file drawer problem or robustness against noise: Fail-safe

	3  RESULTS
	3.1  Bayes' factor
	3.1.1  Comparison with previous results
	3.1.2  Alzheimer's disease and schizophrenia
	3.1.3  The Bayes' factor and temporal evolution of brain diseases

	3.2  Validation
	3.2.1  Sample unbalance compensation
	3.2.2  Bayes' information criterion
	3.2.3  Fail-safe


	4  DISCUSSION
	4.1  The temporal evolution of brain diseases
	4.2  Validation
	4.3  Limitations

	5  CONCLUSION
	ACKNOWLEDGMENTS
	  CONFLICT OF INTERESTS
	  DATA AVAILABILITY STATEMENT

	REFERENCES


