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Chapter 1. General Introduction     

 Abstract 

Mild cognitive impairment (MCI) and neuromyelitis Optica (NMO) are briefly described 

in this chapter as well as relevant questions related to brain perfusion in these diseases. A 

general introduction to brain perfusion SPECT, including a novel image analysis based on 

graph theory, is also provided. Finally, the aim of the thesis is established.  
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1. Introduction  

Although there has been important progress in recent years, neurological diseases in 

humans, especially those affecting the central nervous system (CNS), are probably least 

understood disorders [1]. Thus, in several cases, the patient's diagnosis is only 

presumptive, which makes treatment and prognosis more difficult, particularly in the early 

stages of the disease.  

The still limited knowledge we have of complex CNS disorders stimulates scientific 

research in various directions (e.g., brain structure and function, neurochemistry, 

neuroimmunology and genetic) and at different levels (from molecules to large brain 

networks) [2, 3] for which various technologies are employed. Among these technologies, 

nuclear medicine neuroimaging, such as positron emission tomography (PET) and single-

photon emission computed tomography (SPECT), play an important role [4]. The ultimate 

goal is to substantially improve the diagnostic accuracy and medical care of patients, 

especially in the early stages of the disease where there may be more possibilities to stop or 

slow down the pathological processes, based on a greater insight into complex CNS 

diseases.  

Two examples that clearly show the complexity of CNS disorders are Alzheimer's disease 

(AD), particularly in the stage preceding dementia also termed as mild cognitive 

impairment (MCI) [5-7], and neuromyelitis Optica (NMO), known as Devic's disease as 

well [8-10]. These two clinical entities, which are the main subjects in this thesis, are 

briefly described below in sections 2 and 3, respectively.  

Among the relevant questions without conclusive answers in MCI and NMO, alterations in 

brain perfusion occupy a special place. Brain perfusion SPECT, which is a low cost and 

accessible technology worldwide, can be used for this purpose and its general principles 

are presented in section 4. 
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In the case of patients with MCI, for example, it is unclear whether the cerebrovascular 

reactivity (CVR) is altered [11]. CVR is also known as the cerebrovascular reserve and 

describes the ability of cerebrovascular structures to increase cerebral blood flow (CBF) 

above a basal condition in response to a vasodilatory challenge. Although there is 

increasing evidence that patients with AD dementia have decreased CVR [11], this is less 

clear in patients during the MCI stage. Some studies show a decrease [12-15] while others 

do not [16-18]. This question is important in AD research because it could have 

implications for early diagnosis and treatment [19].   

Considering that MCI is the transition from normal cognition to dementia [5-7], CVR 

abnormalities will be subtle which may partly explain the ambiguous findings, particularly 

in MCI patients with a low vascular burden. Furthermore, taking into account the 

complexity of the cerebral microvasculature network, the standard analysis of CVR might 

not reflect subtle network-related alterations since it relies on the analysis of individual 

regions (or the whole brain) rather than on the interaction between them. 

Recently, graph theoretical analysis of neuroimaging data has shown its potential to reveal 

subtle pathological processes in MCI [20, 21]. In principle, this methodology can also be 

applied to brain perfusion SPECT data to investigate possible subtle network-related CVR 

abnormalities in MCI. In subsection 4.4, graph theoretical analysis is briefly presented and 

it is described how it works in the case of brain perfusion SPECT.    

Regarding the other main topic of this thesis, previous neuroimaging studies have shown 

that structural brain abnormalities in NMO are more frequent than described earlier [22-

32]. However, to better understand these structural abnormalities, more research 

considering multiple aspects of NMO is necessary. For example, a clinical feature of 

relapsing NMO (which is the most common form of the disease) is that the incremental 

disability is attack-related (optic neuritis and/or transverse myelitis attacks) [33, 34]. 



14 
 

Therefore, an association between the attack-related process and neuroimaging need to be 

investigated. On the other hand, the immunopathological analysis of NMO lesions has 

suggested that CNS microvasculature could be an early disease target [35-37], which might 

be detectable by brain perfusion imaging. Thus, voxel-based analyses using multiple 

neuroimaging modalities (e.g., brain perfusion SPECT and structural MRI) could help to 

identify possible brain perfusion and structural changes behind the attack-related process in 

relapsing NMO. The study of these changes, if detected, could be relevant for the 

comprehension of the incremental disability and the development of brain structural 

abnormalities in this disease. Voxel-based analysis of neuroimaging data is also briefly 

presented in the subsection 4.3.  

2. Mild cognitive impairment (MCI) 

MCI is considered intermediary between normal cognitive aging and very early dementia 

[5-7]. The historical evolution of the MCI concept has recently been reviewed by Petersen 

[5], including the more recent formulation by the Diagnostic and Statistical Manual of 

Mental Disorders-5 (DSM-5). In general, the MCI syndrome is characterized by a 

cognitive deficit greater than would be expected considering the individual’s age and 

educational level, but not enough to significantly interfere with functioning in daily life. 

The prevalence of MCI ranges from 15% to 20% in individuals older than 60 years [5].    

MCI is defined as amnestic MCI when memory impairment is the predominant symptom 

[5, 38], especially episodic memory [7]. About 30 % of all MCI individuals present 

amnestic MCI [39] and they tend to convert to probable AD dementia over time at a rate of 

approximately 10% to 15% per year [38]. These figures indicate the serious health problem 

that this clinical entity represents worldwide, and its prevalence is expected to grow in the 

coming years [40], mainly due to the increase in life expectancy. 
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Other MCI classifications include amnestic MCI plus impairment in other cognitive 

domains (multiple domains MCI) and non-amnestic MCI in a single cognitive domain 

(single domain non-amnestic MCI) or in multiple domains (multiple domain non-amnestic 

MCI) [5, 41]. Non-amnestic MCI individuals tend to evolve to another type of dementia 

[5]. In other situations, MCI subjects remain stable or even remit over time.  

The diagnosis of MCI often needs clinical acuity [5-7]. Besides a complete clinical 

evaluation (including neurological and psychiatric examinations), also blood tests, 

neuropsychological tests and neuroimaging help to support the diagnosis. Intra-individual 

cognitive changes at follow-up are also important to substantiate the MCI diagnosis.    

One of the most widely used cognitive tests in clinical and research settings is the Mini-

Mental State Examination (MMSE) because it is brief and easy to apply [42]. Albeit being 

useful to verify longitudinal intra-individual changes of global cognitive function, its use 

for AD research has been criticized mainly because of its low sensitivity to MCI in the 

early stage [43]. Thus, more sophisticated (neuropsychological) tests are also needed to 

better characterize the cognitive function in multiple and specific cognitive domains.  

There are also two clinical scales to distinguish between normal aging and early dementia: 

the clinical dementia rating scale (CDR) [44] and the global deterioration scale for aging 

and dementia (GDS) [45]. However, the CDR is more suited to support amnestic MCI as it 

is strongly weighted towards memory evaluation [44].   

Although the conclusive diagnosis of AD requires histological verification, the use of 

biomarkers increases the certainty of whether or not an MCI patient will convert to AD 

dementia over time. In 2011, the National Institute of Aging-Alzheimer's Association 

(NIA-AA) recommended two types of biomarkers for this purpose, though they were 

mainly intended for clinical research [7]. The first biomarker type reflects the cerebral 

amyloid burden as the initial event of AD (amyloidosis biomarker) and presumably present 
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many years before the first clinical symptoms appear [46-48]. Two biomarkers were 

recommended for this purpose: one based on measurements of soluble β amyloid (Aβ) 42 

in the cerebro-spinal fluid (CSF) [46, 47] and the second based on PET amyloid imaging 

[48]. The second type of biomarker reflects neuronal injury that occurs later in the 

successive stages of AD, which include the transition stage of MCI. Three biomarkers of 

neuronal injury were recommended: one based on measuring CSF tau protein (CSF tau) 

[46, 47], another one on 18F-fluorodeoxyglucose (FDG) PET imaging (FDG-PET) [49], 

and the last one based on hippocampal atrophy measured with structural MRI [50]. The 

NIA-AA criteria of MCI due to AD also included brain perfusion SPECT as a 

neuroimaging biomarker of neuronal injury, similar to FDG-PET [7].   

With regard to the disease progression in the MCI stage, neuronal injury biomarkers seem 

to have a more significant role than amyloid biomarkers [51]. The former are more 

associated with oncoming cognitive deterioration than the latter, which are already 

elevated in the initial asymptomatic stage of AD, and are close to a plateau at the MCI 

phase with few further changes. Other probable modifiers of MCI progression include 

APOE genotype, cognitive reserve (related to educational level), and co-morbidity of other 

cerebral diseases or lifestyles [51].   

On the other hand, the etiology of AD remains unknown except for 1% to 5% of cases due 

to specific genetic profiles [52], which basically refer to monogenetic disorders with 

autosomal dominant transmission involving amyloid precursor protein and presenilin 1 and 

2 mutations. Although there are several hypotheses, which attempt to explain AD’s 

etiology, the amyloid hypothesis prevails [53]. However, criticism of the amyloid 

hypothesis has been increasing in recent years [54, 55]. In particular, the amyloid model 

does not include early vascular dysfunction of AD, despite the body of evidence supporting 

its contribution [56-58]. The topic of the AD pathogenesis is probably one of the most 
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active research fields in neuroscience research today. The ability to identify more effective 

biomarkers in AD is directly related to the knowledge of its etiology. 

3.  Neuromyelitis Optica (NMO) 

NMO, or Devic’s disease, is a severely disabling autoimmune inflammatory demyelinating 

disorder of the CNS [59-61]. The disease is clinically characterized by optic neuritis (ON) 

and longitudinally extensive transverse myelitis (LETM) attacks. In the past, it was 

considered a rare severe variant of multiple sclerosis (MS). The finding that most NMO 

patients have autoantibodies (NMO-IgG) against the water channel aquaporin-4 (AQP4) 

changed the comprehension of NMO pathogenesis [59-61].  AQP4 is the most abundant 

water channel in the CNS [62]. 

Wingerchuk et al. [63] formulated the revised diagnostic criteria for NMO in 2006. These 

guidelines include as absolute criteria the presence of ON and acute LETM; and at least 

two of the following three supportive criteria: (1) brain MRI negative or non-diagnostic for 

MS at onset, (2) spinal cord MRI with contiguous T2-weighted signal abnormality 

extending over three or more vertebral segments, and (3) a serological test positive for 

NMO-IgG. Using these criteria, the authors reported a sensitivity of 99% and a specificity 

of 90% for NMO [63].   

More recently, the International Panel for NMO Diagnosis updated the diagnostic criteria 

for NMO [64]. The new criteria extend the concept of the disease to a broader disease 

spectrum and recommend the use of term ‘NMO spectrum disorders’. However, the main 

clinical criteria remain the same.  

NMO is more frequent in women [65, 66] and the age of onset ranges from 35–45 years 

[66]. Although familial cases have been reported [62, 65], the disease is mainly sporadic. 
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The global prevalence of NMO is approximately 1 to 3 per 100,000 [65] and it is higher in 

non- Caucasian countries [62, 66].  

In most of the cases, NMO follows a relapsing course with attacks of ON, LETM or both, 

that can be separated by weeks to years [33, 34]. Approximately only 10 % of NMO 

patients follow a monophasic course [34, 67]. The typical symptoms of NMO include 

impaired vision, paraplegia or tetraplegia as well as bladder and bowel dysfunctions. About 

60% of NMO patients show blindness in at least one eye after a disease duration of 7–8 

years or severely impaired ambulation as measured by the expanded disability status scale 

(EDSS) [68]. Unlike MS, a secondary progression course is uncommon in relapsing NMO 

[33]. A distinctive clinical feature of relapsing NMO is that the incremental disability is 

attack-related [33, 34]. In general, NMO has a worse prognosis and response to treatment 

compared to MS [34, 60]. Most of the deaths occur due to respiratory failure as a result of 

cervical myelitis or brainstem involvement [60]. 

On the other hand, NMO has traditionally been regarded as a disease without brain 

involvement. However, recent neuroimaging studies have shown that the brain 

abnormalities are more frequent than earlier described [22-32]. The typical lesions by 

standard MRI are observed close to periaqueductal areas (peri-ependymal regions 

surrounding the third ventricle, cerebral aqueduct, and fourth ventricle), following the 

distribution of expression of AQP4 [69]. Nevertheless, more research considering multiple 

aspects of NMO is necessary for a better understanding of the pathogenic mechanisms that 

cause brain abnormalities in this disease. 

Although the etiology of NMO is still not fully understood, recent studies have shown the 

pathogenic role of AQP4-IgG (NMO-IgG) [59-61]. The immunopathological analysis of 

NMO lesions has revealed a unique vasculocentric pattern of complement activation [35-

37], which correlates with the regions of AQP4 expression in the peri-microvessel 
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astrocyte foot processes. Pathological changes occur primarily in the optic nerve and spinal 

cord, but do not exclude the brain [69]. The pathogenesis could be caused by complement-

mediated astrocyte damage, cascading to leukocyte infiltration, oligodendrocyte death, and 

damage to neuronal cells [59-61].  

4. Brain perfusion SPECT 

Brain perfusion SPECT is a non-invasive nuclear medicine imaging technique that allows 

regional CBF evaluation. The technique includes three main components: the CBF 

radiotracers (radiopharmaceuticals), instrumentation plus image reconstruction, and image 

analysis.  

4.1. CBF radiotracers     

CBF radiotracers using Technetium-99m (
99m

Tc) and Iodine-123 (
123

I) labeled compounds 

are the standard in clinical SPECT. Given the relatively high cost of 
123

I as a cyclotron-

produced radioisotope, the use of radiotracers using 
123

I is limited as compared to 
99m

Tc 

labeled compounds. 
99m

Tc-ethyl cysteine dimer (
99m

Tc-ECD) and 
99m

Tc-hexamethyl 

propylene amine oxime (
99m

Tc-HMPAO) are the two 
99m

Tc labeled compounds used as 

CBF radiotracers. The commercialization of ECD and HMPAO kits facilitate the labeling 

with 
99m

Tc, which is a low-cost radioisotope and available daily by extracting it from 

relatively long-lived 
99

Mo/
99m

Tc generators delivered to hospitals on a weekly basis. 

Both 
99m

Tc-ECD and 
99m

Tc-HMPAO are highly liposoluble agents, so that after 

administration to the patient intravenously, they cross the blood-brain barrier and remain 

retained in the perivascular space (at the capillary level) for several hours, enough for 

images acquisition [70, 71]. The regional distribution of both agents is nearly linear 

proportionally to regional CBF. To have a linear relationship, it is necessary to apply to the 

images the correction proposed by Lassen et al. [72]. The Lassen's correction is 



20 
 

particularly useful to avoid CBF underestimation in more perfused brain regions when 

vasodilatory challenges are used. Nevertheless, in other clinical situations the correction 

may not be necessary. 

Since the regional CBF is in most circumstances tightly coupled to neuronal metabolism, it 

is assumed that the radiotracer distribution reflects levels of neuronal activity in different 

brain areas [70, 71]. Although both agents perform equally well in the classification of 

patients with AD, 
99m

Tc-ECD shows the highest image contrast [73].  

Brain perfusion SPECT may also be used in combination with acetazolamide (ACZ). In 

healthy vascular conditions, ACZ increases regional CBF by increasing local pCO2 and, in 

turn, arteriolar dilatation [74], thus being a suitable vasodilatory challenge to evaluate CVR 

[11]. Therefore, it is particularly useful in patients with suspected cerebrovascular disease. 

As another important point, it should be noted that brain perfusion SPECT is a safe 

technique since the doses used in adults, for example, are between 555 - 1110 MBq for 

99m
Tc-ECD and 

99m
Tc-HMPAO, which represent effective doses of 0.011 and 0.0093 mSv, 

respectively [75].    

4.2. Instrumentation and image reconstruction  

The SPECT technique is based on the gamma camera, which is a medical instrument that 

records a planar image of the three-dimensional distribution of a radiopharmaceutical 

administered to a patient by detecting the emitted gamma radiation [76]. The gamma 

camera consists of the detector, with one or multiple heads, and the acquisition and 

processing system, including algorithms for three-dimensional tomographic reconstruction 

from planar images (see below).  In brain SPECT, multi-head detectors (two or more) or 

dedicated gamma cameras for brain imaging should be used as they offer superior results 

compared to single-head cameras. An important element of the detector head is the 
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collimator [76]. A special type of converging collimator called fan-beam is preferred in 

brain perfusion SPECT since spatial resolution and the signal-to-noise ratio is better when 

compared with the most commonly used parallel holes collimator [76]. 

The tomographic image reconstruction calculates a representation of the three-dimensional 

distribution of the radiotracer using the set of planar images (projections) obtained by the 

gamma camera [77, 78]. In most systems, the projections from different angles are 

obtained by sequential rotation of the gamma camera. The planar data are then used for 

three-dimensional reconstruction using mathematical methods. The filtered back-projection 

(FBP) has been the most used reconstruction method in nuclear medicine [77]. More 

complex approaches, such as iterative reconstruction methods are gradually replacing FBP 

in nuclear medicine [77-80]. Iterative methods are better since they can include a model of 

the emission and detection of gamma radiation, thus producing better solutions for several 

physical problems affecting SPECT. The advantage of iterative methods is mainly when 

SPECT is used to quantify the concentration of radioactivity within a given volume of 

tissue in absolute units.    

Physical problems affecting SPECT include the variation of spatial resolution with the 

distance between the radioactive source and the collimator, photon attenuation, photon 

scattering and partial volume effect (PVE) [81, 82]. Photon attenuation and PVE are 

perhaps the most important physical problems, especially in the differentiation of healthy 

control subjects from patients with probable early AD dementia. For instance, photon 

attenuation causes a substantial decrease of intensity in the reconstructed image towards 

the middle regions of the brain, including posterior cingulate and precuneus, which are 

frequently affected in MCI patients due to AD [7]. The correction of photon attenuation 

clarifies whether or not the intensity reduction is due to a pathological process (Figure 1). 

Among the approaches to correct for attenuation, the method proposed by Chang et al. has 
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been widely used [83].  Although this method simplifies the attenuation problem, which is 

much more complex [84], it usually offers a satisfactory solution in the case of brain 

perfusion SPECT.  

 

 

Figure 1.  Uncorrected and corrected brain perfusion SPECT images for photon 

attenuation for a 69-year-old cognitively normal male from our dataset. The figure shows a 

sagittal slice close to the midline of the brain. Note the apparent intensity reduction in the 

uncorrected image as compared to the corrected one, including posterior cingulate and 

precuneus.    

 

On the other hand, PVE is directly related to the spatial resolution of SPECT [81, 82]. This 

problem becomes more noticeable for a region with dimensions close to the spatial 

resolution limit and causes the region to appear apparently less intense than it actually is. 

In recent years, several methods have been developed to correct PVE on PET images [85-

87], some of which have been easily extended to SPECT [87]. These methods are based on 

co-registering the SPECT images with structural MRI images of higher spatial resolution. 

In structural MRI, PVE can be considered to be negligible, comparatively. Therefore, the 

spatial information provided by MRI can be used to correct this problem [87]. This 

correction is particularly useful in patients with cerebral atrophy, as is the case in MCI 

patients due to AD. Since brain perfusion SPECT images simultaneously reflect brain 
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volume losses (atrophy) and perfusion alterations, the PVE correction allows having more 

genuine perfusion measurement by removing the effect of perfusion underestimation due 

to brain atrophy (Figure 2).  PVE correction also improves the sensitivity of voxel-based 

analysis [88].  

 

 

Figure 2.  Structural MRI (T1-weighted), uncorrected and corrected brain perfusion 

SPECT images for partial volume effect. The images are from a 76-year-old male with 

amnestic MCI from our dataset. Note the typical AD-like pattern of bilateral hypoperfusion 

in the posterior parietal cortex (uncorrected image), although with a slight asymmetry 

toward the left side, which also corresponds to cortical atrophy in MRI images. The 

corrected image shows a similar hypoperfusion pattern but less pronounced.  

  

Lastly, while the quality control of the instrumentation and the use of rigorously validated 

standards for image acquisition and pre/post processing of both PET and SPECT is 

essential, it is even more crucial for SPECT as it is more subject to noise (less counts are 

acquired). Therefore, special attention should be paid to these technical and 

methodological aspects when brain perfusion SPECT is performed.    
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4.3. Image analysis 

The analysis of clinical brain perfusion SPECT images is primarily visual. The visual 

analysis is based on a qualitative evaluation of the images, and even more importantly, it 

includes the reader's medical knowledge and the particular diagnostic question in each 

patient. The visual analysis also helps to prevent misinterpretation when there are technical 

artifacts present in the image. However, the visual analysis is susceptible to intra and inter- 

reader variability, especially in cases where CBF alterations may be subtle. This is one of 

the reasons why quantitative methods of image analysis are needed. Furthermore, 

quantitative methods are particularly useful in research, and make it easier, for example, to 

study associations with clinical variables of interest in a particular disease.   

One of the quantitative approaches used for many years in brain perfusion SPECT has been 

the classical method based on regions of interest (ROI). The method has evolved from 

manual ROI tracing to automated procedures where the operator is less involved. Although 

the ROI method is useful in many situations, its main limitation is that the analysis is based 

on the average across all voxels in each ROI. Thus, a relevant effect may be overlooked if 

it is present in only part of a particular ROI or comprises small parts of several ROIs. 

Among more recent quantitative methods of image analysis, Statistical Parametric 

Mapping (SPM) has gained interest [89-91]. Unlike the classical ROI method, SPM allows 

voxel by voxel analysis of the entire brain (i.e. voxel-based). SPM analysis is based on the 

general linear model and the random field theory [89-91]. The basic objective of the 

method is the construction of statistical maps that test scientific hypotheses using 

neuroimaging, including brain perfusion SPECT. The classic example is to compare 2 

groups of images, the first belonging to a control group of healthy individuals and the 

second to a group of patients with a common disease. SPM also allows the identification of 

regions of the brain that correlate with a particular clinical variable within a group of 
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individuals. The method thus offers great flexibility to investigate a wide variety of 

problems. In the case of small samples of subjects, there is a version of this methodology 

based on a permutation test that is termed as Statistical Non-Parametric Mapping (SnPM) 

[92]. The detailed mathematical descriptions of these approaches can be found elsewhere 

[89-91, 92].   

However, an important limitation of standard SPM analysis (or similar methods) is that it 

is not possible to investigate the relationship between brain regions (i.e. connectivity), thus 

ignoring important features of the complex network that is the brain. In recent years 

methods have been developed to study brain connectivity using neuroimaging [93, 94], one 

of which is based on graph theory (described below) that can be applied to brain perfusion 

SPECT data [95].  

The quantitative methods explained so far, quantify the CBF (in one way or another) but in 

relative units, which implies that the regional CBF values are relative to the number of 

counts corresponding to a reference value. The reference value may be the mean value of a 

specific brain region (e.g., the cerebellum) or the whole brain. The reference value should 

not be affected by the disease under study, so that the regional relative CBF values are due 

to the effect of the disease in the patient and not to the reference used.  

The reference region based CBF quantification (i.e. in relative units) is simple and works 

well in most clinical situations. Nevertheless, in cases where the reference value may be 

affected by the disease under study or by some intervention on the patient, it is not a good 

option. This is the case, for example, when studying the CVR using vasodilatory stimuli. A 

priori it is not possible to determine how the effect of the vasodilatory stimulus will be 

(e.g., in patients with a cerebrovascular disease it may be opposite to that observed in 

healthy controls). In these cases, the best option is to use CBF quantification in absolute 

units (mL/min/100 g).  
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Several methodologies have been developed to quantify CBF in absolute units using brain 

perfusion SPECT and 
99m

Tc labeled compounds (
99m

Tc-ECD or 
99m

Tc-HMPAO) [96]. One 

of these methodologies
 
is based

 
on non-invasive radionuclide angiography of the CBF 

tracer and is relatively easy to implement in clinical practice as arterial blood sampling is 

not required. The method calculates a brain perfusion index (BPI) using spectral analysis 

of the time-activity curves for the aortic arch and brain hemispheres within the first 20-30 

seconds after the bolus administration of the CBF tracer [97-99]. The BPI is then converted 

to global CBF (mL/min/100 g) using a linear regression equation between BPI and global 

CBF measured using 
123

I-N-isopropyl-p-iodoamphetamine (
123

I-IMP) and dynamic SPECT 

with arterial blood sampling.  
99m

Tc-ECD (or 
99m

Tc-HMPAO) uptake images (in counts), 

obtained with the subsequent SPECT acquisition, are finally converted to regional CBF 

images using global CBF and mean SPECT counts (the Lassen's linearization algorithm is 

also used in the process). The procedure is reproducible [97] and shows a high correlation 

with H2
15

O-PET [99], which is considered the gold standard for absolute CBF 

measurement.     

4.4. Introduction to graph theoretical analysis. The case of brain perfusion SPECT 

In the field of quantitative neuroimaging, graph theoretical analysis is one of the methods 

to study brain connectivity [93-95, 100, 101]. A key concept of this method is the notion of 

topology. This concept can be illustrated with a simple idea which is used when we travel 

in the subway of any large city. In figure 3 two maps of the London subway appear, the 

first map shows a precise spatial description of the railways (or lines) through which trains 

travel (i.e., the subway topography), whereas the second one is only concerned with the 

relative locations of subway stations and connecting lines (i.e., the subway topology). 

These two maps do not coincide with regards to the relative position of the stations, neither 

in the distances nor in the location of the lines. However, the topological map simplifies 
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the problem for the traveler. For example, two stations may be physically (topographically) 

distant but with a direct connection (topologically near) and vice versa. This information is 

relevant to the traveler and it is easy to extract from the topological map. Note also that the 

topological map is a graph (a representation of a network as well). A graph is composed of 

two main topological elements, the nodes (the stations in the subway example) and the 

connectors (connecting lines). 

 

 

Figure 3. The topographical (left) and the topological maps (right) of the London subway.   

 

Now let's look at the problem of comparing the subways of two different cities. By simply 

inspecting the topological maps, it is not easy to know if one subway is better organized 

than the other (e.g., subway efficiency). One way to simplify this problem is to use metrics 

that quantify or analyze the subway network using graph theory [94, 101]. Hence the name 

of graph theoretical analysis.  
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A first aspect to measure could be how easy it is to travel between any two stations (e.g. 

the number of stations on average, between the start and end of the trip). This aspect is 

relevant, especially if the traveler wants to visit different parts of the city on the same day. 

This example illustrates the concept of global efficiency of a graph [94, 101]. The metric 

of global efficiency is a way to quantify the global connectivity (integration) of the 

network. In this example, it is assumed that the number of stations (nodes) and lines 

(connectors) are the same in the two subways that are compared.  

Another feature of measuring could be how well a given station is connected to its 

topographical neighbor stations. Neighbor topographical stations are those that are 

relatively close physically, although not necessarily close in the topological sense, i.e. there 

is no direct connection between them (the connection is through intermediate stations); 

while stations may be relatively far away physically and yet be topological neighbors (with 

a direct connection). Then, for example, if the given station has a direct connection with 

three other topographical neighbor stations (i.e., they are also topological neighbors), 

which in turn have a direct connection to each other (topological neighbors as well), in that 

case, if the given station is out of service, it is relatively easy to reroute (reconnect) the 

passengers to the subway network through the topographical neighbor stations (e.g. by 

using other transportation means). In contrast, it would be more difficult in the case that 

the topographical neighbor stations are not also topological neighbors. In the first case, the 

local efficiency of the station is high, while in the second case is low. Thus, the metric of 

local efficiency is a way to quantify the local connectivity (segregation) of the network. 

Local connectivity can be also quantified using a similar metric termed as the clustering 

coefficient [94, 101].   

A third aspect of measuring is how well connected a particular station (node) is with the 

rest of the subway network (i.e., station centrality). Nodes with high centrality are called 
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hubs and they are very important in network functioning. There are several metrics to 

quantify nodal centrality [94, 101], a simple metric is the degree of the node (the number 

of lines connected to a particular station in the subway example), which is equivalent to 

measuring the strength of association of the node with the rest of the network.  

A fourth interesting feature to measure is to what extent the whole subway network can be 

divided into modules (groups of stations) with maximum within-module and minimum 

between-module connectivity (Figure 3). This metric is important since in the event that a 

group (module) of stations (with maximum within-module connectivity) were out of 

service (e.g., failure in power supply), the remaining subway would continue operating due 

to the relative independence of the other modules. This example shows the concept of 

network modularity [101], describing an important aspect of the network structure.   

On the other hand, if the networks (graphs) were ranked, at one extreme would be a regular 

network, where each node is directly connected to its neighbor topographical nodes (i.e. 

they are also topological neighbors), but without direct connections to distant 

topographical nodes (i.e., a network with a high local but a low global efficiency) (Table 

1). At the other extreme would be a random network, where direct connections between 

any two nodes are random. Thus, in a random network, the local efficiency is low and the 

global efficiency is high as compared to a regular network. In the middle of these two 

extremes would be what is known as a complex network, in which there is a balance 

between global and local efficiencies so that both are relatively high [94, 101] (Table 1). 

This kind of networks is said to have a ‘small-world’ topology. The concept of 'small 

world' comes from the social sciences, and reflects the fact that two persons (nodes) who 

do not know each other are nevertheless connected by a relatively short chain of persons 

known to each other. A complex network is also characterized by the presence of hubs and 

high modularity [94, 101].  
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Table 1. Basic topological features of three type of networks according to the degree of 

disorder.    

 Regular network Complex network Random network 

Global efficiency Low High High 

Local efficiency High High Low 

Hubs presence  No Yes No 

Modularity  No Yes No 

 

All of these relatively simple concepts can be extrapolated to neuroimaging. Actually, 

brain networks have a ‘small-world’ topology [94, 101]. Furthermore, this kind of 

topology is present from micro (networks of neurons) to macro scale level (networks of 

brain units).   

Using the concepts explained so far, it is now easier to understand how graph theoretical 

analysis can be used to construct a CBF network (a topological map) from the brain 

perfusion SPECT data (the topographical map). Let’s, therefore, assume that there is a 

group of brain perfusion SPECT images corresponding to 30 healthy control subjects (or 

30 MCI individuals). The images of each subject can then be segmented in different ROIs 

using some brain atlas (e.g., the AAL atlas).  If we plot the mean voxel value of each ROI 

for the 30 subjects, we would have a measure of how each ROI varies across subjects 

(Figure 4). In this example, it can be seen that ROIs 1 and 60 (albeit with different 

amplitude) vary similarly. The same goes for ROIs 30 and 90. A simple way to measure 

how similar the variations are between any pair of ROIs across subjects is by calculating 

their Pearson’s correlation coefficient. If this process is performed for every pair of ROIs a 

matrix of Pearson’s correlation coefficients is obtained (Figure 4).  
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Figure 4. Construction of the CBF group-based correlation network. In the correlation 

matrix, the color bar indicates the value of the correlation coefficient coming from the CBF 

co-variations among 90 anatomical brain regions (AAL atlas) across 30 subjects. Prior to 

the correlation analysis, a linear regression is performed at every ROI to remove the effects 

of age, gender, age–gender interaction, and global values. Self-correlations are excluded, 

implying a diagonal of zeros in the symmetric correlation matrix.  

  

This matrix represents a correlation matrix of the CBF that can be seen as a network (or 

graph). Here the nodes are the ROIs (equivalent to the subway stations) and the connectors 

are the Pearson’s correlation coefficients between any two ROIs. Thus the brain perfusion 

SPECT data of 30 individuals have been transformed from a topographical space to a 
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topological one (the CBF correlation network). We previously demonstrated the feasibility 

of this approach using brain perfusion SPECT data of healthy control subjects [95]. This 

approach has also been applied to FDG-PET and structural MRI (T1-weighted) [20, 21, 

100]. Furthermore, this methodology has shown to be consistent in several aspects with 

diffusion tensor imaging and functional MRI, which are neuroimaging modalities that 

directly target brain connectivity [100].  

A typical clinical example of CBF correlation (co-variation) is the diaschisis phenomenon 

present in patients with cerebral infarction in the middle cerebral artery territory. In these 

patients, there is a decrease of cerebellar perfusion due to infarction in distant (connected) 

contralateral cortex (Figure 5). In these cases, the connectivity phenomenon is visually 

detectable. In others, it is more subtle and therefore quantitative (like graph theoretical 

analysis) methods are needed. 
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Figure 5.  The diaschisis phenomenon in a patient with a cerebral infarction in the middle 

cerebral artery territory. This example visually illustrates the CBF correlation (co-

variation) between connected brain regions (the cerebellar hemisphere and contralateral 

cortex). This patient was examined in the Center for Neurological Restoration (CIREN), 

Havana, Cuba. 

 

Another important question is related to how network metrics are calculated from the 

correlation matrix. In a first case, the network metrics are computed directly from the 

matrix of the Pearson's correlation coefficients, but excluding the negative correlations. 

Although currently there is a debate about whether or not to exclude negative correlations, 

many of the negative correlations are thought to be artificial [101]. In some cases, there are 

also metrics that can be calculated using the absolute values of the correlation coefficients. 

An example of these metrics is the strength of association (a metric of node centrality) 

defined as the mean of the absolute value of Pearson’s correlation coefficients of a 

particular node with the rest of the nodes in the network. The interpretation of this metric is 

simple since it measures the correlation's mean (co-variation's mean) of a node with the 

rest of the network. In another methodology, the correlation matrix is first binarized by 

setting the correlation coefficient to one (connection) if it is above a threshold and zero (no 
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connection) otherwise. The mathematical details on how the different network metrics are 

calculated are beyond the scope of this introduction. The interested reader is referred to 

Chapters 3 and 4 (for network metrics used in this thesis) or to the literature for a broader 

review [101].  

On the other hand, the CBF correlation network is based on a group of subjects (as FDG-

PET and structural MRI), thus, it represents an average group network (i.e., only one 

network). However, using appropriate statistical procedures it is possible to compare the 

topological metrics of two group-based correlation networks. One of these procedures is 

described and used in Chapter 3 (based on the bootstrap methodology) and another one in 

Chapter 4 (based on permutation tests). The interested reader is also referred to the 

literature [102].   

Finally, even though the correlation network is group-based (as the CBF correlation 

network), it is possible to extract the individual patient’s contribution to the topological 

metrics of the network [103], and therefore, for example, to investigate the possible 

association with the relevant clinical characteristics of MCI patients that might be used to 

support diagnosis and prognosis individually. One of the methods to extract the individual 

patient’s contribution stands out since it is relatively easy to implement it in clinical 

practice [103]. This method estimates an indirect measurement of a network metric for a 

single patient by extracting the patient contribution to that metric (Figure 6). The 

estimation is achieved by subtracting the metric of the network using control subjects only 

from the metric of the network using control subjects plus the patient.  
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Figure 6. Estimation of the individual contribution of a given patient (patient j) to a 

network metric.     

 

5. Aim of the thesis   

The aim of this thesis is to demonstrate that brain perfusion SPECT can help to clarify 

important questions regarding the prodromal MCI stage of AD and relapsing NMO. This is 

not only pertinent considering our limited understanding of neurological diseases but also 

because brain perfusion SPECT is a low cost and worldwide accessible technology.   

6. Thesis outline  

The present thesis proceeds with Chapter 2, which reviews the role of brain perfusion 

SPECT in the prediction of AD dementia in MCI patients as compared to FDG-PET. In the 

first part of this chapter, we also provide a state-of-the-art review of the role of FDG-PET 

in the prediction of AD dementia in subjects suffering MCI, with a particular focus on the 

predictive power of FDG-PET compared to structural MRI.   

Next, Chapter 3 proposes a new approach to investigate CVR in amnestic MCI patients 

and healthy control subjects based on graph theoretical analysis of brain perfusion SPECT 

data at baseline and under the vasodilatory challenge of ACZ. CVR is also investigated by 
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the standard methodology in the same groups of subjects and compared with graph 

theoretical analysis findings.  

As an extension of graph theoretical analysis applied to brain perfusion SPECT of 

amnestic MCI patients, Chapter 4 examines the possible association of episodic memory 

with metrics derived from the CBF correlation network at the individual level. This chapter 

also explored changes in the metrics corresponding to the MCI group network after one-

year follow-up, including the association with the global cognitive function at the 

individual level.     

On the other hand, Chapter 5 investigates in relapsing NMO patients the associations 

between regional brain white and grey matter volumes and/or perfusion on one side, and 

the number of ON attacks, LETM attacks and/or total attacks on the other side. Because 

disease duration and NMO-IgG status could be also related with brain structural and 

functional changes, possible associations of these two clinical variables with regional brain 

tissue volumes and perfusion are evaluated also. This study was carried out by voxel-based 

analysis using two neuroimaging modalities (brain perfusion SPECT and structural MRI).  

Based on the results of Chapter 5, Chapter 6 investigates the potential confounding effect 

of the number of ON attacks when comparing patients with NMO vs. controls by voxel-

based neuroimaging analysis.  

Finally, Chapter 7 presents the thesis Summary, and Chapter 8 the concluding remarks 

and future research directions.    
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ABSTRACT 

This review article aims at providing a state-of-the-art review of the role of 

fluorodeoxyglucose (FDG) positron emission tomography (PET) imaging (FDG-PET) in 

the prediction of Alzheimer's dementia in subjects suffering mild cognitive impairment 

(MCI), with a particular focus on the predictive power of FDG-PET compared to structural 

magnetic resonance imaging (sMRI). We also address perfusion single photon emission 

computed tomography (SPECT) as a less costly and more accessible alternative to FDG-

PET.  

A search in PubMed was performed, taking into consideration relevant scientific articles 

published in English within the last five years and limited to human studies. This recent 

literature confirms the effectiveness of FDG-PET and sMRI for prediction of AD dementia 

in MCI. However, there are discordant results regarding which image modality is superior. 

This could be explained by the high variability of metrics used to evaluate both imaging 

modalities and/or by sampling/population issues such as age, disease severity and 

conversion time. FDG-PET seems to outperform sMRI in rapidly converting early-onset 

MCI individuals, whereas sMRI may outperform FDG-PET in late-onset MCI subjects, in 

which case FDG-PET might only provide a complementary role. Although FDG-PET 

performs better than perfusion SPECT, current evidence confirms perfusion SPECT as a 

valid alternative when FDG- PET is not available. Finally, possible future directions in the 

field are discussed. 
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1. INTRODUCTION 

In 2010, based on evidence accumulated over decades, a hypothetical model was proposed 

that established a relationship between the stages through which Alzheimer's disease (AD) 

evolves and the presence of two distinct types of biomarkers [1]. The first imaging 

biomarker type reflects the cerebral amyloid burden as initial event of AD (amyloidosis 

biomarker) and presumably presents many years before the first clinical symptoms appear. 

In autosomal dominant AD for example, Aβ depositions have been reported to be present 

in the brain 15 years prior to the onset of symptoms [2]. The second biomarker of neuronal 

injury reflects functional and structural changes that occur later in the successive stages of 

AD, which include the transition stage of mild cognitive impairment (MCI) and, finally, 

dementia. In recent years, new data have corroborated this biomarker model [3-6], but have 

also led to speculations that amyloidosis and neurodegeneration may take parallel paths 

and not necessarily sequential ones [6-8]. 

In 2011 the National Institute of Aging-Alzheimer's Association (NIA-AA) provided 

revised diagnostic criteria for AD [9], which for the first time recognized the use of 

biomarkers as an adjunct to increase the diagnostic confidence of dementia due to AD, 

although mainly intended for clinical research purposes. Two biomarkers were 

recommended for determining the presence of cerebral amyloidosis: one based on 

measurements of soluble β amyloid (Aβ) 42 in the cerebrospinal fluid (CSF) [10, 11] and 

the second based on positron emission tomography (PET) amyloid imaging [12]. Likewise, 

three biomarkers of neuronal injury were recommended: one based on measuring CSF tau 

protein (CSF tau) [10, 11], another one on 18F-fluorodeoxyglucose (FDG) PET imaging 

(FDG-PET) [13], and the last one based on hippocampal atrophy measured with structural 

magnetic resonance imaging (sMRI) [14]. The NIA-AA criteria of MCI due to AD (or the 
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prodromal AD stage) additionally included perfusion single photon emission computed 

tomography (SPECT) as a biomarker of neuronal injury, similar to FDG-PET [15]. 

The prodromal stage of AD (MCI due to AD) is becoming increasingly important in 

clinical and research settings. Besides clinical criteria of MCI due to AD, the combined 

presence of both a positive biomarker of cerebral amyloidosis and neuronal injury has a 

role in maximizing the likelihood that a MCI patient over time converts to AD dementia 

[15]. With regard to the disease progression in the MCI stage, neuronal injury biomarkers 

seem to have a more significant role than amyloid biomarkers. The former are more 

associated with oncoming cognitive deterioration than the latter, which are elevated 

already in the initial asymptomatic stage of AD, and are close to a plateau at the MCI 

phase with few further changes [1, 3]. This means that a positive amyloid status by itself 

reveals little predictive information concerning progression of the disease in the MCI 

stage. Thus, neuronal injury biomarkers have added value when used as entry criteria or as 

outcome measures in clinical trials for the evaluation of potential disease- modifying 

therapies in MCI patients. Other probable modifiers of disease progression include APOE 

genotype, cognitive reserve (related to educational level), and co-morbidity of other 

cerebral diseases or lifestyles [6]. 

In the last decade, FDG-PET has been investigated extensively as an adjunct to predict AD 

dementia in MCI individuals [15- 24], as well as the subject of several recent reviews [26-

32], and of a recent editorial on this topic on behalf of the European Association of 

Nuclear Medicine [33].  

One of the main focuses of the comparative literature in the last five years has been the 

comparison of FDG-PET with structural imaging modalities, especially sMRI [34-48]. In 

2009, Yuan et al. [26] published a meta-analysis showing that FDG-PET outperforms 

sMRI. Recent studies support this conclusion [34-38]. However, other studies point to 
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sMRI as being a superior method [39-42] or suggest that the combination of these imaging 

modalities may either be redundant or complementary [46-48]. Also papers have appeared 

that aimed at understanding these discrepancies [43, 45]. It has been suggested that sMRI 

is probably more related to the current cognitive state at the MCI phase, perhaps reflecting 

permanent damage, whereas FDG-PET might be a more sensitive biomarker of disease 

progression, and thus might have more predictive value. Although the use of FDGPET as 

neuronal injury imaging biomarker in AD and other neurodegenerative diseases is gaining 

approval, there is a need for periodic reviews on this central question to identify new 

clinical perspectives and research directions. The aim of this article is to present a state-of-

the-art review on FDGPET for predicting conversion to AD in MCI patients, focusing on 

these studies that compare the performance of FDG-PET and sMRI for single-subject 

prediction. We also address perfusion SPECT as a less costly and more accessible 

alternative to FDG-PET. For this purpose, a search in PubMed was performed, taking into 

consideration relevant scientific articles within the last five years, limited to human studies 

and published in English. Possible future directions are also discussed. 

2. FDG-PET FOR PREDICTING AD DEMENTIA IN MCI 

2.1. AD-like Pattern by FDG-PET 

FDG-PET is an indicator of regional brain glucose metabolism, which in turn is closely 

related to cell cytoarchitecture and synaptic function [49]. Thus, in case of 

neurodegenerative diseases such as AD, FDG-PET may be useful to detect neuronal injury 

or synapse dysfunction associated with the disease. 

According to recent guidelines, FDG-PET may be used to increase diagnostic confidence 

in ‘probable AD’ and to identify cases of ‘possible AD’ in subjects with symptoms atypical 

of AD [9]. The typical AD- like hypometabolic pattern consists of a regional decrease of 

FDG uptake in temporoparietal cortices [50, 51]. This pattern, or its variants, may be used 
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to predict conversion from MCI to AD dementia, and to differentiate AD dementia from 

other dementia types at an early stage. However, since there is a direct association between 

regional brain hypometabolism detected by FDG-PET and cognitive impairment severity 

[34], the AD-like pattern may be less pronounced in MCI due to AD and early AD 

dementia. Indeed, as shown below (Fig. 1), MCI is a clinical condition which may be 

prodromal to AD but also to a variety of other dementia syndromes. Although visual 

reading of FDG-PET scans is irreplaceable for different reasons [50], in borderline 

situations addition of a quantitative validated metric has been shown to improve accuracy 

for detection of the AD-like pattern [53, 54]. There have been important advances in 

metrics for detecting the AD-like pattern [35, 55-64]. This is illustrated by (Fig. 1), 

showing examples using single-case statistical parametric mapping (sc-SPM) metric in 

different MCI subjects [58]. The sc-SPM method is considered an excellent metric to 

detect the AD-like pattern in MCI [45]. 
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Fig. (1). The SPM-t maps of hypometabolism of eight MCI cases, as example: PET 

patterns corresponding to Alzheimer’s disease (A, B), behavioral variant of frontotemporal 

dementia (C, D), semantic variant of primary progressive aphasia (E), corticobasal 

degeneration (F), dementia with Lewy bodies (G, H). Yellow/red scales shown in SPM 

maps are regions which are hypometabolic in MCI patients in comparison to the normal 

control database. From C. Cerami et al. NeuroImage: Clinical 7:187-194 (2015). 

2.2. AD-Related Atrophy by Structural MRI 

Volumetric high-resolution T1-weighted MRI, by 1.5 T or 3 T scanners, is the standard for 

structural brain imaging (abbreviated above as sMRI). This technique provides images of 

very high quality in terms of spatial resolution (≈1mm) and tissue contrast, and thus is 

suitable to measure global and regional brain atrophy in AD. Brain atrophy, especially in 

medial temporal regions, correlates well with both episodic memory impairment [65, 66] 
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and tau deposition [67, 68]. Therefore, it is a relevant neuronal injury biomarker of the 

disease process, including the MCI stage (Fig.2). 

Besides visual reading of sMRI, various metrics are available to quantify atrophy, using it 

as a predictor of AD dementia in MCI subjects. The most commonly applied metrics 

include: 1) manual segmentation of medial temporal regions, particularly the hippocampus; 

2) semi- [69,70] and fully automated [37] methods to measure hippocampal volume; 3) a 

software package developed by the University of California, San Diego (UCSD) that 

comprised various volumetric MRI measurements [71], including the hippocampus, the 

entorhinal cortex, lateral/inferior temporal cortices, the whole brain and ventricles; 4) 

voxel-based morphometry (VBM), which allows examining differences of regional 

differences in grey matter volume (for the whole brain) between patients and a normal 

database, using the SPM approach (Fig. 2C) [72]; 5) deformation-based morphometry 

(DBM), which uses deformation fields to register brain images to a template [73]. The 

most popular variant of DBM is tensor based morphometry, which is especially useful for 

longitudinal studies [74]; 6) surface-based morphometry (SBM) which allows 

reconstruction of the surface of the boundary between different tissue classes [75]. 

Freesurfer software is one of the most widespread toolboxes to estimate volume and 

cortical thickness using SBM methodology [76]; and 7) independent component analysis 

(ICA) to extract non redundant sources of information from whole-brain data [38]. 
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Fig. (2). Coronal T1-weighted MRI corresponding to a normal subject (A) and an amnestic 

MCI patient (B). Visual inspection of Figure 2.B clearly shows hippocampal atrophy 

(indicated by white arrows) and ventricular dilatation in the MCI patient, which are both 

markers of progression to AD dementia over time. Fig. (2C) shows results of voxel-based 

morphometry (SPM-t map in red) of the MCI patient. This metric quantitatively estimates 

the degree of grey matter volume reduction of the patient compared with a normal 

database. As can be observed, the MCI patient showed reduced gray matter volume in the 

hippocampus and entorhinal cortex. Both subjects were examined in the Center for 

Neurological Restoration, Havana, Cuba. 

2.3. FDG-PET versus Structural MRI 

In the last five years several studies have been performed which suggest FDG-PET has 

superior prognostic value over sMRI in individuals with MCI [34-38]. Other studies have 

reported the opposite [39-42]. The majority of these studies have been conducted using 

information from the Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset 

(controls, MCI and AD patients). ADNI is a multicenter project, which started in North 

America and provided a platform for the identification and assessment of AD biomarkers 

[77]. There have also been studies using other datasets [36, 37]. In their analysis of 

biomarkers (predictors), most studies performed tests for each predictor individually 

(univariate analysis) and jointly (multivariate analysis). Table 1 summarizes relevant data 

of the studies that compared FDG- PET and sMRI, individually and in combination with 

other predictors. These studies are discussed below.



6
0

 
 T

ab
le

 1
.  

R
el

ev
an

t 
st

u
d

ie
s 

in
 t

h
e 

la
st

 f
iv

e 
y
e
ar

s 
th

at
 c

o
m

p
ar

ed
 t

h
e 

p
er

fo
rm

an
ce

 o
f 

F
D

G
-P

E
T

 a
n

d
 s

M
R

I 
fo

r 
p

re
d

ic
ti

n
g
 c

o
n

v
er

si
o

n
 i

n
 m

il
d

 

co
g
n

it
iv

e 
im

p
ai

rm
en

t,
 i

n
d

iv
id

u
al

ly
 a

n
d

 i
n

 c
o

m
b

in
at

io
n

 w
it

h
 o

th
er

 p
re

d
ic

to
rs

. 
 

 F
D

G
-P

E
T

,f
lu

o
ro

d
eo

x
y
g

lu
co

se
 p

o
si

tr
o

n
 e

m
is

si
o

n
 t

o
m

o
g
ra

p
h

y
; 

sM
R

I,
 s

tr
u
ct

u
ra

l 
m

a
g

n
et

ic
 r

es
o

n
an

ce
 i

m
a
g
in

g
; 

M
M

S
E

, 
M

in
i-

M
e
n
ta

l 
S

ta
te

 E
x
a
m

in
a
ti

o
n
; 

A
V

L
T

; 
A

u
d

it
o

ry
 

V
er

b
al

 L
ea

rn
in

g
 T

es
t;

  
C

S
F

, 
ce

re
b

ro
sp

in
al

 f
lu

id
; 

R
O

I,
 r

eg
io

n
 o

f 
in

te
re

st
; 

H
R

, 
h
az

ar
d

  
ra

ti
o

; 
A

U
C

, 
ar

ea
 u

n
d

er
 c

u
rv

e 
(r

ec
ei

v
er

 o
p

er
at

in
g
 c

h
ar

ac
te

ri
st

ic
 a

n
al

y
si

s)
; 

H
C

I,
 

h
y
p

o
m

e
ta

b
o

li
c 

co
n
v
er

g
en

ce
 i

n
d

ex
; 

P
A

L
Z

, 
A

lz
h
ei

m
er

 d
is

cr
im

in
at

io
n
 a

n
al

y
si

s 
to

o
l;

 I
C

A
; 

in
d

ep
en

d
en

t 
co

m
p

o
n
e
n
t 

a
n
al

y
si

s;
 A

D
A

S
-C

o
g
, 

A
D

 a
ss

es
sm

en
t 

sc
al

e-
co

g
n
it

iv
e 

su
b

sc
al

e 
sc

o
re

. 
*
 T

h
e 

v
al

u
e 

sh
o

w
n
 i

s 
F

D
G

-P
E

T
 i

n
 c

o
m

b
in

at
io

n
 w

it
h
 c

o
v
ar

ia
te

s 
(a

g
e,

 e
d

u
ca

ti
o

n
, 

A
p

o
E

 g
en

o
ty

p
e,

 a
n
d

 A
D

A
S

-C
o

g
).

  
 

 

St
ud

y 
Pa

rt
ic

ip
an

ts
 

A
ge

 (y
ea

rs
) 

M
M

SE
 

Fo
llo

w
 u

p 
(m

on
th

s)
 

B
es

t p
re

di
ct

or
 in

di
vi

du
al

ly
 

B
es

t c
om

bi
na

tio
n 

of
 p

re
di

ct
or

s 

L
an

da
u 

et
 a

l. 
(2

01
0)

  
C

o
n

v
er

te
rs

=
 2

8
 

N
o

n
 c

o
n
v
er

te
rs

=
 5

7
 

7
8

.3
 ±

 7
.5

 

7
8

.0
 ±

 7
.4

 

2
6

.4
 ±

 1
.7

 

2
7

.3
 ±

 1
.6

 

2
2

.8
  
±

 4
.8

 
FD

G
-P

E
T

; 
M

et
ri

c:
 m

et
aR

O
I 

[5
2

] 

H
R

=
 2

.9
4

 (
9
5

%
 C

I:
 1

.2
3

–
7

.0
4
) 

FD
G

-P
E

T
 a

nd
 A

V
L

T
 

C
he

n 
et

 a
l. 

(2
01

1)
  

C
o

n
v
er

te
rs

=
 2

1
 

N
o

n
 c

o
n
v
er

te
rs

=
 7

6
 

7
7

.5
 ±

 6
.9

 

7
4

.9
 ±

 7
.5

 

2
6

.7
±

1
.7

 

2
7

.2
±

1
.8

 

1
8
 

FD
G

-P
E

T
; 

M
et

ri
c:

 H
C

I 
[3

3
] 

H
R

=
 7

.3
8

 (
9
5

%
 C

I:
 2

.4
8

–
2

1
.9

8
) 

FD
G

-P
E

T
 a

nd
 sM

R
I 

Pr
es

tia
 a

l. 
(2

01
5)

  
C

o
n

v
er

te
rs

=
 2

9
 

N
o

n
 c

o
n
v
er

te
rs

=
 4

4
 

6
7

.6
 ±

  
8

.9
 

6
5

.3
 ±

 9
.4

 

2
6

.7
 ±

  
1

.6
 

2
7

.5
 ±

 1
.8

 

2
3

.6
  
±

 1
6

.3
 

 

FD
G

-P
E

T
; 

M
et

ri
c:

 P
A

L
Z

 [
5

3
] 

H
R

=
 7

.1
9

 (
9
5

%
 C

I:
 2

.7
6

–
 1

8
.7

4
) 

C
SF

 A
β4

2 
an

d 
  

(F
D

G
-P

E
T

 o
r 

C
SF

 ta
u)

   

Sh
af

fe
r 

et
 a

l. 
(2

01
3)

  
C

o
n

v
er

te
rs

=
 4

3
 

N
o

n
 c

o
n
v
er

te
rs

=
 5

4
 

7
5

.4
 ±

 7
.2

 

7
4

.7
±

  
7

.2
 

2
6

.6
 ±

 1
.7

 

2
7

.5
 ±

1
.6

 

2
0

.7
 ±

 9
.8

 
FD

G
-P

E
T

; 
M

et
ri

c:
 I

C
A

 [
3

6
] 

A
U

C
 =

 0
.8

7
*

 

FD
G

-P
E

T
, s

M
R

I, 
C

SF
 ta

u,
  

an
d 

C
SF

 A
β4

2 
*
 

Sc
hm

an
d 

et
 a

l. 
(2

01
2)

 
C

o
n

v
er

te
rs

=
 8

1
 

N
o

n
 c

o
n
v
er

te
rs

=
 9

4
 

7
4

.4
 ±

 7
.4

 

7
4

.1
 ±

 7
.6

 

2
6

.6
 ±

  
1

.8
 

2
7

.2
 ±

 1
.7

 

3
2

.4
 ±

 1
0
.8

 
sM

R
I;

 M
et

ri
c:

 R
O

I 
ap

p
ro

ac
h
 [

3
9

] 

A
U

C
=

 0
.7

1
 (

0
.6

4
–
0

.7
7
) 

sM
R

I, 
C

SF
 A

β4
2 

an
d 

A
V

L
T

 

Y
u 

et
 a

l. 
(2

01
2)

  
C

o
n

v
er

te
rs

=
 2

5
 

N
o

n
 c

o
n
v
er

te
rs

=
 3

8
 

7
4

 ±
 5

.6
 

7
4

.8
 ±

 7
.2

 

2
6

.6
 ±

  
1

.8
7

 

2
7

.3
 ±

 1
.5

 

2
4
 

sM
R

I;
 M

et
ri

c:
 R

O
I 

ap
p

ro
ac

h
 [

3
7

] 

A
cc

u
ra

c
y
 =

 7
8

 %
 

sM
R

I, 
FD

G
-P

E
T

, C
SF

 ta
u,

  

C
SF

 A
β4

2,
 A

po
E

 a
nd

   

A
D

A
S-

C
og

  

T
rz

ep
ac

z 
et

 a
l (

20
14

)  
C

o
n

v
er

te
rs

=
 2

0
 

N
o

n
 c

o
n
v
er

te
rs

=
 3

0
 

7
5

.4
 ±

 6
.6

 

7
4

.2
 ±

 8
.4

 

2
6

.2
 ±

  
2

.1
 

2
8

.3
 ±

  
1

.6
 

2
4
 

sM
R

I;
 M

et
ri

c:
 R

O
I 

ap
p

ro
ac

h
 [

3
8

] 

A
cc

u
ra

c
y
 =

 7
1

 %
 

sM
R

I a
nd

 a
m

yl
oi

d 
 P

E
T

 (P
IB

) 



61 
 

61 
 

Landau et al. [33] studied various predictors in MCI subjects from the ADNI cohort. 

Predictors included metabolic measures by FDG-PET, hippocampal atrophy by sMRI, 

classical AD CSF protein biomarkers, APOE genotype and Auditory Verbal Learning Test 

(AVLT) as a measure of episodic memory. The metric used to assess AD-like hypometabolic 

pattern was the metaROI score [55]; while Freesurfer software was used to measure 

hippocampal volume [76]. Results showed that both metabolic measure and hippocampal 

atrophy using a univariate model were predictive of conversion. However, metabolic measure 

was the only predictive one in multivariate analysis. One of the main findings and conclusions 

was that FDG-PET combined with episodic memory score predicts conversion better than 

other predictor combinations (Table 1). This finding might be confounded by the diagnostic 

criteria of amnestic MCI, which already include impaired episodic memory. Another 

limitation is that no subgroup differences between non-anamnestic, single domain and multi-

domain MCI could be reported, which may influence the diagnostic performance of imaging 

tools. 

Chen et al. [35] introduced a new FDG-PET metric for AD assessment: the hypometabolic 

convergence index (HCI). They studied the capability of this metric in MCI subjects from the 

ADNI cohort. They also compared HCI score with hippocampal volume by sMRI, CSF 

biomarkers, memory test scores, and clinical ratings. They used a semiautomated method to 

measure hippocampal volume [69]. Similar to Landau et al. [34], they found that both 

metabolic measure (HCI score) and hippocampal atrophy were predictive of conversion by 

univariate model, although slightly better for HCI score (Table 1), but both exceeded CSF 

biomarkers, memory test scores and clinical ratings. They also found that HCI score and 

hippocampal atrophy were the only ones that predicted conversion using a multivariate model. 

Moreover, a combination of high HCI score and hippocampal atrophy predicted conversion 

from MCI to AD significantly better than each predictor separately. Although these results 
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overlap with the results of Landau et al. [34] regarding the predictive power of the FDG-PET, 

they also differ in that the memory test scores in the multivariate model were not predictive, 

even though AVLT was used among the memory test scores. 

Similar to the two studies previously discussed, Prestia et al. [36] compared FDG-PET, 

hippocampal volume by sMRI and CSF proteins, to predict progression from MCI to AD. 

However, some specific aspects set this study apart. First, the study was conducted in two 

independent cohorts, ADNI (mean follow up period of 26 months; 24 converters and 28 non-

converters) and the Translational Memory Outpatient Clinic (TOMC cohort; mean follow up 

period of 36 months; 18 converters and 28 non converters) of the Scientific Institute for the 

Research and Care of AD, in Brescia, Italy. The second aspect is that they used three different 

metrics for FDG-PET assessment, and another three different metrics for hippocampal 

volume. In the case of FDG-PET, they used metaROI score [55], similar to Landau et al. [34]; 

HCI score, similar to Chen et al. [34]; and the Alzheimer discrimination analysis tool (PALZ) 

[56]. For hippocampal volume measurement, the authors used manual tracing (TOMC 

cohort); a semi-automated method [70] (TOMC and ADNI cohorts); and a fully automated 

method by Freesurfer software [76] (TOMC and ADNI cohorts). The final aspect is that 

multivariate analysis was not performed. They found that semiautomated hippocampal 

volume and HCI hypometabolic metrics gave similar results and had the highest accuracy to 

predict conversion, although hippocampal volume metric was slightly better; whereas in the 

TOMC cohort, it was the PALZ hypometabolic metric, though comparable to CSF tau and 

CSF Aβ42. It is noteworthy that in both cohorts the three hypometabolic metrics showed the 

best balance of sensitivity and specificity compared with other biomarkers. Also interestingly, 

compared with the ADNI cohort the accuracy to predict conversion was higher in the TOMC 

cohort for all biomarkers, excluding hippocampal volume. The authors noted that this would 

be clarified in further studies, but hypothesized that this might be related to differences 
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between cohorts with regard to cognitive reserve and APOE genotype. They also showed that 

in both cohorts an abnormal measure of CSF Aβ42 was the most sensitive biomarker, which 

is in agreement with the biomarker model [1-6]. At the same time, they found that CSF Aβ42 

alone showed the lowest specificity, thus confirming the need for combining amyloidosis and 

neuronal injury biomarkers to improve identification of subjects with MCI due to AD. 

Moreover, while they found that FDG-PET (PALZ metric) was a superior method to predict 

conversion in the TOMC cohort, they concluded that CSF Aβ42 in combination with 

hippocampal volume could be the best option to identify MCI subjects at risk of developing 

AD, mainly in terms of cost and benefits for clinical trial design. Galluzzi et al. [78] reached 

similar conclusions using only MCI subjects from the TOMC cohort (small sample) and the 

same analysis methods used by Prestia et al. in this dataset. The importance of this study is 

that it was able to demonstrate the validity of the biomarkers model in two samples of 

different datasets. A limitation is that multivariate analysis was not performed, unlike studies 

of Landau et al. [34] and Chen et al. [35]. Thus, it was not possible to study different 

combinations of biomarkers properly.  

In a more recent article, Prestia et al. [37] performed a more elaborate second study on the 

same topic, this time using multivariate analysis. In the latter study, MCI subjects from three 

European memory clinics were evaluated, including TOMC cohort and two others cohorts, 

one from Amsterdam, The Netherlands, and another from Stockholm, Sweden. The authors 

compared the accuracy of various biomarkers for AD prediction individually and in 

combination. Biomarkers included FDG-PET (PALZ metric) and hippocampal atrophy 

(sMRI-based automated method) and classical CSF protein biomarkers. It is important to note 

that this study for the first time compared two sets of biomarker based diagnostic criteria of 

the prodromal AD stage, the NIA-AA criteria [14] and the International Working Group 

(IWG) criteria proposed by Dubois et al. [79, 80], respectively. The main findings were that 
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the highest accuracy for AD prediction was achieved by combining amyloidosis and neuronal 

injury biomarkers; whereas FDG-PET was the best predictive biomarker individually (Table 

1), concurrent with the results of Landau et al. [34] and Chen et al. [35]. They also found that 

the IWG criteria have higher sensitivity but lower specificity than the NIA-AA criteria. 

Shaffer et al. [38] used ICA to extract independent sources of information from the whole 

brain, for both FDG-PET and sMRI in MCI subjects from the ADNI dataset. By using logistic 

regression, the loading parameters for all FDG-PET and sMRI components and CSF proteins 

were modeled as independent variables, while conversion to AD within 4 years was the 

dependent variable. They studied several combinations of FDG-PET, sMRI, and CFS 

biomarkers with clinical covariates, including age, education, APOE genotype and the AD 

assessment scale-cognitive subscale (ADAS-Cog). Main results showed that the combination 

of all biomarkers with clinical covariates significantly increased the predictive power 

compared with clinical covariates alone. Nevertheless, they found that FDG PET was the 

main contributor (Table 1), in agreement with the studies discussed above. This study showed 

that similar results are reached using non-conventional methods such as ICA. 

On the other hand, in the last five years, several studies have suggested that sMRI provides 

more prognostic information compared with FDG-PET. Using a Bayesian classification 

approach Yu et al. [39] compared FDG-PET, sMRI, CSF proteins, APOE genotype, and the 

ADAS-Cog score to predict conversion from MCI to AD within 2 years follow up. FDG-PET 

and sMRI were analyzed using methods based on regions of interest (ROI), including 

metaROI [55], HCI metrics [35], and UCSD software for sMRI [71]. They found that sMRI 

had the highest predictive accuracy (Table 1), followed by APOE genotype, FDG-PET, CSF 

proteins, and ADAS-Cog score. They also found that the combination of different biomarkers 

improved accuracy for AD prediction. They concluded that the combination of sMRI, APOE 

genotype, and cognitive measures provided the optimal trade-off between cost and time 
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compared with other combinations of biomarkers for enriching MCI samples for clinical 

trials. While these findings are interesting, one of the limitations of this study was that in 

order to measure the predictive power of each biomarker separately, the authors used much 

smaller MCI subject samples for CSF proteins and FDG-PET evaluation. 

Trzepacz et al. [40], using multivariate models, compared FDG-PET, sMRI, amyloid PET 

using Pittsburgh compound-B (PIB), APOE genotype, age and education to predict AD 

conversion in MCI subjects (ADNI cohort). They did not include cognitive measures in their 

analyses. All imaging modalities were analyzed using ROI approaches, similar to the work by 

Yu et al. [39]. The authors found that sMRI combined with PIB-PET showed the highest 

predictive accuracy; whereas individually sMRI was the best predictive biomarker (Table 1) 

in comparison with FDG-PET and PIB-PET. APOE genotype, age and education did not 

show predictive value. The authors also found that PIB-PET had the highest sensitivity, while 

FDG-PET had the lowest. However, FDG-PET had the highest specificity compared with 

each imaging modality separately or any combination of these modalities. The importance of 

this study is that it shows the usefulness of amyloid PET in combination with neuronal injury 

biomarkers for predicting conversion in MCI subjects. 

Schmand et al. [41] investigated the value of FDG-PET, sMRI, CSF protein biomarkers and 

cognitive measures to predict conversion to AD in MCI subjects using logistic regression 

models (ADNI cohort). One interesting aspect of this study is that the authors, based on 

previous findings [42], examined the effect of age on the predictive value of these methods by 

dividing the whole MCI sample into two subsamples, with ages below 75 years (relatively 

young subsample) and higher than 75 years (old subsample). The metrics used for FDG-PET 

and sMRI were based on ROIs approach (including hippocampal volume for sMRI) [41]. 

They found that in the whole MCI sample all methods were predictive, but sMRI scored best 

(Table 1), followed by cognitive measures, CSF Aβ42 and FDG-PET. In the relatively young 
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subsample, sMRI and cognitive measures had the same predictive value, followed by CSF 

Aβ42 and FDGPET; while in the old subsample sMRI was the best, followed by cognitive 

measures and CSF Aβ42. In this subsample FDG-PET had no significant predictive value. An 

interesting result was that the model combining all methods was not predictive in the old 

subsample. However, the model was so after excluding FDG-PET. They concluded that in 

MCI subjects older than 75 years, FDG-PET and CSF biomarkers are less informative, unlike 

sMRI and cognitive measures that remain useful.  

Perhaps one of the most revealing studies published in recent years is that of Dukart et al. 

[43]. This study might explain the discrepancies observed in several previous studies 

regarding the predictive value of FDG-PET and sMRI. The authors realized that the majority 

of previous studies did not take into account the effects of age, except for instance the studies 

by Schmand et al. [41, 42], symptom severity or time to conversion from MCI to AD. They 

compared FDGPET and sMRI by selecting samples of similar size of nonconverters MCI (N= 

65) and converter MCI subjects (N= 64) from the ADNI cohort. They also included a sample 

of 80 AD patients. The three patient groups were then divided into subgroups by age and 

disease severity. Thus, for example, they constituted nine subgroups according to age: three 

subgroups of non-converters MCI (ncMCI) subjects, one consisting of young subjects, one of 

middle age subjects, and another one of old age subjects (mean age of 68.0, 75.7 and 82.6 

years of each subgroup, respectively). In the same way, they formed three subgroups of 

converter MCI (cMCI) (mean age of 67.9, 75.6 and 82.0 years) subjects and three subgroups 

for AD patients (mean age of 69.2, 75.6 and 82.2 years, Fig. 3). Fig. (3) shows that in the 

young cMCI subgroup hypometabolism predominated largely over atrophy and was more 

extensive (easier to detect) compared with middle and old age cMCI subgroups; whereas 

hypometabolism and atrophy were more or less similar in other cMCI subgroups. In contrast, 

atrophy predominated largely over hypometabolism in the three AD patient subgroups. The 
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authors also used a similar procedure to constitute nine cMCI subgroups according to disease 

severity using the Mini- Mental State Examination (MMSE) (Fig. 4). As can be observed in 

this Figure, hypometabolism predominated over atrophy in cMCI subgroups with less severity 

(mean MMSE of 28.8 and 26.9, respectively), while atrophy was more extensive in the cMCI 

subgroup with more severity (mean MMSE= 24.8) compared with other cMCI subgroups. 

Similar to the age effect, atrophy prevailed over hypometabolism in the three AD patient 

subgroups. Figs. (3 and 4) show other results that allow better appreciation what happens to 

brain metabolism and volume in different situations according to age and severity of clinical 

symptoms. To evaluate the effect of conversion time, the authors divided the whole cMCI 

group into three subgroups. Fig. (5) shows that hypometabolism predominated over atrophy in 

the cMCI subgroups converting in 12 and 18 months, whereas hypometabolism and atrophy 

were comparable in the cMCI subgroup converting in 24 months. The authors concluded that 

FDG-PET might be a more sensitive biomarker of disease progression at the MCI stage, 

whereas sMRI appears to be more linked to the existing global cognitive state, possibly 

reflecting permanent injury. This is consistent with the notion that the reduced consumption 

of glucose at the synaptic level precedes neuronal loss. 
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Fig. (3). MRI and FDG-PET results for the comparison of three groups of AD patients, MCI 

converters (cMCI) and non-converters (ncMCI) split by age compared to the same group of 

control subjects. a) MRI (blue: hippocampal atrophy) and FDG-PET (red: hypometabolism) 

results plotted onto an averaged brain. Overlapping results are displayed in violet. Results for 

differently aged subgroups are separated by rows. Results for different clinical groups are 

separated by columns. Cortical hypometabolism in ncMCI patients was restricted to the right 

hemisphere. In contrast, in both other groups the results were much more symmetric however 

with more extensive changes in the left hemisphere. b) Number of significant voxels (p = 

0.001 uncorrected at voxel level and p = 0.05 FWE corrected at cluster level) detected in each 

comparison in FDG-PET (red) and MRI (blue). AD Alzheimer’s disease, FDG-PET [18F] 

fluorodeoxyglucose positron emission tomography, FEW family-wise error, MCI Mild 

Cognitive Impairment, MRI structural magnetic resonance imaging, * indicates a significant 

difference between modalities within the condition, ** indicates a significant difference to all 

other conditions within the modality. (For interpretation of the references to colour in this 
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Figure legend, the reader is referred to the web version of this article.). From J. Dukart et al. 

NeuroImage: Clinical 3:84-94 (2013). 
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Fig. (4). MRI and FDG-PET results for the comparison of three groups of AD patients, MCI 

converters (cMCI) and non-converters (ncMCI) split by symptom severity compared to the 

same group of control subjects. a) MRI (blue: hippocampal atrophy) and FDG-PET (red: 

hypometabolism) results plotted onto an averaged brain. Overlapping results are displayed in 

violet. Results for differently affected subgroups are separated by rows. Results for different 

clinical groups are separated by columns. b) Number of significant voxels (p = 0.001 

uncorrected at voxel level and p = 0.05 FWE corrected at cluster level) detected in each 

comparison in FDG-PET (red) and MRI (blue). AD Alzheimer's disease, FDG-PET 

[18F]fluorodeoxyglucose positron emission tomography, FWE family-wise error, MCI Mild 

Cognitive Impairment, MRI structural magnetic resonance imaging, * indicates a significant 

difference between modalities within the condition, ** indicates a significant difference to all 

other conditions within the modality. (For interpretation of the references to colour in this 

Figure legend, the reader is referred to the web version of this article.). From J. Dukart et al. 

NeuroImage: Clinical 3: 84-94(2013). 
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Fig. (5). MRI and FDG-PET results for the comparison of three subgroups of MCI converters 

split by time to conversion compared to the same group of control subjects. a) MRI (blue: 

atrophy) and FDG-PET (red: hypometabolism) results plotted onto an averaged brain. 

Overlapping results are displayed in violet. Results for different subgroups are separated by 

columns. b) Number of significant voxels (p = 0.001 uncorrected at voxel level and p = 0.05 

FWE corrected at cluster level) detected in each comparison in FDG-PET (red) and MRI 

(blue).AD Alzheimer's disease, FDG-PET [18F]fluorodeoxyglucose positron emission 

tomography, FWE family-wise error, MCI Mild Cognitive Impairment, MRI structural 

magnetic resonance imaging, * indicates a significant difference between modalities within 
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the condition, ** indicates a significant difference to all other conditions within the modality. 

(For interpretation of the references to colour in this Figure legend, the reader is referred to 

the web version of this article.). From J. Dukart et al. NeuroImage: Clinical 3: 84-94 (2013).  

 

In addition, the temporal distribution of alterations during conversion may be dependent on 

specific regions of the brain. La Joie and colleagues applied voxel based methods to compare 

results of FDG imaging, sMRI and amyloid imaging (18F-florbepatir) in 22 patients with a 

high probability of AD [44]. They reported high correlations between areas of 

hypometabolism and atrophy in large parietotemporal areas, although substantial regional 

variability in both directions was present. Atrophy exceeded hypometabolism in the 

hippocampal-amygdala complex, whereas hypometabolism was more excessive in prefrontal 

regions. On the other hand, no significant correlation between Aβ deposition and 

hypometabolism and atrophy was found and particularly high Aβ depositions were observed 

in frontal regions. The results are supportive of the concept that the effect of Aβ depositions 

may not be local, but rather distant. 

Another revealing study is the meta-analysis recently published by Frisoni et al. [45]. This 

study illustrates that the predictive power of imaging biomarkers heavily relies on how they 

are measured. The authors evaluated the diagnostic accuracy of different imaging biomarkers 

versus metrics in separating AD from healthy subjects, and prognostic accuracy to predict 

progression in MCI individuals. The metaanalysis included various studies that used different 

imaging biomarkers (PET amyloid, FDG-PET, perfusion SPECT and sMRI) and the most 

commonly metrics used. They used positive (LR +) and negative (LR-) likelihood ratios as 

outcome measures to examine the variability due to metrics and imaging biomarkers (or 

submarkers, e.g. specific brain region for sMRI). They considered LR + > 5 and LR- ≤ 0.2 as 

diagnostically useful. They found that diagnostic accuracy was highest for PET amyloid, 
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followed by FDG-PET, perfusion SPECT and sMRI. On the other hand, the prognostic 

accuracy to predict progression was highest for FDG-PET followed by sMRI, perfusion 

SPECT and PET amyloid. The LR analysis for prognosis showed that FDG-PET was the only 

one with LR+ greater than 5, followed by sMRI (LR+=2.6), perfusion SPECT (LR+= 2.2) and 

PET amyloid (LR+=1.7). sMRI submarkers showed LR+ of 2.2 for entorhinal cortex and 2.9 

for hippocampus. They also found that PET amyloid showed the best LR- (0.11), followed by 

sMRI (0.49) and FDG-PET (0.5). The variability of metrics for FDG-PET was the highest. 

They concluded that diagnostic and prognostic accuracy of imaging biomarkers is at least as 

dependent on how the biomarker is measured as on the biomarker itself. 

There have been other studies using data from the ADNI cohort that suggest that cognitive 

measures may be equal or more predictive than FDG-PET, sMRI and CSF proteins [81-84]. 

However, these findings cannot be generalized to MCI subjects outside ADNI dataset, which 

is a highly selected convenience sample. 

In the last five years there are also studies suggesting that the combination of baseline and 

longitudinal data of both FDG-PET and sMRI significantly improves the prediction of AD 

dementia in MCI subjects compared to baseline data alone or each data separately [85-88]. 

Although repetitive scanning may be impractical in clinical routine, these findings could be 

relevant for recruitment of subjects into clinical trials, in which a greater certainty is required 

as to whether a candidate meets the selection criteria. Clinical trials of potential disease-

modifying therapies for AD in MCI patients benefit from the enrichment of the study samples 

with MCI due to AD cases. 

There are other recent studies that have developed new methodologies to improve prediction 

accuracy based on machine learning tools combining information from FDG-PET, sMRI and 

other biomarkers [83, 89-95]. These methodologies have shown great potential to perform 

computer assisted classification of MCI converters and MCI non-converters.  
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As a final point, a recent study has shown that FDG-PET predicts decline in cognitive 

functions among cognitively normal subjects [96]. This has important implications since 

research efforts move toward early identification of high risk individuals and prevention of 

clinical progression. Thus, FDG-PET might play a role as an early biomarker of neuronal 

injury even in preclinical stages of AD [97]. 

In summary, recent literature shows that FDG-PET and sMRI are useful for prediction of AD 

dementia in MCI. However, there are conflicting results as to which neuronal injury imaging 

biomarker is superior (Table 1). This could be explained by the high variability of metrics 

used to evaluate both imaging modalities. Moreover, the majority of published studies did not 

take into account various factors that could influence the results, such as age, symptom 

severity and conversion time. However, FDG-PET seems to perform better in rapidly 

converting relatively young MCI subjects, whereas sMRI may be superior in older MCI 

individuals. In the latter situation, FDG-PET imaging might be redundant, although additional 

regions of impairment may be detected, in which case it would provide complementary role. 

The recent literature confirms that the highest accuracy for AD prediction is achieved by 

combining amyloidosis and neuronal injury biomarkers, more specifically FDG-PET or 

sMRI, which is in line with the biomarkers model [6] and the recent criteria of MCI due to 

AD proposed by the NIA-AA [16]. Perhaps one of the main problems to fully generalize these 

recent findings is that they are based on ADNI subjects, which have been uniquely selected 

and might not represent community subjects with MCI.  

3. PERFUSION SPECT AS ALTERNATIVE TO FDG-PET 

Perfusion SPECT is an indicator of regional cerebral blood flow (CBF) which is tightly 

coupled with regional brain glucose metabolism in many neurologic diseases, such as AD. 

The most widely used radiopharmaceuticals for perfusion SPECT are 99mTc-labelled 

compounds, hexamethylpropylene amine oxime (HMPAO) and ethyl cysteine dimer. In 
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Japan, 123I-N-isopropyl-p-iodoamphetamine is used also. Major advantages of perfusion 

SPECT are that it is available worldwide and much cheaper (approximately 2 -3 times less) in 

comparison to FDG-PET. The major disadvantage is its lower spatial resolution (≈ 8-10 mm) 

versus FDG-PET (≈ 4-5mm). 

The AD-like pattern detected by FDG-PET is also observed using perfusion SPECT (Fig. 6). 

Herholz et al. [98] found that the number of abnormal voxels for FDG-PET correlated 

strongly (r= 0.90) with the number for perfusion SPECT (HMPAO) in the temporoparietal 

cortices (the AD-like pattern), although it was less pronounced using perfusion SPECT than 

FDG-PET. Likewise, visual reading may be improved by the use of quantitative metrics, 

especially in MCI patients. In principle, the same metrics used for FDG-PET to detect the 

AD-like pattern can be used for perfusion SPECT. Probably the positive impact of the use of 

quantitative metrics is greater for perfusion SPECT than for FDG-PET.  

 

 

Fig. (6). The AD-like pattern by perfusion SPECT (99mTc-ECD). Left side shows coronal, 

sagittal and axial selected slices illustrating the AD-like pattern of temporoparietal 

hypoperfusion in a 70-year-old male patient with probable AD dementia (MMSE= 21) 

according to the NIA-AA criteria. Right side shows the SPM-t map for this patient in 

comparison to the normal control database. The patient was examined in the Center for 

Neurological Restoration, Havana, Cuba. 



76 
 

76 
 

At the beginning of this century, a landmark study of Jagust et al. [97] clearly showed that 

perfusion SPECT improves clinical diagnosis of AD, especially in the earliest stage. The 

importance of this study is that it was based on comparing perfusion SPECT and ante-mortem 

clinical diagnosis of AD, individually and combined, with post-mortem findings in patients 

and control individuals. The post-mortem analysis is considered the gold standard for AD 

diagnosis. 

Table 2.  Pooled sensitivity and specificity of perfusion SPECT and FDG-PET for prognosis 

and diagnosis of Alzheimer’s disease, based on recent meta-analyses. 

 

Like FDG-PET, perfusion SPECT has been effectively used to predict AD dementia in MCI 

subjects [98-111] and it has been also the subject of recent reviews [26, 45, 114-118]. Three 

meta-analyses and one systematic review have been published [26, 45, 117, 118], two recent 

[45, 118], which are revealing with regard to the comparison of perfusion SPECT with FDG-

PET. 

The first of these meta-analyses is the aforementioned of Yuan et al. [26]. They found that 

FDG-PET performs slightly better than perfusion SPECT for predicting conversion to AD 

Meta-analysis 

 

Perfusion  SPECT for prognosis FDG-PET for  prognosis 

Pooled  Sensitivity Pooled Specificity Pooled  Sensitivity Pooled Specificity. 

Yuan et al. 

(2009)  [25] 

  84%   70%  89%    85%. 

172 converters MCI (8 studies) 134 converters MCI (6 studies) 

Frisoni et al. 

(2013) [42] 

78 %  64 %   76 % 74%. 

166 progressed MCI (6 studies) 241progressed MCI (10 studies) 

  Perfusion SPECT for diagnosis FDG-PET for diagnosis 

Frisoni et al. 

(2013) [42] 

 76% 84% 86%   84%   

1268 AD patients (32 studies) 1897 AD patients (37 studies) 

Bloudek et al. 

(2011) [106] 

80%   85%   90%  89% 

Not available (11 studies)  Not available (20 studies) 
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dementia (Table 2). It may be noted that the superiority of FDG-PET was mainly in its 

specificity. They also found similar performances for perfusion SPECT and sMRI. 

The second meta-analysis is by Frisoni et al. [45], already partially discussed before. As 

explained one of the objectives of this study was to evaluate the prognostic accuracy of 

different imaging biomarker versus the metrics to predict progression in MCI individuals. 

They found that pooled sensitivity and specificity, across all metrics, were lower than those 

reported by Yuan et al. [26], for both perfusion SPECT and FDG-PET (Table 2), probably 

because metrics showed high variability in both cases [45]. However, it may be noted that in 

both meta-analyses, the superiority of FDG-PET was limited, at its best for specificity. Frisoni 

et al. [45] also analyzed the diagnostic accuracy for separating AD patients from controls. As 

can be seen in Table 2, the diagnostic performance was better than the prognostic one for both 

imaging modalities, especially the specificity for perfusion SPECT which was similar to that 

of FDG-PET for diagnostics. 

The third meta-analysis was conducted by Bloudek et al. [117]. They analyzed articles for 

diagnostic imaging in AD, including perfusion SPECT and FDG-PET. They found that 

pooled sensitivity and specificity were comparable to those reported by Frisoni et al. [45] 

(Table 2).  

The fourth study reviewed all published head-to-head studies comparing perfusion SPECT 

and FDG-PET in AD and other dementias [118]. Although the reviewed studies had several 

limitations, especially small sample sizes, the results showed that most of studies found 

perfusion SPECT to be useful and often as good as FDG-PET to detect temporoparietal 

changes (the AD-like pattern). In four subsequent studies to the meta-analysis of Yuan et al. 

[26] (two using perfusion SPECT and two by FDG-PET), the authors also evaluated the 

pooled prognostic accuracy. They found similar sensitivity for both imaging modalities, but 

higher specificity for perfusion SPECT. They concluded that although studies suggest 
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superiority of FDG- PET over perfusion SPECT, the evidence for this is limited. They 

suggested further direct comparative studies, including health economic and patient 

preference evaluations. Although the superiority of FDG-PET in AD is unquestionable, 

especially because of its better spatial resolution, data published to date do not support the 

exclusion of perfusion SPECT as a valid alternative when FDG-PET is not available, 

whatever the reason. In fact, as noted in the introduction in 2011 the NIA-AA criteria of MCI 

due to AD, recognized perfusion SPECT as an equivalent biomarker to FDG-PET [15]. 

Lastly, while the quality of the instrumentation and the use of rigorously validated standards 

for image acquisition, pre/post processing and metrics to evaluate the images of both imaging 

modalities is important, it is even more crucial for perfusion SPECT as it is more subject to 

noise (less counts are acquired). Therefore, special attention should be paid to these technical 

and methodological aspects when perfusion SPECT is used, especially as predictive 

biomarker in prodromal AD. 

4. FUTURE DIRECTIONS 

As discussed in the above, conflicting results concerning the respective predictive values of 

FDG-PET and sMRI exist, which to some extent can be explained by the high variability of 

metrics used to evaluate both imaging biomarkers. This highlights the importance of 

standardized metrics and the need for the development of standard operating procedures for 

clinical and research use. Moreover, although FDG-PET might be superior in some clinical 

situations and sMRI in others, more studies are necessary to confirm their respective roles by 

using longitudinal data from larger cohorts of converted MCI subjects, preferably with 

postmortem verification. To this end, a multicenter study, preferentially consisting of a 

community based dataset, would be the most desirable option. In this perspective, novel MRI-

PET hybrid implementations could facilitate data acquisition and diminish the burden to the 

patient. Further studies are also needed to address the cost and benefits of FDG-PET 
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compared with sMRI or other neuronal injury biomarkers for both research and clinical 

settings. 

One of the new directions of AD research in recent years has been the search for 

abnormalities that might precede amyloidosis, which could have implications for the 

development of AD biomarkers at early disease stages. One example of this is the study of the 

default mode network (DMN). The DMN is particularly relevant for aging and AD since 

DMN structures are vulnerable to Aβ deposition, hypometabolism and atrophy [119, 120]. 

DMN abnormalities have been observed along a continuum from normal aging to AD 

dementia by using different neuroimaging modalities and analysis methodologies (reviewed 

in [121]). Graph theoretical analysis is an emerging analysis methodology that has been 

effectively used to study properties of brain functional networks (reviewed in [122]). Recent 

studies have shown that graph theoretical analysis of FDG-PET data is a promising pathway 

that could help to better understand the characteristics of brain functional networks, in normal 

aging, MCI, and AD dementia [123-125]. 

On the other hand, there is increasing evidence supporting that subtle dysfunction of small 

vessels in the brain might play a role at beginning of AD pathology [126, 127]. This could 

also have implications for the development of biomarkers for the very early stages of AD. 

Using graph theoretical analysis, a recent study demonstrated that the CBF-related network, 

constructed from perfusion SPECT data in healthy controls, shows a small-world architecture 

[128], similar to other brain networks. This study constitutes a first step to explore changes in 

the topology of the CBF network in neurological diseases with possible involvement of small 

vessels such as AD. 

Another research direction is the combination of FDG-PET and /or perfusion SPECT with 

arterial spin labeling MRI (ASL-MRI). ASL-MRI is a completely non-invasive technique to 

quantify CBF. Recently, patterns of hypoperfusion similar to perfusion SPECT were observed 
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in patients with clinically suspected AD by using ASL-MRI [129]. In another study, ASL-

MRI was comparable to FDG-PET in differentiating a group of patients with dementia AD 

and FTD [130]. Chen et al. also found largely identical regions of reduced functionality in 

patients with AD compared to age-matched controls [131]. In subjects with MCI, regional 

perfusion deficits detected using ASL-MRI in the right middle parietal and right middle 

frontal regions have been associated with conversion to dementia during follow-up [132]. 

Analogous to FDG-PET and perfusion SPECT, ASL-MRI has been suggested to have 

predictive value in the preclinical stage of AD [133]. Using ASL, hypoperfusion in the 

posterior cingulae cortex at baseline has been found in healthy elderly patients at baseline 

who develop subsequent cognitive deterioration [134]. Thus ASL-MRI has the potential to 

serve as a biomarker in the early diagnosis of preclinical dementia. Since structural MR 

imaging is routinely performed in many centers during the work-up of cognitive decline, ASL 

might simply be added to an existing investigation. Another advantage of combining 

functional imaging with structural MRI, is the identification of vascular aberration (i.e. 

calfications, infarctions, white matter lesions and microbleeds). Although ASL-MRI is a 

promising tool, further research is necessary to establish its role in the management of 

dementias, especially in the preclinical stages of AD. 

A multimodal framework combining molecular imaging such as FDG-PET and amyloid PET, 

with advanced MRI techniques such as ASL, resting-state functional connectivity, 

susceptibility imaging, diffusion tensor imaging and/or MR spectroscopy could be of value in 

the detection of functional impairments which may precede amyloidosis in AD. 

CONCLUSION 

Recent studies confirm previous findings concerning the effectiveness of FDG-PET as a 

biomarker of neuronal injury, with predictive value towards the conversion to AD dementia in 

MCI subjects. FDG-PET seems to outperform to sMRI in rapidly converting early-onset MCI 
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individuals, whereas sMRI may outperform FDG-PET in late-onset MCI subjects, in which 

case FDG PET might only provide a complementary role. Further studies are required to 

support this conceptualization. In addition, recent findings show that the highest diagnostic 

accuracy to predict conversion of MCI to AD is achieved using a combination of cerebral 

amyloid burden and neuronal injury biomarkers, consisting of FDG-PET or sMRI. On the 

other hand, despite the common notion that FDG-PET performs better than perfusion SPECT, 

current evidence and guidelines support the clinical utilization of perfusion SPECT as a valid 

- less costly and more accessible- alternative to FDG PET. Finally, further cost-effectiveness 

analyses are necessary to compare FDG-PET and perfusion SPECT with structural and 

advanced MRI and other neuronal injury biomarkers for both clinical and research use. Multi-

modal imaging techniques such as PET-MRI are expected to improve the early diagnosis of 

AD and differentiate between AD and other forms of dementia.  

REFERENCES 

1. Jack CR, Jr., Knopman DS, Jagust WJ, Shaw LM, Aisen PS, Weiner MW, et al. 

Hypothetical model of dynamic biomarkers of the Alzheimer's pathological cascade. 

Lancet Neurol 9(1): 119-28 (2010). 

2. Bateman RJ, Xiong C, Benzinger TL, Fagan AM, Goate A, Fox NC, et al. Clinical and 

biomarker changes in dominantly inherited Alzheimer's disease. N Engl J Med 367(9): 

795-804 (2012). 

3. Caroli A, Frisoni GB. The dynamics of Alzheimer's disease biomarkers in the 

Alzheimer's Disease Neuroimaging Initiative cohort. Neurobiol Aging 31(8): 1263-

1274 (2010). 

4. Prestia A, Caroli A, van der Flier WM, Ossenkoppele R, Van BB, Barkhof F, et al. 

Prediction of dementia in MCI patients based on core diagnostic markers for 

Alzheimer disease. Neurology 80(11): 1048-1056 (2013). 



82 
 

82 
 

5. [Galluzzi S, Geroldi C, Amicucci G, Bocchio-Chiavetto L, Bonetti M, Bonvicini C, et 

al. Supporting evidence for using biomarkers in the diagnosis of MCI due to AD. J 

Neurol 260(2): 640-650 (2013).  

6. Jack CR, Jr., Knopman DS, Jagust WJ, Petersen RC, Weiner MW, Aisen PS, et al. 

Tracking pathophysiological processes in Alzheimer's disease: an updated 

hypothetical model of dynamic biomarkers. Lancet Neurol 12(2): 207-216 (2013). 

7. Jack CR, Jr., Wiste HJ, Weigand SD, Knopman DS, Lowe V, Vemuri P, et al. 

Amyloid-first and neurodegeneration-first profiles characterize incident amyloid PET 

positivity. Neurology 81(20): 1732- 1740 (2013). 

8. Perani D. FDG-PET and amyloid-PET imaging: the diverging paths. Curr Opin 

Neurol 27(4): 405-413 (2014). 

9. McKhann GM, Knopman DS, Chertkow H, Hyman BT, Jack CR, Jr., Kawas CH, et 

al. The diagnosis of dementia due to Alzheimer's disease: recommendations from the 

National Institute on Aging-Alzheimer's Association workgroups on diagnostic 

guidelines for Alzheimer's disease. Alzheimers Dement 7(3): 263-269 (2011). 

10. Blennow K, Hampel H. CSF markers for incipient Alzheimer's disease. Lancet Neurol 

2(10): 605-613 (2003). 

11. Shaw LM, Vanderstichele H, Knapik-Czajka M, Clark CM, Aisen PS, Petersen RC, et 

al. Cerebrospinal fluid biomarker signature in Alzheimer's disease neuroimaging 

initiative subjects. Ann Neurol 65(4): 403-413 (2009). 

12. Fagan AM, Mintun MA, Mach RH, Lee SY, Dence CS, Shah AR, et al. Inverse 

relation between in vivo amyloid imaging load and cerebrospinal fluid Abeta42 in 

humans. Ann Neurol 59(3): 512-519 (2006). 

13. Jagust W. Positron emission tomography and magnetic resonance imaging in the 

diagnosis and prediction of dementia. Alzheimers Dement 2(1): 36-42 (2006). 



83 
 

83 
 

14. Atiya M, Hyman BT, Albert MS, Killiany R. Structural magnetic resonance imaging 

in established and prodromal Alzheimer disease: a review. Alzheimer Dis Assoc 

Disord 17(3): 177-195 (2003). 

15. Albert MS, Dekosky ST, Dickson D, Dubois B, Feldman HH, Fox NC, et al. The 

diagnosis of mild cognitive impairment due to Alzheimer's disease: recommendations 

from the National Institute on Aging- Alzheimer's Association workgroups on 

diagnostic guidelines for Alzheimer's disease. Alzheimers Dement 7(3): 270-279 

(2011). 

16. Mosconi L, Sorbi S, Nacmias B, De Cristofaro MT, Fayyaz M, Bracco L, et al. Age 

and ApoE genotype interaction in Alzheimer's disease: an FDG-PET study. Psychiatr 

Res 130(2): 141-151 (2004). 

17. Drzezga A, Grimmer T, Riemenschneider M, Lautenschlager N, Siebner H, 

Alexopoulus P, et al. Prediction of individual clinical outcome in MCI by means of 

genetic assessment and (18)F-FDG PET. J Nucl Med 46(10): 1625-1632 (2005). 

18. Chetelat G, Eustache F, Viader F, De La Sayette V, Pelerin A, Mezenge F, et al. FDG-

PET measurement is more accurate than neuropsychological assessments to predict 

global cognitive deterioration in patients with mild cognitive impairment. Neurocase 

11(1): 14-25 (2005). 

19. Nobili F, Salmaso D, Morbelli S, Girtler N, Piccardo A, Brugnolo A, et al. Principal 

component analysis of FDG PET in amnestic MCI. Eur J Nucl Med Mol Imaging 

35(12): 2191-2202 (2008). 

20. Ishii H, Ishikawa H, Meguro K, Tashiro M, Yamaguchi S. Decreased 

cortical glucose metabolism in converters from CDR 0.5 to Alzheimer's disease in a 

community: the Osaki-Tajiri Project. Int Psychogeriatr 21(1): 148-156 (2009). 



84 
 

84 
 

21. Morbelli S, Piccardo A, Villavecchia G, Dessi B, Brugnolo A, Piccini A, et al. 

Mapping brain morphological and functional conversion patterns in amnestic MCI: a 

voxel-based MRI and FDG-PET study. Eur J Nucl Med Mol Imaging 37(1): 36-45 

(2010). 

22. Pagani M, Dessi B, Morbelli S, Brugnolo A, Salmaso D, Piccini A, et al. MCI patients 

declining and not-declining at mid-term follow up: FDG-PET findings. Curr 

Alzheimer Res 7(4): 287-294 (2010). 

23. Herholz K, Westwood S, Haense C, Dunn G. Evaluation of a calibrated 

(18)F-FDG PET score as a biomarker for progression in Alzheimer disease and mild 

cognitive impairment. J Nucl Med 52(8): 1218-1226 (2011). 

24. Ossenkoppele R, Tolboom N, Foster-Dingley JC, Adriaanse SF, Boellaard R, Yaqub 

M, et al. Longitudinal imaging of Alzheimer pathology using [11C]PIB, [18F]FDDNP 

and [18F]FDG PET. Eur J Nucl Med Mol Imaging 39(6): 990-1000 (2012). 

25. Ito K, Fukuyama H, Senda M, Ishii K, Maeda K, Yamamoto Y, et al. Prediction of 

outcomes in mild cognitive impairment by using 18F-FDG-PET: a multicenter study. J 

Alzheimers Dis 45(2): 543-52 (2015). 

26. Yuan Y, Gu ZX, Wei WS. Fluorodeoxyglucose-positron-emission tomography, 

single-photon emission tomography, and structural MR imaging for prediction of rapid 

conversion to Alzheimer disease in patients with mild cognitive impairment: a meta-

analysis. AJNR Am J Neuroradiol 30(2): 404-410 (2009). 

27. Herholz K. Perfusion SPECT and FDG-PET. Int Psychogeriatr 23(2): S25-S31 (2011). 

28. Bohnen NI, Djang DS, Herholz K, Anzai Y, Minoshima S. Effectiveness and safety of 

18F-FDG PET in the evaluation of dementia: a review of the recent literature. J Nucl 

Med 53(1): 59-71 (2012). 



85 
 

85 
 

29. Nasrallah IM, Wolk DA. Multimodality imaging of Alzheimer disease and other 

neurodegenerative dementias. J Nucl Med  55(12): 2003-2011 (2014). 

30. Perani D, Schillaci O, Padovani A, Nobili FM, Iaccarino L, Della Rosa PA, et al. A 

survey of FDG- and amyloid-PET imaging in dementia and GRADE analysis. Biomed 

Res Int (2014). 

31. Shivamurthy VK, Tahari AK, Marcus C, Subramaniam RM. Brain 

FDG PET and the diagnosis of dementia. AJR Am J Roentgenol 

204(1): W76-W85 (2015). 

32. Smailagic N, Vacante M, Hyde C, Martin S, Ukoumunne O, Sachpekidis C. 18F-FDG 

PET for the early diagnosis of Alzheimer's disease dementia and other dementias in 

people with mild cognitive impairment (MCI). Cochrane Database Syst Rev 1: (2015). 

33. Morbelli S, Garibotto V, Van De Giessen E, Arbizu J, Chételat G, Drezgza A, et al. A 

Cochrane review on brain [(18)F] FDG PET in dementia: limitations and future 

perspectives. Eur J Nucl Med Mol Imaging 42(10):1487-1491 (2015). 

34. Landau SM, Harvey D, Madison CM, Reiman EM, Foster NL, Aisen PS, et al. 

Comparing predictors of conversion and decline in mild cognitive impairment. 

Neurology 75(3): 230-238 (2010). 

35. Chen K, Ayutyanont N, Langbaum JB, Fleisher AS, Reschke C, Lee W, et al. 

Characterizing Alzheimer's disease using a hypometabolic convergence index. 

Neuroimage 56(1): 52-60 (2011). 

36. Prestia A, Caroli A, Herholz K, Reiman E, Chen K, Jagust WJ, et al. Diagnostic 

accuracy of markers for prodromal Alzheimer's disease in independent clinical series. 

Alzheimers Dement 9(6): 677-686 (2013). 

37. Prestia A, Caroli A, Wade SK, van der Flier WM, Ossenkoppele R, Van BB, et al. 

Prediction of AD dementia by biomarkers following the NIA-AA and IWG diagnostic 



86 
 

86 
 

criteria in MCI patients from three European memory clinics. Alzheimers Dement pII: 

S1552-5260 (2015). 

38. Shaffer JL, Petrella JR, Sheldon FC, Choudhury KR, Calhoun VD, Coleman RE, et al. 

Predicting cognitive decline in subjects at risk for Alzheimer disease by using 

combined cerebrospinal fluid, MR imaging, and PET biomarkers. Radiology 266(2): 

583-591 (2013). 

39. Yu P, Dean RA, Hall SD, Qi Y, Sethuraman G, Willis BA, et al. Enriching amnestic 

mild cognitive impairment populations for clinical trials: optimal combination of 

biomarkers to predict conversion to dementia. J Alzheimers Dis 32(2): 373-385 

(2012). 

40. Trzepacz PT, Yu P, Sun J, Schuh K, Case M, Witte MM, et al. Comparison of 

neuroimaging modalities for the prediction of conversion from mild cognitive 

impairment to Alzheimer's dementia. Neurobiol Aging 35(1): 143-151 (2014). 

41. Schmand B, Eikelenboom P, van Gool WA. Value of diagnostic tests to predict 

conversion to Alzheimer's disease in young and old patients with amnestic mild 

cognitive impairment. J Alzheimers Dis 29(3): 641-648 (2012). 

42. Schmand B, Eikelenboom P, van Gool WA. Value of neuropsychological tests, 

neuroimaging, and biomarkers for diagnosing Alzheimer's disease in younger and 

older age cohorts. J Am Geriatr Soc 59(9): 1705-1710 (2011). 

43. Dukart J, Mueller K, Villringer A, Kherif F, Draganski B, Frackowiak R, et al. 

Relationship between imaging biomarkers, age, progression and symptom severity in 

Alzheimer's disease. Neuroimage Clin 3: 84-94 (2013). 

44. La Joie R, Perrotin A, Barre L, Hommet C, Mezenge F, Ibazizene M, et al. Region-

specific hierarchy between atrophy, hypometabolism, and beta-amyloid (Abeta) load 

in Alzheimer's disease dementia. J Neurosci 32(46): 16265-16273 (2012). 



87 
 

87 
 

45. Frisoni GB, Bocchetta M, Chetelat G, Rabinovici GD, de Leon MJ, Kaye J, et al. 

Imaging markers for Alzheimer disease: which vs. how. Neurology 81(5): 487-500 

(2013). 

46. Walhovd KB, Fjell AM, Dale AM, McEvoy LK, Brewer J, Karow DS, et al. Multi-

modal imaging predicts memory performance in normal aging and cognitive decline. 

Neurobiol Aging 31(7): 1107-1121 (2010). 

47. Karow DS, McEvoy LK, Fennema-Notestine C, Hagler DJ, Jr., Jennings RG, Brewer 

JB, et al. Relative capability of MR imaging and FDG PET to depict changes 

associated with prodromal and early Alzheimer disease. Radiology 256(3): 932-942 

(2010). 

48. Walhovd KB, Fjell AM, Brewer J, McEvoy LK, Fennema-Notestine C, Hagler DJ, Jr. 

et al. Combining MR imaging, positron-emission tomography, and CSF biomarkers in 

the diagnosis and prognosis of Alzheimer disease. AJNR Am J Neuroradiol 31(2): 

347-354 (2010). 

49. Liu X, Erikson C, Brun A. Cortical synaptic changes and gliosis in normal aging, 

Alzheimer's disease and frontal lobe degeneration. Dementia 7(3): 128-134 (1996). 

50. Mielke R, Schroder R, Fink GR, Kessler J, Herholz K, Heiss WD. Regional cerebral 

glucose metabolism and postmortem pathology in Alzheimer's disease. Acta 

Neuropathol 91(2): 174-179 (1996).  

51. Minoshima S, Foster NL, Kuhl DE. Posterior cingulate cortex in Alzheimer's disease. 

Lancet 344(8926): 895 (1994). 

52. Herholz K. Guidance for reading FDG PET scans in dementia patients. Q J Nucl Med 

Mol Imaging 58(4): 332-343 (2014). 

53. Morbelli S, Brugnolo A, Bossert I, Buschiazzo A, Frisoni GB, Galluzzi S, et al. Visual 

versus semi- quantitative analysis of 18FFDG-PET in amnestic MCI: an European 



88 
 

88 
 

Alzheimer's Disease Consortium (EADC) project. J Alzheimers Dis 44(3): 815-826 

(2015).  

54. Lehman VT, Carter RE, Claassen DO, Murphy RC, Lowe V, Petersen RC, et al. 

Visual assessment versus quantitative threedimensional stereotactic surface projection 

fluorodeoxyglucose  positron emission tomography for detection of mild cognitive 

impairment and Alzheimer disease. Clin Nucl Med 37(8): 721-726 (2012). 

55. Landau SM, Harvey D, Madison CM, Koeppe RA, Reiman EM, Foster NL, et al. 

Associations between cognitive, functional, and FDG-PET measures of decline in AD 

and MCI. Neurobiol Aging 32(7): 1207-1218 (2011). 

56. Herholz K, Salmon E, Perani D, Baron JC, Holthoff V, Frolich L, et al. Discrimination 

between Alzheimer dementia and controls by automated analysis of multicenter FDG 

PET. Neuroimage 17(1): 302-316 (2002). 

57. Caroli A, Prestia A, Chen K, Ayutyanont N, Landau SM, Madison CM, et al. 

Summary metrics to assess Alzheimer disease-related hypometabolic pattern with 

18F-FDG PET: head-to-head comparison. J Nucl Med 53(4): 592-600 (2012). 

58. Cerami C, Della Rosa PA, Magnani G, Santangelo R, Marcone A, Cappa SF, et al. 

Brain metabolic maps in Mild Cognitive Impairment predict heterogeneity of 

progression to dementia. Neuroimage Clin 7: 187-194 (2015). 

59. Perani D, Della Rosa PA, Cerami C, Gallivanone F, Fallanca F, Vanoli EG, et al. 

Validation of an optimized SPM procedure for FDG-PET in dementia diagnosis in a 

clinical setting. Neuroimage Clin 6: 445-454 (2014). 

60. Teune LK, Strijkert F, Renken RJ, Izaks GJ, de Vries JJ, Segbers M, et al. The 

Alzheimer's disease- related glucose metabolic brain pattern. Curr Alzheimer Res 

11(8): 725-732 (2014). 



89 
 

89 
 

61. Xia Y, Lu S, Wen L, Eberl S, Fulham M, Feng DD. Automated identification of 

dementia using FDG-PET imaging. Biomed Res Int (2014). 

62. Arbizu J, Prieto E, Martinez-Lage P, Marti-Climent JM, Garcia-Granero M, Lamet I, 

et al. Automated analysis of FDG PET as a tool for single-subject probabilistic 

prediction and detection of Alzheimer's disease dementia. Eur J Nucl Med Mol 

Imaging 40(9): 1394-1405 (2013). 

63. Della Rosa PA, Cerami C, Gallivanone F, Prestia A, Caroli A, Castiglioni I, et al. A 

standardized [18F]-FDG-PET template for spatial normalization in statistical 

parametric mapping of dementia. Neuroinformatics 12(4): 575-593 (2014). 

64. Wenzel F, Young S, Wilke F, Apostolova I, Arlt S, Jahn H, et al. B-spline-based 

stereotactical normalization of brain FDG PET scans in suspected neurodegenerative 

disease: impact on voxel-based statistical single-subject analysis. Neuroimage 50(3): 

994-1003 (2010). 

65. Tromp D, Dufour A, Lithfous S, Pebayle T, Després O. Episodic memory in normal 

aging and Alzheimer disease: Insights from imaging and behavioral studies. Ageing 

Res Rev pii: S1568-1637(15)30019-2 (2015). 

66. Duara R, Loewenstein DA, Potter E, Appel J, Greig MT, Urs R, et al. Medial temporal 

lobe atrophy on MRI scans and the diagnosis of Alzheimer disease. Neurology 71(24): 

1986-1992 (2008).  

67. Scahill RI, Schott JM, Stevens JM, Rossor MN, Fox NC. Mapping the evolution of 

regional atrophy in Alzheimer's disease: unbiased analysis of fluid-registered serial 

MRI. Proc Natl Acad Sci USA 99(7): 4703-4707 (2002). 

68. Thompson PM, Hayashi KM, de Zubicaray G, Janke AL, Rose SE, Semple J, et al. 

Dynamics of gray matter loss in Alzheimer's disease. J Neurosci 23(3): 994-1005 

(2003). 



90 
 

90 
 

69. Christensen GE, Joshi SC, Miller MI. Volumetric transformation of brain anatomy. 

IEEE Trans Med Imaging 16(6): 864-877 (1997).  

70. Hsu YY, Schuff N, Du AT, Mark K, Zhu X, Hardin D, et al. Comparison of automated 

and manual MRI volumetry of hippocampus in normal aging and dementia. J Magn 

Reson Imaging 16(3): 305-310 (2002). 

71. Holland D, Brewer JB, Hagler DJ, Fennema-Notestine C, Dale AM; Alzheimer's 

Disease Neuroimaging Initiative. Subregional neuroanatomical change as a biomarker 

for Alzheimer’s disease. Proc Natl Acad Sci USA 106(49): 20954-20959 (2009). 

72. Good CD, Johnsrude IS, Ashburner J, Henson RN, Friston KJ, Frackowiak RS. A 

voxel-based morphometric study of ageing in 465 normal adult human brains. 

Neuroimage 14(1 Pt 1): 21-36 (2001). 

73. Friese U, Meindl T, Herpertz SC, Reiser MF, Hampel H, Teipel SJ. 

Diagnostic utility of novel MRI- based biomarkers for Alzheimer's disease: diffusion 

tensor imaging and deformation-based morphometry. J Alzheimers Dis 20(2): 477-490 

(2010). 

74. Ho AJ, Hua X, Lee S, Leow AD, Yanovsky I, Gutman B, et al. Comparing 3 T and 1.5 

T MRI for tracking Alzheimer's disease progression with tensor-based morphometry. 

Hum Brain Mapp 31(4): 499- 514 (2010). 

75. Du AT, Schuff N, Kramer JH, Rosen HJ, Gorno-Tempini ML, Rankin K, et al. 

Different regional patterns of cortical thinning in Alzheimer's disease and 

frontotemporal dementia. Brain 130 (Pt 4): 1159- 1166 (2007). 

76. Fischl B, Salat DH, Busa E, Albert M, Dieterich M, Haselgrove C, et al. Whole brain 

segmentation: automated labeling of neuroanatomical structures in the human brain. 

Neuron 33(3): 341-355 (2002). 



91 
 

91 
 

77. Mueller SG, Weiner MW, Thal LJ, Petersen RC, Jack C, Jagust W et al. The 

Alzheimer's disease neuroimaging initiative. Neuroimaging Clin N Am 15(4): 869-xii 

(2005). 

78. Galluzzi S, Geroldi C, Ghidoni R, Paghera B, Amicucci G, Bonetti M, et al. The new 

Alzheimer's criteria in a naturalistic series of patients with mild cognitive impairment. 

J Neurol 257(12): 2004-2014 (2010). 

79. Dubois B, Feldman HH, Jacova C, Dekosky ST, Barberger-Gateau 

P, Cummings J, et al. Research criteria for the diagnosis of Alzheimer's disease: 

revising the NINCDS-ADRDA criteria. Lancet Neurol 6(8): 734-746 (2007). 

80. Dubois B, Feldman HH, Jacova C, Cummings JL, Dekosky ST, Barberger-Gateau P, 

et al. Revising the definition of Alzheimer's disease: a new lexicon. Lancet Neurol 

9(11): 1118-1127 (2010). 

81. Cui Y, Liu B, Luo S, Zhen X, Fan M, Liu T, et al. Identification of conversion from 

mild cognitive impairment to Alzheimer's disease using multivariate predictors. PLoS 

One 67: (2011). 

82. Ewers M, Walsh C, Trojanowski JQ, Shaw LM, Petersen RC, Jack 

CR, Jr. et al. Prediction of conversion from mild cognitive impairment to Alzheimer's 

disease dementia based upon biomarkers and neuropsychological test performance. 

Neurobiol Aging 33(7):1203-1214 (2012). 

83. Gomar JJ, Bobes-Bascaran MT, Conejero-Goldberg C, Davies P, Goldberg TE. Utility 

of combinations of biomarkers, cognitive markers, and risk factors to predict 

conversion from mild cognitive impairment to Alzheimer disease in patients in the 

Alzheimer's disease neuroimaging initiative. Arch Gen Psychiatry 68(9): 961-969 

(2011). 



92 
 

92 
 

84. Gomar JJ, Conejero-Goldberg C, Davies P, Goldberg TE. Extension and refinement of 

the predictive value of different classes of markers in ADNI: four-year follow-up data. 

Alzheimers Dement 10(6): 704-712 (2014). 

85. Hinrichs C, Singh V, Xu G, Johnson SC; Alzheimers Disease Neuroimaging Initiative. 

Predictive markers for AD in a multi-modality framework: an analysis of MCI 

progression in the ADNI population. Neuroimage 55(2): 574-589 (2011). 

86. Zhang D, Shen D. Predicting future clinical changes of MCI patients using 

longitudinal and multimodal biomarkers. PLoS One 7(3): e33182 (2012). 

87. Gray KR, Wolz R, Heckemann RA, Aljabar P, Hammers A, Rueckert D, et al. 

Alzheimer's Disease Neuroimaging Initiative. Multi-region analysis of longitudinal 

FDG-PET for the classification of Alzheimer’s disease. Neuroimage 60(1): 221-229 

(2012). 

88. Dodge HH, Zhu J, Harvey D, Saito N, Silbert LC, Kaye JA, et al. 

Biomarker progressions explain higher variability in stage-specific cognitive decline 

than baseline values in Alzheimer disease. Alzheimers Dement 10(6): 690-703 (2014). 

89. Cheng B, Liu M, Zhang D, Munsell B, Shen D. Domain Transfer Learning for MCI 

Conversion Prediction. IEEE Trans Biomed Eng (2015). 

90. Jie B, Zhang D, Cheng B, Shen D; Alzheimer's Disease Neuroimaging Initiative. 

Manifold regularized multitask feature learning for multimodality disease 

classification. Hum Brain Mapp 36(2): 489-507 (2014). 

91. Young J, Modat M, Cardoso MJ, Mendelson A, Cash D, Ourselin S. Accurate 

multimodal probabilistic prediction of conversion to Alzheimer's disease in patients 

with mild cognitive impairment. Neuroimage Clin 2: 735-745 (2013). 



93 
 

93 
 

92. Kim D, Kim S, Risacher SL, Shen L, Ritchie MD, Weiner MW, et al. A Graph-Based 

Integration of Multimodal Brain Imaging Data for the Detection of Early Mild 

Cognitive Impairment (E-MCI). Multimodal Brain Image Anal 8159: 159-169 (2013). 

93. Zhang D, Shen D; Alzheimer's Disease Neuroimaging Initiative. Multi-modal multi-

task learning for joint prediction of multiple regression and classification variables in 

Alzheimer's disease. Neuroimage 59(2): 895-907 (2012). 

94. Zhang D, Wang Y, Zhou L, Yuan H, Shen D, Alzheimer's Disease Neuroimaging 

Initiative. Multimodal classification of Alzheimer's disease and mild cognitive 

impairment. Neuroimage 55(3): 856-867 (2011). 

95. Kohannim O, Hua X, Hibar DP, Lee S, Chou YY, Toga AW, et al. Boosting power for 

clinical trials using classifiers based on multiple biomarkers. Neurobiol Aging 31(8): 

1429-1442 (2010). 

96. Ewers M, Brendel M, Rizk-Jackson A, Rominger A, Bartenstein P, Schuff N, et al. 

Reduced FDG- PET brain metabolism and executive function predict clinical 

progression in elderly healthy subjects. Neuroimage Clin 4: 45-52 (2014). 

97. Sperling RA, Aisen PS, Beckett LA, Bennett DA, Craft S, Fagan AM, et al. Toward 

defining the preclinical stages of Alzheimer's disease: Recommendations from the 

National Institute on Aging-Alzheimer's Association workgroups on diagnostic 

guidelines for Alzheimer's disease. Alzheimers Dement 7(3): 280-292 (2011). 

98. Herholz K, Schopphoff H, Schmidt M, Mielke R, Eschner W, Scheidhauer K, et al. 

Direct comparison of spatially normalized PET and SPECT scans in Alzheimer's 

disease. J Nucl Med 43(1): 21-26 (2002). 

99. Jagust W, Thisted R, Devous MD, Sr., van HR, Mayberg H, Jobst K, et al. SPECT 

perfusion imaging in the diagnosis of Alzheimer's disease: a clinical-pathologic study. 

Neurology 56(7): 950-956 (2001). 



94 
 

94 
 

100. Huang C, Wahlund LO, Svensson L, Winblad B, Julin P. Cingulate cortex 

hypoperfusion predicts Alzheimer's disease in mild cognitive impairment. BMC 

Neurol 2:9: (2002). 

101. Encinas M, De JR, Marcos A, Gil P, Barabash A, Fernandez C, et al. Regional 

cerebral blood flow assessed with 99mTc-ECD SPET as a marker of progression of 

mild cognitive impairment to Alzheimer's disease. Eur J Nucl Med Mol Imaging 

30(11): 1473-1480 (2003). 

102. Hirao K, Ohnishi T, Hirata Y, Yamashita F, Mori T, Moriguchi Y, et al. The 

prediction of rapid conversion to Alzheimer's disease in mild cognitive impairment 

using regional cerebral blood flow SPECT. Neuroimage 28(4): 1014-1021 (2005). 

103. Borroni B, Anchisi D, Paghera B, Vicini B, Kerrouche N, Garibotto V, et al. 

Combined 99mTc-ECD SPECT and neuropsychological studies in MCI for the 

assessment of conversion to AD. Neurobiol Aging 27(1): 24-31 (2006). 

104. Ishiwata A, Sakayori O, Minoshima S, Mizumura S, Kitamura S, Katayama Y. 

Preclinical evidence of Alzheimer changes in progressive mild cognitive impairment: 

a qualitative and quantitative SPECT study. Acta Neurol Scand 114(2): 91-96 (2006). 

105. Nobili F, De CF, Frisoni GB, Portet F, Verhey F, Rodriguez G, et al. SPECT 

predictors of cognitive decline and Alzheimer's disease in mild cognitive impairment. 

J Alzheimers Dis 17(4): 761-772 (2009). 

106. Devanand DP, Van Heertum RL, Kegeles LS, Liu X, Jin ZH, Pradhaban G, et al. 

(99m)Tc hexamethyl-propylene-aminoxime single photon emission computed 

tomography prediction of conversion from mild cognitive impairment to Alzheimer 

disease. Am J Geriatr Psychiatry 18(11): 959- 972 (2010). 



95 
 

95 
 

107. Wallin A, Gothlin M, Gustavsson M, Zetterberg H, Eckerstrom C, Blennow K, et al. 

Progression from mild to pronounced MCI is not associated with cerebrospinal fluid 

biomarker deviations. Dement Geriatr Cogn Disord 32(3): 193-197 (2011). 

108. Kume K, Hanyu H, Sato T, Hirao K, Shimizu S, Kanetaka H, et al. Vascular risk 

factors are associated with faster decline of Alzheimer disease: a longitudinal SPECT 

study. J Neurol 258(7): 1295- 1303 (2011). 

109. Boutoleau-Bretonniere C, Lebouvier T, Delaroche O, Lamy E, Evrard C, Charriau T, 

et al. Value of neuropsychological testing, imaging, and CSF biomarkers for the 

differential diagnosis and prognosis of clinically ambiguous dementia. J Alzheimers 

Dis 28(2): 323-336 (2012). 

110. Alegret M, Cuberas-Borros G, Vinyes-Junque G, Espinosa A, Valero S, Hernandez I, 

et al. A two- year follow-up of cognitive deficits and brain perfusion in mild cognitive 

impairment and mild Alzheimer's disease. J Alzheimers Dis 30(1): 109-120 (2012). 

111. Park KW, Yoon HJ, Kang DY, Kim BC, Kim S, Kim JW. Regional cerebral blood 

flow differences in patients with mild cognitive impairment between those who did 

and did not develop Alzheimer's disease. Psychiatr Res 203(2-3): 201-206 (2012). 

112. Ito K, Mori E, Fukuyama H, Ishii K, Washimi Y, Asada T, et al. Prediction of 

outcomes in MCI with (123)I-IMP-CBF SPECT: a multicenter prospective cohort 

study. Ann Nucl Med 27(10): 898-906 (2013). 

113. Sakai M, Hanyu H, Kume K, Sato T, Hirao K, Kanetaka H, et al. Rate of progression 

of Alzheimer's disease in younger versus older patients: a longitudinal single photon 

emission computed tomography study. Geriatr Gerontol Int 13(3): 555-562 (2013). 

114. Matsuda H. Role of neuroimaging in Alzheimer's disease, with emphasis on brain 

perfusion SPECT. J Nucl Med 48(8): 1289-1300 (2007). 



96 
 

96 
 

115. Farid K, Caillat-Vigneron N, Sibon I. Is brain SPECT useful in degenerative dementia 

diagnosis? J Comput Assist Tomogr 35(1): 1-3 (2011). 

116. Torosyan N, Silverman DH. Neuronuclear imaging in the evaluation of dementia and 

mild decline in cognition. Semin Nucl Med 42(6): 415-422 (2012). 

117. Bloudek LM, Spackman DE, Blankenburg M, Sullivan SD. Review and meta-analysis 

of biomarkers and diagnostic imaging in Alzheimer's disease. J Alzheimers Dis 26(4): 

627-645 (2011). 

118. Davison CM, O'Brien JT. A comparison of FDG-PET and blood flow SPECT in the 

diagnosis of neurodegenerative dementias: a systematic review. Int J Geriatr 

Psychiatry 29(6): 551-561 (2014).  

119. Minoshima S, Giordani B, Berent S, Frey KA, Foster NL, Kuhl DE. Metabolic 

reduction in the posterior cingulate cortex in very early Alzheimer's disease. Ann 

Neurol 42(1): 85-94 (1997).  

120. Buckner RL, Snyder AZ, Shannon BJ, LaRossa G, Sachs R, Fotenos AF, et al. 

Molecular, structural, and functional characterization of Alzheimer's disease: evidence 

for a relationship between default activity, amyloid, and memory. J Neurosci 25 (34): 

7709-7717 (2005). 

121. Hafkemeijer A, van der Grond J, Rombouts SA. Imaging the default mode network in 

aging and dementia. Biochim Biophys Acta 1822(3): 431-441 (2012). 

122. Tijms BM, Wink AM, de Haan W, van der Flier WM, Stam CJ, Scheltens P, et al. 

Alzheimer’s disease: connecting findings from graph theoretical studies of brain 

networks. Neurobiol Aging 34(8): 2023-2036 (2013). 

123. Liu Z, Ke L, Liu H, Huang W, Hu Z. Changes in topological organization of 

functional PET brain network with normal aging. PLoS One 9(2): e88690 (2014). 



97 
 

97 
 

124. Seo EH, Lee DY, Lee JM, Park JS, Sohn BK, Lee DS, et al. Whole-brain functional 

networks in cognitively normal, mild cognitive impairment, and Alzheimer's disease. 

PLoS One 8(1): e53922 (2013). 

125. Sanabria-Diaz G, Martinez-Montes E, Melie-Garcia L. Glucose metabolism during 

resting state reveals abnormal brain networks organization in the Alzheimer's disease 

and mild cognitive impairment. PLoS One 8(7): e68860 (2013). 

126. Marchesi VT. Alzheimer's dementia begins as a disease of small blood vessels, 

damaged by oxidative-induced inflammation and dysregulated amyloid metabolism: 

implications for early detection and therapy. FASEB J 25(1): 5-13 (2011). 

127. Østergaard L, Aamand R, Gutiérrez-Jiménez E, Ho YC, Blicher JU, Madsen SM, et al. 

The capillary dysfunction hypothesis of Alzheimer's disease. Neurobiol Aging 34(4): 

1018-1031 (2013). 

128. Melie-García L, Sanabria-Diaz G, Sánchez-Catasús C. Studying the topological 

organization of the cerebral blood flow fluctuations in resting state. Neuroimage 64 

(1): 173-184 (2013). 

129. Takahashi H, Ishii K, Hosokawa C, Hyodo T, Kashiwagi N, Matsuki M, et al. Clinical 

application of 3D arterial spin-labeled brain perfusion imaging for Alzheimer disease: 

comparison with brain perfusion SPECT. AJNR Am J Neuroradiol 35(5): 906-911 

(2014).  

130. Verfaillie SC, Adriaanse SM, Binnewijzend MA, Benedictus MR, Ossenkoppele R, 

Wattjes MP, et al. Cerebral perfusion and glucose metabolism in Alzheimer's disease 

and frontotemporal dementia: two sides of the same coin? Eur Radiol 25(10): 3050-

3059 (2015). 



98 
 

98 
 

131. Chen Y, Wolk DA, Reddin JS, Korczykowski M, Martinez PM, Musiek ES, et al. 

Voxel-level comparison of arterial spin-labeled perfusion MRI and FDG-PET in 

Alzheimer disease. Neurology 77(22): 1977-1985 (2011). 

132. Chao LL, Buckley ST, Kornak J, Schuff N, Madison C, Yaffe K, et al. ASL perfusion 

MRI predicts cognitive decline and conversion from MCI to dementia. Alzheimer Dis 

Assoc Disord 224(1):19-27 (2010). 

133. Wierenga CE, Hays CC, Zlatar ZZ. Cerebral blood flow measured by arterial spin 

labeling MRI as a preclinical marker of Alzheimer's disease. J Alzheimers Dis 42(4): 

S411-419 (2014). 

134. Xekardaki A, Rodriguez C, Montandon ML, Toma S, Tombeur E, Herrmann FR, et al. 

Arterial spin labeling may contribute to the prediction of cognitive deterioration in 

healthy elderly individuals. Radiology 274(2): 490-499 (2015). 

 

 

 

 

 

 

 

 

 

 



99 
 

99 
 

Chapter 3. Subtle Alterations in Cerebrovascular Reactivity in Mild 

Cognitive Impairment Detected by Graph Theoretical Analysis and not by 

the Standard Approach  

 

 

Carlos A. Sánchez-Catasús, Gretel Sanabria-Diaz, Antoon Willemsen, Eduardo Martinez-

Montes, Juan Samper-Noa, Angel Aguila-Ruiz, Ronald Boellaard, Peter De Deyn, Rudi 

A.J.O. Dierckx, and Lester Melie-Garcia 

 

 

As published in Neuroimage: Clinical. 2017; 15: 151–160 

  

 

 

 

 

 

 

 

 

 



100 
 

100 
 

ABSTRACT 

There is growing support that cerebrovascular reactivity (CVR) in response to a vasodilatory 

challenge, also defined as the cerebrovascular reserve, is reduced in Alzheimer's disease 

dementia. However, this is less clear in patients with mild cognitive impairment (MCI). The 

current standard analysis may not reflect subtle abnormalities in CVR. In this study, we aimed 

to investigate vasodilatory-induced changes in the topology of the cerebral blood flow 

correlation (CBFcorr) network to study possible network-related CVR abnormalities in MCI. 

For this purpose, four CBFcorr networks were constructed: two using CBF SPECT data at 

baseline and under the vasodilatory challenge of acetazolamide (ACZ), obtained from a group 

of 26 MCI patients; and two equivalent networks from a group of 26 matched cognitively 

normal controls. The mean strength of association (SA) and clustering coefficient (C) were 

used to evaluate ACZ-induced changes on the topology of CBFcorr networks. We found that 

cognitively normal adults and MCI patients show different patterns of C and SA changes. The 

observed differences included the medial prefrontal cortices and inferior parietal lobe, which 

represent areas involved in MCI's cognitive dysfunction. In contrast, no substantial 

differences were detected by standard CVR analysis. These results suggest that graph 

theoretical analysis of ACZ-induced changes in the topology of the CBFcorr networks allows 

the identification of subtle network-related CVR alterations in MCI, which couldn't be 

detected by the standard approach. 
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1. INTRODUCTION 

There is increasing evidence that patients with Alzheimer's disease (AD) dementia have 

decreased cerebrovascular reactivity (CVR) in response to a vasodilatory challenge, also 

defined as the cerebrovascular reserve (Glodzik et al., 2013, for a review). However, this is 

less clear in patients during the prodromal mild cognitive impairment (MCI) stage of AD. 

Some studies show a decrease (Richiardi et al., 2014, Glodzik et al., 2011, Cantin et al., 2011, 

Zavoreo et al., 2010), while others do not (Shim et al., 2015, Fromm et al., 2013, Anzola et 

al., 2011). This issue is becoming important in AD research because it could have 

implications for early diagnosis and treatment of AD. Early CVR abnormalities, especially at 

the microvascular level, affect the neurovascular coupling and consequently the neural 

activation (Pillai and Mikulis, 2015), which in turn alters the brain's functional integrity 

(Iadecola, 2004). 

MCI due to AD is the transition from normal cognition to dementia (Albert et al., 2011). 

Accordingly, CVR abnormalities would be subtle or borderline which may partly explain 

ambiguous findings, particularly in MCI patients with a low vascular burden. Furthermore, 

considering the complexity of the cerebral microvasculature network the standard analysis of 

CVR might not reflect subtle network-related alterations since it relies on the analysis of 

individual regions (or the whole brain) rather than on the interaction between them. 

Recently, graph theoretical analysis of large-scale structural MRI (sMRI) correlation networks 

has shown its potential to reveal subtle network-related pathological processes in MCI (Tijms 

et al., 2013, He et al., 2009a, for reviews). We previously demonstrated that the cerebral 

blood flow correlation (CBFcorr) network, based on CBF SPECT data, shows a non-random 

topological organization (Melie-García et al., 2013). The same topological organization had 

been previously observed in sMRI correlation (Alexander-Bloch et al., 2013, for a review) 

and fiber tractography networks (Iturria-Medina et al., 2008). Therefore, we speculate that 
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graph theoretical analysis can also be applied to CBF SPECT data to detect possible subtle 

network-related CVR abnormalities in MCI. 

Here, we constructed four CBFcorr networks: two using CBF SPECT data at baseline and 

under the vasodilatory challenge of acetazolamide (ACZ), obtained from a group of relatively 

young MCI patients with limited vascular risk factors; and two equivalent networks using a 

group of matched cognitive normal controls. ACZ is a reproducible, simple, and a safe 

vasodilatory stimulus (Vagal et al., 2009, for a review). 

Graph metrics based on the concepts of the mean strength of association (SA) (Bullmore and 

Bassett, 2011) and clustering coefficient (C) (Watts and Strogatz, 1998) were used to evaluate 

ACZ-induced changes on the topology of the CBFcorr networks. The SA for a particular brain 

region (node) measures the correlation's mean (co-variation's mean) with the rest of the 

network; while C measures local connectivity (i.e. how well neighbors of a node are 

connected). 

Hence, using graph theoretical analysis, our aim was to investigate ACZ-induced changes in 

the topology of the CBFcorr network to study possible network-related CVR abnormalities in 

MCI. We also investigated CVR by the standard approach in the same groups of subjects for 

comparing with graph theoretical analysis findings. 

2. METHODS  

2.1. Subjects 

Twenty-six MCI patients and twenty-six clinically healthy control volunteers were studied, 

selected from one hundred subjects recruited over a two-year period and a one-year follow-up 

and based on the inclusion and exclusion criteria detailed below. The Ethics Committee of the 

Center for Neurological Restoration of Havana, Cuba, approved the study. All participating 
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subjects gave written informed consent according to the Helsinki Declaration. Table 1 

summarizes sociodemographic and clinical characteristics of the MCI and control groups. 

 

Table 1. Sociodemographic and clinical features of control and MCI groups.  

 Control (N=26) MCI (N=26) p-value 

Age (years) 60.9 ± 7.3 64.7 ± 6.9 0.06 
a
 

Gender (female/male) 13/13 14/12 0.78
 b

 

Education (years)  13.6 ± 3.9 11.8 ± 4.6 0.13 
a
 

MMSE 29.3 ± 1.1 26.9 ± 1.24 10
-6 a

 

Hypertension 27 % 35 % 0.55 
b
 

Hyperlipidemia  19 % 23 % 0.73 
b
 

Diabetes 15 % 15 % 1
 b

 

Smoking  27 %   19 %  0.51 
b 

Data shown as mean ± SD or percent of subjects. a, Student t-tests for independent samples. 

b, Chi-square test.   

 

All subjects were screened for a complete medical history, routine blood tests, cranial MRI, 

neuropsychological testing and neurological/psychiatric examinations. Subjects were 

clinically diagnosed as MCI using the criteria based on the Clinical Dementia Rating Scale 

(CDR) (Morris, 1993). According to these criteria, subjects were classified as MCI with 

CDR = 0.5; while normal cognitive subjects with CDR = 0. All of MCI subjects maintained 

independence in their daily living. In addition to the Mini-Mental State Examination 

(MMSE), specific mnemonic and non-mnemonic cognitive tests were also performed for all 

subjects to further characterize cognitive function (Supplementary Table S1). 
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The inclusion criteria were: 1) MCI patients with memory complaints as the main cognitive 

symptom, which worsened over a period of one year; 2) subjects (patients and controls) with 

limited (and treated) vascular risk factors, based upon clinical examination, blood tests and 

magnetic resonance angiography (MRA) findings; 3) subjects without significant depression, 

according to the Hamilton Depression Scale (score < 8) (Hamilton, 1960); 4) no prior or 

current treatment with anti-acetylcholinesterase agents; and 5) right-handedness. 

The exclusion criteria were: 1) significant medical problems (i.e. serious cardiac disease, 

poorly controlled diabetes or hypertension; severe inflammatory, thyroid, renal, hepatic or 

other chronic diseases); 2) cerebrovascular disorders (i.e. transient ischemic attack or cerebral 

infarction), moderate and severe carotid stenosis by MRA findings, large white matter 

changes on MRI (based on T2 and FLAIR sequences), hydrocephalus or intracranial mass; 3) 

history of traumatic brain injury, migraine or another neurological disease; and 4) psychiatric 

disorder, substance abuse or dependence. 

 

 

 

 

 

 

 

 

 

 

 

 



105 
 

105 
 

Supplementary Table S1. Cognitive function in MCI and control groups  

 MCI (N=26) Control (N=26) p value 

Mnemonic Tests    

Rey complex fig. (delayed recall) 9.4 ± 4.8  18.1 ± 5.2 10
-6

 

Logical memory A 9.9 ± 3.5 11.7 ± 3 0.02 

Logical memory B  8.4 ± 3.4 10.2 ± 3.1 0.04 

Easy-word pair learning 8.1 ± 1.3 8.6± 0.7 0.06 

Hard-word pair learning 3 ± 2.4 5.7 ± 2.5 1.7 x 10
-5

 

Nonmnemonic Tests    

Rey complex fig. (copy) 31 ± 5.5 32.7 ± 4.4 0.16 

Attentive matrices 40.9 ± 10 44. 9 ± 9.7 0.07 

Token test 32.5 ± 3.1 33.5 ± 2 0.07 

Verbal fluency 9.1 ± 3.6 10 ± 2.9 0.18 

Digit span (forward) 5.6 ± 1.2 5.9 ± 1 0.16 

Digit span (backward) 4.5 ± 0.8 4.9 ± 0.9 0.07 

Trail Making A 42.7 ± 7.6 39.4 ± 4.7 0.08 

Trail Making B 117.1 ± 22.2 107.9 ± 14.5 0.08 

Data shown as mean ± S.D. Differences between groups were tested using ANCOVA, 

modeling group as a categorical independent variable and controlling for age, gender and 

level of education. Bonferroni was used as a post-hoc test.   

 

 

 

 



106 
 

106 
 

2.2. CBF SPECT imaging under the acetazolamide challenge 

CBF SPECT imaging was carried out by a double-head rectangular gamma camera (Sopha 

Medical Vision, France) equipped with ultra-high-resolution fan beam collimators. More 

about the acquisition and reconstruction parameters, including corrections for attenuation and 

partial volume effect (PVE) due to atrophy, are described in our preceding article (Melie-

García et al., 2013). A two-day protocol was used for CBF SPECT imaging at baseline (basal 

SPECT) and under the ACZ challenge (ACZ SPECT). 

Absolute measurement is necessary to quantify (optimally) the CBF response to the 

vasodilatory stimulus (Boles Ponto et al., 2004). Therefore, global CBF at basal condition 

(gCBFBasal) and under ACZ (gCBFACZ) was determined in absolute units (mL/min/100 g) by 

spectral analysis of non-invasive radionuclide angiographies (Takasawa et al., 2002). The 

radionuclide angiography was performed before SPECT acquisition, for both basal and ACZ 

conditions. Briefly, a radionuclide angiography of the head and chest was performed after 

injection of 555 MBq of technetium-99-ethyl cysteinate dimer (ECD) into the antecubital vein 

of the right arm under resting condition (supine, eyes open, dimly lit quiet room) to estimate 

gCBFBasal. The same procedure was repeated to estimate gCBFACZ but 20 min after slow 

intravenous injection of 1 g of ACZ. Heart rate and arterial pressure were measured at the 

time of the two injections of the tracer (basal and ACZ). 

Basal and ACZ SPECT images were then converted to basal and ACZ quantitative CBF 

images using gCBFBasal and gCBFACZ, respectively, by application of Lassen's linearization 

algorithm (Lassen et al., 1988). For subsequent voxelwise statistical analysis, basal and ACZ 

quantitative CBF images were normalized to the Montreal Neurological Institute (MNI) 

space. The image normalization was performed by applying DARTEL parameters (based on a 

fast diffeomorphic algorithm) obtained from MRI preprocessing (see the next subsection). 
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Normalized images were then smoothed using a 14 mm-kernel to optimize sensitivity (Van 

Laere et al., 2002). 

2.3. Volumetric MRI 

Volumetric high-resolution MRI was also performed to characterize the MCI group regarding 

regional brain atrophy. Regional atrophy, particularly hippocampal, is a biomarker of 

neuronal injury of MCI due to AD (Albert et al., 2011, Sánchez-Catasús et al., 2017). 

Volumetric MRI also had two other functions: to correct for PVE in CBF SPECT images and 

to estimate spatial transformations that were used to normalize images to MNI space, as 

described above. 

MRI acquisition was performed using a 1.5 Tesla Symphony scanner (Siemens, Erlangen, 

Germany). The acquisition protocol for volumetric MRI is described in details in our previous 

study (Melie-García et al., 2013). The preprocessing steps were as follows: images were 

segmented into GM and WM; imported into the DARTEL toolbox and normalized to MNI 

space to generate warped and smoothed (12 mm-kernel) Jacobian modulated GM and WM 

images. GM/WM modulated images represent GM/WM volume images (GMV/WMV 

images). Global tissue volumes were estimated in the native space using the Voxel-Based 

Morphometry toolbox (VBM8: http://dbm.neuro.uni-jena.de/vbm8/). 

For every subject, neurological/psychiatric/neuropsychological examinations, as well as 

SPECT and MRI, were carried out within a maximum interval of one month. 

2.4. Construction of the CBF correlation (CBFcorr) network 

For each group of subjects (MCI and control) in each condition (baseline and ACZ challenge), 

a CBFcorrnetwork was constructed as a CBF correlation matrix (Melie-García et al., 2013). In 

short, 90 ROIs were defined using the AAL atlas (Tzourio-Mazoyer et al., 2002) and 

Pearson's correlation coefficients were calculated (across subjects) between all possible pairs 
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of ROIs. Hence, the interregional correlation matrix (90 × 90 ROIs) was obtained gathering 

together all correlation coefficients. Self-correlations were excluded, implying a diagonal of 

zeros in the symmetric matrix. Prior to the correlation analysis, a linear regression was 

performed at every ROI to remove the effects of age, gender, age–gender interaction, and 

global CBF values. For computing the CBF correlation matrix, the correlation was carried out 

between the residuals of this regression instead of the raw regional CBF values. Fig. 1 shows 

CBF correlation matrices for each group in each condition. 

For within-conditions and within-groups network metrics comparisons (see sub-section 2.6.2), 

we obtained 1000 bootstrap samples (with replacement) of each CBF correlation matrix. 

Paired bootstrap samples were used for baseline and the ACZ challenge in each group.   
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Fig1. CBF correlation matrices (CBF correlation networks) constructed using CBF SPECT 

data at basal and under the acetazolamide (ACZ) challenge for MCI and cognitively normal 

controls. The color bar indicates the value of the correlation coefficient coming from the CBF 

co-variations among 90 anatomical brain regions (AAL atlas). For the sake of clarity brain 

regions of the right (R) and left (L) hemispheres were separated. 

2.5. Network metrics  

In the following, we define SA (the mean strength of association) (Bullmore and Bassett, 

2011) and C (the clustering coefficient) (Watts and Strogatz, 1998) to study ACZ-induced 

changes in the CBF correlation networks.   
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The SA for a particular brain region or node i, SAnodal (i), is defined as the mean of the 

absolute value of Pearson’s correlation coefficients (Corrij) of node i with the rest N-1 nodes 

in the network. Formally, SAnodal (i) is calculated as:  

            
 

   
 ∑ |      |

 

   
   

 

where N is the number of nodes (ROIs). 

In simple terms, SAnodal measures the correlation’s mean (co-variation's mean) of a node with 

the rest of the network. SA is also defined at the network level (SAglobal) as the average of 

SAnodal:      

         
 

 
 ∑           

 

 
   

 

On the other hand, C is a measure of the tendency to cluster nodes into strictly connected 

neighborhoods (a measure of network segregation; i.e. local connectivity). Nodes are 

considered neighbors when a connection between them exists, which is not limited to a 

physical neighborhood concept. Cnodal (i), for a binary and undirected graph G, is the number 

of existing connections between the neighbors of node i divided by all neighbor’s possible 

connections. Formally, Cnodal (i) is calculated as: 

              
    

          
  

where ti is the number of triangles around node i (see below); and ki is the degree of node i 

(number of links connected to node i); (for ki < 2, Cnodal (i) = 0).  

   
 

 
 ∑  

      
          

where aij is the connection status between i and j: aij = 1 when link (i, j) exists (when i and j 

are neighbors); aij = 0 otherwise (aii = 0 for all i).  
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In simple terms, Cnodal measures how well neighbors of a node are connected. C is also 

defined at the network level (Cglobal) as the average of Cnodal:    

        
 

 
 ∑          

 

 
   

 

For each CBF correlation matrix, SAnodal and SAglobal were calculated over the bootstrap 

samples. Since we used C defined for a binary (undirected) graph, Cnodal and Cglobal were 

calculated over bootstrap samples of thresholded binary adjacency matrices. Rather than 

restricting the analysis to a binary graph obtained by applying a single threshold value, Cnodal 

and Cglobal were calculated over a range of thresholds or ‘sparsity degree’ values. A sparsity 

degree of 0.9 means that 90% of the correlation matrix is discarded; consequently, only the 

highest 10% of the values is taken into account. Sparsity degrees ranging from 0.5 to 0.9 (in 

steps of 0.02) were used, yielding a set of 21 values. This procedure normalizes the networks 

to have the same number of nodes and edges, enabling the examination of Cnodal and Cglobal. 

The range of sparsity degree was chosen to allow for these network properties to be estimated 

and the number of spurious edges in each network minimized as indicated in previous studies 

(Achard et al., 2007; He et al., 2007; Sanabria-Diaz et al., 2013).   

Before calculating Cnodal (as described above), the largest connected component (see Achard 

et al., 2006) of all bootstrap samples of CBF correlation matrices was computed. The 

minimum sparsity degree for the largest connected component (equal to the number of AAL 

nodes) was used as the upper limit of the sparsity degree range. This step guarantees that all 

Cnodal values come from fully connected CBFcorr networks. Then, the Cnodal mean curve (across 

the range of sparsity degree) was assessed over the bootstrap samples for every node and used 

as the Cnodal descriptor.  

On the other hand, the descriptor used for Cglobal was the area under the curve (AUC) 

extracted from thresholding across the range of sparsity degree over bootstrap samples for 
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each group and condition. Since the topology of the Cglobal curve is monotonic with the 

sparsity degree, the AUC is a suitable descriptor for characterizing its global performance. 

This descriptor was also adopted in previous studies (Sanabria-Diaz et al., 2013; Wu et al., 

2011; He et al., 2009b). 

Construction of CBFcorr networks and computation of network metrics was performed using 

the MorphoConnect toolbox (Melie-García et al., 2010) and subroutines of the Brain 

Connectivity toolbox (https://sites.google.com/site/bctnet/). 

2.6. Statistical analysis 

2.6.1. Changes in standard metrics 

The data at the voxel level was analyzed by a 2 (group: Control and MCI) × 2 (condition: 

basal and ACZ) full factorial design as implemented in the SPM8 toolbox. Age and gender 

were modeled as nuisance covariates. The global effect was also controlled using proportional 

scaling. 

We examined simple main effects of condition (positive and negative) in each group by t-

contrasts for dependent samples; and simple main effects of group (positive and negative) in 

each condition by t-contrasts for independent samples. We also studied the interaction of 

group and condition (positive and negative).  

A similar treatment (2 × 2 design) was also performed for global CBF values, controlling for 

age and gender. 

As a supplementary morphometric analysis, differences at the voxel level between groups for 

GMV and WMV images were tested to evaluate regional brain atrophy in the MCI group. 

Comparisons were performed using the Student t-tests for independent samples through the 

SPM8 toolbox. The GMV and WMV images were masked using an absolute threshold of 0.25 
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to avoid as much as possible contamination by misclassified voxels. Age, gender, and total 

intracranial volume were controlled. 

In all SPM analyses, the statistical threshold of p = 0.01 (peak level) was used. The extent 

threshold used was determined by the cluster of voxels significant at p = 0.05 (cluster level), 

corrected for multiple comparisons (family-wise error method - FWE) and after correction of 

non-isotropic smoothness. Anatomical regions were determined by comparing voxel and 

cluster location with the AAL atlas (Tzourio-Mazoyer et al., 2002). The most significant 

voxels were reported in MNI coordinates. 

2.6.2. Changes in network metrics 

Similar to the standard analysis, C and SA (global and nodal) were analyzed by a 2 × 2 design. 

To examine simple main effects of the condition in each group for each network metric (or 

simple main effects of the group in each condition), we computed the difference between the 

two conditions (or between the two groups) for the corresponding bootstrap samples. Then, 

we constructed the bootstrap distribution of the difference and computed the 95% BC (bias-

corrected) bootstrap confidence interval (CI). A significant difference between conditions (or 

between groups) was considered when the CI did not contain the zero. For Cnodal and SAnodal, 

we also corrected for multiple comparisons by Bonferroni adjustment. 

Likewise, we studied the interaction of group and condition (global and nodal) by comparing 

simple main effects of condition between groups following the same procedure as described 

in the previous paragraph. For instance, the differences between conditions in control and 

MCI groups were subtracted and the 95% BC bootstrap CI was calculated for the subtraction. 

As before, if CI did not contain the zero, the interaction effect was considered statistically 

significant. Due to the exploratory nature of this study, we also examined the interaction for 

uncorrected values at the nodal level. 
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The network statistical analyses were performed using the MorphoConnect toolbox (Melie-

García et al., 2010), while global CBF data was analyzed using STATISTICA software (Stat 

Soft, Inc., version 8.0). The significance level was set at p < 0.05. 

3. RESULTS  

The administration of ACZ was well tolerated in all individuals. There were no significant 

differences between conditions (basal vs. ACZ) in both groups in heart rate (Control: 

68.2 ± 9.9 vs. 67.2 ± 9.4 bpm, respectively, p = 0.6, paired t-test; MCI: 70.4 ± 9.4 vs. 

67.4 ± 7.1 bpm, respectively, p = 0.09) and mean arterial pressure (Control: 106.9 ± 10.8 vs. 

106.5 ± 9.9 mm Hg, respectively, p = 0.8; MCI: 102. 8 ± 10.9 vs. 105.9 ± 10.8 mm Hg, 

respectively, p = 0.1). 

3.1. Changes in standard metrics 

At the global level, there was a significant increase in gCBFACZ as compared with 

gCBFBasal in both groups (Control: 42.0 ± 5.5 vs. 54.9 ± 6.3 mL/min/100 g; p < 10
− 6

; MCI: 

38.9 ± 6.7 vs. 51.1 ± 7.3 mL/min/100 g; p < 10
− 6

) (Supplementary Fig. S1). The percent of 

the increase in the control group (+ 31.4 ± 9.2) was comparable to that found in the MCI 

group (+ 32.7 ± 12.9). There were no significant differences between groups in the basal 

(p = 0.21) and ACZ conditions (p = 0.07). No significant interaction of group and condition 

was found (p = 0.75). 
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Supplementary Fig. S1. Global CBF in the control and MCI groups in the two conditions: 

basal and under the acetazolamide (ACZ) challenge. Both groups responded similarly to the 

ACZ challenge by significantly increasing the CBF compared to the basal condition (*- p < 

10-6). 

 

At the voxel level, the analysis of differences between condition within-group showed a 

similar pattern in the control and MCI groups. Both groups showed significant regional CBF 

increases mainly in frontal regions bilaterally, after removal of the effect of global CBF 

increase due to ACZ (Fig. 2.A and B, Supplementary Table S2). In the control group, the 

voxel with the lowest p-value was found in the right superior frontal gyrus (medial part) 

(MNI: x, y, z = 15, 56, 31; PFWE = 10
− 3

, T = 6.21). In the MCI group, the right superior 

frontal gyrus (dorsolateral part) was the voxel with the lowest p-value (MNI: x, y, z = 15, 35, 

55; PFWE = 10
− 3

, T = 6.18). Neither group showed a significant regional decrease.  
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Fig 2. CBF changes at the voxel level analyzed by a 2 (group: Control and MCI) × 2 

(condition: basal and ACZ) full factorial design using statistical parametric mapping (SPM). 

Figures A and B show that the control and MCI groups had a similar regional pattern of CBF 

increase in frontal lobe bilaterally. Figures C and D show that the regional differences 

between groups were relatively similar in the two conditions, although less extensive in the 

ACZ condition. No interaction of the group by the condition was found. SPM t-maps are 

visualized onto the cortical surfaces using the BrainNet Viewer package 

(http://www.nitrc.org/projects/bnv). 
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Supplementary Table S2. Brain regions with significant CBF increase due to ACZ challenge 

in MCI and control groups.   

Group p-value Extent (voxels) Brain regions 

Control    

 0.002 1457 Right frontal lobe: precentral, superior (medial, 

dorsolateral and orbital), middle (including orbital) and 

inferior (opercular and triangular) gyri; rolandic 

operculum.  Right postcentral and supplementary motor 

area.         

 0.012 1028 Left frontal lobe: precentral, superior (medial and 

dorsolateral) and middle (including orbital) gyri. Left 

supplementary motor area   

MCI    

 10
-3

 2470 Right frontal lobe: precentral, superior (medial and 

dorsolateral), middle and inferior (triangular) gyri; and 

supplementary motor area.  Right postcentral gyrus. 

Right insula.    

 0.012 1027 Left frontal lobe: precentral, superior (medial and 

dorsolateral) and middle gyri; and supplementary motor 

area.  

p-value corrected for multiple comparisons (FWE) at cluster level.      
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On the other hand, the group difference within-condition showed a regional CBF decrease in 

the MCI group as compared to the control group in the basal condition, mostly in 

temporoparietal regions bilaterally (Fig. 2.C, Supplementary Table S3). In the right angular 

gyrus was the voxel with the lowest p-value (MNI: x, y, z = 45, − 70, 34; PFWE = 0.05, 

T = 4.52). At the ACZ condition, the results were relatively similar to those observed in basal 

condition, although less extensive and the right temporoparietal region showed no difference 

as compared to the control group (Fig. 2.D, Supplementary Table S3). In the left angular 

gyrus was the voxel with the lowest p-value (MNI: x, y, z = − 45, 61, 37; PFWE = 0.004, 

T = 5.17). In the basal and ACZ conditions in the MCI group, as compared to the control 

group, also no significant regional CBF increases were found. No significant interaction of 

group and condition were observed neither positive nor negative. 

Supplementary Table S3. Brain regions with significant CBF decrease in the MCI group as 

compared to the control group at baseline and ACZ conditions.         

Condition p-value Extent (voxels) Brain regions 

Basal    

 0.01 3435 Right temporoparietal cortices. Bilateral 

precuneus and posterior cingulate. Adjacent part 

of right occipital lobe and lateral temporal 

cortex. 

 0.015 851 Left temporoparietal cortices. Adjacent parts of 

left occipital and temporal cortex. Left insula.               

ACZ    

 0.013 1022 Bilateral precuneus and posterior cingulate. Left 

temporoparietal cortices.            

p-value corrected for multiple comparisons (FWE) at cluster level.  
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3.2. Changes in network metrics 

At the global level, the control group showed no significant changes of Cglobal and SAglobal (no 

changes of CBF co-variation) in response to the ACZ challenge. In contrast to the control, the 

MCI group showed a decrease in Cgloblal and SAglobal (Fig. 3 and Table 2; see also 

Supplementary Fig. S2). 

 

 

Fig 3. Global clustering coefficient (Cgloblal) and mean strength of association (SAglobal) in the 

control and MCI groups in the two condition: basal and under the ACZ challenge. The data 

were generated by bootstrapping the CBF correlation matrices (1000 samples per group and 

condition). Comparisons were performed by estimating 95% bootstrap confident intervals (see 

main text for details). *Significant effect. 
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Table 2.   Simple main effects and interactions of group and condition at the global level.    

Effect Mean (95 percent CI) - Cglobal Mean (95 percent CI) - SAglobal 

ACZ vs. basal (Control) 0.12 (-0.90  –  +0.63) 0.00004 (-0.02  –  +0.009) 

ACZ vs. basal (MCI) -0.68 (-1.44 – -0.97)
a
 -0.026 (-0.04 –  -0.01)

a
 

Control vs. MCI (basal) -0.56 (-1.28 – +0.16)
 
 -0.019 (-0.03 – -0.003)

a
 

Control vs. MCI (ACZ) 0.24 (-0.61  –  +0.84)
 
 0.007 (-0.02  –  +0.02) 

Interaction    0.79 (-0.14 –  +1.75) 0.03 (+0.0006  –  +0.04)
a
 

ACZ, acetazolamide; CI, confident interval.  

a 
Significant effect. 
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Supplementary Figure S2. Differences in the global clustering coefficient (Cglobal) across the 

range of sparsity degree. In red, the differences, the dashed line indicates the null hypothesis 

and the limits of the shaded area in green indicate the 95 percent BCa (bias-corrected) 

bootstrap confidence interval. 
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Moreover, SAglobal was higher in the MCI group as compared to the control in the basal 

condition (Fig. 3 and Table 2). Although not significant, a similar difference for Cgloblal in the 

MCI group was found (Fig. 3 and Supplementary Fig. S2). At the ACZ condition, no 

significant differences were observed for Cglobal and SAglobal between the MCI and control 

groups (Fig. 3 and Table 2; see also Supplementary Fig. S2). However, unlike the standard 

analysis, we found a significant crossover interaction effect of group and condition 

for SAglobal (Table 2). Thus, compared to the control group, the MCI group showed a specific 

decrease in SAglobal induced by the ACZ challenge. For Cglobal, a similar interaction was 

observed although did not reach significance (Supplementary Fig. S2). 

At the nodal level, the control group showed no significant change in Cnodal in response to 

ACZ after multiple comparisons correction (4.A and 4.B); while SAnodal showed an increase in 

the right inferior temporal gyrus (Fig. 4.C) and decreases in the frontal superior and middle 

temporal pole on the left side (Fig. 4.D). In contrast to the control, the MCI group showed 

decreases in Cnodal in the hippocampus and the fusiform gyrus on the right side and in the 

dorsal medial prefrontal cortex on the left side (Fig. 4.E and F). In this 

group, SAnodal increased in the postcentral gyrus (Fig. 4.G) and decreased in the superior 

frontal, middle frontal, lingual and fusiform gyri on the right side, and in the left middle 

occipital gyrus (Fig. 4.H). 
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Fig 4. Significant differences between condition within-group at the nodal level for the 

clustering coefficient (Cnodal) and mean strength of association (SAnodal) in the control (A–D) 

and MCI groups (E–H). Regional changes are mapped onto the cortical surfaces using the 

BrainNet Viewer package (http://www.nitrc.org/projects/bnv). 

 

On the other hand, the group difference within-conditions showed that in the MCI group, in 

the basal condition, Cnodal was increased in the inferior parietal lobe bilaterally and in lingual 

and fusiform gyri on the right side (Fig. 5.A and B); whereas SAnodal was increased in the 

lingual gyrus bilaterally and in the right inferior temporal and left middle occipital gyri (Fig. 

5.C and D).At the ACZ condition, both groups showed no significant changes in 

both Cnodal and SAnodal (Fig. 5.E–H). 
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Fig 5. Significant differences between group within-condition at the nodal level for the 

clustering coefficient (Cnodal) and mean strength of association (SAnodal) in the basal (A–D) and 

ACZ conditions (E–H).Regional changes are mapped onto the cortical surfaces using the 

BrainNet Viewer package (http://www.nitrc.org/projects/bnv). 

 

However, similar to global network metrics, there was a significant crossover interaction 

effect of group and condition for both Cnodal and SAnodal (Fig. 6). Compared to the control 

group, the MCI group showed a specific decrease in Cnodal induced by the ACZ in the lingual, 

fusiform and superior temporal gyri on the right side after multiple comparisons correction 

(Fig. 6.A); and a specific decrease in SAnodal in the middle frontal region and in the lingual, 

fusiform and inferior temporal gyri on the right side and in the left thalamus (Fig. 6.C). 
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Fig 6. Significant crossover interaction effects of group and condition at the nodal level for 

the clustering coefficient (Cnodal) and mean strength of association (SAnodal) with Bonferroni 

correction (A–D) and without correction (E–H). Regional changes are mapped onto the 

cortical surfaces using the BrainNet Viewer package (http://www.nitrc.org/projects/bnv). 

 

When the interaction effects described above were examined less conservatively (uncorrected 

statistic), we found that the MCI group showed a specific decrease in Cnodal mainly in regions 

comprising the inferior parietal lobe and medial prefrontal cortex bilaterally, the 

parahippocampal gyrus and the lateral temporal cortex on the right side (Fig. 6.E and F). Both 

thalamus also showed a decrease in Cnodal. Moreover, a specific increase in Cnodal was found 

mainly in frontal and occipital regions on the right side, and in the anterior and posterior 

cingulate on the left side. Likewise, SAnodal showed concurrent changes in Cnodal (increase or 
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decrease) in several regions as shown in the Fig. 6.E–H.  An opposite change 

in Cnodal and SAnodal was also observed in the right middle frontal region (Fig. 6.E and G). 

3.3. Supplementary morphometric analysis 

Regional GMV was decreased significantly in the lateral and medial temporal regions 

(including hippocampi) in the MCI group compared with the control group (Supplementary 

Fig. S3 and Supplementary Table S4). In contrast to GMV, no significant differences were 

observed between groups in WMV. 

 

 

Supplementary Figure S3. Brain regions with a significant grey matter volume decrease in 

the MCI group as compared to the control group (see also Supplementary Table S4).        
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Supplementary Table S4. Brain regions with a significant gray matter volume decrease in 

the MCI group as compared to the control group.        

p-value  Extent (voxels) Brain regions 

0.02 1265 Left medial temporal lobe (hippocampus, 

parahippocampal and amygdala).   

0.04  1026 Left lateral temporal lobe (superior, middle and 

inferior gyri) and fusiform gyrus. Left temporal 

pole.  

0.01 1659 Right medial temporal lobe (hippocampus, 

parahippocampal and amygdala). Right lateral 

temporal lobe (superior, middle and inferior 

gyri) and fusiform gyrus. Right temporal pole.      

p-value corrected for multiple comparisons (FWE) at cluster level.  

 

4. DISCUSSION  

This study investigated ACZ-induced changes in the topology of the CBFcorr networks in 

normal cognition and MCI subjects. We found that normal cognition and MCI show different 

patterns of C and SA changes, while the standard approach did not detect substantial 

differences. Thus, our findings support the concept that multivariate measures (i.e. co-

variations) combined with a graph theoretical approach are more sensitive to identify complex 

pathological processes, as has found in other brain diseases (Bassett et al., 2012, He et al., 

2009b). Univariate measures derived from the standard approach could be insufficient for 

capturing subtle (early) abnormal changes. 
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4.1. CBF imaging under the ACZ challenge 

The global CBF increase in both groups verifies the reliability of the methodology used for 

CBF imaging under the ACZ challenge. The percent of the increase in the two groups was 

comparable to previous studies in healthy subjects using a similar methodology (Boles Ponto 

et al., 2004, for a review). 

An interesting observation is the highest regional CBF increase in response to ACZ in frontal 

cortices in both groups (Fig. 2.A and B). As far as we know, this has not been previously 

reported. The highest frontal CBF is possibly caused by greater oxygen metabolism in these 

regions before ACZ administration. This explanation is substantiated by the fact that the 

neuronal activity is high in frontal regions during the resting state (Ingvar, 1979) and there is a 

direct relationship between the CBF response to the ACZ and pre-existing oxygen metabolic 

activity (Yamauchi et al., 2002). 

Moreover, the basal temporoparietal CBF reduction observed in the MCI group as compared 

to the control group (Fig. 2.C) is the typical AD-like hypoperfusion pattern previously 

described (Herholz et al., 2002). The group difference in the ACZ condition was also 

relatively similar to those observed in the basal condition. Thus, the basal regional CBF 

reduction in the MCI group was not misery perfusion since microvessels responded to the 

ACZ. The basal hypoperfusion is likely mainly related to a reduced level of regional 

metabolic activity (Herholz et al., 2002). 

4.2. Patterns of ACZ-induced changes in CBF correlation networks 

The control (cognitively normal) group network showed only a little or almost no topological 

changes in response to the ACZ challenge (Fig. 3, Fig. 4.A–D). That is, the control group 

network seems to have the capability to adapt to the challenge. Possibly, this reflects the 

process to maintain the brain microenvironment homeostasis (Iadecola, 2004), vital for brain 
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function, in response to the vascular challenge induced by the ACZ (Vagal et al., 2009). In 

contrast, the MCI group network showed a decrease in C and SA, especially at the global level 

(Fig. 3), suggesting that the above process is possibly altered to some extent in the MCI stage 

not detected by the standard analysis. On the other hand, although speculative, 

the SAglobal increase in the MCI group network in the basal condition might represent an 

adaptive mechanism in response to the effects of the pathological process. 

Perhaps, the most revealing finding is the crossover interaction effect between group and 

condition, in particular, when analyzed in a less conservative way (Fig. 6.E–H). For example, 

the patterns of Cnodal and SAnodal decreases (mainly Cnodal, the bottom of Fig. 6.E and F) 

partially correspond with the regional CBF reduction in the MCI group in the basal condition 

(Fig. 2.C). The overlap increases if the atrophy found in the MCI group is included 

(Supplementary Fig. S3), which suggests that these functional and structural abnormalities 

could be related to the ACZ-induced changes observed in the MCI group network since they 

are both biomarkers of neuronal injury of MCI due to AD (Sánchez-Catasús et al., 2017, for a 

review). 

Interestingly, the patterns of Cnodal decrease (the bottom of Fig. 6.E and F) also overlap to a 

certain extent with the default mode network (DMN), which is very active in the resting state 

(Hafkemeijer et al., 2012, for a review). Thus, it is plausible that these patterns could be 

related to altered changes in the topology of the DMN's vascular component, considering that 

the CBFcorr network was studied in two resting states: pre-ACZ and under the effect of the 

ACZ. It is known that DMN also overlaps the brain network underlying the episodic memory 

(Rugg and Vilberg, 2013) that is specifically affected in MCI due to AD (Albert et al., 2011). 

Furthermore, the DMN regions are also targets of the AD process (Ingelsson et al., 2004, 

Villain et al., 2012), which may disrupt CBF co-variation in response to the vasodilatory 

challenge. The available evidence suggests that various pathological mechanisms of AD may 
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contribute to alterations of CVR as a result of damage to the cerebrovascular system (Glodzik 

et al., 2013, for a review). Nevertheless, such mechanisms could have less expression in the 

MCI stage, especially in patients with a low vascular load. Consequently, subtle CVR 

alterations would be difficult to detect by the standard approach, in agreement with previous 

studies with negative findings (Shim et al., 2015, Fromm et al., 2013, Anzola et al., 2011). 

Moreover, the Cnodal increase in the MCI group network in the basal condition (the top of Fig. 

5.A and B) also showed a partial correspondence with the Cnodal decrease induced by the ACZ 

(the bottom of Fig. 6.E and F). This overlap implies that in these regions Cnodal is changing 

from a high basal to a low ACZ value, thus being the regions with the greatest negative 

changes. Notably, these regions include the inferior parietal lobe bilaterally which also 

overlap with the regional CBF reduction in the MCI group in the basal condition (Fig. 3.C).Of 

interest is also the opposite change of Cnodal (increase) and SAnodal (decrease) in the right 

middle frontal region (the top of the Fig. 6.E and the bottom of the Fig. 6.G, respectively), 

which partially corresponds with the regional CBF increase in the MCI group (Fig. 2.B). 

As a final point, let us consider some issues regarding our study population of MCI patients. 

The criteria for patient selection and the episodic memory reduction in the MCI group 

(Supplementary Table S1) indicate that our patients presented amnestic MCI. Furthermore, 

hippocampal atrophy in the MCI group (Supplementary Fig. S3 and Supplementary Table S4) 

suggests that most of our patients could evolve to AD dementia, with an intermediate level of 

certainty according to the latest diagnostic criteria for MCI due to AD (Albert et al., 2011). 

Still, we cannot exclude the possibility that some of our MCI patients evolve to another type 

of degenerative dementia as MCI is a complex heterogeneous condition. 

4.3. Study limitations 

First, some results at the nodal level and their interpretations should be taken with caution 

since they are based on an uncorrected statistic. Yet, these findings are meaningful given the 
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partial correspondence found with the other results in this study using a corrected statistic. In 

order to increase the effect size at the nodal level, it may be necessary to increase the number 

of subjects and/or to use a more potent vasodilator stimulus in future studies. Second, our 

results are only valid at the group level. However, the present study is a necessary first step 

for a further study based on individual level. A recent study demonstrated that it is possible to 

estimate the individual contribution of a single subject to group-based correlation networks 

and to examine its association with clinical data (Saggar et al., 2015). A third limitation is that 

this is a cross-sectional study, whereas longitudinal studies are needed to clarify the temporal 

evolution of the CBFcorrnetwork along the continuum from normal aging to AD dementia. 

Four, graph theoretical analysis of the CBFcorr network has limitations that were discussed in 

our previous article (e.g. the use of Pearson's correlation instead of partial correlation; choice 

of parcellation scheme; possible variability of results with different sample sizes) (Melie-

García et al., 2013). In addition, a recent study showed that the inclusion of global CBF as a 

confounding variable introduces artificial negative correlations in networks using resting state 

fMRI data (Carbonell et al., 2014), which might also be present in correlation networks using 

CBF SPECT. Nevertheless, all of these limitations are attenuated to some extent by studying 

the CBFcorrnetwork in two different conditions, i.e. by analyzing the vasodilatory effect of 

ACZ after subtracting the effect of baseline. The vasodilatory effect of ACZ could be 

considered comparatively greater than the effects of the above methodological shortcomings. 

4.4. Conclusions 

This study suggests that graph theoretical analysis of ACZ-induced changes in the topology of 

the CBFcorr networks can detect subtle network-related CVR alterations in MCI not reflected 

by the standard approach. These alterations involve brain regions directly related to cognitive 

dysfunction in MCI. Our results also warrant further research on the individual level to 

develop a ‘network’-based CVR biomarker of MCI due to AD. 
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Abstract 

Cerebral blood flow (CBF) SPECT is an interesting methodology to study connectivity in 

mild cognitive impairment (MCI) since it can be used as a biomarker of neuronal injury in 

MCI due to Alzheimer disease is accessible worldwide, and it has recently been shown that it 

allows the assessment of brain connectivity. In the context of this neuroimaging modality, 

connectivity is a concept grounded in group-based correlation networks. Therefore, 

topological metrics derived from the CBF correlation (CBFcorr) network cannot be used to 

support diagnosis and prognosis individually. However, recently, methods to extract the 

individual patient contribution to metrics of group-based correlation networks were developed 

although not yet applied to MCI patients. Here, we investigate whether the episodic memory 

of amnestic MCI patients correlates with individual patient contributions to topological 

metrics of the CBFcorr network. For this purpose, we first compared topological metrics of the 

CBFcorr network constructed using 24 amnestic MCI patients, with the network corresponding 

to 26 controls. Metrics that showed significant differences were then used for the individual 

patient contribution analysis. We found that the global network modularity (modularity index) 

was increased while global efficiency decreased in the MCI group network as compared to the 

control group network. Most importantly, we found that episodic memory inversely correlates 

with the patient contribution to global network modularity. This finding highlights the 

potential of this approach to develop a CBF connectivity-based biomarker at the individual 

level since episodic memory decline is the hallmark and major symptom of MCI patients that 

progress to dementia.   
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Introduction  

In recent years, neuroimaging studies have shown that brain connectivity is altered during the 

prodromal stage of mild cognitive impairment (MCI) of Alzheimer's disease (AD) (Brier et al. 

2014; Buldú et al. 2011; Catricalà et al. 2015; Dai and He 2014;  Daianu et al. 2014; Jie et al; 

Khazaee et al.; Pereira et al. 2016; Sanabria-Diaz  et al. 2013; Seo et al. 2013; Son et al. 2015; 

Sun et al. 2014; Tijms et al. 2013; Wang, et al. 2013). These findings are stimulating the study 

of MCI by neuroimaging analyses based on networks (Fornito and Bullmore 2015). Unlike 

network-based methodologies, standard neuroimaging analyses are based on separate brain 

regions, rather than on the relations between them (i.e. connectivity). Thus, they cannot 

capture important features of the complex network that it is the brain, which is the basis of 

cognition and other brain functions (Bullmore and Sporns 2009).  

Diffusion tensor imaging (DTI) and functional MRI (fMRI) are commonly used neuroimaging 

modalities to infer brain connectivity (Brier et al. 2014; Catricalà et al. 2015; Daianu et al. 

2014; Jie et al; Khazaee et al; Sun et al. 2014; Wang, et al. 2013). However, these modalities 

are not yet part of the existing standard medical care.  In contrast, standard structural MRI 

(sMRI), FDG-PET and cerebral blood flow (CBF) SPECT are frequently already part of the 

clinical evaluation of MCI patients. In the context of the latter modalities, connectivity is a 

concept grounded in group-based correlation networks, whose topology is then analyzed 

using graph theory (Pereira et al. 2016; Melie-García et al. 2013; Sanabria-Diaz  et al. 2013; 

Seo et al. 2013; Son et al. 2015; Sun et al. 2014; Tijms et al. 2013).    

CBF SPECT is particularly interesting to study brain connectivity in MCI as it can be used as 

a biomarker of neuronal injury in MCI due to AD (Albert et al. 2011), equivalent to FDG-

PET but less expensive and more accessible worldwide (Sánchez-Catasús et al. 2017). We 

previously demonstrated the feasibility of graph theoretical analysis of the CBF correlation 

(CBFcorr) network using CBF SPECT of normal subjects (Melie-García et al. 2013).  
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Furthermore, preceding reports have shown that CBF covariance networks derived from 

arterial spin labeling (ASL) MRI data are consistent with fMRI resulting networks (Viviani et 

al. 2011; Liang et al. 2012). It is important to note that CBF SPECT and ASL produce 

comparable CBF maps (Wintermark et al. 2005; Noguchi et al. 2015), from which the 

networks are derived.  

Previous studies also suggest that brain regions (nodes) with higher functional connectivity 

need a greater supply of CBF in healthy adults (Liang et al. 2014; Storti et al. 2017). 

Moreover, recent findings have shown a tight coupling between CBF and brain functional 

topology at rest and during a memory task (Liang et al. 2013).    

However, unlike DTI and functional MRI techniques, topological network metrics derived 

from CBF SPECT are group-based (as FDG-PET and sMRI), which does not allow its clinical 

use to support diagnosis and prognosis individually. Recently, methods to extract individual 

patient information from group-based correlation networks were proposed (Batalle et al. 

2013; Raj et al. 2010; Saggar et al. 2015; Tijms et al. 2012; Zhou et al. 2011) but not yet 

applied to MCI patients. One of these methods stands out since it is relatively easy to 

implement it in clinical practice (Saggar et al. 2015). This method estimates an indirect 

measurement of a network metric for a single patient by extracting the patient contribution to 

that metric. The estimation is achieved by subtracting the metric of the network using control 

subjects only from the metric of the network using control subjects plus the patient. 

Nevertheless, to clarify whether this approach might be clinically useful, the association 

between the individual patient contributions to network metrics and the clinical characteristics 

of MCI patients need to be studied. It would be particularly important to examine if these 

metrics are related to the characteristic declines in episodic memory, a hallmark component 

and major clinical symptom in MCI patients that progress to dementia over time (Albert et al. 

2011).   
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On the other hand, a recent study using sMRI data suggests that the change in the brain 

network topology could be non-monotonic as the AD progresses (Kim et al. 2015). Therefore, 

it would also be interesting to explore how the CBF correlation network evolves 

longitudinally in MCI groups.  

Hence, in this study, we explore whether the episodic memory of amnestic MCI patients 

correlates with the individual patient contributions to topological metrics of the CBFcorr 

network. Due to the exploratory nature of this study, we restricted the analysis to global 

network metrics. To enable this analysis, we first compared topological metrics of the CBFcorr 

network corresponding to amnestic MCI patients with those of a network of cognitively 

healthy controls. In particular, we examined the global network modularity (also termed as 

modularity index or Q index) as it has recently been demonstrated that it is more sensitive to 

the effects of the AD process compared with other used metrics (Pereira et al. 2016). We also 

analyzed the global and the mean local efficiencies, which are typically used as metrics of 

network integration and segregation, respectively (Rubinov and Sporns 2010). As a secondary 

aim, we explored changes in such metrics corresponding to the MCI group network after one-

year follow-up, including the association between the individual patient contributions and the 

global cognitive function.     

Methods 

Subjects  

Twenty-four amnestic MCI patients and twenty-six clinically healthy control volunteers were 

studied, selected from one hundred subjects recruited over a two-year period and a one-year 

follow-up using the inclusion and exclusion criteria described below. Table 1 summarizes 

demographic and cognitive data in control and MCI groups at baseline.    
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All participants were screened for a complete medical history, routine blood tests, cranial 

MRI, and clinical, neurological, and psychiatric evaluations. Subjects were clinically 

diagnosed as MCI using the criteria based on the Clinical Dementia Rating Scale (CDR) 

(Morris 1993). Patients were classified as MCI with CDR=0.5; while normal cognitive 

subjects with CDR= 0. All of the MCI patients maintained independence in their daily living 

at the baseline evaluation.  

Inclusion criteria were: 1) MCI patients with memory complaints as the main cognitive 

symptom; 2) MCI patients who showed a decrease of at least one point in the Mini-Mental 

State Examination (MMSE) (Folstein  et al 1975) at one-year follow-up; 3) subjects (patients 

and controls) with limited (and treated) vascular risk factors, based upon clinical examination, 

blood tests, and magnetic resonance angiography (MRA) findings; 4) subjects without 

significant depression according to the Hamilton Depression Scale (score < 8) (Hamilton 

1960); 5) no prior or current treatment with acetylcholinesterase inhibitors; and 6) right-

handedness. 

Exclusion criteria were: 1) significant medical conditions (i.e. advanced cardiac disease, 

poorly controlled diabetes, inadequately controlled hypertension [with end-organ damage], 

severe inflammatory, thyroid, renal, hepatic or other chronic diseases); 2) cerebrovascular 

disorders (i.e. transient ischemic attack or cerebral infarction), moderate and severe carotid 

stenosis by MRA findings, large white matter changes on MRI (based on T2 and FLAIR 

sequences), hydrocephalus or intracranial mass; 3) history of traumatic brain injury, migraine 

or another neurological disease; 4) psychiatric disorders, substance abuse or dependence; and 

5) patients with baseline MMSE scores < 24.     
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Table 1. Demographic and cognitive data in control and MCI groups at baseline.     

 Control (N=26) MCI (N=24) p value 

Demographic data    

Age (years) 60.9 ± 7.3 65 ± 7.1 0.06 
a
 

Gender (female/male) 13/13 14/10 0.58 
b
 

Years of education 13.6 ± 3.9 12.6 ± 4.5 0.3
 a

 

Cognitive data    

MMSE  29.3 ± 1.1 27.6 ± 1.1 10
-6

 

Rey complex fig. (delayed recall) 18.1 ± 5.2 9.9 ± 3.7 10
-6

 

Digit span (forward) 5.9 ± 1 5.7 ± 1.2 0.84 

(Digit span (backward) 4.9 ± 0.9 4.7 ± 0.8 0.79 

Rey complex fig. (copy) 32.7 ± 4.4 31 ± 6.5 0.53 

Token test 33.5 ± 2 33.4 ± 2.5 0.19 

Verbal fluency 10 ± 2.9 9.5 ± 3.8 0.562 

Attentive matrices 44. 9 ± 9.7 44.1 ± 9.2 0.59 

Trail Making A 39.4 ± 4.7 41.9 ± 10.1 0.48 

Trail Making B 107.9 ± 14.5 107.1 ± 27.8 0.741 

Data shown as mean ± standard deviation. 
a
, Student t-tests for independent samples. 

b
, Chi-

square test.  Differences between groups for cognitive data were tested using ANCOVA, 

modeling group as a categorical independent variable and controlling for age, gender and 

years of education.  
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Assessment of the cognitive function 

In addition to the MMSE as a measure of global cognitive function, cognitive tests were 

performed for controls and MCI patients to characterize the cognitive function in five 

cognitive domains at baseline (memory, visuospatial ability, language, attention, and the 

executive function). The Rey Complex Figure test (RCFT) delayed recall, was used to assess 

the episodic memory and the digit span (forward and backward items) was measured for 

short-term memory evaluation (Lezak 1983). Visuospatial ability was assessed by the copy of 

the RCFT. Language domain was evaluated by the token test (Lezak 1983) and a verbal 

fluency test (Mondini et al. 2005). The attentive matrices were used to assess attention 

(Spinnler 1987) and trail making A and B tests for executive function evaluation (Lezak 

1983). Differences in cognitive variables between control and MCI groups were tested using 

ANCOVA, using group as a categorical independent variable and controlling for age, gender 

and years of education.    

The MMSE was also measured in the MCI group at one-year follow-up. The MMSE between 

the two-time-points was compared using the non-parametric Wilcoxon Matched Pairs Test. 

Patients that progressed to dementia at follow-up by meeting the NINDS/ADRDA criteria for 

probable AD (McKhann et al. 1984) were also identified.  

CBF SPECT imaging  

CBF SPECT imaging was carried out with a double-head rectangular gamma camera (Sopha 

Medical Vision, France) equipped with ultra-high-resolution fan beam collimators and using a 

dose of 555 MBq of 
99m

Tc-ethyl cysteinate dimer as CBF tracer. Details about the acquisition 

and preprocessing image parameters were previously described (Melie-García et al. 2013).  

SPECT imaging was repeated in MCI patients at one-year follow-up (12.3 ± 1.1 months). 

In every subject, SPECT imaging, neurological/psychiatric and neuropsychological 

examinations were all carried out within a maximum interval of one month.  
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Construction of the CBF correlation (CBFcorr) networks   

For control (at baseline) and MCI (at baseline and one-year follow-up) groups a CBFcorr 

network was constructed as a CBF association matrix (Melie-García et al. 2013). In short, 90 

regions of interest (ROIs) were defined as network nodes using the AAL atlas (Tzourio-

Mazoyer et al. 2002). A linear regression was performed at every ROI to remove the effects 

of age, gender, age–gender interaction, and global values. Education level was not considered 

since no significant effect was shown in this parameter. Then, the Pearson’s correlation 

coefficients across subjects between all possible pairs of ROIs were calculated (network 

edges) and gathered in the interregional correlation matrix (90x90 ROIs) excluding negative 

and self-correlations (Rubinov and Sporns 2010). Figure 1 shows CBF association matrices 

corresponding to the control (control-CBFcorr network), the MCI at baseline (MCIbaseline-

CBFcorr network) and MCI at one-year follow-up (MCIfollow-up-CBFcorr network) groups.   

 

 

Fig 1 CBF association matrices (CBF correlation networks) constructed using CBF SPECT 

data for control and MCI (at baseline and one-year follow-up) groups at the network density 

of 0.2. The color bar indicates the value of the correlation coefficient coming from the CBF 

co-variations among 90 anatomical brain regions (AAL atlas). The autocorrelations on the 

diagonal and the negative correlations are set to 0.  

 



148 
 

148 
 

For each CBF association matrix, a binary adjacency matrix was then constructed (a binary 

undirected graph) to calculate networks topological metrics and for between network 

comparisons (described below). The binary graph methodology was used as it is 

computationally simpler and it provides for straightforward interpretation (Rubinov and 

Sporns 2010). The correlation coefficient was set to one (connection) if it was above a 

threshold and zero (no connection) otherwise. We adopted two of the most used methods for 

thresholding the association matrix (Bassett et al. 2008; Bernhardt et al. 2011; He et al. 2008). 

The first approach thresholds the association matrix over a range of network densities as there 

is no single way to select the optimal threshold. A network density represents the proportion 

of supra-threshold connections of all possible connections. A network density represents the 

proportion of supra-threshold connections of all possible connections. A density range from 

0.2 to 0.35, in steps of 0.01, was used. This range was selected to avoid, at one hand, that the 

network becomes fragmented (not fully connected) at lower densities (van Wijk et al. 2010) 

and, on the other hand, becomes random at a higher density (Kaiser and Hilgetag 2006). The 

second approach thresholds the association matrix at the minimum density in which all nodes 

(ROIs) are fully connected in the two networks that are compared. The minimum densities 

were 0.096 for the control, 0.139 for MCI at baseline, and 0.192 (≈0.2) for MCI at follow-up 

networks.   

Network metrics 

As commented in the introduction, the methodology applied for extracting the individual 

patient contribution is based on global network metrics (described below). In the following 

paragraphs, we define the global network metrics used in this study.  

The global network modularity (also termed as modularity index or Q index) reflects the 

extent to which a network can be subdivided into modules (communities of nodes) with a 



149 
 

149 
 

maximal within-module and minimal between-module connectivity (Newman 2004). 

Formally, the Q index is calculated as:  

  ∑       ∑            
                                       (1) 

where k and l are individual modules in the set of modules M, and c is the proportion of 

existing connections between 2 modules.   

As a supplementary analysis, we identified the resulting modules in each CBFcorr network 

(control, MCIbaseline, and MCIfollow-up).   

On the other hand, the global efficiency is a metric of network integration and reflects how 

efficiently the information can be exchanged over the network, considering a parallel system 

in which each node sends information concurrently along the network (i.e. how well 

connected are any pair of nodes) (Rubinov and Sporns 2010). Formally, the global efficiency 

(Eglob) for a binary and undirected graph G is calculated as:  

         
 

      
∑

 

   
       
     

                                             (2) 

where N represent the number of nodes and dij is the shortest path length between node i and 

node j in G. The shortest path length (distance) is the minimum number of edges between 

node i and j.  

Lastly, the local efficiency is a metric of network segregation and reflects the efficiency of the 

communication among the neighbors of each particular node (i.e. how well neighbors of a 

node are connected) (Rubinov and Sporns 2010). The mean local efficiency is thus the 

average of local efficiency across all nodes in the network. Formally, the mean local 

efficiency (Eloc) for a binary and undirected graph G is calculated as: 

        
 

 
∑           

                                          (3) 

where Eloc,i, is the local efficiency for a node i and is defined as: 

       

∑          [         ]
  

            
     

         
                             (4) 
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where aij is the connection status between i and j: aij = 1 when link (i, j) exists (when i and j 

are neighbors); aij = 0 otherwise (aii = 0 for all i). ki is degree of node i (number of links 

connected to node i).  

In addition, we also analyzed the characteristic path length, inversely related to Eglob, which 

topologically reflects the measure of the typical separation between two nodes; the clustering 

coefficient, directly related to Eloc, that reflects the inherent tendency to cluster nodes into 

strictly connected neighborhoods; and the small-worldness index which is a measure to what 

extent a network shows an optimal balance between segregation and integration. The detailed 

mathematical description of these network metrics can be found elsewhere (Rubinov and 

Sporns 2010). 

The descriptors used for network metrics defined above were: the metric at the minimum 

density of 0.2; and the area under the curve (AUC) extracted from thresholding across the 

range of network densities previously described. Network metrics were computed using the 

GAT toolbox (Hosseini et al. 2012).  

Network metrics comparison 

The network metrics of the MCIbaseline-CBFcorr network were compared with those of the 

control-CBFcorr network. The same comparison with the control-CBFcorr network was 

performed using the MCIfollow-up-CBFcorr network. Differences between metrics of the 

MCIbaseline-CBFcorr and the MCIfollow-up-CBFcorr networks were also tested.  

A nonparametric permutation t-test was used (1000 permutations) for testing the differences 

between the networks for each network metric (Bassett et al 2008; Bernhardt et al. 2011; He 

et al. 2008). The permutation procedure was carried out for every network density using the 

GAT toolbox (Hosseini et al. 2012). The null model was based in random networks with the 

same density and degree distribution as the original ones. As critical values, the 95% 

confidence intervals (CI) of each network metric distribution were used (two-tailed test of the 
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null hypothesis at p < 0.05). The metrics that showed significant differences in the MCI group 

network as compared to the control group network were then used for the individual patient 

contribution analysis. The percentage of change of each network metric between the control 

group network and at the two-time-points for the MCI group network was also calculated.      

Individual patient contribution to network metrics and its relation to episodic memory 

of MCI patients 

The methodology utilized to extract the individual contribution of each MCI patient was one 

of the approaches proposed by Saggar et al. (2015). This methodology is based on the add-

one-patient (AOP) approach and global network metrics as follows: the individual 

contribution of a given patient, to a given network metric, is estimated by subtracting the 

metric of the network constructed using control subjects only from the metric of the network 

using control subjects plus the patient. Formally, the patient contribution to a given metric is 

calculated as: 

                                                 –                                                             

The AUC value of each network metric (as described above) was used for the individual 

patient contribution estimation to avoid a dependency on a particular network density.   

As part of our secondary aim, we explored the association between the individual contribution 

to network metrics and the MMSE at the two-time-points since only this measure of global 

cognitive function was available at follow-up. In addition, we also explored other potential 

associations: individual contribution at baseline with MMSE at follow-up; individual 

contribution at follow-up with MMSE at baseline; and individual contribution at follow-up 

with RCFT at baseline.    

Normality of distribution was assessed using the Shapiro-Wilk W test prior to the evaluation 

of the associations between cognitive variables (episodic memory or MMSE) and the 

individual patient contribution to a specific network metric. If both variables showed 
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normality, we used Pearson’ correlation coefficient, otherwise, we used the non-parametric 

Kendall Tau correlation. Kendall Tau correlation is more appropriate for discrete variables 

such as the MMSE as it is much less sensitive to outliers and errors in the data compared with 

Spearman's correlation (Kendall 1962). The robust correlation, based on percentile bootstrap 

CIs, was also calculated to rule out that the correlations observed were due to 

heteroscedasticity (Pernet et al. 2013).    

The correlation between a cognitive variable and the individual patient contribution to a 

specific network metric (using the AUC value as the metric descriptor) and differences 

between groups in demographic and cognitive variables were analyzed using STATISTICA 

software (Stat Soft, Inc, version 8.0). The significance level was set at a p-value < 0.05.   

Results  

As shown in Table 1, episodic memory (RCFT delayed recall) and MMSE at baseline were 

significantly reduced in the MCI group as compared to the control group. As expected, other 

cognitive variables showed no significant differences between groups as only MCI patients 

with memory complaints as the main cognitive symptom were included.  

The MMSE significantly decreased at one-year follow-up (25.6 ± 1.8) compared with 

baseline (27.6 ± 1.1) in the MCI group (p= 0.000018, Wilcoxon Matched Pairs Test). 

Furthermore, three out of twenty-four MCI patients progressed to dementia, according to 

NINDS/ADRDA criteria for probable AD.  

Comparisons of network metrics showed that the global modularity (Q index) increased while 

the global efficiency/characteristic path length decreased/increased, both at baseline and at 

follow-up, in the MCI group network as compared to the control group network at the 

minimum density analyzed (Table 2, Fig. 2). The global modularity was the only metric that 

showed significant changes also for AUC values at the two-time-points. This metric showed 
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the greatest percentage of changes, with a clear increment at follow-up (Table 2, see also 

Fig.2d).   
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Fig 2 Differences in network metrics (global modularity, global efficiency and path length) 

between the MCI group network (at baseline and follow-up) as compared to the control group 

network across a range of network densities. The comparison was performed using a 

nonparametric permutation t-test (1000 permutations) giving expected mean effects as well as 

95% confidence intervals of the null hypothesis.  
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Fig 3 Differences in network metrics (mean local efficiency, clustering coefficient and small-

worldness) between the MCI group network (at baseline and follow-up) as compared to the 

control group network across a range of network densities. The comparison was performed 

using a nonparametric permutation t-test (1000 permutations) giving expected mean effects as 

well as 95% confidence intervals of the null hypothesis.  
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In contrast to the global modularity and global efficiency, the mean local efficiency, the 

clustering coefficient and the small-worldness index showed no significant difference in the 

minimum density and AUC values at the two-time-points (Table 2, Fig. 3). All network 

metrics analyzed also showed no significant changes in the MCI group network at baseline 

compared with follow-up (Supplementary Figure S1).  
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Supplementary Figure S1.  Differences in network metrics between the MCI group network 

at baseline as compared to MCI group network at follow-up across a range of network 

densities. The comparison was performed using a nonparametric permutation t-test (1000 

permutations) giving expected mean effects as well as 95% confidence intervals of the null 

hypothesis.  *Baseline vs. Follow-up; x Null (mean); - - Null (upper and lower bounds 95 % 

confident intervals).  
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Based on the above findings, we used the global modularity and global efficiency for the 

individual patient contribution analysis. We found a significant negative correlation between 

the episodic memory and the individual patient contribution to the global modularity at 

baseline after controlling for heteroscedasticity (Pearson R = -0.50; p= 0.013; CI: -0.73, -0.12) 

(Fig. 4.a). Unlike the global modularity, the global efficiency showed no correlation (Pearson 

R = -0.06; p= 0.78) (Fig. 4.b).   

 

Fig 4 Associations between the episodic memory of the MCI patients and their individual 

contribution to the global network modularity (a) and to the global efficiency (b) at baseline. 

The three patients that progressed to probable AD dementia at follow-up are plotted by 

triangles 
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On the other hand, the MMSE at baseline showed no correlation either with the individual 

patient contribution to the global modularity (Kendall Tau= -0.19; p= 0.19) neither to the 

global efficiency (Kendall Tau = 0.012; p= 0.93) (Fig. 5.a and Fig.5.b).  However, similar to 

episodic memory at baseline, the MMSE at follow-up showed significant negative correlation 

with the individual patient contribution to the global modularity after controlling for 

heteroscedasticity (Kendall Tau = -0.33; p= 0.02; CI: -0.59, -0.03) (Fig. 5.c). The global 

efficiency showed no significant correlation with the MMSE at follow-up (Kendall Tau = 

0.21, p = 0.16) (Fig.5.d).   

 

 

Fig 5 Associations between the MMSE of the MCI patients and their individual contribution 

to the global network modularity (a and c) and the global efficiency (b and d) at baseline and 

follow-up, respectively. The three patients that progressed to probable AD dementia at follow-

up are plotted by triangles 
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We also found no significant association between individual patient contribution to the global 

modularity (or to the global efficiency) at baseline and MMSE at follow-up. Likewise, we 

didn’t find significant association between individual patient contribution to the global 

modularity (or to the global efficiency) at follow-up and MMSE (or RCFT) at baseline 

(Supplementary Table S1).     

 

Supplementary Table S1. Other potential associations analyzed.    

 MMSE 

follow-up 

MMSE 

baseline  

RCFT 

baseline 

Patient contribution to  

the global modularity (baseline) 

Tau= -0.15 

(p= 0.29) 

- - 

Patient contribution to  

the global efficiency (baseline) 

Tau= 0.03 

(p= 0.84) 

- - 

Patient contribution to  

the global modularity (follow-up) 

- Tau= -0.25 

(p= 0.09) 

R= -0.37 

(p= 0.10) 

Patient contribution to 

 the global efficiency (follow-up) 

- Tau= 0.17 

(p= 0.24) 

R=0.25 

(p= 0.23 

 

However, two out of three patients that progressed to probable AD dementia after one-year 

follow-up had some of the lowest values of episodic memory (RCFT score of 2 and 4; and 

MMSE of 28 and 25, respectively) and also some of the highest values of individual 

contributions to the global modularity (0.08 and 0.19 respectively) at baseline. After one-year 

follow-up, the MMSE decreased in these two patients by 5 and 4 points, respectively, while 

individual contributions remained the same in one patient (0.08) and almost doubled in the 

other one (0.28). The third patient had a relatively high value of episodic memory compared 
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with other MCI patients (RCFT score= 13; MMSE= 27) and an individual contribution to 

global modularity of 0.02 at baseline. However, in this patient the MMSE decreased by 6 

points and the individual contribution to the global modularity increased by a factor of 1.7 at 

follow-up (0.034).   

Modular structures 

Five modules were identified in the control-CBFcorr network (Fig. 6, Supplementary Table 

S2). Although there were no perfect matches with known large-scale functional brain 

networks, control module I (22 ROIs) appears to represent visual networks (van de Ven et al. 

2004) since it comprised areas of the occipital lobe, inferior temporal, temporoparietal and 

limbic regions that are known to be part or strongly connected with visual pathways. This 

module also included lateral prefrontal regions associated with attentional networks (Corbetta 

and Shulman 2002). Control module IV (11 ROIs) resembled sensorimotor networks (Biswal 

et al. 1995), mainly comprising the post and precentral regions bilaterally. This module also 

included lateral prefrontal and occipital regions on the right side. Control module V was the 

biggest one (27 ROIs) and included hippocampus and lateral temporal cortex bilaterally, and 

left temporoparietal and medial prefrontal cortices and right precuneus, which seems to 

resemble an important part of the default mode network (DMN) (Greicius et al. 2003). This 

module also included both amygdala and superior parietal and occipital regions of both 

hemispheres, and Wernicke's area (part of language network) (Hampson et al. 2002). Control 

module II (15 ROIs) resembled another part of the DMN, mostly including medial prefrontal. 

This module also comprised angular, supramarginal and parahippocampal gyri on the right 

side, which are part of the DMN as well. Control module III (15 ROIs) seems to represent 

another important part of the DMN since it comprised the cingulate cortex, including the 

posterior cingulate bilaterally, and other medial prefrontal areas and inferior parietal cortex on 

the left side, including Broca's area (part of language network) (Hampson et al. 2002). This 
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module also included the thalamus and caudate bilaterally and primary auditory cortex on the 

left side.   

 

 

Fig 6 Modules identified in the control group-based correlation CBF network. Modules are 

visualized using AUC values of nodal degree onto the cortical surfaces by the BrainNet 

Viewer package (http://www.nitrc.org/projects/bnv). 

 

On the other hand, four modules were identified in the MCIbaseline-CBFcorr network network 

(Fig. 7, Supplementary Table S2). These four modules appear as reconfigurations of different 

parts of the five control modules. MCI baseline module III (17 ROIs) was mostly a greater 

part of control module I (visual networks), but it also included small parts of control module 

III and IV. MCI baseline module II (25 ROIs) was a regrouping of parts of control modules II-

V, mainly seen as sensorimotor and DMN fragments. MCI baseline module I (16 ROIs) 

mainly included small parts of control modules I, II, and V (combined part of visual networks 

and DMN fragments). MCI baseline module IV (32 ROIs) was mainly a regrouping of parts 

of control modules II, III, and V, delineating better an important part of the medial segment of 

the DMN as a single module, compared with the control group network.  
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Fig 7 Modules identified in the MCI (baseline) group-based correlation CBF network. 

Modules are visualized using AUC values of nodal degree onto the cortical surfaces by the 

BrainNet Viewer package (http://www.nitrc.org/projects/bnv). 

  

Finally, three modules were identified in MCIfollow- up CBFcorr network network (Fig. 8, 

Supplementary Table S2). These three modules appear as new reconfigurations of different 

parts of five control modules. MCI follow-up module III (22 ROIs) included mainly control 

modules I (visual) and part of the control module V (DMN fragments). MCI follow-up 

module I (21 ROIs) included mostly control module IV (sensorimotor) and parts of control 

modules I and V (DMN fragments). MCI follow-up module II (47 ROIs) comprised regions 

of all control modules, except module IV (sensorimotor), including most of the DMN 

fragments, observed in the control group network (even better delineation of the medial 

segment of DMN). 

 

 



166 
 

166 
 

 

Fig 8 Modules identified in the MCI (follow-up) group-based correlation CBF network. 

Modules are visualized using AUC values of nodal degree onto the cortical surfaces by the 

BrainNet Viewer package (http://www.nitrc.org/projects/bnv). 
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SupplementaryTable S2. Brain modules identified in control and MCI (baseline and follow-

up) CBFcorr networks.     

Hemisphere Brain region Control 

modules 

MCI baseline  

modules 

MCI follow-up  

modules 

Right Precentral  IV II I 

Right Frontal Sup IV III I 

Right Frontal Sup Orb II I II 

Right Frontal Mid I II I 

Right Frontal Mid Orb II III II 

Right Frontal Inf Oper IV IV II 

Right Frontal Inf Tri V I II 

Right Frontal Inf Orb V IV II 

Right Rolandic Oper I IV III 

Right Supp Motor Area IV I I 

Right Olfactory V IV II 

Right Frontal Sup Medial II II II 

Right Frontal Med Orb II I II 

Right Rectus III IV II 

Right Insula V IV II 

Right Cingulum Ant II IV II 

Right Cingulum Mid I II I 

Right Cingulum Post III IV II 

Right Hippocampus V IV II 

Right ParaHippocampal II I III 

Right Amygdala V IV II 

Right Calcarine I III III 

Right Cuneus I III III 

Right Lingual I III III 

Right Occipital Sup I III III 

Right Occipital Mid IV III II 

Right Occipital Inf V III III 

Right Fusiform I III III 

Right Postcentral IV II I 

Right Parietal Sup V II I 

Right Parietal Inf I II I 

Right SupraMarginal II II I 

Right Angular I III III 

Right Precuneus V II I 

Right Paracentral Lobule IV II I 

    Continued 
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Supplementary Table S2. Continued 

Hemisphere Brain region Control 

modules 

MCI baseline  

modules 

MCI follow-up  

modules 

Right Caudate III IV II 

Right Putamen II IV II 

Right Pallidum II II II 

Right Thalamus III IV I 

Right Heschl I I II 

Right Temporal Sup I I I 

Right Temporal Pole Sup V IV II 

Right Temporal Mid V II III 

Right Temporal Pole Mid V IV II 

Right Temporal Inf I I III 

Left Precentral  IV II I 

Left Frontal Sup II II I 

Left Frontal Sup Orb II IV II 

Left Frontal Mid III III I 

Left Frontal Mid Orb II II II 

Left Frontal Inf Oper III IV II 

Left Frontal Inf Tri II IV II 

Left Frontal Inf Orb I IV II 

Left Rolandic Oper V IV II 

Left Supp Motor Area III II I 

Left Olfactory V IV II 

Left Frontal Sup Medial V II I 

Left Frontal Med Orb II IV II 

Left Rectus II IV II 

Left Insula III IV II 

Left Cingulum Ant III IV II 

Left Cingulum Mid III II II 

Left Cingulum Post III IV II 

Left Hippocampus V I II 

Left ParaHippocampal I I II 

Left Amygdala V II II 

Left Calcarine V III III 

Left Cuneus I III I 

Left Lingual I I III 

Left Occipital Sup I III III 

Left Occipital Mid I III II 

        Continued  



169 
 

169 
 

Supplementary Table S2. Continued 

Hemisphere Brain region Control 

modules 

MCI baseline  

modules 

MCI follow-up  

modules 

Left Occipital Inf V II III 

Left Fusiform I I III 

Left Postcentral V II III 

Left Parietal Sup V II III 

Left Parietal Inf III II III 

Left SupraMarginal V I II 

Left Angular V III III 

Left Precuneus I IV I 

Left Paracentral Lobule IV II II 

Left Caudate III IV II 

Left Putamen IV IV I 

Left Pallidum IV II II 

Left Thalamus III III II 

Left Heschl III IV II 

Left Temporal Sup V IV II 

Left Temporal Pole Sup I IV II 

Left Temporal Mid V I III 

Left Temporal Pole Mid V I II 

Left Temporal Inf V I III 

  

Discussion  

In the present study, we explored whether the episodic memory of amnestic MCI patients is 

associated with the individual patient contributions to topological metrics of the group-based 

CBF correlation network. We showed that the individual patient contribution to the global 

network modularity (modularity index) inversely correlates with episodic memory, which 

highlights the potential of this approach to develop a CBF connectivity-based biomarker at the 

individual level for MCI patients.   

The observed correlation between the episodic memory and the individual patient contribution 

to the global network modularity was moderate. Possibly, this is because the methodology 

applied for extracting the individual patient contribution was based on global network metrics 
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whereas the episodic memory network involves specific brain regions rather the entire brain 

(Rugg and Vilberg 2013). Another possibility is that the global modularity could also be 

related to other unknown variables or factors not considered in our analysis. 

The increase in global modularity (the Q index) in the MCI group network as compared to the 

control group network, with a further increment at follow-up, suggests more abnormal 

organization in the patients with a higher individual contribution to this metric. This would be 

counterintuitive if the Q index only depended on the number of modules (more modules 

suggest more adaptability of the network in case one of the modules is damaged, i.e. better 

network organization). However, the Q index also depends on two other factors: within-

module and between-module connectivity (equation 1). That the number of modules 

decreased in the MCI group network (even more at follow-up) whereas the Q index increased, 

could be explained by the increase in the within-module and the decrease in the between-

module connectivity. That is, the MCI group network seems to be reconfigured in such a way 

that in a smaller number of modules more nodes are regrouped.     

This interpretation is consistent with a recent study that utilized group-based correlation 

networks derived from sMRI (Pereira et al. 2016). The authors found that the global 

modularity was increased in larger groups of amnestic MCI patients (early and late onset 

samples) that progressed to AD dementia. Similar to our results, they also found that the 

number of modules decreased in MCI groups, “suggesting that their whole-brain networks 

were fragmented into a few large, isolated components” (Pereira et al. 2016). de Haan et al. 

(2012) reported comparable findings in low frequencies (delta and theta) bands using resting-

state MEG data in AD patients with mild to moderate dementia. Furthermore, two other 

studies also showed that the global modularity increases in amnestic MCI patients, one using 

DTI (Daianu et al. 2014) and another by fMRI during a memory task (Catricalà et al. 2015 ).  
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According to group-level findings, it would be expected that when a patient is added to the 

control network, the global modularity would increase in the resulting network. However, the 

contribution was negative in a subgroup patients. This is probably due to two factors: 1) the 

sample size of control and MCI subjects. In larger samples, the proportion of patients with a 

negative contribution would decrease because the variability of both groups would be less; 

and 2) the magnitude of difference between groups for each network metric could also have 

an important influence. For instance, in the case of global efficiency, where the difference 

between groups (in the opposite direction) was less as compared with global modularity, the 

proportion of patients with a positive contribution was higher (Figures 4.a and 4.b). Although 

both factors have an influence, it would probably not change the association found between 

the individual contribution to global modularity and episodic memory since it only depends 

on the absolute value of the individual contribution. The sample size of controls would also 

have a limit (close to n = 100) as the absolute individual contribution tends asymptotically to 

zero as the sample size increases for the AOP approach (Saggar et al. 2015). 

Interestingly, the largest module identified in our MCI group network suggests a regrouping 

of brain regions that partially resembles the medial segment of the DMN, even better 

delineated at follow-up (Figure 8), which is not observed in the control group network. 

Furthermore, this network reconfiguration is directly related to the increase of global 

modularity (the Q index) since this increase as well as the regrouping of more nodes into 

fewer modules (i.e. the network reconfiguration) are a direct consequence of the definition of 

Q and the algorithm to identify the modules in the network (number and composition of 

these). Therefore, the patients that contributed more to the network reconfiguration were also 

the ones that contribute more (as a tendency) to the global modularity and, in turn, those with 

less episodic memory (Figure 4.a). Thus, considering the overlap of the episodic memory 

network and the DMN (Rugg and Vilberg, 2013) which is a target of the AD process (Villain 
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et al., 2012), the regrouping of brain regions around the DMN may explain the negative 

correlation between the episodic memory and the individual patient contribution to global 

modularity. Consequently, the network reconfiguration might reflect the effects of the 

pathological process. This interpretation is in line with a recent connectivity study in multiple 

sclerosis (MS) patients using resting-state fMRI data (Gamboa et al. 2014). The authors also 

observed that cognitive function in MS patients negatively correlates with the global network 

modularity. 

Moreover, the negative correlation found between the MMSE and the individual patient 

contribution to global modularity at follow-up but not at baseline would support that global 

modularity could be associated with alterations in other cognitive domains that become 

relevant to the patient as the disease progresses since the MMSE reflects cognitive function 

globally (not only memory impairment). 

Along similar lines, the finding of no association between the individual patient contribution 

to the global modularity at baseline and MMSE at follow-up not necessarily argues the lack of 

predictive power of the individual contribution measure since it could not be fully evaluated. 

For instance, it would have been interesting to examine the relationship between the 

individual contribution to the global modularity at baseline and the episodic memory at 

follow-up, which unfortunately was not measured. The decline in episodic memory is more 

specific to MCI patients progressing to AD dementia compared to the MMSE. It would also 

have been interesting to examine the relationship between the individual contributions to the 

global modularity (even to global efficiency) at baseline and the episodic memory/ MMSE at 

more years follow-up. More time of evolution would clarify the differences between two-time 

points. Actually, we did not find significant changes of the MCI group network after one-year 

follow-up (Supplementary material).   
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In contrast to our results, other studies have found that the global modularity decreases in 

patients with amnestic MCI by using fMRI (Brier et al. 2014; Sun et al. 2014; Wang, et al. 

2013) and  MEG (Buldú et al. 2011). Although this discrepancy may be due to 

methodological differences, or sample composition, it is more likely that this discrepancy 

reflects the different biological processes that are assessed by each modality, or even within a 

modality (Dai and He 2014; Tijms et al. 2013 for reviews). To illustrate this, de Haan et al. 

(2012) not only found an increase in global modularity in the low frequencies (delta and theta 

bands), as discussed above, but also found that the global modularity decreases in the high 

frequencies (beta and gamma bands). The similarity with our results in the low frequencies 

and the opposite in the high frequencies bands could be explained by the correlation 

previously observed between the CBF and the low frequencies of the cerebral electrical 

activity, but not with the high frequencies (Menon et al. 1980). Similarly, two earlier reviews 

have suggested that diverging findings across neuroimaging modalities are because different 

modalities measure different aspects of brain connectivity (Dai and He 2014; Tijms et al. 

2013). Even more, a recent study has shown that the change in the brain network topology 

could be non-monotonic as the AD progresses (Kim et al. 2015), implying that the network 

topology could show even opposite results between two different time-points. We didn’t find 

evidence of this in our MCI group network after one-year follow-up. However, one year may 

not be enough to reliably test this hypothesis.     

Whereas global modularity increased, we also observed that network integration was 

decreased in the MCI group network, as indicated by the reduction in the global efficiency. 

This is consistent with the majority of literature where different neuroimaging modalities have 

consistently found a decrease in network integration in MCI (Dai and He 2014; Tijms et al. 

2013 for reviews), which has been interpreted as a result of brain connectivity loss. Unlike the 

global modularity, we found no significant correlation between the global efficiency and the 
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episodic memory. Perhaps the global efficiency is more associated with the global cognitive 

function in more advanced stages of the disease, which is in line with previous studies that 

found a negative correlation between the characteristic path length, inversely related to the 

global efficiency, and the MMSE in AD patients  (Dai and He 2014; Tijms et al. 2013 for 

reviews).  

This study has limitations. First, the methodology applied for extracting the individual patient 

contribution was based on global network metrics. It is possible that a methodology based on 

network metrics at the regional level (yet to be validated) could capture a stronger relationship 

with episodic memory in MCI patients since the network for the episodic memory involves 

specific brain regions (Rugg and Vilberg 2013). Nevertheless, the present investigation is a 

necessary step for future studies based on methods on regional network metrics. Second, our 

follow-up analysis only evaluated global cognitive function (MMSE) and it is possible that 

global modularity might also be related to alterations of other cognitive domains (and not only 

memory) as the disease progresses. Therefore, in future follow-up studies, other cognitive 

domains should also be evaluated, especially in patients with more advanced stages of the 

AD. Third, the follow-up was only for one year, which may not be enough to properly address 

the temporal evolution of the CBF correlation network in MCI and thus the potential 

predictive power of the methodology based on individual contribution analysis. Consequently, 

future studies should address this issue in longer longitudinal studies. Fourth, although our 

patients fulfilled clinical criteria for MCI, some of the suggested explanations need further 

validation in MCI patients with confirmed AD pathology. Finally, graph theoretical analysis 

of the CBF correlation network has limitations that were discussed in our previous article (e.g. 

the use of Pearson’s correlation instead of partial correlation; choice of parcellation scheme; 

possible variability of results with different sample sizes) (Melie-García et al. 2013).  

Nevertheless, the effects of these limitations on the individual-level analysis may be small. 
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For example, Saggar et al. (2015) found that the absolute individual contribution to global 

network metrics stabilizes around n=25-30 using the AOP approach.   

Conclusions  

Our findings suggest that episodic memory in MCI patients inversely correlates with the 

patient contribution to the modularity index of the CBF network, which warrants further 

research to develop a CBF connectivity-based biomarker at the individual level for MCI 

patients. Furthermore, this study confirms previous findings by other neuroimaging modalities 

that brain connectivity is altered in MCI. Thus, we show the feasibility of using CBF SPECT 

correlation networks in MCI as an extension of our previous work in healthy subjects.    
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ABSTRACT 

Recent neuroimaging studies show that brain abnormalities in neuromyelitis optica (NMO) 

are more frequent than earlier described. Yet, more research considering multiple aspects of 

NMO is necessary to better understand these abnormalities. A clinical feature of relapsing 

NMO (RNMO) is that the incremental disability is attack-related. Therefore, association 

between the attack-related process and neuroimaging might be expected. On the other hand, 

the immunopathological analysis of NMO lesions has suggested that CNS microvasculature 

could be an early disease target, which could alter brain perfusion. Brain tissue volume 

changes accompanying perfusion alteration could also be expected throughout the attack-

related process. The aim of this study was to investigate in RNMO patients, by voxel-based 

correlation analysis, the assumed associations between regional brain white (WMV) and grey 

matter volumes (GMV) and/or perfusion on one side, and the number of optic neuritis (ON) 

attacks, myelitis attacks and/or total attacks on the other side. For this purpose, high resolution 

T1-weighted MRI and perfusion SPECT imaging were obtained in 15 RNMO patients. The 

results showed negative regional correlations of WMV, GMV and perfusion with the number 

of ON attacks, involving important components of the visual system, which could be relevant 

for the comprehension of incremental visual disability in RNMO. We also found positive 

regional correlation of perfusion with the number of ON attacks, mostly overlapping the brain 

area where the WMV showed negative correlation. This provides evidence that brain 

microvasculature is an early disease target and suggests that perfusion alteration could be 

important in the development of brain structural abnormalities in RNMO. 
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1. INTRODUCTION 

Neuromyelitis optica (NMO or Devic's disease) is a severely disabling autoimmune 

inflammatory demyelinating disorder of the central nervous system (CNS), which is 

recognized today as a distinct clinical entity from multiple sclerosis (MS) (reviewed in [1]). 

NMO is also associated with serum antibodies (NMO-IgG) to aquaporin-4, the most abundant 

water channel in the CNS (reviewed in [2]). 

NMO has traditionally been regarded as a disease without brain involvement. However, recent 

neuroimaging studies have shown that brain abnormalities are more frequent than earlier 

described [3–6]. Our group has previously reported brain abnormalities in NMO by standard 

magnetic resonance imaging (MRI) [7]. Other studies, using diffusion tensor (DT) MRI have 

found brain abnormalities in the normal appearing white matter (NAWM) [8–11]. Voxel-

based morphometry studies have found white (WM) and grey matter (GM) atrophy [12, 13]. 

Investigations by functional MRI (fMRI), magnetization transfer (MT) MRI and DT MRI 

have also shown abnormalities in the normal appearing grey matter (NAGM) [8, 14–16]. 

Nevertheless, more research, considering multiple aspects of NMO, is necessary for a better 

understanding of the pathogenic mechanisms that cause brain abnormalities in this disease. 

NMO is characterized by monophasic or recurrent attacks of optic neuritis (ON) and 

longitudinally extensive transverse myelitis (LETM) [17]. Unlike MS, a secondary 

progression course is uncommon in relapsing NMO (RNMO) [18]. A distinctive clinical 

feature of RNMO is that the incremental disability is attack-related. Consequently, attack-

related changes might be expected on neuroimaging. 

On the other hand, immunopathological analysis of NMO lesions revealed a unique 

vasculocentric pattern of complement activation [19–21], which has suggested that CNS 

blood microvessels could be early targets of the disease process. Therefore, brain perfusion 

could be altered. There are no previous studies confirming brain perfusion abnormalities in 
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NMO. Brain tissue volume changes accompanying brain perfusion alteration could also be 

expected. Voxel-based correlation analyses using multiple neuroimaging modalities could 

help to identify brain tissue volumes and perfusion changes behind the attack-related process 

in patients with RNMO. Statistical parametric mapping (SPM) is well suited for this 

purpose [22]. 

The aim of this study is to investigate in RNMO patients whether there are associations 

between regional brain white (WMV) and grey matter volumes (GMV) and/or perfusion on 

one side, and the number of ON attacks, LETM attacks and/or total attacks on the other side. 

Because disease duration and NMO-IgG status could be also associated to brain structure and 

functional changes, we evaluate possible correlations of these two other clinical variables with 

regional brain tissue volumes and perfusion. Similar analyses are carried out with global 

tissue volumes. We demonstrate by SPM correlation analysis that regional brain WMV, GMV 

and perfusion change with the number of ON attacks in patients with RNMO. 

2. MATERIALS AND METHODS 

Subjects 

Twenty patients were initially enrolled as part of a research project in our institution. The 

patients were in stable phase of the disease (no acute relapse at least 4 months prior to the 

study) and all of them fulfilled Wingerchuk's revised diagnostic criteria for NMO: absolute 

criteria (ON and acute LETM) and the presence of at least two of the following three 

supportive criteria: (1) brain MRI negative or non diagnostic for MS at onset, (2) spinal cord 

MRI with contiguous T2-weighted signal abnormality extending over three or more vertebral 

segments, and (3) a serological test positive for NMO-IgG [17]. Five out of twenty patients 

were excluded from the study due to suboptimal quality of MRI or single photon emission 

computed tomography (SPECT) images or multiple or large brain WM lesions. The final 

group comprised 15 clinically confirmed RNMO patients. Nine of them were seropositive for 
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NMO-IgG as demonstrated by an indirect immunofluorescence assay [23]. The characteristics 

of the participant patients (13 female, 2 male; mean age = 40.6±10.5 years; range = 17–56 

years) are detailed in Table 1. 

No macroscopic T1-visible lesions, including gadolinium enhanced lesions, were identified on 

brain MRI scans in any patient. Five patients had minor non-specific T2/FLAIR-visible 

lesions, three of which had less than five subcortical/deep WM lesions (less than 3 mm) and 

no juxtacortical localization, and another two patients had a single periventricular lesion 

without oval, ovoid or perpendicular orientation in morphology. The patients had not been 

treated with specific medications, such as immunosuppressants and corticosteroids, at least 4 

months before the MRI and perfusion SPECT imaging. 

As supplementary analyses, we also performed a group-comparison between NMO patients 

and control subjects for each image modality. The control group was composed of 15 

clinically healthy volunteers (13 female, 2 male; mean age = 46.6±12.5 years; range = 20–58 

years) selected from our normal MRI-SPECT databases. Although the mean age of the control 

group was 6 years more than the mean age of the RNMO group, this difference did not have 

statistical significance (p = 0.17, Student´s t-test). 
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Table 1. Demographic and clinical characteristics of patients with relapsing neuromyelitis 

optica (N=15).  

Sex (female/male) 13/2 

Age (years) 41 (17-56) 

Disease duration (years) 8 (2-17) 

EDSS score 5 (1-8.5) 

Total number of attacks 5 (2–10) 

Number of ON attacks 2 (1–4) 

Number of LETM attacks 3 (1–8) 

*Interval from the last attack (years) 2 (0.5–4) 

*Interval from the last ON attack (years) 2.8 (0.5–4) 

*Interval from the last LETM attack (years) 2 (0.5–4) 

Serological test for NMO IgG (positive/negative)  9/6 

 

Data shown as median and range (minimum, maximum). EDSS, Kurtzke Expanded Disability 

Status Scale [24]; ON, optic neuritis; LETM, longitudinally extensive transverse myelitis; 

NMO-IgG, antiaquaporin-4 autoantibody; *Last attack MRI/SPECT time interval.  

 

Ethics Statement 

Written informed consent was obtained from all participant subjects. The study was approved 

by the Ethics Committee of the Center for Neurological Restoration of Havana. 

Image Acquisitions, Transformations and SPM Preprocessing Brain MRI 

MRI imaging was carried out using a 1.5 Tesla Symphony scanner (Siemens, Erlangen, 

Germany) according to the standardized protocol for MS [25]. High-resolution 3D T1-
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weighted magnetization-prepared rapid-acquisition gradient echo (MPRAGE) sagittal sections 

were also included to perform SPM (repetition time = 1970 ms, echo time = 3.9 ms, number of 

excitations = 1, flip angle = 15°, slice thickness = 1 mm, field of view = 25 cm and matrix 

size = 256×256). 

Before the SPM preprocessing step, a lesion mask from manually segmented lesions visible 

on T2-weighted images was created for the patients with minor non-specific T2/FLAIR 

lesions. Manual lesion segmentation was performed using MRIcro software 

(www.sph.sc.edu/comd/rorden/mricro.html). The lesion mask was coregistered to the 

MPRAGE native space, using the rigid transformation calculated between the T2-weighted 

and MPRAGE images. The coregistered lesion mask was used to zero out respective areas in 

the patients' MPRAGE images, in order to reduce the influence of these lesions during 

segmentation and normalization procedures. These lesion areas were not incorporated into 

statistical analyses since they were few, small and present only in five patients. Although 

these lesion areas predominated in patients with more ON attacks (one patient with two, three 

patients with three, and one patient with four attacks), they were localized in different brain 

regions in each patient, which precluded potential bias towards patients with lesions for voxel-

based analyses, considering also that we controlled for total intracranial volume. Furthermore, 

according to our data these lesions were negligible because there were no significant 

differences between RNMO and control groups for global tissue volumes (see results), even 

though eliminating these lesion areas might have created a bias towards positive results, 

especially for global WM volume. 

The preprocessing step for SPM has recently been improved with the Diffeomorphic 

Anatomical Registration using Exponentiated Lie Algebra (DARTEL) registration 

method [26], which is implemented in the SPM8 software version used in this 

study(http://www.fil. ion.ucl.ac.uk/spm). First, we manually set the anatomical image origin 
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at the anterior commissure and the orientation approximated Montreal Neurological Institute 

(MNI) space. Secondly, images were segmented into WM and GM images (bias corrected) 

using the standard unified segmentation model in SPM8. Thirdly, images were imported into 

a DARTEL form. Fourthly, the parameters of segmented images were used to generate 

custom DARTEL templates of all subjects. Lastly, WM and GM images were normalized to 

the MNI space using the DARTEL procedure to obtain warped and smoothed (12 mm-kernel) 

Jacobian modulated WM and GM images (voxel size = 1.5×1.5×1.5 mm
3
). Spatially 

normalized images were modulated in order to preserve the total amount of signal in the 

images [27]. WM/GM values for modulated images are typically referred to as GM/WM 

volume images (WMV/GMV images). We chose a 12 mm-kernel for smoothing in order to 

make our results comparable with other NMO SPM studies recently published that used the 

same kernel [12, 13]. Global tissue volumes (GM, WM and CSF) were estimated in the native 

space using the VBM8 toolbox (http://dbm.neuro.uni--jena.de/vbm8/). 

Perfusion SPECT 

SPECT imaging was performed with a double-head system (DST Xli, Sopha Medical Vision, 

France) equipped with ultra-high-resolution fan-beam collimators. The measured tomographic 

resolution for 
99m

Tc was 8.5 mm in the center of the image at a fixed radius of rotation of 150 

mm. Image acquisition was started 10 min after injection of 555 MBq of 99mTc-ethyl 

cysteinate dimer into the antecubital vein of the right arm under resting condition (supine, 

eyes open, dimly lit, quiet room). Projection data were obtained in a 128×128 format for 64 

angles at 26 s per angle. Total counts were equal or greater than 5×10
6
. A Butterworth filter 

was used for image back-projection reconstruction of SPECT images (cutoff 

frequency = 0.026 cycle/cm and order = 7). Attenuation correction was performed using 

Chang’s method [28] with attenuation coefficient µ = 0.085 cm. 
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SPECT images were corrected for partial volume effect (PVE) using the modified Müller-

Gartner voxel-based method [29], which corrects also for the WM activity, in order to have 

genuine perfusion measurement by removing the effect of perfusion underestimation due to 

brain atrophy. All preprocessing steps for PVE correction were performed using the 2010-

version of the ‘PVE-lab’ software (http://pveout.area.na.cnr.it). Each PVE-corrected SPECT 

image was then coregistered onto its respective native GM segment using the normalized 

mutual information procedure with trilinear Interpolation by SPM8. Coregistered SPECT 

images were normalized to MNI space by reapplying the same DARTEL parameters obtained 

previously for MRI during the SPM preprocessing step, including the 12 mm smoothing 

kernel. The use of the same DARTEL normalization parameters avoided differences due to 

the normalization process and also improved SPECT image alignment. DARTEL optimizes 

sensitivity of SPM by a more accurate alignment among the brains of different subjects [30, 

31]. 

The resulting SPECT images were then scaled by the mean value per voxel of global GM 

counts, excluding counts from the cerebellum and occipital regions. This mean value was 

automatically extracted using the Marsbar toolbox (http://www.mrc-cbu.cam.ac.uk) and the 

anatomical labeling template [32]. GM counts from cerebellum and occipital regions were 

excluded because an exploratory study showed a decrease of relative perfusion (using global 

GM counts as reference value) with the increase of the number of ON attacks in the patient 

group, which mainly involved regions from the cerebellum and the occipital cortex. Thus, 

perfusion was measured in relative units using a reference value where perfusion was not 

affected by the attack-related process. 

SPECT images were also masked by a binary image to exclude CSF space. The binary mask 

was created by summing up the WM and GM masks, which were obtained by thresholding 

WM and GM normalized mean images (of the entire sample) above a value of 0.25, 
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corresponding to a higher than 25 percent chance for the voxel to belong to WM or GM, 

respectively. The mask was applied twice (before and after smoothing) to avoid contamination 

of misclassified voxels by smoothing in the first case and big edge effects in the second case. 

The quality of the DARTEL normalization procedure was tested for the three image 

modalities by checking sample homogeneity using covariance as it is implemented in the 

VBM8 toolbox. SPECT images were tested before masking. For the three image modalities, 

volumes with overall covariance below two standard deviations were not observed, indicating 

that no outliers or volumes containing important artifacts were present. SPECT and MRI were 

carried out within a one-week interval at the most. 

Voxel-based Correlation Analysis 

A separate multiple regression analysis in the RNMO group was carried out for the three 

image modalities using SPM8. Brain WMV, GMV or perfusion was considered as the 

dependent variable; while the number of ON attacks, LETM attacks, total attacks (ON plus 

LETM attacks), disease duration or NMO-IgG status (defined as a categorical variable: 

seronegative = 0; seropositive = 1) was considered as the independent variable (covariate of 

interest). Due to the high variability of the time interval from the last attack (see Table 1), this 

interval was added as another covariate of interest using the corresponding time interval (i.e. 

interval from last ON attack or last LETM attack). We also controlled for the standard 

nuisance covariates of age and sex for perfusion images and in the case of WMV/GMV 

images also total intracranial volume (TIV = GM+WM+CSF). T-contrasts were performed to 

test both positive and negative correlations with the covariate of interest. WMV and GMV 

images were masked by an absolute threshold of 0.25 to avoid contamination by misclassified 

voxels as much as possible. Since SPECT images were already masked, the absolute threshold 

was set to 0. 
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As supplementary analyses, we performed for each image modality a group-comparison 

between patients and control subjects using the standard nuisance covariates mentioned 

above. T-contrasts were performed in both positive and negative directions to map 

WMV/GMV and perfusion differences that were either increments or decrements in the 

RNMO group as compared with the control group. 

All SPM analyses were performed using a statistical threshold of p<0.01(peak-level). The 

extent threshold used was determined by the cluster of voxels significant at p<0.05, corrected 

for multiple comparisons (family-wise error method) at the cluster level and after correction 

of non-isotropic smoothness. When a particular SPM analysis had a negative result, we 

explored this analysis using the same statistical threshold of p<0.01 but the extent threshold 

was determined by the expected number of voxels per cluster, which is estimated during SPM 

processing. The extent threshold, determined in this way, is a less restrictive control of false 

positives. 

Anatomical regions were determined by comparing voxel and cluster location with a recently 

developed brain atlas [33]. This atlas contains 56 deep WM (DWM), 46 superficially located 

WM (SWM), 52 cortical GM, 10 subcortical GM and 10 other brain labels. The most 

significant voxels were reported in MNI coordinates. 

Global Tissue Volume Analyses 

Similar to voxel-based analysis, we looked for association between global WM or GM 

volumes and the number of ON attacks, LETM attacks, total attacks, disease duration or 

NMO-IgG status, after controlling for age, sex and TIV by multiple regression analysis. 

Global WM and GM volumes of RNMO and control groups were also compared by the 

Student´s t-test. The significance level was set to 0.05. These analyses were carried out by 

STATISTICA software (Stat Soft, Inc, version 8.0). 
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RESULTS 

In this study, by voxel-based correlation analysis, we aimed mainly to investigate possible 

associations between brain tissue volumes and perfusion and the attack-related process in 

patients with RNMO. Among analyzed covariates of interest (including the disease duration 

and NMO-IgG status), only the number of ON attacks showed significant correlation with 

regional brain tissue volumes (WMV and GMV) and perfusion. The time interval from the 

last ON attack did not show significant effect. For that reason, we repeated SPM correlation 

analyses using only the number of ON attacks as a covariate of interest to avoid unnecessarily 

reducing the statistical power, which did not change results. Correlations of regional brain 

WMV, GMV and perfusion with the number of ON attacks are described in the next 

subsections. 

The number of ON attacks per patient (simultaneous or not with the LETM attack) was as 

follows: four patients with one attack; five patients with two attacks (one was blind in the left 

eye); five patients with three attacks (four were blind: two in the right eye, one in the left eye 

and one in both); and one patient with four attacks (with bilateral blindness). Table 1 

summarizes the main demographical and clinical findings. 

Regional White Matter Volume Correlation with the Number of Optic Neuritis (ON) 

Attacks 

A significant decrease of regional WMV as the number of ON attacks increases (i.e. negative 

correlation) was found in one extensive cluster that comprised DWM and SWM bilateral 

regions (Table 2 and Figure 1 in green). Note that significant regions included areas close to 

the lateral and fourth ventricles. The most significant voxel in this cluster was found at the left 

superior longitudinal fasciculi (MNI: x, y, z = −28, −45, 32; P<10−3, T = 8.91). Significant 

increases were not found for any region, as the number of ON attacks increased (i.e. positive 

correlation). 
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Figure 1. Multimodal negative correlation pattern with the number of optic neuritis 

attacks in RNMO patients. Axial, sagittal and coronal selected slices at four brain levels 

(levels shown as white lines in the figures on the right side), presenting overlays of negative 

correlation statistical parametric maps of white matter volume (in green), grey matter volume 

(in blue) and perfusion (in pink) on a T1-weighted high resolution MRI template. Decreases 

of tissue volumes and perfusion with the increase of the number of optic neuritis attacks 

comprised extensive brain regions, including important components of the visual system such 

as posterior thalamic radiations (white matter volume), middle and superior temporal gyri 

(grey matter volume) and the primary visual area (perfusion). Also note that tissue volume 

decreases included regions close to periaqueductal areas. Statistical parametric maps were 

thresholded at p value <0.01 (p value <0.05 corrected for multiple comparisons at the cluster 

level). 
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Table 2. Brain regions with negative correlation between white matter volume and the 

number of optic neuritis attacks.     

P No. of voxels Brain regions 

10
-3

 83360 Bilateral DWM: superior longitudinal fasciculus; superior and 

inferior fronto-occipital fasciculus; posterior thalamic radiation; 

anterior, posterior and superior corona radiata; cingulum (cingulated 

gyrus); cingulum (hippocampus);  fornix(cres) stria terminalis; 

sagittal stratum; external capsule; anterior limb, posterior limb and  

retrolenticular part of internal capsule; genu, body  and splenium of 

corpus callosum; tapatum; midbrain; superior cerebellar peduncle; 

and the pons. Left DWM: cerebral peduncle. Bilateral SWM: 

superior parietal; postcentral; angular; supramarginal; cingulum; 

precuneus; cuneus; middle and inferior occipital; superior, middle 

and inferior temporal; precentral; middle and inferior frontal; lateral 

and middle fronto-orbital; and rectus. Left SWM: superior occipital 

and fusiform.  

P, P value corrected for multiple comparisons at cluster level; DWM, deep white matter; 

SWM, superficially located white matt 
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Regional Grey Matter Volume Correlation with the Number of ON Attacks 

Like WMV, a significant negative correlation between regional GMV and the number of ON 

attacks was found in two clusters. The first cluster comprised regions of the left temporal and 

parietal lobes and other brain regions bilaterally as shown in Table 3 and Figure 1 (in blue), 

including areas close to the third ventricle. The most significant voxel in this cluster was 

found at the left superior temporal gyrus (MNI coordinates: x, y, z = −43, −23, 3; P<10−3, 

T = 8.03, Brodmann area {BA} 48). The second cluster involved the right temporal lobe and 

other areas on both cerebral and cerebellar hemispheres, including regions close to the fourth 

ventricle. The most significant voxel in this cluster was found at the right lingual gyrus (MNI: 

x, y, z = 24, −55, 2; P<10−3, T = 4.43, BA 19). No significant positive correlation was 

observed. 

 

Table 3. Brain regions with negative correlation between grey matter volume and the 

number of optic neuritis attacks.     

P No. of voxels Brain regions 

0.004 46077 Left GM:  superior and inferior temporal gyri; hippocampus and 

parahippocampal gyrus; cingulated, precuneus, postcentral, angular 

and supramarginal gyri. Bilateral GM:  insular; caudate nucleus; 

putamen; superior, middle and inferior frontal gyri; lateral fronto-

orbital and middle fronto-orbital gyri; and the rectus gyrus. 

0.041 15955 RightGM:  superior, middle and inferior temporal gyri. Bilateral 

GM: lingual and fusiform gyri; and the cerebellum. 

P, P value corrected for multiple comparisons at cluster level; GM, grey matter.   
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Regional Brain Perfusion Correlation with the Number of ON Attacks 

Similar to WMV and GMV, a significant negative correlation was found in one cluster, 

mainly located in the occipital cortex bilaterally, including the primary visual area and the 

right cerebellum (Table 4 and Figure 1 in pink). Although this cluster was mostly situated on 

GM, adjacent WM regions were also observed. The most significant voxel in this cluster was 

found at the right cuneus (MNI: x, y, z = 11, −83, 12; P<10−3, T = 5.75, BA 17). 

Contrary to WMV and GMV, a significant perfusion positive correlation was also found in 

one extensive cluster as shown in Table 5 and Figure 2 (in yellow), mostly overlapping the 

WM area where WMV showed opposite changes (negative correlation) with the number of 

ON attacks (Figure 3). This cluster included DWM and SWM bilateral regions, the cerebellar 

peduncle (DWM) and the cerebellum (SWM) on the left side. Note that significant regions 

involved areas close to the lateral, third and fourth ventricles. Although the cluster was mainly 

located on WM, it also comprised adjacent GM regions, including the left cerebellar 

hemisphere. The most significant voxel in this cluster was found at the left anterior corona 

radiata (MNI: x, y, z = −15, 32, 24; P<10−3, T = 8.60). 
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Figure 2. Brain perfusion positive correlation with the number of optic neuritis attacks 

in RNMO patients. The same slices as shown in Figure 1, presenting the perfusion positive 

correlation statistical parametric map, which was found in an extensive brain area mainly 

located in the white matter. Note that perfusion changes included periventricular areas. 

Statistical parametric map was thresholded at p value <0.01 (p value <0.05 corrected for 

multiple comparisons at the cluster level).  
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Table 4. Brain regions with negative correlation between perfusion and the number of 

optic neuritis attacks.     

P No. of voxels Brain regions 

0.017 10801 Bilateral GM: cuneus and lingual gyri; superior, middle and 

inferior occipital gyri; fusiform and cingulated gyri. Right GM: 

cerebellum. Left GM: supramarginal and angular gyri. Bilateral 

SWM: cuneus; superior, middle and inferior occipital. Right SWM:  

lingual and fusiform. Left SWM: superior parietal.  

P, P value corrected for multiple comparisons at cluster level; GM, grey matter; SWM, 

superficially located white matter.  
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Table 5. Brain regions with positive correlation between perfusion and the number of 

optic neuritis attacks.     

P No. of voxels Brain regions 

10
-3

 63648 Bilateral DWM:  superior longitudinal fasciculus; superior and 

inferior fronto-occipital fasciculus; posterior thalamic radiation; 

anterior, posterior and superior corona radiata; cingulum (cingulated 

gyrus); cingulum (hippocampus); fornix(cres) stria terminalis; 

sagittal stratum; external capsule; anterior limb, posterior limb and  

retrolenticular part of internal capsule; genu, body  and splenium of 

corpus callosum; tapatum; cerebral peduncle; and substancia nigra. 

Left DWM: superior and inferior cerebellar peduncle. Bilateral 

SWM: superior parietal; postcentral; angular; supramarginal; 

cingulum; precuneus; cuneus; superior and middle occipital; 

superior, middle and inferior temporal;  precentral; superior, middle 

and inferior frontal; lateral fronto-orbital; and  rectus. Right SWM: 

inferior occipital. Left SWM: cerebellum. Bilateral GM: cingulate 

gyrus; superior, middle and inferior frontal gyri. Left GM: 

parahippocampal gyrus; superior temporal gyrus; insular; 

hippocampus and the cerebellum. 

P, P value corrected for multiple comparisons at cluster level; DWM, deep white matter; 

SWM, superficially located white matter; GM, grey matter.    
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Figure 3. Overlapping perfusion and white matter volume changes in opposite 

directions. The same slices shown in Figures 1 and 2, presenting positive perfusion 

correlation statistical parametric map (in yellow), mostly overlapping the brain area where 

white matter volume negatively correlated with the number of optic neuritis attacks (in green). 

This suggests that perfusion alteration could be important in the development of brain 

structural abnormalities in RNMO. 
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Supplementary Analysis 

No significant differences were found between RNMO patients and controls for the three 

image modalities. Nevertheless, when the same analyses were explored using the extent 

threshold determined by the expected number of voxels per cluster, only brain perfusion 

showed significant decrease in the RNMO group as compared with the control group. The 

perfusion decrease comprised an extensive brain area, mostly involving regions that showed 

both negative and positive correlation with the number of ON attacks (Figure S1). 
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Figure S1. Axial, sagittal and coronal selected slices at four brain levels (levels shown as 

white lines in the figures on the right side) presenting the statistical parametric map of brain 

perfusion decrease in the RNMO group compared with the control group (in cyan). This 

group-comparison analysis was performed using an extent threshold determined by the 

expected number of voxels per cluster, which is a less restrictive control of false positives. 

Negative (in pink) and positive (in yellow) correlation statistical parametric maps of perfusion 

with the number of optic neuritis attacks are also shown as presented in Figures 1 and 2, 

respectively. The perfusion decrease comprised an extensive brain area, mostly involving 

regions that showed both negative and positive correlation with the number of ON attacks. 

 

Global Tissue Volumes 

We only found significant negative correlation between the global WM volume and the 

number of ON attacks (P = 0.014; Beta = −0.28; and 95% confidence interval between −0.49 
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and −0.07). There was no significant correlation between the global GM volume and the 

number of ON attacks (P = 0.06; Beta = −0.29; and 95% confidence interval between −0.61 and 

0.02). There were no significant differences between RNMO and control groups for the global 

WM volume (NMO = 394.05 ± 58.68 ml; Control = 434.49 ± 57.72 ml; P = 0.07) and for the 

global GM volume (NMO = 609.38±59.23 ml; Control = 618.02 ± 63.53 ml; P = 0.7). 

DISCUSSION 

Voxel-based correlation analysis with the number of ON attacks as covariate of interest 

allowed us to find a subtle and common effect at the group level for each neuroimage 

modality analyzed, revealing an underlying ON attack-related process in RNMO patients. A 

multimodal negative correlation pattern with the number of ON attacks was found, which 

comprised regional brain WMV, GMV and perfusion. Regional WMV changes were reflected 

in a significant decrease in the global WM volume with the increase in the number of ON 

attacks. We also found a positive regional correlation pattern of brain perfusion with the 

number of ON attacks, mostly overlapping the WM area where regional WMV showed 

opposite changes. These observations are discussed below. 

The wide extent of WMV changes observed is congruent with a recent study by Rueda Lopes 

and coworkers using for the first time a voxel-based approach to analyze DT MRI in NMO 

[9]. This study identified extensive WM damage in the NAWM in patients with NMO. Their 

findings were similar to our results and more extensive than previously reported by DT MRI 

using a region-of-interest–based analysis [8, 10, 11], which is observer-dependent and 

hypothesis driven, in contrast to voxel-based approach. Rueda Lopes and coworkers showed 

that damages were present in WM regions connected to the optic nerves and spinal cord, as 

initially reported [8, 10, 11], but also in not connected WM regions. This study also explored 

whether the number of clinical relapses (equivalent to total number of attacks) was correlated 

with DT imaging parameters and found no significant correlation [9], in agreement with our 
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findings. The fact that we did not find significant correlation with the number of LETM 

attacks either, suggests that the LETM-attack effect on the brain is weaker in comparison with 

ON attacks. Consequently, the use of the total number of attacks for correlation analysis might 

be obscuring the specific correlation with the number of ON attacks. 

A possible explanation to a subtle and extensive tissue volume decrement (including GMV), 

could be that there is a direct relationship between damage to the anterior visual pathway 

(especially in the optic nerve) and global brain atrophy in RNMO as shown in MS [34–36], 

resulting from a progressive diffuse brain degenerative process beyond the CNS 

demyelinating component. Although possible, this does not account for our results (directly 

related to ON attacks) because this association has been observed in patients with [34] and 

without previous history of ON events [35]. A recent study also showed that this relationship 

is abolished for GMV in patients with history of ON, remaining only for WMV independent 

of ON attacks [36]. 

On the other hand, the multimodal changes observed were inter-related since they were 

defined by the number of ON attacks. Recent studies demonstrating the lack of cortical 

pathology in NMO [37–39] suggest that GMV changes are secondary to WMV changes, in 

agreement with the noticeable correspondence of WMV changes with adjacent GMV changes 

as shown in Figure 1. GMV changes might be associated to microstructural damage due to 

retrograde axonal degeneration with impact on cortical neurons, not detectable even at 7-Tesla 

MRI as has been recently suggested by Sinnecker and colleagues [38], which is coherent with 

previous fMRI, MT MRI and DT MRI studies showing abnormalities in the NAGM in NMO 

patients [8, 14–16]. GMV changes included the bilateral middle and superior temporal gyri, 

which are both part of the dorsal stream of the visual system devoted to spatial tasks [40]. 

The fact that perfusion decrease in the occipital cortex, including the primary visual area, with 

the increase in ON attack number was not accompanied by local GMV changes indicates that 
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this decrease is also secondary to WMV changes. WMV changes involved tracts directly 

connected with the occipital cortex (e.g. posterior thalamic radiations or optic radiations), 

which suggests that this perfusion decrease is a diaschisis phenomenon as a result of 

anterograde degeneration in connected tracts. 

Thus our study shows for the first time that the increase in ON attack number in patients with 

RNMO, which is directly related with incremental visual disability, decreases regional brain 

tissue volumes and perfusion bilaterally, involving important components of the posterior 

visual system such as the posterior thalamic radiations (WMV), middle/superior temporal gyri 

(GMV) and the primary visual area (perfusion). This is consistent with clinical findings that 

blindness was only present in one out of nine patients with less than three ON attacks, while 

five out of six patients with three or four ON attacks were blind. 

These data fit well with the growing recognition of specific transsynaptic degeneration 

(antero- or retrograde) in the visual system in different neurological conditions directly 

affecting part of the visual pathway [41–45]. It is plausible that ON attacks in RNMO also 

have damaging impact on other parts of the visual system as distant as the primary visual area, 

as has been recently suggested by Pfueller and coworkers in MS patients [44]. Previous DT 

MRI studies in NMO uphold this idea as well [8, 10, 11]. However, transsynaptic 

degeneration would only explain our findings partially bearing in mind that ON-attack related 

changes involved other regions not belonging to the visual pathway. 

Considering the extension of tissue volume changes, they possibly lead also to cognitive 

dysfunction. Recently, it has been reported that NMO patients with cognitive impairment have 

extensive WM atrophy compared to NMO patients without it [12]. We could not assess the 

interaction of the ON-attack related process and cognitive function because none of our 

patients had clinical signs of cognitive dysfunction at the time of evaluation, which not 
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necessarily signifies that cognitive dysfunction was absent in our patients since cognitive 

function was not one of our aims and thus sophisticated cognitive tests were not applied. 

It is noteworthy as well that the decrease of tissue volume with the number of ON attacks 

included regions that are close to periaqueductal areas, which would explain the radiological 

observation that in NMO patients, especially in late stages, standard brain MRI reveals T2-

weighted lesions in these regions [46]. 

Unexpectedly, brain perfusion changes comprised regions where perfusion increases with the 

number of ON attacks, involving an extensive WM area. These changes seem to have a 

different origin from perfusion changes observed in the occipital cortex. They are also 

different to those observed in MS patients (reviewed in [47] and [48]) and could be associated 

to the complex and not yet fully understood pathophysiology of NMO [1]. 

WM perfusion changes could be due to increased perfusion with regard to normal values or 

perfusion restoration starting from lowers than normal values. The fact that group-comparison 

analysis also showed perfusion decrement in the RNMO group compared with the control 

group, in similar WM regions (Figure S1), upholds that patients during the early stages of the 

ON attack-related process have WM hypoperfusion, which eventually decreases in later 

stages. This provides evidence that CNS vasculature is an early target of the disease process, 

which agrees with immunopathological studies [19–21]. 

Early WM hypoperfusion is possibly related to early vascular impairment and the perivascular 

astrocyte destruction observed in NMO [19–21, 49]. Recent evidence supports that these 

processes could be associated to NMO IgG that targets the aquaporin-4 (AQP4) water channel 

protein (reviewed in [2]), which is found in peri-microvessel astrocyte foot processes, glia 

limitans and ependyma [50]. Since we didn’t find association of NMO-IgG status with brain 

perfusion (nor tissue volumes) we can assume three possibilities: 1) our findings are 

independent of NMO-IgG status; 2) the expected effect is weak and to detect it a larger 
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sample size is needed; and 3) all or some of seronegative patients were actually false 

negatives and we could not detect them because of the sensitivity of the assay used [51] or 

NMO-IgG activity is reduced during the stable phase of the disease [52]. Further studies using 

more sensitive and specific second generation techniques may be needed to clarify the 

association between ON attack-related WM perfusion changes and NMO-IgG status. 

However, it is interesting that WM perfusion changes included periventricular areas, as 

illustrated in Figure 2, corresponding to brain regions of high AQP4 expression [50, 53]. 

Even more surprising is the fact that WM perfusion and WMV correlations have opposite 

signs and overlap extensively as shown in Figure 3. It is possible to consider that ON attack-

related WM perfusion increase is an artifact induced by PVE correction, since it implies 

dividing SPECT images by MPRAGE images. We explored this possibility by repeating the 

same correlation analysis using non PVE-corrected SPECT images (where perfusion is 

underestimated due to atrophy) and we found comparable results (data not shown), which 

confirmed that our finding is not a PVE-related artifact. We decided to use PVE-corrected 

images because it improves the sensitivity of the voxel-based analysis approach [54]. Even 

after PVE correction, which removes perfusion underestimation, a direct relationship is 

expected between WMV and WM perfusion changes since both processes have in common 

that they reflect decrease in metabolic activity. However, it seems that additional processes 

take place, enhancing the perfusion/metabolic counterpart of WMV loss. These additional 

processes could be connected with reparative astrogliosis effected by a population of astrocyte 

progenitor cells, as recently observed in NMO lesions, which has not previously been 

described in other demyelinating diseases [49]. 

On the other hand, the fact that ON attack-related changes were not affected by the time 

elapsed from the last attack, suggests that WM hypoperfusion after the initial attack persists 

for some time during the stable phase of the disease. It is conceivable that early WM 
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hypoperfusion might lead to metabolic dysfunction in the WM tissue and be responsible in 

part for cellular damage to astrocytes and gradual demyelination as a result of secondary 

injury to oligodendrocytes, which raises the supposition that it could be important in the 

development of brain structural abnormalities in RNMO, especially in WM. This 

interpretation is in line with the voxel-based DT MRI study of Rueda Lopes and coworkers 

[9], demonstrating that damages in NAWM in NMO were not only related to axonal 

degeneration (axial diffusivity decrease) secondary to lesions in the optic nerves and spinal 

cord, but also to demyelination (radial diffusivity increase) as a result of damage to 

oligodendrocytes, which is corroborated in histopathological studies [19, 55]. 

Taken together, our results point to ON attacks being only the tip of the iceberg and that our 

brain image findings detect an occult subclinical and more extensive part of a subtle 

pathological process that evolves with each new ON attack. This process is not associated to 

disease duration as we didn’t find correlation between this clinical variable and brain tissue 

volumes and perfusion. Disease duration is not related to the number of attacks. ON and 

LETM attacks (in discrete attack or simultaneously) can be separated by weeks to years in 

RNMO [18]. Instead, our findings seem to be associated with early and extensive WM 

hypoperfusion and the subsequent pathological process apparently related to this initial event, 

in which only the ON attacks (and related symptoms) are clinically detectable. 

To better elucidate the role of early WM hypoperfusion as a pathogenetic mechanism in this 

disease, more studies are required. A longitudinal evaluation of RNMO patients with 

confirmed NMO-IgG status (or equivalent animal model) that includes both acute and stable 

phases of the disease and a multimodal neuroimaging approach using advanced MRI and PET 

imaging may be useful for such studies. This would allow tracing the spatial and temporal 

hemodynamic, metabolic, molecular and structural changes behind the attack-related process. 

As far as we know, PET imaging has never been used to investigate NMO. 
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This study has limitations. First, it is based on a small number of patients, although it is 

substantial considering the low incidence of NMO. Still, our main findings seem to be robust 

since RNMO is relatively homogeneous with regard to the clinical feature that the incremental 

visual disability is ON attack-related, independent of geographic regions, ethnic groups or 

other demographic variables. Therefore, similar results should be expected in other 

populations of RNMO patients. Second, in spite of using recently improved techniques for 

spatial segmentation, coregistration and normalization; our results should be interpreted with 

care because we cannot exclude possible caveats associated to the SPM preprocessing step, 

especially for WMV images. Third, perfusion measurement was made in relative units. Yet, 

there are no reasons to presume that absolute perfusion measurement based on MRI or CT 

techniques would find different results. Four, although our data suggest a role for NMO IgG, 

we were not able to associate our main findings to NMO-IgG due to limited sensitivity of the 

assay used to detect seropositivity status. Finally, this study is cross-sectional and should be 

replicated in a longitudinal study including both acute relapse and stable phases of the disease 

in patients with confirmed NMO-IgG status. Considering the uncommonness of NMO, a 

multicenter study would be a more appropriate approach. 

CONCLUSIONS 

By means of voxel-based correlation analysis, our study demonstrates that regional tissue 

volumes (WMV and GMV) and perfusion gradually decrease as the number of ON attacks 

increases in patients with RNMO, involving important components of the visual system. This 

could be of relevance to the comprehension of incremental visual disability during the disease 

course. We also found that perfusion increases with the number of ON attacks in an extensive 

WM area, starting from lowers than normal values; and mostly overlapping the region where 

WMV decreases in association to the ON attack-related process. This provides evidence that 

CNS blood microvessels are early targets of the disease and suggests that early WM 
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hypoperfusion could be important in the development of brain structural abnormalities in 

RNMO. 
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ABSTRACT 

Background: Voxel-based morphometric (VBM) studies in neuromyelitis optica (NMO) have 

shown limited reproducibility. A previous study suggests that the number of optic neuritis 

(ON) attacks may be a confounding factor when comparing NMO patients with controls if it 

is not taken into account during VBM analysis. 

Purpose: To investigate the potential confounding effect of the number of ON attacks, for 

both tissue volumes and perfusion by voxel-based statistical analysis. 

Material and Methods: Volumetric magnetic resonance imaging (MRI) and perfusion SPECT 

were obtained from 15 controls and two patient subgroups: subgroup I was composed of nine 

patients with one or two ON attacks; and subgroup II of six patients with three or four ON 

attacks. We performed non-parametric voxel-based comparison of tissue volumes and 

perfusion between controls versus the two patient subgroups and for the whole patient group. 

Results: Subgroup I presented no volume reductions, contrary to subgroup II that showed 

unequivocal reduction. We also found hypoperfusion in different brain regions in different 

subgroups. The results were quite different for the whole patient group.  

Conclusion: These findings highlight the confounding effect of the number of ON attacks, 

providing a new methodological insight that could explain the limited reproducibility of 

previous VBM studies in NMO. 
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INTRODUCTION 

Neuromyelitis optica (NMO) is a demyelinating disease, clinically characterized by optic 

neuritis (ON) and transverse myelitis attacks with a relapsing course in most patients (1, 2). In 

the past it was considered an uncommon and severe variant of multiple sclerosis (Devic 

disease). The finding that most NMO patients have autoantibodies (NMO-IgG) against the 

water channel aquaporin-4 changed the comprehension of NMO pathogenesis (1–3). 

Recent voxel-based morphometry (VBM) studies have shown limited reproducibility in NMO 

(4–10). This needs to be addressed in order to make VBM more reliable as potential imaging 

biomarker in this complex disease. 

In a previous study we found that the number of ON attacks negatively correlates with 

regional white matter (WMV) and gray matter volumes (GMV) in patients with NMO; while 

negatively correlating with cerebral perfusion in some regions and positively in other regions 

(11). This suggests that the number of ON attacks per patient may be a confounding factor 

when comparing patients with controls if this is not taken into account during the analysis, 

especially if the patient sample includes patients with both smaller and larger number of ON 

attacks. This might also explain a limitation of our previous work that did not substantiate 

differences between patients and controls for regional WMV/GMV after multiple 

comparisons correction (11). Other clinical variables seemingly do not have a similar effect as 

the number of ON attacks in NMO (5, 7, 11). 

Our previous study focused on investigating how regional changes of brain volumes and 

perfusion are associated to the ON attack-related pathological process in NMO. Here our aim 

was to investigate a methodological aspect of VBM in NMO that had not been explicitly 

addressed before, which refers to the potential confounding effect of the number of ON 

attacks suffered by the patients. For this purpose, we performed group-wise comparison of 

regional WMV/GMV and perfusion differences between patients and controls, by assessing 
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these differences in two subgroups of patients grouped according to the number of ON attacks 

and for the whole patient group. 

METHODS  

Subjects 

The enrollment, diagnostic, and exclusion criteria as well as the demographic and clinical 

characteristics of the sample of 15 NMO patients have been described previously in detail 

(11). Briefly, all patients fulfilled revised diagnostic criteria for NMO (12) and were in stable 

phase (no acute relapse at least 4 months prior to the study). 

The sample of patients was divided into two subgroups using the median of the variable 

number of ON attacks (n= 2). Thus, subgroup I consisted of nine patients with one or two ON 

attacks (8 women, 1 man; mean age, 41.7 ± 8.4 years; median age, 41 years; age range, 25–50 

years); and subgroup II consisted of six patients with three or four ON attacks (5 women, 1 

man; mean age, 39.2 ± 13.8 years; median age, 42 years; age range, 17–56 years). Disease 

duration was similar in both subgroups (subgroup I: mean duration, 7.9 ± 4.2 years; median 

duration, 8 years; range, 2–14 years; subgroup II: mean duration, 10.1 ± 5.4 years; median 

duration, 8.5 years; range, 5–17 years). 

The control group has also been also described previously (11). Briefly, it was composed of 

15 healthy volunteers (13 women, 2 men; mean age, 46.6 ± 12.5 years; median age, 49 years; 

age range, 20–58 years). Although the mean age of the control group was higher than the 

mean ages of both NMO subgroups, the difference was not statistically significant (P= 0.1712, 

Kruskal-Wallis test). 

All subjects gave written informed consent. The study was approved by the Ethics Committee 

of the Center for Neurological Restoration of Havana. 
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Image data and analysis 

Acquisitions and preprocessing of volumetric magnetic resonance imaging (MRI) (T1-

weighted [T1W]) and 99mTc-ECD SPECT imaging, corrected for partial volume effect, from 

patients and controls have been described previously in detail (11). MRI was performed with 

a 1.5 Tesla Symphony scanner (Siemens, Erlangen, Germany); while SPECT was carried out 

using a double-head gamma camera (DST Xli, Sopha Medical Vision, Buc, France) equipped 

with ultrahigh-resolution fan-beam collimators. 

No T1-visible lesions could be identified on brain MRI for any of the patients. However, five 

patients had minor non-specific T2/FLAIR-visible lesions. As described in our previous 

study, before the preprocessing step, a lesion mask from manually segmented lesions visible 

on T2-weighted (T2W) images was created for these five patients (11). The co-registered 

lesion mask was used to zero out respective areas in the patients’ volumetric T1W images, in 

order to reduce the influence of these lesions during segmentation and normalization 

procedures. These lesion areas were not incorporated into statistical analyses since they were 

few and small. Although these predominated in patient subgroup II, they were localized in 

different brain regions in each patient, which precluded potential bias towards patients with 

lesions for VBM analyses, considering also that we controlled for total intracranial volume. 

For this study, non-parametric voxel-based comparison between the control group and each 

patient subgroup was performed for each image modality using the SnPM5 toolbox 

(http://www.sph.umich.edu/ni-stat/SnPM). 

Suprathreshold cluster size tests (pseudo T- tests) were performed based upon 10,000 random 

permutations to compare patient subgroup I with the control group; while 54,264 random 

permutations (maximum of permutations) were used for patient subgroup II. 
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Multiple comparisons corrected P values were obtained for each suprathreshold cluster in the 

observed statistical image by comparing their size to the permutation distribution (13, 14). 

These tests were performed to map WMV/GMV and perfusion values in each patient 

subgroup, which were either incremented or decremented compared to the control group. The 

theta parameter was set to 0.5, which corresponds to equally weighted statistics (equally 

sensitive to high intensity peaks and large clusters) (14). 

Age and sex were included as standard nuisance covariates for perfusion, and total intracranial 

volume as an additional nuisance for the WMV/GMV analysis. A variance smoothing of 

12mm was used. We collected suprathreshold clusters using a primary threshold T= 2.3. 

To allow comparison with previous VBM studies, we also used statistical parametric mapping 

(SPM8) to perform a group wise-comparison for the whole patient group and for each 

imaging modality. Unlike our previous study, where false positives were controlled, here 

statistical maps were thresholded at an uncorrected P=0.005 and minimum cluster size= 30 

voxels. These values are comparable to what was used in three previous VBM studies (1, 5, 

9). The SnPM analysis described above was also applied to the whole patient group. 

Anatomical regions were determined with a brain atlas that comprises deep WM (DWM), 

superficially located WM (SWM), cortical GM, subcortical GM, and other brain labels (15). 

The most significant voxels were reported in MNI coordinates, with P values corrected for 

multiple comparisons by family-wise error (FWE). 
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RESULTS 

No significant differences were found between patient subgroup I and the control group for 

WMV and GMV. On the contrary, significant regional decrements of WMV and GMV were 

found in patient subgroup II (Fig.1 a and Supplemental Table 1). WMV decrement was 

observed in one extensive cluster that comprised DWM and SWM bilateral regions. The most 

significant voxel was found at the left angular gyrus (SWM) (MNI: x, y, z= -36, -58, 36; PFWE 

= 0.047, pseudo-T = 3.93); while GMV decrement was found in one cluster that comprised 

frontal and anterior cingulate bilateral regions but mostly in the right side. The most 

significant voxel was found at the right anterior cingulate (MNI: x, y, z= 2, 33, -12; PFWE = 

0.05, pseudo-T = 4.52, Brodmann area (BA) 11).  

On the other hand, no significant differences were found between the whole group and the 

control group for GMV (uncorrected p= 0.005). Unlike GMV, significant differences were 

found for WMV (Fig.1 b). WMV reductions were observed in few and small regions 

comprising the fornix, posterior thalamic radiation and supramarginal region (SWM) 

bilaterally. Significant reductions were also found in small SWM regions in the frontal, 

temporal and occipital lobes on the right side. The most significant voxel was found at the 

right cerebral peduncle (MNI: x, y, z= 20, -20, -11; PFWE = 0.89, T = 3.19). Similar results 

were found for SnPM analysis.   
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Fig. 1. NMO patient samples versus control group for brain tissue volumes. (a) Pseudo T-

maps showing reductions of white matter volume (in blue) and gray matter volume (in red) in 

patient subgroup II as compared with the control group. In patient subgroup I no significant 

differences were found for tissue volumes. Corrected P values in the observed pseudo T-maps 

were obtained by comparing their size to the permutation distribution, using statistical non-

parametric mapping. (b) White matter volume reduction in whole sample of patients 

compared with the control group. Unlike patient subgroup II, it can see in Fig. 1b that in the 

whole patient group few and small regions show white matter volume reduction. The results 

are overlaid on selected slices of MNI 152 T1 template. 
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Supplemental table 1. Brain regions with white and grey matter volume decrements in 

the patient subgroup II compared to healthy controls.        

P No. of voxels Brain regions 

0.018 60537 Bilateral DWM: superior longitudinal fasciculus; superior and 

inferior fronto-occipital fasciculus; posterior thalamic radiation; 

anterior, posterior and superior corona radiata; cingulum (cingulated 

gyrus); cingulum (hippocampus);  fornix(cres) stria terminalis; 

sagittal stratum; external capsule; anterior limb, and  retrolenticular 

part of internal capsule; genu, body  and splenium of corpus 

callosum; tapatum; and cerebral peduncle. Right DWM: posterior 

limb of internal capsule. Bilateral SWM: superior parietal; 

postcentral; angular; supramarginal; cingulum; precuneus; cuneus; 

lingual, fusiform, superior, middle and inferior occipital; superior, 

middle and inferior temporal; precentral; superior, middle and 

inferior frontal; and lateral fronto-orbital.   

0.039 9170 Bilateral GM: cingulate; superior frontal and rectus gyri. Right 

GM: middle and inferior frontal gyri; lateral and middle fronto-

orbital gyri; and insular.  

P, P value corrected for multiple comparisons at cluster level; DWM, deep white matter; 

SWM, superficially located white matter; and GM, grey matter.  
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Unlike WMV and GMV, patient subgroup I showed a significant hypoperfusion in one 

extensive cluster, mainly involving an extensive WM area (Fig. 2 a and Supplemental Table 

2). Although the cluster was mainly located on WM, it also comprised adjacent GM areas, 

including the mesial region of the temporal lobe and the thalamus on the right hemisphere. 

The most significant voxel was found at the right sagittal stratum (MNI: x, y, z= 41, -39, -5; 

PFWE = 0.004, pseudo-T = 5.80). 

Unlike patient subgroup I, patient subgroup II showed significant hypoperfusion in one 

cluster, mainly located in the occipital cortex bilaterally, including the primary visual area; 

and infero-mesial temporal region and the cerebellum on the right side (Fig. 2 b and 

Supplemental Table 3). The most significant voxel was found at the right cuneus (MNI: x, y, 

z= 2, -82, 9; PFWE = 0.001, pseudo-T = 6.66, BA 17).    

Significant differences were also found between the whole patient group and the control group 

at uncorrected p= 0.005 (Fig. 2 c). Perfusion reductions were mainly in an extensive WM area 

and occipital cortex bilaterally. The most significant voxel was found at the right fusiform 

region (SWM) (MNI: x, y, z= 23, -76, -2; PFWE = 0.004, T = 6.83). It can be seen in Fig.2 c 

that when analyzing the entire sample, the two effects showing in Fig. 2 a and b appear 

together on the same map of hypoperfusion. Similar results were found for SnPM analysis. 
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Fig. 2. NMO patient samples versus control group for brain perfusion. Pseudo T-maps 

showing perfusion reduction in patient subgroup I (a) and in patient subgroup II (b). Corrected 

P values in the observed pseudo T-maps were obtained by comparing their size to the 

permutation distribution, using statistical non-parametric mapping. (c) Perfusion reduction in 

the whole patient group. Fig. 2c shows that the two effects in Fig. 2a and b appear together 

when analyzing the whole patient group. The results are overlaid on selected slices of MNI 

152 T1 template. 
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Supplemental table 2. Brain regions with perfusion decrement in the patient subgroup I 

compared to healthy controls.        

P No. of voxels Brain regions 

5x10
-4

 56595 Bilateral DWM: superior longitudinal fasciculus; superior 

fronto-occipital fasciculus; posterior thalamic radiation; anterior, 

posterior and superior corona radiata; cingulum (cingulated 

gyrus); fornix(cres) stria terminalis; sagittal stratum; external 

capsule; anterior limb, posterior limb and  retrolenticular part of 

internal capsule; genu, body  and splenium of corpus callosum; 

tapatum; cerebral peduncle; substancia nigra and midbrain.  

Bilateral SWM: superior parietal; postcentral; angular; 

supramarginal; cingulum; precuneus; cuneus; lingual; superior 

and middle occipital; superior and middle temporal; precentral; 

superior, middle and inferior frontal; and lateral fronto-orbital. 

Right SWM: fusiform; inferior occipital and inferior temporal. 

Left SWM: rectus. Bilateral GM: cingulate gyrus. Right GM: 

lingual, fusiform and parahippocampal gyri; superior and middle 

temporal gyri; insular; hippocampus; and thalamus.    

P, P value corrected for multiple comparisons at cluster level; DWM, deep white matter; 

SWM, superficially located white matter; and GM, grey matter.    
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 Supplemental table 3. Brain regions with perfusion decrement in the patient subgroup 

II compared to healthy controls.        

P No. of voxels Brain regions 

0.01 13938 Bilateral GM: superior and middle occipital gyri; precuneus, cuneus 

and lingual gyri; Right GM: cingulate, fusiform, parahippacampal, 

inferior temporal and inferior occipital gyri; and cerebellum. 

Bilateral SWM: superior and middle occipital; cuneus and lingual. 

Right SWM: fusiform; inferior temporal; and inferior occipital. 

Right DWM: posterior thalamic radiation and sagittal stratum.   

P, P value corrected for multiple comparisons at cluster level; GM, grey matter; SWM, 

superficially located white matter; and DWM, deep white matter.  

 

DISCUSSION 

In this study we demonstrated: (i) that the patient subgroup with one or two ON attacks shows 

no decrease of regional WMV/GMV as compared with controls; (ii) that in contrast, the 

patient subgroup with more than two ON attacks showed unequivocal reductions, especially 

extensive in WMV; (iii) that in the whole group of patients few and small regions showed 

WMV reduction; and (iv) that hypoperfusion was present in different brain regions in 

different subgroups, while both appear when analyzing the whole group. This shows that the 

number of attacks ON attacks per patient in each group significantly influences the results, 

which highlights its confounder effect when comparing patients with controls, for both tissue 

volumes and perfusion by voxel-based statistical analysis. This provides a new 

methodological insight that could explain the limited reproducibility of previous VBM studies 

in NMO and could be useful for future studies. 
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The non-parametric voxel-based method used to substantiate our main findings is robust in 

the presence of outliers and increased noise, and for detecting small differences in small 

samples (13, 14). This approach appropriately solves the multiple comparisons problem by a 

non-parametric randomization and permutation test. 

In previous VBM studies, where the number of ON attacks per patient was not controlled, few 

and small brain regions showed WMV reduction in patients as compared with controls (4, 5, 

7), or showed no reduction (8). Moreover, studies with positive findings showed quite 

different patterns of regional WMV reduction (4–7). Nevertheless, some common regions 

could be identified, such as the posterior thalamic radiation in two studies (4, 5), and parietal 

WM in two other studies (6, 7). We obtained comparable results in the whole patient group as 

shown in 

Fig. 1b (e.g. posterior thalamic radiation and parietal WM), using uncorrected P values similar 

to those used in previous studies (4, 5). 

On the other hand, except one, all of the studies mentioned above also analyzed regional 

GMV (4–6, 8). One of these studies showed no reduction of GMV (6), which is similar to our 

findings in the whole patient group, even using uncorrected P values. Two other studies 

analyzed only GMV, with positive findings (9, 10). Like our preceding comments on WMV 

results, studies with positive findings showed different pattern of regional GMV reduction 

(4,5,8–10), in four of them without correction for multiple comparisons (4,5,8,9). However, 

GMV reduction of the prefrontal cortex was a common finding in these studies. This was also 

detected in the present study but only in the patient subgroup with the larger number of ON 

attacks (Fig. 1a). 

Previous VBM studies in NMO showed limited reproducibility. Although we cannot exclude 

other explanations, the results presented here suggest that one important reason for this could 

be that the number of ON attacks per patient was not controlled during analyses. 



235 
 

235 
 

On the other hand, a supplementary analysis performed in our previous study has found 

decreased perfusion in the NMO patient group as compared to controls, including brain 

regions that showed both positive and negative correlation with the number of ON attacks, but 

by using a lenient control for false positives (11). The results of the present study clearly show 

that patients in initial stages of the ON attack-related process have extensive WM 

hypoperfusion 

(Fig. 2a). In contrast, in more advanced stages (more attacks) patients have nearly no WM 

hypoperfusion, but show bilateral hypoperfusion in the occipital cortex (Fig. 2b). Fig. 2c 

illustrates that by analyzing the patient group as a whole, the two effects appear together on 

the hypoperfusion map, which is confusing, because it was not considered that, with 

increasing ON attacks, perfusion changes are opposite in different brain regions. Thus, our 

results indicate that the number of ON attacks per patient should be taken into account for 

analysis in future studies of cerebral perfusion in NMO. 

The sample of patients is the same of our previous article, because of the long time needed to 

have a larger well characterized sample in our setting. NMO has a very low 

prevalence/incidence in Cuba (16). Havana has an incidence of one case per year 

approximately, often difficult to differentiate from MS at the onset. Even so, this sample 

served for the aim of the present study that was focused on a new and distinct issue. It is also 

justified because our findings with the whole patient sample, using uncorrected P values, were 

comparable to those obtained in other similar and larger patient samples in recently published 

VBM studies in NMO (4, 5, 7). Furthermore, this suggests that sample size is relatively less 

important than the effect of the number of ON attacks. 

Although the results of the present study could be inferred from our previous correlation 

analysis in NMO patients, the confounding effect of the number of ON attacks is now clearly 
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shown by using group-wise comparison of controls and patient subgroups. This gives a new 

methodological insight for VBM in NMO that was not verified in our preceding study.  

Finally, other clinical variables seemingly do not have a similar effect as ON attacks in NMO. 

Several of the studies mentioned before did not find correlation between WMV and the 

Expanded Disability Status Scale (5, 7), NMO-IgG status (5, 11), the number of myelitis 

attacks and/or total attacks (11). One study found an association between disease duration and 

GMV (4); although other studies found no association with GMV (11) and WMV (5, 7, 11). 

Another study found more extensive WMV reduction in patients with cognitive impairment as 

compared to patients without impairment (6); while still another study failed to find such 

differences for global WMV (17).  

Other recent studies have also failed to find associations between brain tissue volumes and 

other clinical characteristics in NMO (18, 19). The reason for this apparent peculiarity of ON 

attacks remains unclear. However, it is possible that ON attacks (and related symptoms) are 

only part (clinically detectable) of a more complex pathological process of this not fully 

understood disease. More studies are needed to clarify this issue further. 

Our analysis has limitations. First, the patient grouping was arbitrary and the applied 

threshold has influence on the outcome. However, this grouping allowed comparison of 

controls with patient samples where the distribution of number of ON attacks per patient was 

different in each sample. Yet, more studies in other and larger populations of NMO patients 

are necessary to clarify our findings further, including the use of other thresholds for grouping 

patients according to the number of ON attacks. Second, our results should be taken with 

caution since we cannot exclude imprecisions related to the spatial segmentation step, 

particularly for WMV images using a 1.5 T scanner. This could be improved by a 3.0 T 

machine (20–22). Automated spatial segmentation procedures may perform better in this case, 

especially close to tissue borders. Nevertheless, for this particular problem a 1.5 T machine 
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also seems adequate. One of the studies discussed above was carried out by 3.0 T scanner and 

showed WMV reduction in few and small regions (4) similar to two other studies using a 1.5T 

machine (5, 7). 

In conclusion, this study supports that the number of ON attacks per patient is a potential 

confounder when comparing NMO patients with controls, for both tissue volumes and 

perfusion by voxel-based statistical analysis, and calls for attention in future studies. 
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Chapter 7. Summary   

The still limited knowledge of complex neurological disorders permanently stimulates 

scientific research for which various neuroimaging technologies are employed. Among these 

technologies, PET and SPECT play an important role. Two examples that clearly show the 

complexity of neurological disorders are Alzheimer's disease (AD), particularly in the stage 

preceding dementia also termed as mild cognitive impairment (MCI), and relapsing 

neuromyelitis Optica (NMO). Among the relevant questions without conclusive answers in 

these diseases, alterations in brain perfusion occupy a special place.  

The aim of this thesis was to demonstrate that brain perfusion SPECT can help to clarify 

important questions regarding the prodromal MCI stage of AD and relapsing NMO. This is 

not only pertinent considering our limited understanding of these neurological diseases but 

also because brain perfusion SPECT is a low cost and worldwide accessible technology.   

In Chapter 1, a general introduction of brain perfusion SPECT, including a novel image 

analysis based on graph theory, is provided. MCI and relapsing NMO are also briefly 

described in this chapter as well as relevant questions related to brain perfusion in these 

diseases. Chapters 2 to 4 focus on MCI research questions, while chapters 5 and 6 on those 

related to relapsing NMO. Finally, chapter 7 presents the concluding remarks and future 

research directions. In what follows, the main findings presented in this thesis are 

summarized.  

In Chapter 2, the role of brain perfusion SPECT in the prediction of AD dementia in MCI 

patients as compared to FDG-PET was reviewed. The review showed that current evidence 

and guidelines support the use of brain perfusion SPECT in both clinical and research settings 

as a valid biomarker of neuronal injury in MCI due to AD, equivalent to FDG-PET but less 

expensive and more accessible worldwide. The first part of this chapter also provided a state-
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of-the-art review of the role of FDG-PET in the prediction of AD dementia in MCI patients, 

with a particular focus on the predictive power of FDG-PET as compared to structural MRI.   

In Chapter 3, another relevant question was investigated relating to cerebrovascular reactivity 

(CVR) in patients with MCI. CVR is also known as the cerebrovascular reserve and describes 

the ability of cerebrovascular structures to increase cerebral blood flow (CBF) above a basal 

condition in response to a vasodilatory challenge. Although there is increasing evidence that 

patients with AD dementia have decreased CVR, this is less clear in patients during the 

prodromal MCI stage. This question is important in AD research because it could have 

implications for early diagnosis and treatment. Previous unclear findings may partly be 

explained since current standard analysis may not reflect subtle (early) abnormalities of CVR. 

Furthermore, considering the complexity of the cerebral microvasculature network the 

standard analysis of CVR might not reflect subtle network-related alterations since it relies on 

the analysis of individual regions (or the whole brain) rather than on the interaction between 

them (i.e. connectivity). Recently, graph theoretical analysis of correlation networks based on 

FDG-PET and structural MRI data has shown its potential to reveal subtle network-related 

pathological processes in MCI. The same method can also be applied to brain perfusion 

SPECT data of MCI patients. Hence, using graph theoretical analysis, this chapter 

investigated vasodilatory-induced changes in the topology of the CBF correlation (CBFcorr) 

network to study possible network-related CVR abnormalities in MCI. For this purpose, four 

CBFcorr networks were constructed: two using brain perfusion SPECT data at baseline and 

under the vasodilatory challenge of acetazolamide (ACZ), obtained from a group of 26 MCI 

patients; and two equivalent networks from a group of 26 matched cognitively normal 

controls. The results showed that the control and MCI group networks display different 

patterns of topological ACZ-induced changes, especially at the global level. In addition, the 

observed regional differences included the medial prefrontal cortices and inferior parietal 
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lobe, which represent areas involved in MCI's cognitive dysfunction. In contrast, no 

substantial differences were detected by standard CVR analysis. These results suggest that 

graph theoretical analysis of ACZ-induced changes in the topology of the CBFcorr networks 

allows the identification of subtle network-related CVR alterations in MCI, which couldn't be 

detected by the standard approach.   

On the other hand, in the context of brain perfusion SPECT, connectivity is a concept 

grounded in group-based correlation networks (as FDG-PET and structural MRI). Therefore, 

topological metrics derived from the CBFcorr network cannot be used to support diagnosis and 

prognosis individually. However, recently, methods to extract the individual patient 

contribution to metrics of group-based correlation networks were developed although not yet 

applied to MCI patients. In order to address this question, Chapter 4 investigated whether the 

episodic memory of amnestic MCI patients correlates with the individual patient contributions 

to topological metrics of the CBFcorr network. To enable this analysis, we first compared 

topological metrics of the CBFcorr network corresponding to 24 amnestic MCI patients with 

those of a network of 26 cognitively healthy controls. Since the methodology applied for 

extracting the individual patient contribution is based on global network metrics, the analysis 

was restricted to such metrics. In particular, the global network modularity was examined as it 

has recently been demonstrated that it is more sensitive to the effects of the AD process as 

compared to other used metrics. The global and the mean local efficiencies, which are 

typically used as metrics of network integration and segregation, respectively, were also 

analyzed. As a secondary aim, changes in the metrics corresponding to the MCI group 

network after one-year follow-up were also explored, including the association between the 

individual patient contributions and the global cognitive function as measured by Mini-Mental 

State Examination (MMSE). The results showed that the global network modularity increased 

while the global efficiency decreased, both at baseline and at follow-up, in the MCI group 
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network as compared to the control group network. Most importantly, it was found that 

episodic memory inversely correlates with the patient contribution to global network 

modularity at baseline. Moreover, similar to episodic memory at baseline, the MMSE at 

follow-up showed a negative correlation with the individual patient contribution to the global 

network modularity. Thus, these findings highlight the potential of this methodology to 

develop a CBF connectivity-based biomarker at the individual level since episodic memory 

decline is the hallmark and major symptom of MCI patients that progress to dementia.   

In summary, Chapters 3 and 4 show that brain perfusion SPECT combined with graph 

theoretical analysis is feasible and useful for investigating problems of complex neurological 

diseases, such as the CVR alterations in MCI, as well as for clinical use from the perspective 

of the brain connectivity.  

Regarding the other main topic of this thesis, previous neuroimaging studies have shown that 

structural brain abnormalities in NMO are more frequent than earlier described. Still, more 

research considering multiple aspects of NMO is necessary to better understand these 

abnormalities. A clinical feature of relapsing NMO (which is the most common form of the 

disease) is that the incremental disability is attack-related. Therefore, an association between 

the attack-related process and neuroimaging might be expected. In addition, the 

immunopathological analysis of NMO lesions has suggested that CNS microvasculature could 

be an early disease target, which could alter brain perfusion. Brain tissue volume changes 

accompanying perfusion alteration could also be expected throughout the attack-related 

process. Hence, the aim of Chapter 5 was to investigate in relapsing NMO patients, the 

assumed associations between regional brain white (WMV) and grey matter volumes (GMV) 

and/or perfusion on one side, and the number of optic neuritis (ON) attacks, myelitis attacks 

and/or total attacks on the other side. Because disease duration and NMO-IgG serological 

status could also be related to brain structural and functional changes, possible associations of 
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these two clinical variables with regional brain tissue volumes and perfusion were evaluated 

as well. For this purpose, high-resolution structural MRI (T1-weighted) and brain perfusion 

SPECT images were obtained in 15 relapsing NMO patients that were in the stable phase of 

the disease. The data were then analyzed using voxel-based correlation analysis as 

implemented in the statistical parametric mapping (SPM8) toolbox. The results showed that 

among analyzed covariates of interest, only the number of ON attacks showed significant 

correlation with regional brain tissue volumes (WMV and GMV) and perfusion. On the one 

hand, negative regional correlations of WMV, GMV, and perfusion with the number of ON 

attacks, involving important components of the visual system, were found, which could be 

relevant for the comprehension of incremental visual disability in relapsing NMO; and on the 

other hand, a positive regional correlation of perfusion with the number of ON attacks, 

starting from lower than normal values, and mostly overlapping the brain area where the 

WMV showed a negative correlation was also found. This provides evidence that brain 

microvasculature is an early disease target and suggests that perfusion alteration could be 

important in the development of brain structural abnormalities in relapsing NMO.    

As established in Chapter 5, the number of ON attacks negatively correlates with regional 

WMV and GMV in patients with relapsing NMO; while negatively correlating with brain 

perfusion in some regions and positively in other regions. This suggested that the number of 

ON attacks per patient may be a confounding factor when comparing patients with controls 

and should thus be taken into account during voxel-based analysis, especially if the patient 

sample includes patients with both smaller and larger numbers of ON attacks. Therefore, in 

Chapter 6 a voxel-based analysis was performed, which included the potential confounding 

effect of the number of ON attacks suffered by the patients. For this purpose, a group-wise 

comparison of regional WMV/GMV and perfusion differences between patients and controls 

was performed, by assessing these differences in two subgroups of patients grouped according 
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to the number of ON attacks and for the whole patient group. The subgroup I was composed 

of nine patients with one or two ON attacks; and the subgroup II consisting of six patients 

with three or four ON attacks. A non-parametric voxel-based analysis was used considering 

the size of sample subgroups. The results showed that subgroup I presented no volume 

reductions, contrary to subgroup II that showed an unequivocal reduction, especially extensive 

in WMV. We also found hypoperfusion in different brain regions in different subgroups. The 

results were quite different for the whole patient group. Thus, this study highlights that the 

number of ON attacks per patient in each group significantly influences the results, which 

indicates that this clinical variable is a potential confounder when comparing releasing NMO 

patients with controls, for both tissue volumes and perfusion by voxel-based statistical 

analysis, and calls for attention in future studies.  

In summary, chapters 5 and 6, using brain perfusion SPECT combined with voxel-based 

analysis, provide for the first time evidence that brain microvasculature is an early disease 

target in relapsing NMO and suggest that perfusion alterations could be important in the 

development of brain structural abnormalities in this disease. Moreover, Chapter 6 provides a 

new methodological insight that could be useful for future clinical neuroimaging studies, 

including brain perfusion SPECT, in relapsing NMO.  

In conclusion, the findings presented in this thesis show that brain perfusion SPECT can help 

to clarify important questions regarding the prodromal MCI stage of AD and relapsing NMO, 

which could have significant clinical implications and, therefore, the potential for practical 

applicability.   
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Chapter 8. Concluding Remarks and Future Research Directions  

The goal of this thesis was to demonstrate that brain perfusion SPECT can help to clarify 

important issues regarding the prodromal MCI stage of AD and relapsing NMO. Specifically, 

this thesis shows:  

1. That based on recently published literature, brain perfusion SPECT is a valid biomarker of 

neuronal injury in MCI due to AD in both clinical and research settings, equivalent to 

FDG-PET but less expensive and more accessible worldwide (Chapter 2).  

2. That brain perfusion SPECT combined with graph theoretical analysis can reveal subtle 

(early) network-related cerebrovascular reactivity (CVR) alterations in MCI, which are not 

detected by the current standard analysis (Chapter 3). The alterations found involve brain 

regions directly related to cognitive dysfunction in MCI, which could have significant 

implications for early diagnosis and treatment of AD.   

3. That graph theoretical analysis of brain perfusion SPECT data of amnestic MCI patients 

shows an inverse association between the episodic memory and the patient contribution to 

the global modularity of the CBF correlation network (Chapter 4). This finding highlights 

the potential of graph theoretical analysis to develop a CBF connectivity-based biomarker 

for MCI at the individual level, since episodic memory decline is the hallmark and major 

symptom of MCI patients that progress to dementia.   

4. That in MCI, as compared to controls, the global modularity of the CBF correlation 

network is increased while the global efficiency is decreased, both at baseline and after 

one-year follow-up (Chapter 4). However, no significant changes in the MCI group 

network at baseline, as compared with one-year follow-up, are found which suggest that 

one year may not be enough to properly address the temporal evolution of the CBF 

correlation network in MCI.  
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5. That the MMSE of amnestic MCI patients, similar to episodic memory, also shows an 

inverse association with the patient contribution to the global modularity of the CBF 

correlation network but only at one-year follow-up (Chapter 4). These findings support that 

the global modularity could be associated with alterations in other cognitive domains that 

become relevant to the patient as the disease progresses since the MMSE reflects cognitive 

function globally (not only episodic memory impairment).  

6. That voxel-based analyses of brain perfusion SPECT and structural MRI data identify 

changes in brain perfusion and structure behind the ON attack-related process in relapsing 

NMO (Chapter 5), which could be relevant for the comprehension of incremental visual 

disability in this disease. Furthermore, these findings provide evidence that brain 

microvasculature is an early disease target and suggests that brain perfusion alteration 

could be important in the development of brain structural abnormalities in relapsing NMO.    

7. That the number of ON attacks per patient is a potential confounder when comparing 

relapsing NMO patients with controls using voxel-based statistical analysis of both brain 

perfusion and tissue volumes (Chapter 6). This finding provides a new methodological 

insight that could be useful for future clinical neuroimaging studies, including brain 

perfusion SPECT, in relapsing NMO.  
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On the basis of the findings presented in this thesis, the following possible future research 

directions are recommended in the addressed topics.   

Future research directions based on the findings of Chapter 2. Further cost-effectiveness 

analyses are necessary to compare brain perfusion SPECT and FDG-PET with structural and 

advanced MRI and other neuronal injury biomarkers in MCI due to AD for both clinical and 

research application.   

Future research directions based on the findings of Chapter 3. First, to further clarify some 

results at the regional level, it may be necessary to increase the number of subjects and/or to 

use a more potent vasodilatory challenge in future studies. Second, although the individual 

patient analysis was addressed in Chapter 4, it was only performed at the basal condition (i.e. 

no vasodilatory challenge was used). Therefore, future studies should be based on the 

individual level in order to examine the association between network-related CVR alterations 

and clinical cognitive data. In fact, the study presented in Chapter 4 was the first step in this 

direction to establish the validity of the methodology used in a simpler case such as the basal 

condition. Third, longitudinal studies are needed to investigate the temporal evolution of the 

CBF correlation network along the continuum from normal aging to AD dementia. This issue 

was also addressed in Chapter 4 but again, only for the MCI group network and didn’t include 

the vasodilatory challenge. Actually, only 65 percent of MCI patients studied in Chapter 3 

(CVR study) had a follow-up SPECT scan. Four, possible artificial negative correlations due 

to the inclusion of the global CBF as a confounding variable (during the construction of the 

CBF correlation network) should be investigated in future studies.  
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Future research directions based on the findings of Chapter 4. First, the next step in 

developing a CBF connectivity-based biomarker at the individual level in MCI must take 

place through methods based on regional network metrics rather than global metrics. The 

brain network underlying the episodic memory involves specific brain regions rather than the 

entire brain. Second, the temporal evolution of the CBF correlation network in MCI (at the 

basal condition or together with the vasodilatory challenge) should be addressed in longer 

longitudinal studies. Third, in future follow-up studies, other cognitive domains should be 

evaluated as well (not only episodic memory), especially in patients with more advanced 

stages of AD. Four, although most of our MCI patients could evolve to AD dementia, with an 

intermediate level of certainty according to the latest diagnostic criteria for MCI due to AD 

[1] (see also supplementary data presented in Chapter 3), we cannot exclude the possibility 

that some of our MCI patients evolve to another type of degenerative dementia as MCI is a 

complex heterogeneous condition. Therefore, some of the suggested explanations need further 

validation in MCI patients with confirmed AD pathology.   

Future research directions based on the findings of Chapter 5. First, future studies using more 

sensitive NMO-IgG assays (second generation) are needed to clarify the association between 

white matter perfusion changes (ON attack-related) and NMO-IgG status. Second, our main 

findings should be replicated in longitudinal studies, including both acute relapse and stable 

phases of the disease in NMO subjects with confirmed NMO-IgG positive status. Considering 

the uncommonness of NMO, a multicenter study would be the most appropriate approach.   

Future research directions based on the findings of Chapter 6. More studies in other and larger 

populations of relapsing NMO patients are necessary to further clarify the confounding effect 

of the number of ON attacks per patient, including the use of other thresholds for grouping 

patients according to the number of ON attacks.   
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As a final remark, other brain perfusion neuroimaging technologies can be used to study the 

same neurological disorders addressed in this thesis, which include PET (using various 

tracers), Xenon enhanced CT, dynamic perfusion CT, MRI dynamic susceptibility contrast, 

arterial spin labeling, and Doppler ultrasound. Nevertheless, each of these technologies have 

advantages and disadvantages [2].  

The major disadvantage of brain perfusion SPECT is its lower spatial resolution as compared 

to PET, CT, and MRI-based technologies. SPECT spatial resolution, however, seems to 

become substantially improved. In 2015, a new SPECT system (G-SPECT) was presented at 

the World Molecular Imaging Congress that allows for less than 3 mm spatial resolution (an 

improvement of about 3 folds, compared to the standard SPECT), with a low dose and fast 

imaging, comparable to the modern PET technology 

(https://www.itnonline.com/content/breakthrough-spect-technology-wins-commercial-

innovation-year-wmic-2015). This new SPECT system was awarded as the innovation of the 

year by the World Molecular Imaging Society. Basically, this new SPECT machine is a 

translation of micro-SPECT technology into a clinical instrument.  

Moreover, the recent novel iterative algorithms for image reconstruction and methodologies to 

correct physical problems affecting SPECT significantly improved image quality and promise 

a great impact of this technology [3, 4]. Not less important are the new approaches to extract 

relevant information from the brain perfusion SPECT images, such as applying the graph 

theoretical analysis to study brain connectivity (e.g. Chapters 3 and 4). All these advances 

could positively impact the role of brain perfusion SPECT in neurological disease research, 

particularly, in further investigations of the vascular component of the pathophysiological 

complexities of MCI and relapsing NMO.    

Furthermore, in the broader context of neurosciences, the current trend is the integration of 

data from multiple non-redundant neuroimaging modalities facilitates the investigation of 
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complex pathological processes where the interaction between function and structure of the 

brain is key to better understand these processes [6]. Although more research should be done, 

an example of this integration is the study presented in Chapter 5. This integrative principle is 

potentially applicable to any method of image analysis, including network-based analyses 

such as the graph theoretical analysis of the CBF correlation network presented in Chapters 3 

and 4. For example, it would be interesting to study the interaction (and integration) of the 

CBF correlation network with structural brain connectivity based on diffusion tensor imaging 

data in the same MCI patients.   

As indicated in the introduction of this thesis, the ultimate goal of these efforts is to 

substantially improve the diagnostic accuracy and medical care of patients, especially in the 

early stages of disease where there may be more possibilities to stop or slow down the 

pathological processes.   

In conclusion, the findings presented in this thesis show that brain perfusion SPECT can help 

to clarify important questions regarding the prodromal MCI stage of AD and relapsing NMO, 

which could have significant clinical implications and, therefore, the potential for practical 

applicability. Moreover, our findings warrant further research in these two complex diseases 

where recent advances in SPECT technology could also have a positive impact.    
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Chapter 9. Nederlandse Sammenvatting 

De nog beperkte kennis van complexe neurologische stoornissen stimuleert permanent 

wetenschappelijk onderzoek, waarvoor diverse neurobeeldvorming technologieën worden 

gebruikt. Onder deze technologieën spelen PET en SPECT een belangrijke rol. Twee 

voorbeelden die de complexiteit van neurologische aandoeningen duidelijk tonen zijn de 

ziekte van Alzheimer (AD), met name in het stadium voorafgaand aan dementie “Mild 

Cognitive Impairment” (MCI) genoemd, en recidiverende  Neuromyelitis Optica (NMO). Bij 

de relevante vragen zonder duidelijke antwoorden bij deze ziekten nemen veranderingen in de 

hersenperfusie een bijzondere plaats in.  

Het doel van dit proefschrift was aan te tonen dat hersenperfusie SPECT kan helpen bij het 

oplossen van belangrijke vragen bij het prodromale MCI stadium van AD alsook bij 

recidiverende NMO. Dit is niet alleen relevant rekening houdend met ons beperkte inzicht in 

deze neurologische aandoeningen, maar ook interessant omdat perfusie SPECT van het brein 

een goedkope en wereldwijd toegankelijke technologie is. 

In Hoofdstuk 1 wordt een algemene introductie gegeven over hersenperfusie SPECT, inclusief 

een nieuwe beeldanalyse op basis van “graph theory”. Verder worden MCI en recidiverende 

NMO kort beschreven in dit hoofdstuk, evenals relevante vragen met betrekking tot 

hersenperfusie bij deze ziekten. Hoofdstukken 2 tot en met 4 richten zich op MCI 

onderzoeksvragen, terwijl Hoofdstukken 5 en 6 betrekking hebben op recidiverende NMO.  

Ten slotte presenteert Hoofdstuk 7 de conclusie en toekomstige onderzoeksrichtingen. In wat 

volgt worden de belangrijkste bevindingen in dit proefschrift samengevat. 

In Hoofdstuk 2 werd de rol van hersenperfusie SPECT in vergelijking met FDG-PET bij de 

voorspelling van AD-dementie bij MCI-patiënten in de literatuur onderzocht. De review 

toonde dat de huidige evidentie en richtlijnen het gebruik ondersteunen - zowel voor kliniek 
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als research - van hersenperfusie SPECT als een valide biomarker voor neuronale schade in 

MCI door AD, equivalent aan FDG-PET, maar minder duur en wereldwijd toegankelijker. 

Het eerste deel van dit hoofdstuk geeft ook een state-of-the-art overzicht van de rol van FDG-

PET in de voorspelling van AD-dementie bij MCI-patiënten, met bijzondere aandacht voor de 

predictieve kracht van FDG-PET in vergelijking met structurele MRI. 

In Hoofdstuk 3 werd een andere relevante vraag onderzocht die betrekking heeft op 

cerebrovasculaire reactiviteit (CVR) bij patiënten met MCI. CVR beschrijft het vermogen van 

cerebrovasculaire structuren om de cerebrale doorbloeding (CBF, cerebral blood flow) te 

verhogen boven een basale conditie als antwoord op een vasodilatorische prikkel. Hoewel er 

steeds meer bewijs blijkt dat patiënten met AD-dementie een verminderde CVR hebben, is dit 

minder duidelijk bij patiënten tijdens het prodromale MCI stadium. Deze vraag is belangrijk 

bij AD-onderzoek, omdat het implicaties kan hebben voor vroegtijdige diagnose en 

behandeling. Vroegere onduidelijke bevindingen kunnen deels worden verklaard omdat de 

huidige standaardanalyse mogelijk niet de subtiele (vroege) CVR afwijkingen weerspiegelt. 

Bovendien kan rekening houdend met de complexiteit van het cerebrale microvasculaire 

netwerk, de standaardanalyse van CVR eventuele subtiele netwerk gerelateerde veranderingen 

niet weerspiegelen, omdat deze zich baseert op analyse van individuele regio's (of de hele 

hersenen) in plaats van op de interactie tussen regio’s (dat wil zeggen connectiviteit). Recent 

heeft “graph theory” analyse van correlatienetwerken gebaseerd op FDG-PET en structurele 

MRI-data het potentieel getoond om subtiele netwerkgerelateerde pathologische processen in 

MCI aan het licht te brengen. Dezelfde methode kan ook worden toegepast op hersenperfusie 

SPECT-gegevens van MCI-patiënten. Daarom belicht dit hoofdstuk gebruikmakend van 

’’graph theory’’ analyse vasodilatorisch geïnduceerde veranderingen in de topologie van het 

CBF correlatie netwerk (CBFcorr) om mogelijke netwerk gerelateerde CVR-afwijkingen in 

MCI te detecteren. Hiervoor werden vier CBFcorr netwerken geconstrueerd: twee met behulp 
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van hersenperfusie SPECT-gegevens verkregen uit een groep van 26 MCI patiënten onder 

basale omstandigheden en onder vasodilatorische uitdaging van acetazolamide (ACZ); en 

twee equivalente netwerken uit een groep van 26 gematchte cognitief normale controles. De 

resultaten toonden bij de controle en MCI groep netwerken verschillende patronen van 

topologische ACZ-geïnduceerde veranderingen, vooral op globaal niveau. Daarnaast 

omvatten de waargenomen regionale verschillen de mediale prefrontale cortices en inferior 

parietale lob, die gebieden vertegenwoordigen betrokken bij de cognitieve dysfunctie van 

MCI. Daarentegen werden geen substantiële verschillen gedetecteerd door middel van 

standaard CVR analyse. Deze resultaten suggereren dat “graph theory” analyse van ACZ-

geïnduceerde veranderingen in de topologie van de CBFcorr netwerken het mogelijk maakt 

om subtiele netwerk gerelateerde CVR-veranderingen in MCI te identificeren, die niet kunnen 

worden gedetecteerd door de standaardbenadering.  

Anderzijds is in het kader van hersenperfusie SPECT connectiviteit een concept gebaseerd op 

groepsgebonden correlatienetwerken (zoals FDG-PET en structurele MRI). Daarom kunnen 

topologische metrieken afgeleid van het CBFcorr netwerk niet worden gebruikt om 

individuele diagnose en prognose te ondersteunen. Anderzijds werden onlangs methodes 

ontwikkeld om de individuele patiëntbijdrage uit groepsgebaseerde correlatienetwerken te 

extraheren, zij het nog niet toegepast op MCI-patiënten. Om deze vraag aan te pakken, 

onderzocht Hoofdstuk 4 of het episodische geheugen van amnestische MCI patiënten 

correleert met de individuele patiëntbijdragen aan topologische metrieken van het CBFcorr 

netwerk. Om deze analyse te faciliteren werden topologische metrieken van het CBFcorr 

netwerk overeenkomend met 24 amnestische MCI patiënten vergeleken met deze van een 

netwerk van 26 cognitief gezonde controles. Aangezien de methodologie die is toegepast voor 

het extraheren van de individuele patiëntenbijdrage gebaseerd is op globale netwerkmetrieken 

werd de analyse beperkt tot dergelijke metrieken. In het bijzonder werd de globale 
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netwerkmodulariteit onderzocht, omdat recent is aangetoond dat deze gevoeliger is voor de 

effecten van het AD-proces in vergelijking met andere gebruikte metrieken. De globale en de 

gemiddelde lokale efficiënties, typisch gebruikt als metrieken van respectievelijk 

netwerkintegratie en segregatie, werden ook geanalyseerd. Als secundair doel werden ook 

veranderingen onderzocht in de metrieken overeenkomend met het MCI-groepsnetwerk na 1 

jaar follow-up, waaronder de associatie tussen de individuele patiëntbijdragen en de globale 

cognitieve functie zoals gemeten door de Mini-Mental State Examination (MMSE). De 

resultaten toonden aan dat zowel bij baseline als bij follow-up in het MCI-groepsnetwerk in 

vergelijking met het controle groepsnetwerk de globale netwerkmodulariteit toenam, terwijl 

de globale efficiëntie verminderde. Belangrijker nog was de bevinding dat episodisch 

geheugen invert correleert met de bijdrage van de patiëntbijdrage aan de globale 

netwerkmodulariteit bij baseline. Bovendien, toonde -vergelijkbaar met episodisch geheugen 

bij basislijn- de MMSE bij follow-up een negatieve correlatie met de individuele 

patiëntbijdrage tot de globale netwerkmodulariteit. Deze bevindingen wijzen dus op het 

potentieel van deze methodologie om een biomarker op basis van CBF-connectiviteit op 

individueel niveau te ontwikkelen, aangezien episodische geheugen het kenmerkende en 

belangrijke symptoom is van MCI-patiënten die zich verder ontwikkelen richting dementie. 

Samenvattend tonen Hoofdstukken 3 en 4 aan dat hersenperfusie SPECT gecombineerd met 

‘graph theory’’ analyse haalbaar en nuttig is voor het onderzoeken van problemen van 

complexe neurologische aandoeningen, zoals CVR-veranderingen bij MCI, alsmede voor 

klinisch gebruik vanuit het oogpunt van hersenconnectiviteit. 

Wat betreft het andere hoofdonderwerp van dit proefschrift (NMO), hebben eerder 

neurobeeldvorming studies aangetoond dat structurele hersenafwijkingen bij NMO vaker 

voorkomen dan eerder beschreven. Nog meer onderzoek naar dergelijke aspecten van NMO 

lijkt nodig om de gerelateerde afwijkingen beter te begrijpen. Een klinisch kenmerk van 
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recidiverende NMO (die de meest voorkomende vorm van de ziekte is) is dat de incrementele 

invaliditeit aanvalsgerelateerd is. Daarom kan een verband worden verwacht tussen het 

aanvalsgerelateerde proces en neurobeeldvorming. Bovendien heeft immunopathologische 

analyse van NMO-laesies aangetoond dat CNS-microvasculatuur een vroegtijdige target kan 

zijn van de ziekte, die de hersenperfusie kan veranderen. Hersenvolume veranderingen, 

gepaard gaande met perfusieveranderingen, zouden kunnen worden verwacht gedurende het 

aanvalsgerelateerde proces.  

Daarom was het doel van Hoofdstuk 5 analyse bij recidiverende NMO-patiënten van de 

veronderstelde associaties tussen enerzijds regionale witte hersenstof (WMV, White Matter 

Volume) en volumes grijze hersenstof (GMV, Gray Matter Volume) en/of perfusie, anderzijds 

het aantal optische neuritis (ON) aanvallen, myelitis aanvallen en/of totale aanvallen. Omdat 

de ziekteduur en de serologische status NMO-IgG ook gerelateerd zouden kunnen zijn aan 

structurele en functionele hersenveranderingen, werden mogelijke associaties van deze twee 

klinische variabelen met regionale hersenweefselvolumes en perfusie ook geëvalueerd. 

Hiervoor werden hoge-resolutie structurele MRI (T1-gewogen) en hersenperfusie SPECT-

beelden verkregen bij 15 recidiverende NMO-patiënten in de stabiele fase van de ziekte. De 

gegevens werden vervolgens geanalyseerd met behulp van een voxel-gebaseerde 

correlatieanalyse, zoals geïmplementeerd in de toolbox voor statistische parametrische 

mapping (SPM8). Uit de resultaten blijkt dat bij geanalyseerde covariaten van belang alleen 

het aantal ON-aanvallen significant correleert met regionale hersenweefselvolumes (WMV en 

GMV) en perfusie. Negatieve regionale correlaties werden gevonden van WMV, GMV en 

perfusie met het aantal ON-aanvallen. Daarbij waren belangrijke componenten van het visuele 

systeem betrokken, wat  relevant kan zijn voor het begrijpen van de incrementele visuele 

invaliditeit bij recidiverende NMO. Anderzijds werd een positieve regionale correlatie 

vastgesteld van perfusie met het aantal ON aanvallen, beginnend van lager dan normale 
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waarden, en meestal overlappend met het hersengebied waar de WMV een negatieve 

correlatie vertoonde. Dit levert evidentie dat de hersenmicrovasculatuur een vroegtijdige 

ziekte-target is en suggereert dat perfusieverandering belangrijk kan zijn bij de ontwikkeling 

van structurele breinafwijkingen bij recidiverende NMO.  

Zoals vastgesteld in Hoofdstuk 5, correleren het aantal ON-aanvallen negatief met regionale 

WMV en GMV bij patiënten met recidiverende NMO; terwijl ze met hersenperfusie in 

sommige regio's negatief correleren en positief in andere regio's. Dit suggereert dat het aantal 

ON aanvallen per patiënt een confounding factor kan zijn bij het vergelijken van patiënten 

met controles. Bijgevolg moet hiermee rekening gehouden worden in de voxelgebaseerde 

analyse, vooral als de steekproef  patiënten met beide kleinere en grotere aantallen ON 

aanvallen omvat.  

Daarom werd in Hoofdstuk 6 een voxel-gebaseerde analyse uitgevoerd, die rekening hield met 

het mogelijke confounding effect van het aantal ON-aanvallen van patiënten. Hiervoor werd 

een groepsgewijze vergelijking van regionale WMV / GMV en perfusieverschillen tussen 

patiënten en controles uitgevoerd, door deze verschillen te beoordelen in twee subgroepen van 

patiënten, gegroepeerd volgens het aantal ON-aanvallen en als gehele patiëntengroep. 

Subgroep I was samengesteld uit negen patiënten met een of twee ON aanvallen; subgroep II 

bestond uit zes patiënten met drie of vier ON aanvallen. Een niet-parametrische voxel-

gebaseerde analyse werd gebruikt rekening houdend met de grootte van de steekproef 

subgroepen. Uit de resultaten blijkt dat subgroep I geen volumeverminderingen toonde, in 

tegenstelling tot subgroep II die een duidelijke vermindering toonde, vooral uitgebreid in 

WMW. Ook werd hypoperfusie gevonden in verschillende hersengebieden in verschillende 

subgroepen. Der resultaten waren verschillend voor de hele patiëntengroep. Dus, deze studie 

benadrukt dat het aantal ON-aanvallen per patiënt in elke groep de resultaten aanzienlijk 

beïnvloedt, wat aangeeft dat deze klinische variabele een potentiële confounder is bij het 
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vergelijken van recidiverende NMO-patiënten met controles, zowel voor weefselvolumes als 

perfusie, bij gebruik van voxel-gebaseerde statistische analyse, en dus aandacht verdient in 

toekomstige studies. 

Samenvattend leveren Hoofdstukken 5 en 6, gebruikmakend van perfusie SPECT 

gecombineerd met voxelgebaseerde analyse, het eerste bewijs dat de hersenmicrovasculatuur 

een vroege ziekte-target is bij het recidiveren van NMO en suggereren ze dat 

perfusieveranderingen belangrijk kunnen zijn bij de ontwikkeling van structurele afwijkingen 

in deze aandoening. Bovendien geeft Hoofdstuk 6 een nieuw methodologisch inzicht dat 

nuttig kan zijn voor toekomstige klinische beeldvormingsstudies, met inbegrip van 

hersenperfusie SPECT, bij recidiverende NMO. 

Concluderend blijken uit de bevindingen die in dit proefschrift worden gepresenteerd dat  

hersenperfusie SPECT kan helpen bij het beantwoorden van belangrijke vragen in het 

prodromale MCI stadium van AD en bij recidiverende NMO. De voorgestelde bevindingen en 

methodologie hebben potentieel belangrijke klinische implicaties en daardoor ook potentie 

voor praktisch gebruik. 
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