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Summary 
 

 

Type 2 diabetes mellitus (DM2) is related to cognitive impairments and increased risk 

for dementia. Neuroimaging studies have demonstrated DM2-related brain structural 

and functional changes which are partly associated to the cognitive decline. In this 

study, different image analysis techniques were applied to a cohort of 163 DM2 patients 

compared to 53 healthy controls. Structural studies were used to evaluate atrophy and 

loss of grey matter volume in cortical and subcortical areas, while the extraction and 

comparison of resting state networks (RSNs) was used to study the changes of 

synchronization of different networks and established as markers of the brain’s 

functionality assuming the association each networks to certain functions. 

The results found should be helpful to establish a relationship between the structural and 

functional effect of DM2, and a connection with atrophy patterns of dementias that have 

been proved to be somehow related. In addition, a machine learning approach was used 

to rank all the image analysis techniques applied based on how well they reflect DM2 

effect, obtaining a result that could be taken into account by clinicians to establish 

priorities in their imaging methods. 

DM2 patients showed a significant loss of grey matter in cortical areas as well as a 

significant increase of synchronization in 4 RSNs, specifically in areas overlapping grey 

matter atrophy. Similarities were found between the DM2 atrophy pattern and the 

frontotemporal dementia (FTD) atrophy pattern, suggesting a greater affectation in 

executive functions rather than other cognitive areas like memory. 
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1. INTRODUCTION 

1.1. Diabetes Mellitus 

Diabetes mellitus is a group of metabolic disorders that affect the body’s ability to use 

the energy found in all the food we eat, since it targets direct or indirectly the hormone 

insulin, which promotes the absorption of glucose. Therefore the direct consequence of 

diabetes is a total or relative absence of insulin and the inability to take glucose from the 

bloodstream to the inside of the cells. This leads to the most characteristic diabetes 

symptom: high blood sugar levels over a prolonged period. 

a) Epidemiology 

Diabetes mellitus is one of the most common chronic diseases in the world and 

nowadays it is considered by many a pandemic (disease prevalent throughout an entire 

country, continent or the whole world) since it affects 1 out of every 12 adults in the 

world, causing 1.5 million deaths in the year 2012 (World Health Organization, 2016). 

Its incidence grows exponentially, roughly quadrupling the number of cases in about 30 

years (from 108 million in 1980 until 420 million in 2014).  

b) Types of diabetes 

There are three main types of diabetes mellitus. Gestational diabetes occurs when 

pregnant women show abnormally high sugar levels without any previous diabetes 

history, and it is usually transient: in 90% of the cases those levels return to normality 

once the baby is born. Type I diabetes is an autoimmune process where the body itself 

attacks pancreas’ beta cells. These are unique cells found in the pancreas that produce, 

store and release the hormone insulin. The destruction of these cells provokes a 

complete lack of insulin (this is why it is also called insulin-dependent diabetes and 

insulin injections are always needed). It is diagnosed during childhood and the cause is 

unknown although it is believed to involve a combination of genetic and environmental 

factors.  

Type II diabetes (DM2) represents a 90% of all the diabetes cases. It appears typically 

during adulthood and it does not involve an attack to beta cells. Instead, it is 

characterized by the blood losing its ability to respond to insulin, also known as insulin 

resistance. The body compensates for the ineffectiveness of its insulin by producing 

more, but it can’t always produce enough. Over time, the strain placed on the beta cells 
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by this abnormal insulin production can destroy them, diminishing insulin production. 

This type of diabetes does not involve an imperative insulin injection and it may depend 

on the severity of the disease since eventually the ‘burning’ of beta cells due to 

overexertion leads to a similar situation than type I patients.  

Although type II diabetes also has a genetic component, it is more closely related to 

obesity, lack of exercise and an unhealthy lifestyle. It is much more common in adults 

but it increasingly affects children and teenagers as childhood obesity spreads out. 

c) Effect of Type II diabetes 

Having a high sugar level in blood during a long time entails many complications all 

over the body, thus if left untreated, type II diabetes can lead to a high number of 

comorbidities. Serious long-term complications include cardiovascular diseases, stroke, 

chronic kidney diseases, damage to the retina or even complications in the central and 

peripheral nervous systems. Although much less frequent, there are also some life-

threatening acute complications that include diabetic ketoacidosis (vomiting, abdominal 

pain, loss of consciousness) or hyperosmolar hyperglycemic state (dehydration, 

weakness, leg cramps, altered level of consciousness). 

Being the brain the most sugar-demanding organ of the body (it consumes half of the 

glucose intake) an important affectation in that organ could be expected, and indeed that 

is the case. Type II diabetes patients have been related to cognitive impairments (Gispen 

et al., 2000) and more specifically to a decline in certain cognitive areas like memory, 

executive functions and psychomotor efficiency (Pasquier et al., 2010). They also 

showed and elevated risk of developing dementia in the form of vascular dementia, a 

decline in thinking skills caused by conditions that block or reduce blood flow to the 

brain, depriving brain cells of vital oxygen and nutrients. 

d) Alzheimer’s disease risk factor 

Cognitive impairment and increased risk of dementia are two of the factors that in 

recent years have led to the conclusion that type II diabetes is an important risk factor 

for developing Alzheimer’s disease (AD). 

The exact neurophysiology of their link is not completely understood yet, although 

some studies have suggested that the comparable pathological features involving 

amyloid aggregates in both the pancreatic islets and brain may play a key role (Janson et 
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al., 2004). Neither is explained the exact neurophysiological effect of type II diabetes on 

the brain. However, neuroimaging studies have demonstrated DM2-related brain 

structural and functional changes which are partly associated to the cognitive decline, 

and it is likely that hyperglycemia, vascular disease, hypoglycemia, and insulin 

resistance play significant roles. 

1.2. OBJECTIVES 

The main objective of this project is to better understand the effect of type II diabetes on 

the brain through image analysis, both structural and functional. The results will be 

helpful to establish a relationship between the structural atrophy and the loss or gain of 

synchronization of certain functional networks. Additionally, it could contribute to 

establish a connection with atrophy patterns of dementias somehow connected (i.e. 

Alzheimer’s disease). 

This project has a clear clinical character aiming at developing techniques that can be 

used in daily routine. The idea to do that came up months after working on it: to 

establish a “rank” of all the image analysis techniques used based on how well they 

reflect the effect of DM2 in a patient’s brain. This could be used to justify the 

preference of applying certain imaging or analysis techniques before others and maybe 

save time and costs if a certain one is not useful enough.  

1.3. CLINICAL CONTEXT 

This work has been developed in the IDI (‘Institut de Diagnostic per la Imatge’) in Vall 

d’Hebron hospital, in a clinical environment. This is an important point to mention since 

it has several implications. All image analysis techniques that have been used are 

applied in the hospital in a daily basis, and evaluating their performance was out of the 

scope of this BT. Instead, I have focused on more practical problems like assessing its 

adequacy to the problems they intend to solve taking into account factors like the 

balance between utility and computing time.  

Regarding the clinical objective we came up with, although it is quite simplistic, can be 

used by the medical staff dealing with diabetes patients as one more factor to consider 

when establishing which imaging techniques are priority. 
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1.4. STATE OF THE ART 

As previously mentioned, the exact neurophysiology of the effect of type II diabetes in 

the brain is not completely understood yet, but neuroimaging studies have demonstrated 

DM2-related brain structural and functional changes.  

a) Volume loss and atrophy associated to DM2 

Magnetic Resonance Imaging (MRI) provides a good opportunity to explore structural 

changes within the diabetic brain. Recent studies involving MRI analysis have focused 

on finding the mechanism that links DM2 with cognitive impairment and have proved 

the atrophy associated to it. 

Bryan et al. (2014) studied the association of diabetes to brain atrophy and the 

consequent cognitive decline by linking it to small vessel ischemic disease (SVD). No 

measure of diabetes severity was associated with increased ischemic lesion volume, but 

the correlation between DM2 duration and brain atrophy was proved. Longer 

duration of diabetes and higher fasting plasma glucose level were associated with lower 

total gray matter volumes. This finding was corroborated by other studies like the one 

published by Moran et al. in 2015, in which trying to deepen on the mechanisms 

underlying DM2-related brain atrophy, DM2 was associated with lower grey matter 

volume independently of age sex and total intracranial volume. 

On the other hand, cortical thickness was also affected by the pathology (Zhiye Chen 

et al., 2014). Regional cortical thinning was demonstrated for patients with DM2 

compared with healthy controls in regions of the middle temporal gyrus, posterior 

cingulate gyrus, precuneus and lateral occipital gyrus. Besides, cortical thickening was 

seen after patients underwent 1 year of insulin therapy, suggesting recovering effects of 

this therapy on the brain cortex. 

b) Altered Brain Connectivity Patterns in DM2 Patients 

Functional connectivity is usually chosen as the target to study the effect of DM2 on 

the brain’s functionality.  

In the analysis of brain connectivity, three types of connectivity are used to describe the 

interactions of neuronal networks: structural, functional and effective connection. 
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Structural connectivity refers to the existence and structural integrity of tracts 

connecting different brain areas (i.e. white matter tracts connecting cortical 

areas/nuclei). Functional and effective connectivity are neuroimaging terms: while 

functional connectivity only refers to statistical dependence of the signal from different 

areas, effective connectivity brings in the element of causation (i.e. a signal activation in 

one area directly causes a change or signal, activation or depression, in another area). 

The human brain consists of spatially distributed but functionally interacting regions 

that form an efficient functional connectome to support normal cognitive functioning. 

Functional connectivity refers to the existence of these simultaneous patterns of 

activation between different brain regions regardless the existence of physical tracts that 

connect them. It is usually measured during resting state fMRI and is typically 

analyzed in terms of correlation, coherence, and spatial grouping based on temporal 

similarities. These methods have been used to show that functional connectivity is 

related to behavior in a variety of different tasks, and assume that brain networks remain 

constant in a short time over a task or period of data collection. 

Since brain pathologies usually appear before showing clinically measurable cognitive 

deficits or atrophies, some recent studies identifying vulnerable regions thanks to 

functional connectivity analysis have been carried out to track the early effects of DM2. 

However, the number of studies is limited and connectivity patterns have been much 

more studied in other pathologies like Alzheimer. Alterations in synchronization 

between regions that are part of brain networks as the default mode network (DMN) 

have been proved even before the appearance of cognitive dysfunction, representing 

early deleterious outcomes that occur before structural changes and clinical 

manifestations. 

In the few DM2 studies, there have been reports of synchronization changes in the 

hippocampus (Zhou et al., 2010) and in specific well-characterized networks as the 

already mentioned DMN (Cui et al., 2016), the Attention Network (Xia et al., 2016) or 

the Salience network. 
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2. MATERIALS & METHODS 

2.1. MODEL 

The data collected in the PRECISED cohort, led by Vall d’Hebron researchers was 

used. It is a cohort with a total of 59 healthy controls and 197 DM2 patients recruited, 

although information was successfully retrieved from 53 controls and 163 DM2 

patients. Few patients could not complete the functional imaging acquisition (mainly 

due to claustrophobia), therefore the cohort is reduced in those studies with respect to 

the structural ones (48 controls and 142 DM2 patients).  

PRECISED is a transversal study focused on identifying new clinical predictors of 

cardiovascular disease in DM2 patients. Medical procedures had a clinical follow-up of 

4 years and 374 parameters were stored for each subject including age, BMI, disease 

duration, FPG, HbA1c or cholesterol levels.  

For the purpose of studying functional affectation only the Mini-Mental State 

Examination (MMSE) score is included, being an estimation of the cognitive 

impairment severity. However, the study of functional connectivity is preferable since it 

provides more detailed information of the affected networks and consequently the brain 

processes associated to each of them. 

Table 1 - Sample characteristics 

Group 

(N = 216) 

Healthy Controls 
(n=53) 

DM2 patients 
(n=163) 

Age (years) Mean (SD) 

       Diabetes duration 

       Correlation 

65.98 (6.9) 

0 

0 

65.93 (6.1) 

14.59 (9.2) 

0.34 

Women  N (%) 35 (66) 99 (60) 

Ever smoked N (%) 22 (41) 72 (44) 

BMI (kg/m2) N (%) 

           Normal (20-25) 

           Overweight (25-30) 

            Obese (>30) 

 

14 (26) 

29 (55) 

10 (19) 

 

16 (10) 

64 (39) 

82 (50) 

Hypertension (TAS>140) N (%) 28 (52) 94 (58) 

Insulin user N (%) 0 (0) 91 (56) 
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2.2. IMAGES 

All images were acquired in a 3.0 T Siemens Trio scanner. 

a) Structural Data 

For the structural study 3D T1-weighted MRI images (176 contiguous slices, voxel 

size=1.0mm3) acquired with MP-RAGE (Magnetization-Prepared Rapid Gradient 

Echo) sequence were used.  

T1-weighted images 

Image contrast is the goal of all imaging procedures, emphasizing certain contrast 

characteristics of anatomical structures and allowing us to differentiate them. MRI 

contrast is a function of both tissue density (specifically proton density) and tissue 

relaxation properties. Relaxation refers to the restoration of the equilibrium state after 

the pulse excitation and there are two types: during T1 relaxation protons reorient 

recovering longitudinal magnetization (measured using T1 time constant: time when 

63% of longitudinal magnetization is recovered), and during T2 relaxation protons 

dephase resulting in decay of transverse magnetization (measured using T2 time 

constant: time when 63% of transverse magnetization has decayed).  

Weighting refers to the selection of certain scanning parameters to emphasize the 

desired contrast properties. T1-weighted images provide a good contrast of tissues with 

high fat content and therefore give us good information about anatomical structures, 

while on the other hand T2 weighted images highlight tissues and compartments with 

high water content and therefore are good for demonstrating pathology (most lesions are 

related with an increase in water content). Taking all this into account T1-weighted 

images seem appropriate for the purpose of comparing healthy and diabetic brains in 

terms of volume and structure. 

The 3D MP-RAGE sequence is one of the most popular sequences for structural brain 

imaging in clinical and research settings. Images acquired with this sequence have been 

widely used for classifying brain tissues in voxel-based morphometry and estimating 

regional brain volume abnormalities associated with brain functioning (Wang et al., 

2014). 
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Figure 1. Sagittal, coronal and horizontal planes of an MPRAGE image 

b) Functional Data 

For the connectivity study 4D Resting State fMRI images were used. They are 

composed of 180 3D images obtained during an acquisition time of 10 minutes 

approximately, while subjects were instructed to simply lay still inside the scanner with 

their eyes closed, think of nothing in particular and not to fall asleep. 

Functional MRI 

Functional MRI (fMRI) measures brain activity by detecting changes associated with 

blood flow, relying on the fact that cerebral blood flow and neuronal activation are 

coupled. The primary form of f-MRI uses blood-oxygen-level dependent (BOLD) 

contrast. 

BOLD contrast 

BOLD signal is a contrast discovered by Ogawa et al. in 1990 that traces blood 

deoxyhemoglobin. This technique is based in the fact that neurons do not store internal 

reserves of glucose and oxygen, which are essential to their proper function. Increases 

in neuronal activity, typically in response to a demand for information processing, 

require more glucose and oxygen to be rapidly delivered via the bloodstream. Via this 

hemodynamic response, blood releases glucose and oxygen to active neurons at a faster 

rate relative to inactive neurons. This results in a surplus of oxyhemoglobin localized to 

the active area, giving rise to a low-frequency (<0.1 Hz) measurable change in the local 

ration of oxy- to deoxyhemoglobin, thus providing a localizable marker of activity for 

MRI. 

 

Resting State 

Functional MRI can be applied to study the functional connectivity of the human brain. 

It has been suggested that fluctuations in the BOLD reflect the existence of large scale 
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brain networks, collections of widespread brain regions showing functional 

connectivity by statistical analysis of several signal fluctuations. Neuroimaging studies 

have also revealed distinct functional networks that slowly activate and deactivate 

pointing to the existence of an underlying network dynamics emerging spontaneously 

during rest, with specific spatial, temporal and spectral characteristics. 

Merging these two concepts, it is fair to assume that when the subject’s cognitive state 

is not explicit (i.e., the subject is at "rest") large scale brain networks become resting 

state networks (RSNs). Unlike sleeping, the person is conscious and ready to respond 

promptly to any sort of external stimulation or cognitive requirement. These RSNs 

reflect the neuronal baseline activity of the brain and that these slow fluctuations 

correspond to functionally relevant networks quite distinguishable from the ones 

observed during goal-directed behavior or when the brain falls asleep. Clinical 

applications of Resting-State fMRI are at a very early stage. It is used in few specific 

occasions, i.e. presurgical planning for brain tumors and epilepsy.  

The main reason why this technique is appropriate in a clinical environment is that 

overcomes the limitations of task-related fMRI for an elderly cohort like the one we are 

working with, since task fulfillment during acquisition is unreliable and difficult to 

track. In addition it also has the advantage of being non-invasive and much more 

available and accessible than Positron Emission Tomography (PET). 

   

Figure 2. Sagittal, coronal and horizontal planes of one Resting-State fMRI image 

 

2.3. IMAGE ANALYSIS 

a) Structural Analysis 

For the structural study different approaches have been investigated to cover the 

different bearings of the brain anatomy and have a complete understanding of the 

disease effect on it. These approaches include a more general study of the grey and 

https://en.wikipedia.org/wiki/Brain_regions
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white matter presence in the whole brain through Voxel-Based Morphometry (VBM), a 

study of the main subcortical structures and a study of cortical thickness. 

Voxel Based Morphometry 

VBM is a neuroimaging analysis technique that involves a voxel-wise comparison of 

regional density between subjects using Statistical Parametric Mapping (SPM). The 

software used to apply VBM has been SPM (SPM8 version), a software written by the 

Welcome Department of Imaging Neuroscience at University College London. It is 

written using MATLAB and distributed as free software.  

Preprocessing 

In order to perform VBM’s voxel per voxel comparison all the images need to go 

through three consecutive pre-processing steps: 

1) Segmentation: segmentation in SPM is based on a modified Gaussian mixture model 

(Ashburner et al., 2000). Bayesian rule is used to assign the probability for each voxel 

belonging to each tissue class based on combining the likelihood for belonging for that 

tissue class and the prior probability derived from prior probability maps derived from a 

large number of subjects. 

As a result three tissue probability maps are obtained: grey matter (GM), white matter 

(WM) and cerebrospinal fluid (CSF). The volume numeric values of each structure were 

retrieved. 

 

Figure 3. Probability maps of a single subject: grey matter (left), white matter (middle), CSF (right) 

2) Normalization: in order to compare independent subjects’ images must be spatially 

normalized. It is necessary to ensure that homologous regions are compared while 

interindividual characteristics are maintained. All images were spatially processed using 

Diffeomorphic Anatomical Registration using Exponentiated Lie algebra algorithm 

(DARTEL), which uses the average of all the subjects in the cohort as a template. 
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3) Smoothing: this is a key step to control the appropriate spatial scale. It sets a lower 

bound on the anatomical scale at which differences can be expressed. FMHW= 4 mm 

was chosen empirically based on previous studies. 

                  GM Segmentation            Normalization             Smoothing 

                                  

                                

Figure 4. Pipeline of the image preprocessing of two different subjects: subject 007 (top) and subject 152 

(bottom) 

Statistical parametric mapping 

Once images have been preprocessed the design needs to be constructed. The statistical 

test chosen to compare both groups was a 2 sample t-test, which determines for each 

voxel whether the means of two independent groups differ.  

Covariates study 

A covariates study was needed to know which parameters had to be controlled in order 

to avoid variation that is not due exclusively to the effect of diabetes. To decide which 

parameters had to be included as covariates independent grey matter VBMs were 

performed for each one of the parameters that were suspected to have a significant 

influence (age not necessary since it is always included as covariate).  

Subcortical anatomy 

For the study of the subcortical anatomy the tool FIRST was used. It is part of FMRIB 

Software Library (FSL), a comprehensive library of analysis tools for fMRI, MRI and 

DTI brain imaging data, created by the FMRIB Analysis Group (Oxford, UK). 

FIRST is a model-based segmentation and registration tool. Just like in the case of 

VBM, the most important step for performing a comparison of different subjects is the 

normalization. In FIRST, all subjects are registered to the Montreal Neurological 
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Institute’s (MNI) 152 ATLAS (derived from 152 structural images, averaged together 

after high-dimensional nonlinear registration into the common MNI152 coordinate 

system).  

Once the images were spatially normalized some labels were used for the segmentation 

of 15 subcortical structures. These labels were manually segmented shape models 

provided by the Center for Morphometric Analysis (CMA) of the Massachusetts 

General Hospital. FIRST searches through linear combinations of shape models for the 

most probable shape instance given the observed intensities in the T1 input images.  

 

Figure 5. FIRST’s segmentation of thalamus (green), caudate (light blue),putamen (pink) and pallidum 

(blue) overlayed on the subject’s original MPRAGE image 

Cortical thickness 

For the analysis of cortical thickness FreeSurfer has been used. It is a set of open source 

software tools for the study of cortical and subcortical brain anatomy developed by the 

Laboratory for Computational Neuroimaging at the Athinoula A. Martinos Center for 

Biomedical Imaging. For our purpose, only the processing stream for structural MRI 

data, specifically cortical anatomy, was used. 

Once again, the first step is spatial normalization. All subjects go through an affine 

transformation to be registered to the MNI305 ATLAS (an average of 305 T1-weighted 

MRI scans, linearly transformed to Talairach space). Secondly, to get the values of 

cortical thickness some boundaries between different regions need to be established 

through segmentations. Skull is stripped using a deformable template model and likely 

white matter voxels are chosen based on their location in MNI305 space, their intensity 

and neighbor constraints. Cutting planes are chosen to separate hemispheres and remove 

structures like cerebellum and brain stem, based on the expected MNI305 location and 

several rules that encode the expected shape of these structures. An initial boundary is 

then generated for each hemisphere in the outside of the white matter mass. It is the 
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white surface that separates grey and white matter. This white surface is then nudged to 

follow the intensity gradients between grey matter and CSF (pial surface). The 

difference between these two surfaces allows computing cortical thickness in 71 

different regions. 

 

Figure 6. Cortical thickness is obtained computing the distance between white surface (yellow) and pial 

surface (red) at each region 

b) Functional analysis 

The approach taken to compare functional connectivity between DM2 patients and 

healthy controls was to compare the RSNs in terms of loss or gain of synchronization. 

For that purpose the analysis must be separated in two different steps: RSNs extraction 

and study of group differences. 

RSNs extraction: Independent Component Analysis (ICA) 

Raw brain activity is an intricate mixture of many signals of interest, and extracting 

them is a challenging problem. A possible solution is to employ blind source separation 

(BBS) techniques. 

To extract the RSNs ICA was applied using the MELODIC tool (Multivariate 

Exploratory Linear Decomposition into Independent Components) also included in the 

FSL library. The basic goal of ICA is to solve the BSS problem by expressing a set of 

random variables (brain activity) as a linear combination of statistically independent 

components (source signals, i.e. RSNs) via maximization of mutual independence, with 

no previous knowledge needed. 

For the RSNs extraction, only the 44 healthy controls were used. This choice had the 

disadvantage of generating more noise in the results due to the smaller N, but it was the 

only way to be sure that the networks obtained were not affected at all by the disease, 

which in fact is what we want to discover in the results. 
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Before the multi-subject analysis can be carried out, the different sessions must be 

registered. Spatial registration is performed using another FSL’s tool called FLIRT 

(FMRIB’s Linear Registration Tool). It is a very robust affine registration program that 

uses MNI152 ATLAS as a template. 

MELODIC allows to select different types of analysis for achieving an optimal 

decomposition depending on the input files’ characteristics. In this case the option 

Multi-session temporal concatenation was chosen. This option allows performing a 

single 2D ICA after stacking all 2D data matrices of every time point (180) and subject 

(44) on top of each other. It is an appropriate approach for analysis without stimulation 

(tasks) since a consistent temporal response cannot be assumed. 

Group differences: Dual Regression 

Taking into account that Resting State Networks have been shown reproducible across 

subjects, Dual Regression (also included in FSL library) is the tool that allows to 

investigate individual and group differences by estimating a “version” of each of the 

group-level spatial maps (RSNs found by ICA) for every single subject (healthy 

controls and diabetic patients). This is achieved in two steps: 

· Spatial Regression: group spatial maps are regressed into subjects’ 4D dataset to get 

the time series associated with the voxels in those maps. 

· Temporal Regression: those timecourses are regressed into the same datasets to get 

subject-specific set of spatial maps. 

Finally when a version of each RSN for each one of the subjects in the cohort is 

obtained, a randomized permutation testing (10000 permutations) between healthy 

controls and diabetic patients is performed to get the differences between the groups, 

and therefore the effect of DM2 in each network’s synchronization.  

c) Statistical Analysis 

To know if any change between healthy controls and diabetic patients found in the 

results was significant, an univariate variance analysis was performed for every single 

feature using SPSS (Statistical Package for the Social Sciences), a software package 

used for statistical analysis developed by IBM. This statistical analysis was additional 
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and independent to the ones already included in many of the image analysis softwares. 

The significance level was set at p<0.05. 

d) Ranking of features 

To rank all different imaging techniques we assumed that a feature found using a certain 

technique (i.e. right amygdala volume) would be a good reflection of the diabetes effect 

on the brain if it was helpful to establish a clear separation between healthy controls and 

diabetic patients. This is why a Machine Learning approach and specifically clustering 

was chosen.  

The clustering algorithm used was k-Means. It is the simplest clustering algorithm and 

classifies just based on the closeness of each subject to the cluster mean. Given an 

initial number of clusters, it proceeds by alternating between two steps: in the 

assignment step each observation (subject) is assigned to the cluster whose mean has 

the least squared Euclidean distance (nearest mean), while in the update step it 

calculates the new means to be the centroids of the observations in the new clusters. 

It is unsupervised so it is helpful to corroborate that the differences found are in fact 

enough to classify correctly the subjects. It was chosen since our problem is simple 

enough (the dimensions are previously reduced manually with the feature selection). 

Scikit-learn library in Python was used, a machine learning library released by INRIA 

(French Institute for Research in Computer Science and Automation). 

To sum up, the basic idea was to apply a multi-label classification through a clustering 

algorithm that could separate all our subjects into two groups of equal variance (healthy 

controls and diabetes patients), where the different labels would be the features that we 

already know that show significant differences with previous statistical studies. This is 

done since in order to perform a ranking of “usefulness” it does not make sense to 

include features that have been proven to show no diabetes-related change, and it would 

only imply useless computational load. 
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3.RESULTS 

3.1.STRUCTURAL RESULTS 

a) Voxel-based morphometry 

After applying VBM on the structural images we obtain two types of results: numerical 

results from the segmentation (grey matter, white matter and CSF volume) and spatial 

results from the statistical parametric mapping (localization of regions were diabetic 

patients show volumetric changes with respect to healthy controls). But first of all, the 

covariates study’s results needed to be assessed. 

Covariates study 

Table 2 - Covariates study 

 Females>Males Nonsmokers>Smokers No Hypert. > Hypert. Insulin > No insulin 

 

 

Healthy 

Controls 

(n=53) 
    

 

 

DM2 

patients 

(n=163) 

 

 
 

 

p<0.05 (FWE), extent threshold k=10 voxels 

Grey clusters represent areas where one group showed statistically significant difference 

in grey matter volumes between conditions.  

The effect of these parameters in the grey matter loss is highly exacerbated in DM2 

patients. 

Significant losses were found in males with respect to females, in smokers with respect 

to nonsmokers and to a lesser extent in subjects with hypertension with respect to 



26 

 

subjects without it. Therefore age, gender, having smoked at some time and having 

hypertension (TAS > 140) were included as covariates. 

Brain tissue percentages 

To compare volumes eliminating the influence of different total intracranial volumes, 

grey and white matter percentages were computed: 

Table 3 - Grey matter, white matter and CSF percentage 

 HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Grey matter 0.443 (0.02) 0.430 (0.02) -0.013 (-3.0) 0.001 

White matter 0.372 (0.02) 0.365 (0.02) -0.007 (-2.0) 0.004 

CSF 0.185 (0.02) 0.206 (0.02) 0.021 (11.3) 0.013 

Adjusted values for age, gender, smoking and hypertension, with maximum p value of 0.05 

Significant changes were found in all three substances. As it is expected, a decrease in 

the fraction of grey and white matter is compensated by an increase of CSF fraction. 

Grey Matter mapping 

13 significant clusters were found, ordered by extension: 

Table 4 - VBM grey matter mapping – HC > DM2 patients 

1  2  3  4  

5  6  7  8  
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9  10  11  12  

13  

1. Cerebellum 

2. Right Middle Temporal  

3. Left Middle Temporal  

4. Left Middle Occipital  

5. Left Calcarine Sulcus 

 

6. Right Angular Gyrus 

7. Left Superior Frontal  

8. Superior Motor Area 

9. Right Middle Occipital  

10. Left Middle Occipital  

 

11. Right Calcarine Sulcus 

12. Right Cuneus 

13. Frontal Inferior 

Triangularis  

 

Adjusted values for age, gender, smoking and hypertension with p< 0.05 (FWE), extent threshold k=10 

voxels. Brain regions labeled using Automatic Anatomical Labeling (aal) Atlas 

White Matter mapping 

Only one significant cluster was found: 

HC > DM2 patients 

 

Figure 7. Loss of white matter in DM2 patiens in the retrolenticular part of internal capsule and 

posterior limb of internal capsule 

The most important effect of DM2 in terms of volume is the loss of grey matter in 

cortical regions, affecting the cerebellum, the temporal and occipital lobes and some 

smaller regions of the frontal lobe.  

b) Subcortical anatomy  

Volumes from 15 different subcortical structures were obtained. The values had to be 

corrected with each brain’s native volume since they are computed in a standard space. 

They are expressed as a fraction of the total native TIV. 
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Table 5 – Subcortical anatomy results 

 HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Native TIV 951.42 (168) 920.88 (181) -30.54 (-3.21) 0.264 

Brain-stem 

4th Ventricle 
22.92 (2.5) 22.50 (2.6) -0.42 (-1.85) 0.342 

 

LEFT HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Thalamus 7.84 (0.9) 7.86 (1.1) 0.01 (0.2) 0.727 

Caudate 3.34 (0.5) 3.38 (0.5) 0.04 (1.0) 0.654 

Putamen 4.74 (0.7) 4.80 (0.7) 0.06 (1.4) 0.548 

Pallidum 1.84 (0.4) 1.84 (0.3) 0 (0) 0.999 

Hippocampus 3.81 (0.6) 3.83 (0.7) 0.02 (0.5) 0.847 

Amygdala 1.42 (0.2) 1.47 (0.3) 0.05 (3.3) 0.196 

Accumbens 0.48 (0.1) 0.45 (0.1) -0.03 (-6.5) 0.089 

 

RIGHT HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Thalamus 7.69 (0.9) 7.69 (1.0) 0 (0) 0.999 

Caudate 3.51 (0.6) 3.47 (0.6) -0.04 (-1.2) 0.741 

Putamen 4.74 (0.9) 4.92 (1.0) 0.18 (3.83) 0.132 

Pallidum 1.84 (0.5) 1.88 (0.4) 0.04 (2.0) 0.606 

Hippocampus 3.87 (0.8) 3.99 (0.9) 0.11 (2.9) 0.212 

Amygdala 1.40 (0.4) 1.58 (0.4) 0.18 (13.1) 0.001 

Accumbens 0.37 (0.1) 0.36 (0.1) -0.01 (-3.4) 0.619 

Adjusted values for age and gender, with maximum p value of 0.05. 

Only 1 out of the 15 subcortical regions analyzed showed a significant change in DM2 

patients with respect to healthy control. It is the case of the Right Amygdala, whose size 

is 13.1 % increased.  

c) Cortical thickness 

Based on the paper by Ciampi et al. (2016) the obtained cortical thickness values from 

71 different regions were grouped in 14 lobes (7 each hemisphere). Overall thickness 

for each hemisphere and the whole brain were also included. 
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Table 6 – Cortical thickness results 

 HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

GLOBAL 2.364 (0.02) 2.335 (0.03) -0.029 (-1.2) 0.032 

 

LEFT HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Insula 2.886 (0.02) 2.884 (0.02) -0.002 (-0.1) 0.936 

Cingulum 2.524 (0.02) 2.512 (0.02) -0.013 (-0.5) 0.599 

Frontal 2.423 (0.01) 2.405 (0.01) -0.018 (-0.7) 0.278 

Parietal 2.210 (0.01) 2.183 (0.01) -0.027 (-1.2) 0.103 

Occipital 1.846 (0.01) 1.804 (0.01) -0.042 (-2.3) 0.004 

Temporal 

Medial 
2.067 (0.04) 3.013 (0.03) -0.054 (-1.8) 0.072 

Temporal 

Lateral 
2.578 (0.01) 2.535 (0.01) -0.043 (-1.7) 0.018 

Hemisphere 2.367 (0.01) 2.335 (0.01) -0.032 (-1.3) 0.025 

 

RIGHT HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference (%) Significance  

(p-value) 

Insula 2.884 (0.02) 2.853 (0.02) -0.032 (-1.1) 0.198 

Cingulum 2.440 (0.01) 2.440 (0.02) 0 (0) 0.996 

Frontal 2.396 (0.01) 2.387 (0.01) -0.009 (-0.4) 0.565 

Parietal 2.208 (0.01) 2.192 (0.01) -0.016 (-0.7) 0.328 

Occipital 1.880 (0.01) 1.855 (0.01) -0.025 (-1.3) 0.090 

Temporal 

Medial 
3.158 (0.03) 3.077 (0.03) -0.081 (-2.6) 0.005 

Temporal 

Lateral 
2.623 (0.01) 2.569 (0.01) -0.054 (-2.1) 0.004 

Hemisphere 2.362 (0.01) 2.335 (0.03) -0.027 (-1.1) 0.048 

Adjusted values for age and gender, maximum p value of 0.05. Areas studied included the bilateral 

insula, cingulum (caudal-anterior-cingulate, isthmus-cingulate, posterior-cingulate and rostral-anterior-

cingulate), frontal lobe (caudal-middle-frontal, lateral-orbito-frontal, paracentral, pars-opercularis, 

pars-orbitalis, pars-triangularis, precentral, rostral-middle-frontal, superior-frontal and frontal-pole); 

occipital obe (cuneus, lateral-occipital, lingual and pericalcarine), parietal lobe (inferior-parietal, 

postcentral, precuneus, superior-parietal and supramarginal), the temporal lobe was divided in lateral 



30 

 

(inferior-temporal, middle-temporal, superior-temporal, transverse-temporal) and medial (entorhinal, 

fusiform, parahippocampal and temporal-pole). 

Every cortical region except for the right cingulum was thinned in DM2 patients, 

finding the most important reduction in the left occipital lobe (-2.3%). Significant 

changes were found in both right and left occipital and temporal (medial and lateral) 

lobes. Globally the thinning represented a 1.2% of the cortical thickness.   

3.2. FUNCTIONAL RESULTS 

After performing ICA in our cohort, a total of 44 components were obtained. To have a 

clear understanding of the DM2 effect on the brain’s functionally, first these networks 

need to be identified. 

a) Resting State Networks identification 

There is not a completely reliable method to distinguish Resting State Networks from 

artifacts or other networks that may not be interesting for our goal. But as a general rule 

they must comply with having a clearly defined shape and being symmetrical. However, 

some of them could be split in two components and the problem of bilaterality had to be 

taken into account, since with an advanced age it is typical to recruit brain areas to 

perform some tasks that normally should be deactivated. 

Anyway, Resting State literature is rich enough and most of them could be identified. 

Those ones that were clearly identified as RSNs but were not found in literature were 

simply named after its anatomical location. 

 

Figure 8. Example of the setup used to identify RSNs that are difficult to distinguish at naked eye. Left: 

Temporal Inferior Lobe network (red color) overlayed on a structural MRI template. Right: Automatic 

Anatomical Labeling Atlas yoked 
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The final list was reduced to 21 networks. Ordered from highest to lowest percentage of 

total variance explaining (more to less independent with respect to the whole brain 

activity): 

Table 7 – ICA decomposition – Independent Components (IC) 

IC00 

 

IC01 

 

IC02 

 

IC03 

 

IC04 

 

IC05 

 

IC06 

 

IC07 

 

IC08 

 

IC09 

 

IC10 

 

IC11 

 

IC12 

 

IC13 

 

IC14 

 

IC15 

 

IC16 

 

IC17 

 

IC18 

 

IC19 

 

IC20 

 

00. Dorsal Attention 

01. Medial Frontal Lobe 

02. Primary Visual  

03. Right Executive  

04. Right Lateral 

05. Inferior Temp. Lobe 

06. Left Ventral Cereb. 

07. Defaul Mode Network 

08. Cuneus and Precuneus  

09. Right Ventral Cereb.  

10. Medial Temporal Lobe 

11. Lateral Visual 

12. Auditory 

13. Cerebellum 

14. Insula and ECN  

15. Caudate, Putamen and 

Thalamus  

16. Ventral Attention 

17. Left Executive 

18. Salience 

19. Left Lateral 

20. Medial Visual 
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Artifactual resting state networks following ICA decompositions were attributed to 4 

sources: white matter networks, pulsatility of the CSF, subject motion and scanner drift.  

           

Figure 9. Three examples of artifactual networks found attributed to CSF pulsatility (left and middle) and 

subject motion (right) 

The 21 networks were characterized by their area of influence and function, and divided 

into 4 groups based on the classification of Laird et al. (2011). (Supporting Information 

- I). 

b) Affected Networks: Dual Regression 

Ranging and clustering 

Analysis of f-MRI data proceeds in a massive univariate approach. This means that each 

voxel is analyzed as an independent variable and the spatial configuration of voxels is 

ignored. Due to very large number of comparisons, there is requirement of correction 

for multiple comparisons (avoid false positives). 

Cluster inference uses random field theory to assess the chance of having a number of 

contiguous voxels found to be significantly active as one cluster. Cluster-extent based 

thresholding was the clustering method applied for multiple comparisons correction of 

statistical maps in neuroimaging studies, due to its high sensitivity to weak and diffuse 

signals (Woo C.W. et. al, 2014). The size of the cluster comes into consideration here 

and there may be activations outside the detected clusters (false negatives). The choice 

based on previous studies was to only consider relevant clusters with a number of 

voxels n>10. 

Networks affected 

Spatial Mapping 

Only 6 out of the 21 networks showed significant changes between healthy controls and 

DM2 patients: 
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Table 8 – Dual Regression results 

Affected networks 

Yellow: RSN, Red: increase in DM2 patients, Blue: decrease in DM2 patients 

IC00: Dorsal Attention 

 

Inferior parietal and superior occipital lobe 

IC01: Medial Frontal Lobe 

 

Medial frontal lobe 

IC02: Primary Visual 

 

Cerebellum 

IC03: Right Executive 

 

Medial and superior temporal lobe 

IC10: Medial Temporal Lobe 

 

Left inferior temporal and occipital lobe 

IC17: Left Executive 

 

Superior frontal lobe 

The differences in resting state networks corrected for multiple comparisons at voxel level p<0.05, cluster 

extent >10 voxels. Adjusted values for age, gender and hypertension with maximum p value of 0.05. Brain 

regions labeled using Automatic Anatomical Labeling Atlas. 

The Dorsal Attention, Medial Frontal, Right Executive and Medial Temporal networks 

showed significant increase in functional connectivity in patients with DM2, while 

Primary Visual and Left Executive networks showed a decrease of synchronization. In 

all cases the significant changes were found in the shape of one single cluster. 
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Numerical results: quantification 

In order to have not only spatial information about where the change of synchronization 

is happening but also quantify it we decided to take the simple approach of counting the 

number of voxels activated (activation range assumed: from peak intensity to 15% of 

peak) and the mean intensity of those voxels. These values were obtained in all the 

RSNs that showed significant changes for every subject. 

Table 9 – Parameterization of functional results 

 Network HC (SD) 
n=53 

DM2 (SD) 
n=163 

Difference 

(%) 

Significance  

(p-value) 

Active 

Voxels 

IC00 8500 (1930) 9895 (3120) 1395 (16.4) 0.0004 

IC01 7629 (2110) 8328 (2250) 699 (9.2) 0.059 

IC02 5944 (1130) 6009 (1820) 65 (1.1) 0.774 

IC03 8955 (2030) 9327 (2600) 371 (4.2) 0.318 

IC10 7897 (1760) 8222 (2210) 325 (4.1) 0.312 

IC17 6436 (1600) 5756 (1830) -680 (-10.6) 0.018 

Mean 

Intensity 

IC00 2.14 (0.3) 2.27 (0.4) 0.13 (6.0) 0.043 

IC01 2.42 (0.6) 2.52  (0.5) 0.10 (4.2) 0.289 

IC02 2.41 (0.4) 2.43 (0.5) 0.01 (0.5) 0.865 

IC03 2.11 (0.4) 2.21 (0.5) 0.10 (5.2) 0.125 

IC10 2.02 (0.3) 2.14 (0.4) 0.12 (5.6) 0.046 

IC17 1.72 (0.2) 1.67 (0.3) -0.05 (-3.0) 0.188 

Adjusted values for age, gender and hypertension with maximum p value of 0.05. 

The quantification approach seems to be not precise enough since the results of dual 

regression should be replicated and significant differences should be found in all six 

networks. Instead, only IC00 and IC17 showed significant change. At least the tendency 

of the differences is coherent with the previous results and in the case of IC00 both 

voxel extension and intensity is increased in DM2 patients while in the case of IC17 the 

voxel extension is decreased in DM2 patients.  
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3.3. FEATURE RANKING 

The clustering was applied to classify the subjects using the 12 relevant features that 

have been proven to be affected by DM2: from VBM grey matter, white matter and 

CSF fraction; from the subcortical segmentation right amygdala’s volume; from the 

cortical thickness study the occipital and temporal (medial and lateral) thickness; from 

the connectivity study the number of active voxels of IC00 and IC17. 

Once the clustering was done we computed its effectiveness comparing the cluster to 

which the subjects had been assigned to the group to which they actually belonged. The 

effectiveness was quite high (0.85). To know the contribution of each feature to the 

selection the process of clustering was repeated deleting one of the features in each 

iteration and computing again the effectiveness coefficient. 

  

Figure 10. Effectiveness of the clustering. Each bar represents how well the algorithm has classified the 

whole cohort extracting just one feature 

 

4. DISCUSSION  

As far as our knowledge, this is the first report of RSNs in the whole brain in patients 

with type II diabetes including different structural changes analysis in brain 

morphology. Structurally, the most important change caused by DM2 is the loss of grey 

matter in cortical areas and the cerebellum. The exacerbation of the covariates’ effect on 
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grey matter loss in diabetic patients suggests that these factors (i.e. gender, having 

smoked) are in fact accelerators of the volume loss already associated to the disease 

itself. In the temporal and occipital lobe was detected the most extensive affectation, 

concentrating 6 out of the 13 grey matter loss clusters found by VBM as well as 

showing the most important loss of cortical thickness. This is consistent with previous 

studies that included middle temporal and lateral occipital gyrus as the regions with the 

most severe thickness loss. 

Affectation in the cerebellum has been less mentioned in previous literature. However, 

reports of fasting glucose levels being twice as high in the cerebellum as in the 

cerebrum during acute hyperglycemia (Heikkilä et al., 2010) can suggest why the 

damage in the cerebellum is that important. Cerebellum is associated with emotion, 

cognition and behavior and alterations to the cerebellum lead to motor deficits, 

dementia or other psychiatric disorders (Baldaçara et al., 2008). 

Subcortical structures seem to be not affected at all except for the right amygdala, which 

shows a bigger size in DM2 patients. This fact can be related with the demonstrated 

increase of anxiety and amygdala norephrine release during hypoglycemia, a common 

side effect of therapy in patients with DM2 (McNay et al., 2015). A further study of 

amygdala’s volume change adjusting for the insulin intake of each subject could shed a 

light in this correlation. 

Regarding the connectivity results, only the affectation in the Dorsal Attention Network 

(IC00) has been mentioned before in similar studies, and contrary to the state of the art, 

no affectation of the Default Mode Network (IC07) has been found. Four out of the six 

significant network changes in diabetic patients were synchronization increments which 

might seem counterintuitive and incoherent with the structural results. Nevertheless, if 

we compare both results we can see that most of areas where the synchronization 

increases overlap with areas of grey matter atrophy (occipital lobe, temporal lobe and to 

a lesser extent areas of the frontal lobe), therefore we can talk about a compensatory 

phenomenon. At the same time, if we take a look to those same areas in the original 

RSNs found with ICA, we can see that they correspond to the areas that are always 

activated and at some extent define the networks (hubs). On the other hand, the two 

networks where decreases of synchronization were found also showed those changes in 

areas with grey matter atrophy (cerebellum, superior frontal lobe) but with the important 
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difference of being areas of ‘residual’ activation for their networks (Left Executive 

Network’s main hub is in the left medial temporal lobe rather than in the superior 

frontal lobe; Primary Visual Network’s main hub is the occipital lobe’s posterior pole 

rather than in the cerebellum). This could imply that if the brain finds hard to maintain 

the connection between regions due to structural damage and this happens in an 

essential area for an specific connection, the effort applied to keep the connection will 

strengthen the synchronization level as much as possible. However, if those difficulties 

are found in less essential areas (maybe areas that do not belong to the network but are 

recruited at an older age), the synchronization is weakened without opposition. 

 

4.1. Atrophy patterns: a biomarker for early onset dementias 

Brain atrophy patterns have been shown to be good biomarkers for studying early onset 

dementias. Since DM2 is considered an important risk factor for developing 

Alzheimer’s disease, the similarities between both atrophy patterns (and with the pattern 

of the second most frequent disease leading to early onset dementia: frontotemporal 

dementia) have been reported. 

a) Alzheimer’s Disease (AD) 

Alzheimer’s disease (AD) is a chronic neurodegenerative disease which is the cause of 

60-70 % cases of dementia (Burns et al., 2009). It is a disease that starts slowly and 

worsens over time, divided into several stages with a progressive pattern of cognitive 

and functional impairment. Memory impairment is the most recognized symptom of 

Alzheimer’s dementia common to patients with the condition. AD is characterized by 

loss of neurons and synapses in the cerebral cortex and certain subcortical regions. This 

loss results in gross atrophy of the affected regions. In order to shed a light over the 

clinical manifestation of AD and to characterize clear atrophy patterns a team of 

researchers from Singapore and Harvard Medical School analyzed a group of 188 

subjects in the Alzheimer’s Disease Neuroimaging Initiative and were able to identify 

three distinct areas stable over time, which means that they are not simply a reflection of 

the AD stage but different kinds of atrophy (Zhang et al., 2016): 

1. Temporal atrophy: temporal cortex, hippocampus and amygdala. 
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2. Cortical atrophy: frontal, parietal, lateral temporal, lateral occipital cortex 

regions. 

3. Subcortical atrophy: striatum, thalamus and cerebellum.  

Patterns of atrophy were found to correlate with neuropsychological domains of 

impairment. Temporal atrophy subjects had the greatest memory impairment. Cortical 

atrophy patients showed the most impairment in executive function. Subcortical atrophy 

subjects had lower levels of executive function and memory impairment and showed a 

slower rate of cognitive decline.  

Our structural results do not match the classical AD atrophy pattern which affects 

structures like the hippocampus. Rather than that, DM2-associated atrophy seems to be 

more related to AD’s cortical pattern of atrophy, implying affectation in executive 

functions rather than memory. the RSNs study is coherent with this fact, since both 

Right and Left Executive networks are somehow affected. To a lesser extent, 

cerebellum atrophy would match the subcortical atrophy pattern. 

b) Frontotemporal dementia 

Frontotemporal dementia (FTD) or frontotemporal degenerations refers to a group of 

disorders caused by progressive nerve cell loss in the brain's frontal lobes or its 

temporal lobes. FTD is the second most frequent neurodegenerative disease leading to 

early onset dementia after AD. The prominent symptoms in FTD are a gradual decline 

in social behavior with loss of insight and decline in executive functions instead of 

typical memory problems. 

Structural analyses have proven the most prominent atrophy in FTD is detected in the 

temporal lobe, causing increased functional connectivity predominantly around the 

atrophic area, affecting the Dorsal Attention Network and the Default Mode Network 

(Rytty et al., 2013). The similarity with the DM2 pattern results is coherent with some 

of the FTD symptoms (i.e. executive decline rather than memory problems) and their 

similarity to the cortical atrophy pattern of AD that has previously been related to DM2 

too.  
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4.2. Ranking of features 

An important point to mention regarding our machine learning approach is that it would 

have been really useful to add clinical parameters from the rich database included in the 

PRECISED cohort, but the focus was put instead on finding some kind of “take-home” 

message that could be easy to apply by clinicians and that was establishing which 

imaging techniques would be more useful to explain the effect of DM2. Many of those 

parameters were only acquired for diabetic patients, so they were not useful at all for 

our purpose of comparing with controls.  

As previously mentioned, the approach to establish how well a feature explains the 

effect of diabetes on the brain is quite simplistic and it can be used just as one more 

factor to be taken into account by clinicians.  

Observing the results it can be said that grey matter fraction and right hemisphere 

thickness values (occipital and temporal lobes) are the only features that occasion an 

abrupt drop of the clustering effectiveness, taking it to a level of almost randomness in 

the classification (effectiveness around 0.5). Therefore it could be assumed that a 

diabetic brain can be characterized well enough simply with a VBM and cortical 

thickness study. 

Regarding the computational efficiency, the processes where the computational time 

can be an important burden are the cortical thickness extraction with FreeSurfer and the 

Dual Regression with FSL, taking around 14 hours for each patient and 72 hours for the 

whole cohort respectively. However, cortical thickness has been proven an essential 

feature to characterize diabetic brains, and affected Resting State Networks cannot be 

discarded as an important feature since the approach taken to parameterize Dual 

Regression results into numerical values is not accurate enough. A better grasp should 

be necessary to find a better conversion and make it a reliable biomarker of 

functionality. 
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SUPPORTING INFORMATION - I 

Resting State Networks characterization and classification 

a) GROUP 1: strongly related to a collective range of emotional and 

autonomic processes 

Attention networks (Corbetta et al., 2002) 

  

1. IC00: Dorsal attention 

It includes parts of the intraparietal cortex and superior frontal cortex.  

It is involved in preparing and applying goal-directed (top-down) selection for stimuli 

and responses, in other words paying attention on purpose. 

      2) IC16: Ventral attention 

It includes the temporoparietal cortex and inferior frontal cortex, and is largely 

lateralized to the right hemisphere.  

It is the counterpart of dorsal attention and works directing attention to unexpected 

events.  

 

IC01: Medial Frontal 

It includes the medial part of the superior frontal gyrus (SFG) and cingulate gyrus.  

The SFG plays a major role in self-awareness in coordination with the sensory system. 

(Goldberg et al., 2006). 

The cingulate gyrus is an integral part of the limbic system, which is involved with 

emotion formation and processing, learning, and memory. The combination of these 

three functions makes the cingulate gyrus highly influential in linking behavioral 

outcomes to motivation (e.g. a certain action induced a positive emotional response, 

which results in learning (Hayden et al., 2010). 

 

IC07: Default Mode Network 

The default mode network (DMN) includes the medial prefrontal cortex, posterior 

cingulate cortex, inferior parietal lobule. A few of the other structures that may be 

http://www.neuroscientificallychallenged.com/glossary/prefrontal-cortex
http://www.neuroscientificallychallenged.com/glossary/cingulate-cortex
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considered part of the network are the lateral temporal cortex, and hippocampal 

formation. 

The default mode network is most commonly shown to be active when a person is not 

focused on the outside world and the brain is at wakeful rest, such as during 

daydreaming and mind-wandering. The network activates "by default" when a person is 

not involved in a task (Fox et al., 2005). 

 

IC15: Caudate-Putamen-Thalamus 

Also known as bilateral basal ganglia and thalamus network, it is linked to a wide range 

of mental processes, most strongly to reward tasks, nonpainful thermal stimulation and 

interoceptive functions (e.g., bladder, sexuality, hunger and thirst). In addition, it was 

also found to be relevant to motor, pain and somatosensory processing. 

 

IC18: Salience 

The salience network is formed by a set of brainstem, subcortical and cortical structures. 

Cortical nodes of the salience network include the frontoinsular cortex (FIC) and 

anterior cingulate cortex. 

 Salience is often defined in terms of low-level sensory features (e.g., stimulus color or 

intensity). Salience network integrates ascending signals to coordinate other large-scale 

cortical networks and trigger responses to salient stimuli (Uddin et al., 2017).   

IC10: Medial temporal network 

The medial temporal lobe consists of structures that are vital for long-term memory and 

declarative memory. The structures that are critical for long-term memory include the 

hippocampus and hippocampal surrounding region. On the other hand declarative 

memory is the conscious memory divided into semantic (facts) and episodic (events) 

memory. 

 

b) GROUP 2: mixture of functions related to motor and visuospatial 

integration, coordination and execution 

IC05: Inferior Temporal 

It consists of the inferior temporal gyrus. 

http://www.neuroscientificallychallenged.com/glossary/temporal-lobe
https://en.wikipedia.org/wiki/Wakefulness
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This region is one of the higher levels of the ventral stream of visual processing, 

associated with the representation of complex object features, such as global shape. It 

may also be involved in face perception, and in the recognition of numbers.   

IC14: Executive Central Network 

The central executive network is a frontoparietal network that is crucial to working 

memory and cognitive control of thought, emotion and behaviour. 

 

c) GROUP 3: related to visual perception 

IC08: Cuneus and Precuneus 

The cuneus is a smaller lobe in the occipital lobe. The cuneus receives visual 

information from the same-sided superior quandrantic retina (corresponding to 

contralateral inferior visual field). It is most known for its involvement in basic visual 

processing. 

The precuneus is a part of the superior parietal lobule just in front of the occipital lobe.  

Visual networks 

1) IC02: Primary visual network 

The primary visual cortex is the most studied, simplest and earliest cortical visual area 

in the brain. It is located in the posterior pole of the occipital lobe and is the  

It is highly specialized for processing information about static and moving objects and 

is excellent in pattern recognition. 

2) IC11: Lateral visual network 

It includes the middle temporal visual association area at the temporo-occipital junction. 

It is related with the viewing of complex and often emotional stimuli (e.g., films, faces). 

 

3) IC20: Medial visual network 

The middle temporal visual area is a region of extrastriate visual cortex.  

It plays a major role in the perception of motion, the integration of local motion signals 

into global percepts, and the guidance of some eye movements. 

 

https://en.wikipedia.org/wiki/Motion_perception
https://en.wikipedia.org/wiki/Eye_movement_(sensory)


43 

 

d) DIVERGENT NETWORKS: several networks that demonstrated 

strong dissimilarity to the three previous groups and to each other. 

IC13: Cerebellum 

Commonly associated with action and somesthesis, demonstrated a distributed range of 

sensorimotor, autonomic and cognitive functions. 

 

IC06/IC09: Ventral cerebellum 

Includes primary sensorimotor cortices for mouth, associated with action and 

somesthesis corresponding to speech, such as swallowing or flexion/extension of the 

mouth. 

 

IC12: Auditory network 

It consists of the transverse temporal gyri and includes the primary auditory cortices. 

It is the part of the temporal lobe that processes auditory information. It is located 

bilaterally, roughly at the upper sides of the temporal lobes – on the superior temporal 

plane, within the lateral fissure. 

It is a part of the auditory system, performing basic and higher functions in hearing, 

including tone and pitch.  
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