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Abstract 
 
Dementia is believed to be associated with changes in the physical structure of brain tissue, particularly in the pattern of 
small blood vessels. This study investigates one of the current research questions in the understanding of dementia, that 
is, whether there are differentiating factors in the structure of blood vessels of the cortex associated with different 
dementia subtypes and controls. Our approach is to use automated classification techniques to build predictive models 
based on fractal and non-fractal morphological descriptors, in order to label images of post mortem brain tissue with the 
appropriate pathology. Our goal is not to provide automated diagnosis, but to confirm or deny the presence of a 
relationship between morphological features and disease. The use of a variety of machine learning methods allows the 
exploration of the complex relationships that may exist. This study also addresses the choice of suitable features and the 
role of fractal analysis in medical image processing. The results suggest that there are differentiating factors, but these 
are difficult to detect, and vary between different areas of the cortex. Features derived from multi-fractal analysis 
showed more promise in this application than the non-fractal features we studied. 
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1. Introduction 
 

The clinical symptoms of dementia are well known, 
and include memory loss, confusion, and other 
psychological effects [40]. As dementia is widespread, 
with at least 17% of people aged 65 or over suffering 
from this range of diseases at some point in their life, it 
is important to increase our understanding of the causes 
[30]. The possibility has been raised of physical 
changes in the structure of small blood vessels 
accompanying dementia, but little quantitative work 
has been done in this area. If an association could be 
found between the vascularisation of the brain tissue 
and the clinical symptoms, this may lead to new 
understanding of these debilitating diseases. 

In previous work, we have found evidence of such a 
relationship [8,15,16]. Here we report on a more 
detailed and thorough study. Using techniques from 
fractal analysis, pattern recognition, and machine 
learning, we attempt to build predictive models to 
provide the diagnostic category of the patient, by 
examining only images from post-mortem brain tissue. 
Some of the techniques used are quite novel for this 
application area. 

This study addresses several important issues in 
answering this question, namely obtaining numerical 
measures from medical images, the choice of suitable 

features, the role of fractal and multifractal analysis in 
medical images, and the use of classifier algorithms to 
establish the presence or absence of a relationship 
between morphology and clinical symptoms. 

The results suggest that there are indeed differences 
in the structure of blood vessels corresponding to 
different disease types. The most useful measures 
found were based on fractal analysis, suggesting there 
may be a role for this type of analysis compared to 
more traditional techniques of image description. The 
differences were not sufficient to allow a high accuracy 
in the predictive model, but are sufficient to suggest 
that with further refinement of the model, this may be 
possible. Also, the differences appear to be stronger in 
some areas than in others. 

The remainder of this paper is organized as follows. 
Section 2 gives an overview of current knowledge 
regarding dementia and its effects upon the structure of 
blood vessels in the cortex. Section 3 describes the 
acquisition and analysis of images, while section 4 
deals with the fractal analysis. Section 5 describes our 
methods for feature selection, and section 6 briefly 
presents the machine learning methods. Section 7 
describes the experimental design, while section 8 
presents results. Section 9 discusses the results of the 
paper and section 10 concludes the paper. 
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Fig. 1. Typical images of blood vessel structure obtained from the frontal lobe of patients with (a) Altzeimer’s disease, (b) Small vessel disease, (c) 
both diseases, and (d) non-demented aged controls. 

 

2. Alzheimer’s and Small Vessel Disease Dementia 
 

Dementia is a clinical syndrome, which results from 
degeneration of the brain. There are number of 
different subtypes of dementia of which Alzheimer’s 
disease (AD) is the most common.  AD is characterised 
by the presence of intracellular neurofibrillary tangles 
and extracellular senile plaques.  Brain atrophy is also 
a feature of AD and other types of dementia.  Atrophy 
occurs as a result of region-specific neuronal loss. 

Vascular dementia is the second most common 
cause of dementia, and includes subtypes due to large 
vessel disease (i.e. stroke) and small vessel disease 
(SVD).  

The brain relies on a capillary network of vessels to 
bring oxygen and nutrient-bearing blood. If this supply 
to the brain fails, brain cells are likely to die. Changes 
to the microvascular system of the brain have been 
demonstrated in both AD and SVD dementia. 
However, there has been little quantitative 

investigation of the capillary network in patients with 
dementia [11]. No microvascular changes have been 
found in the visual cortex in AD [4] and various studies 
of the frontal cortex have used different parameters to 
compare the capillary network and provided conflicting 
results [6,18]. One of the current research questions 
remains whether there are differentiating features in the 
structure of blood vessels of the cortex and specific 
cortical areas associated with dementia, its subtypes 

and normal cortex. Figure 1 shows typical images of 
blood vessel distribution obtained from the frontal 
cortex for patients with these four pathologies. The 
smallest vessels seen are 10 pixels wide. It is apparent 
that if any difference exists between pathologies, then 
it requires very sensitive pattern analysis algorithms, as 
a manual inspection of such images does not allow one 
to discriminate between these four cases. 

 
3. Image Acquisition and Analysis 

 
The microvascular network was visualised using 

appropriate methods described elsewhere [1]. Grey 
scale images of cortex were obtained using a Sony 
CCD video camera on an Olympus microscope 
attached to an IBM computer using Optimas software. 
Image processing was performed using NIH Image 
software (http://rsb.info.nih.gov/nih-image). Images 
were optimised by combining 3 images of each sample 
with fixed brightness, contrast and filter permutations. 

We addressed the difficulty of obtaining large numbers 
of such images by dividing each image into four equal 
sized smaller images. Some of these were discarded 
due to the presence of major artefacts. This resulted in 
a total of 198 images comprising 81 from the frontal 
region, 46 from the occipital region (rear of brain), and 
71 from the parietal region (side of brain).  

Images were also identified by the presentation or 
diagnosis, which is a nominal variable representing the 
class. The correct labels were determined by medical 



experts based on clinical symptoms before death and 
on post-mortem results other than vessel pathology. 
This takes a value of AD for Alzheimer’s disease, SVD 
for small vessel disease, AD-SVD for both, and 
CONTROL for normal (non-diseased tissue). 

In order to perform automated classification, it is 
necessary to extract numeric values, or features from 
the images. These features should be free from bias as 
far as possible, so should be translation invariant, be 
acquired at the same scale, and should not be 
dependant on the natural variation of measurement, 
such as slight differences in area. Using the NIH Image 
software the following features were selected: 

 
• Mean Density – the average gray value within the 

selection. This is the sum of the gray values of all 
the pixels in the selection divided by the number of 
pixels. 

• Standard Deviation – the standard deviation of the 
gray values used to generate the mean gray value. 

• Normalised Integrated Density - the sum of the 
grey values in the image, with background (modal 
grey value) subtracted, divided by the total number 
of pixels in the image. This is calculated as 
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Where gi is the grey value of pixel i, and gm is the 

modal value. 
In addition, we calculated measures of the relative 

number of horizontal and vertical strokes, by 
convolving each image with standard 3x3 pixel Sobel 
filters. We supplemented these standard features using 
fractal analysis, as described below. 

 
4. Fractal Analysis 

 
One of the tasks that pathologists routinely perform 

in diagnosis is the assessment of complexity of shape 
or texture of tissue such as muscle, bone or nervous 
tissue and microscopic images of individual cells, 
tumor growth and blood vessels [21,27,29,32]. Natural 
objects, including cells and tissues studied in 
pathology, have complex structural characteristics that 
are difficult to describe using Euclidean geometry. 
Some of these complex patterns can be approximated 
in terms of fractal structures and can be analysed using 
either principles from global fractal or multi-fractal 
analysis [12]. Fractal analysis has been used 
extensively to characterise complex scaling phenomena 
in biological material [35]. Fractal analysis provides a 
quantitative parameter, the generalised fractal 
dimension, which quantifies the extent to which an 
object fills space, and indicates whether scale-
invariance is present [22]. Fractal analysis has found 
applications in the measurement of the space-filling 
properties of tumours, blood vessels, neurones and 
their support cells [9,21,24,36]. 

However, the generalised dimension that is most 
often calculated does not always differentiate between 
structures due to their common scale-invariant 
properties [35,13]. Recently, multi-fractal analysis has 
been applied to biological tissues composed of 
complex structures and extended into the medical 
domain for analysing tumors and blood vessel 
complexity, especially for magnetic resonance images 
(MRI) [7,20,38]. 

Multi-fractal analysis is a rather novel approach to 
analysing biological patterns [14,23,34]. Several 
methods have been investigated, including box-
counting, mass-radius and wavelet procedures 
[2,14,25,37]. Multi-fractal analysis is based on the 
premise that structure is determined by many processes 
operating at different scales. The calculated multi-
fractal spectrum reflects the diversity of the 
developmental or environmental influences attributed 
to the final complexity of the structures [5,39]. 

The multi-fractal spectrum D(q) consists of many 
dimensions ranging from -∞ to + ∞. Of these only three 
are understood [12]. D0 is the generalised dimension or 
Hausdorff dimension, D1 is the information dimension 
and D2 is the correlation dimension [33]. In practice 
one can use the box-counting method to obtain the 
multi-fractal spectrum by counting the number of 
pixels, or the mass, M(r) within each box of size r, 
repeated for the N(r) possible boxes in the image [41], 
then finding the slope of the log-log line so obtained: 
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There are drawbacks to this method as discussed by 

Fernandez et al. [14]. In particular, the case where q=1 
is normally solved by approaching it from both 
directions and taking the mean of two values. 

Lacunarity is a multi-scale measure of texture 
describing the complex interactions of the shape and 
distribution of gaps within an image. Lacunarity was 
originally introduced to account for the finding that 
some images have the same fractal dimension value for 
visually different textures. It has so far been mainly 
used for texture analysis other than biological features 
apart from the analysis of trabecular bone using CT 
images where it differentiated between images that 
differed only in the slice thickness [10,28]. Our 
analysis is the first to use lacunarity for pathological 
diagnosis. Lacunarity can be defined as  
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Where Mean(r) and Var(r) are the mean and 

variance of the number of pixels, or the mass, in a box 
of size r, calculated from all boxes of size r in the 
image. We calculated values of D(q) for q = -10 to 
+10, as well as Lacunarity. 



 
5. Feature Selection 
 
The features measured for the images are 27 in total: 

• Mean density 
• Standard deviation 
• Normalised Integrated Density 
• Horizontal Frequency 
• Vertical Frequency 
• 21 exponents from the multi-fractal scale 
• Lacunarity 

 
We performed Principle Components Analysis 

(PCA) in order to select a smaller feature set, and to 
determine which features are indicated in the 
discrimination of disease types, as these may provide 
some information about the physical changes in the 
cortex associated with these diseases. The Weka 
toolbox [42] includes a PCA module, and this was used 
to provide a set of eigenvalues and transformation 
vectors, limited to those explaining 95% of the 
variance in the data (shown in Tables 1 to 3). Here we 
have used EV as an abbreviation for eigenvalue, MD 
for Mean Density, and NID for Normalised Integrated 
Density. It is easily seen that features derived from 
fractal analysis were preferred to the more traditional 
measures, as these have much higher eigenvalues. 
 
Table 1 
The first five eigenvalues and corresponding transformation vectors 
for data from the frontal region 

EV Components 
12.1 0.286D(0)+0.282D(1)+0.282D(-1)+0.275D(2)+0.267D(3) 

9.8 -0.302D(-10)-0.299D(-9)-0.295D(-8)-0.29D(-7)-0.282D(-6). 
2.7 -0.466MD-0.461NID-0.447Stdev+0.427Lac-0.207Horiz 
1.1 -0.752Vert+0.63Horiz-0.156Lac-0.067MD-0.064NID 

 
Table 2 
The first five eigenvalues and corresponding transformation vectors 
for data from the occipital region 

EV Components 
15.5 0.248D(8)+0.248D(7)+0.247D(9)+0.247D(6)+0.247D(10) 

5.8 0.409D(-1)+0.363D(0)+0.355D(-2)+0.32 D(-3)+0.3D(1) 
3.2 -0.494NID-0.49MD-0.465Stdev+0.42 Lac+0.229Vert 
1.1 -0.851Horiz-0.51Vert-0.082Stdev-0.05NID-0.046Lac 
0.8 0.77Vert-0.506Horiz+0.226MD+0.211NID+0.167Lac 

 
Table 3 
The first five eigenvalues and corresponding transformation vectors 
for data from the parietal region 

EV Components 

14.0 0.266D(0)+0.266D(1)+0.266D(-1)+0.266D(2)+0.266D(3) 
7.0 -0.373D(-7)-0.37D(-8)-0.369D(-6)-0.365D(-9)-0.358D(-10) 
3.3 -0.504NID-0.504MD-0.503Stdev+0.37Lac+0.151D(-4) 
1.1 -0.731Horiz-0.665Vert-0.13Lac+0.042Stdev+0.028NID 
0.9 0.685Vert-0.668Horiz+0.278Lac+0.044Stdev+0.042MD 

 
Table 4 
Features selected by Principal Components Analysis 
Region Selected features 
Frontal D(0), D(-10), MeanDens, Vert 
Occipital D(8), D(-1), IDB_Norm, Horiz, Vert. 
Parietal D(0), D(-7), IDB_norm, Horiz, Vert. 

 

 
Fig. 2. Feature space for data from the frontal area, using D(0) on the 
vertical axis and D(-10) on the horizontal axis. 
 

 
Fig. 3. Feature space for data from the occipital area, using D(8) on 
the vertical axis and D(-1) on the horizontal axis. 

 

 
Fig. 4. Feature space for data from the parietal area, using D(0) on 
the vertical axis and D(-7) on the horizontal axis. 
 

We chose a reduced feature set based on results of 
PCA, by selecting the features with the highest score 
from each of the eigenvectors in the manner of Joliffe’s 
B4 algorithm [17]. Table 4 shows the features chosen.  



Note that only 4 features were selected from the data 
from the frontal region, as only 4 vectors were required 
to model 95% variance in the data. In general, it was 
observed that D(x) was highly correlated with D(x+1), 
and both received similar weightings, so for example, it 
makes very little difference whether D(0) or D(1) is 
selected for the first feature for the frontal region. 

In order to illustrate the difficulty of obtaining a 
good model to predict class from these data, we have 
plotted data from the three regions using only the first 
two features selected by PCA. These are shown in Figs. 
2 to 4. These diagrams show many overlapping cases, 
and it is obvious that for any model to be successful, it 
must be capable of drawing complex boundaries. Out 
of the three graphs, the data from the occipital area 
would seem to have the least amount of overlap. This 
suggests that this region would be the easiest to 
classify, but we will see later that this is not the case. 
 
6. Machine Learning Methods 

 
A number of automated classifier algorithms are 

available using the excellent Weka toolbox [42]. These 
are briefly discussed below. 

The Naïve Bayes algorithm [3] assumes that features 
are independent. From the discussion in section 5 we 
know this is untrue, but the algorithm performs 
surprisingly well. It estimates prior probabilities by 
calculating simple frequencies of the occurrence of 
each attribute value given each class, then returns a 
probability of each class, given an unclassified set of 
attributes. The Naïve Bayes Multinomial algorithm 
extends this by allowing frequency information of 
nominal attributes to be included. 

The Nearest Neighbours algorithm [19] simply 
stores samples. When an example is presented to the 
classifier, it looks for the nearest match from the 
examples in the training set, and labels the unknown 
example with the same class. In practice the algorithm 
looks at the nearest k neighbours, where k is a 
parameter set by the user. We have used this algorithm 
with k=1 and k=3. In the Weka toolbox, this is 
designated lazy.IB1 and lazy.IBk K 3 respectively, and 
these designations have been adopted in the results 
section. 

The Voting Feature Intervals algorithm discretises 
input space and records the frequency that samples of 
each class occur in each interval. Classification is 
performed by voting, with attributes weighted 
depending on the confidence of each interval. This is 
designated misc.VFI. 

The Conjunctive Rule algorithm is an example of a 
covering algorithm, as it creates a single rule for each 
class. Records not included in any rule are assigned to 
a default class. 

The Decision Table algorithm divides the dataset 
into cells, where each cell contains identical records. A 
record with unknown class is assigned the majority, or 
most frequent, class represented in the cell. The goal of 
training is to find a minimum set of attributes that are 
optimal in predicting the class [26]. 

The Repeated Incremental Pruning to Produce 
Error Reduction (RIPPER) algorithm is a rule-based 

classifier that uses a sophisticated pruning algorithm. 
Each rule is grown by adding conditions until it is 
100% accurate, then pruned to increase the “worth”, a 
measure similar to the ratio of true positives to false 
negatives. This is designated rules.JRip. 

A variant of the nearest neighbour algorithm is to 
store only certain exemplars from the training data, 
instead of the whole set. This reduces computational 
time. In the algorithm designated rules.NNge, the 
exemplars used are selected based on whether they 
result in correct classifications. 

The algorithm designated rules.PART builds partial 
decision trees using the C4.5 algorithm [31]. The 
partial tree is used to define a rule, and then discarded. 
Tree building continues on the remaining samples, 
until all are covered. 

The RIpple DOwn Rule Learner (Ridor) algorithm 
learns rules with large support, but then qualify these 
by also learning exceptions to each rule. The 
exceptions with the maximum support are chosen, and 
then exceptions are sought for these exceptions, and so 
on, in an iterative manner. This algorithm is designated 
rules.Ridor. 

An implementation of the classic C4.5 decision tree 
algorithm [31] is used, designated trees.J48. Numeric 
attributes are split using a measure of information gain, 
and this forms two or more branches of the tree. 
Subsequent splits are used until all branches contain 
only members of the same class. Then a pruning phase 
is used to reduce the complexity of the tree. 

 
7. Experimental design 

 
The first aim of the experiments is to determine 

whether it is possible to make any predictive model 
from these data. If so, this is evidence that the disease 
is related to changes in the vascular structure of the 
brain tissue. 

The second aim is to determine the difference in 
predictive model accuracy between the three different 
brain areas. This has implications about how different 
parts of the brain are affected differently by the 
diseases. 

The unique nature of the available datasets requires 
careful handling in order to avoid bias in the results. 
We modified the usual cross validation design to 
accommodate the fact that a set of data records were 
obtained from each original image, and therefore from 
the same patient. Most of these sets comprised 4 
records, but as some records were discarded due to 
artefacts, some sets comprised only 2 or 3 records. In 
each experiment, the classifier was trained on all 
records except for those comprising a set, then tested 
against the records in the set. This procedure was 
repeated for all sets in the data. In this way, all 
experiments involved the classifier being tested on 
previously unseen data. 

In order to provide a datum with which to compare 
the classifier algorithms, we introduce the idea of a 
Default Classifier, which chooses a class label at 
random, weighted by the a priori frequency of records 
in the data set. It should be noted that all the algorithms 
mentioned in section 6 are deterministic: that is, their 



performance does not change over repeated trials. We 
also found that the order of the records does not affect 
the performance of these algorithms. Therefore it is 
impossible to estimate variance for their performance 
and employ standard statistical tests to compare them 
to the default classifier. Instead, we estimated the 
distribution for the performance of the default classifier 
using a computer simulation. During one trial, each 
record is selected in turn, and assigned to a class at 
random, using the a priori distribution on classes in the 
dataset. The number of correct assignments is counted. 
This process was repeated over 1000 trials for each 
dataset, and the 50% and 95% percentile points of the 
resulting distributions were recorded. We assume a 
significant result at the 95% level if a classifier exceeds 
the 95% percentile point of the distribution of the 
default classifier. In such a case, we would reject the 
null hypothesis that the classifier performs no better 
than chance. 

Several data sets were prepared in the format 
required for Weka. These allowed us to experiment 
with a four-class problem (Control, AD, SVD and AD-
SVD), a two-class problem for AD or not-AD, a two-
class problem for SVD or not-SVD, and a two-class 
problem for Disease or Control. In the latter case, 
records with class labels AD, SVD and AD-SVD are 
relabelled as Disease. Each problem was repeated 
separately for data from the three regions. Limited data 
from the occipital region allowed only the 2-class 
Disease problem to be examined. This required 9 
experiments in all, repeated for each of 12 classifiers. 
Accuracy was measured as number of correctly 
predicted class labels.  

 
8. Results of Machine Learning 

 
Tables 5 to 7 show the classification accuracy for 

each problem. Significant results at the 95% level are 
shown in bold. For example, in Table 5, the Naïve 
Bayes algorithm correctly classified 19 records from 
the 4-class frontal dataset, but a random choice would 
be expected to achieve 21, and has a 5% chance of 
achieving more than 27. This suggests that the 
performance of NaïveBayes is no better than a random 
choice for the 4-class problem. On the other hand, 
rules.PART achieved 50 correct on the same database, 
implying that this algorithm performed significantly 
better than random at this confidence level. 

Clearly, the results suggest that the nature of 
changes associated with disease is different in the three 
different areas. Data from the frontal area provided the 
largest number of significant results (Table 5). For the 
4-class problem, 10 out of 12 classifiers achieved better 
than the median random score, while 9 achieved better 
than the upper 95 percentile. For the AD problem, 8 
out of 12 achieved better than the median random 
score, while 3 were in the top 95% random scores. For 
the SVD problem, all 12 classifiers scored better than 
the median, while 8 were in the top 95%. For the 
Disease problem, 11 classifiers scored higher than the 
median random guess, while 8 were in the top 95%. 

Results from the parietal region (Table 7) were not 
so outstanding, but likewise show a clear 

discrimination between presence and absence of 
disease. Data from the occipital region provided the 
smallest number of significant results, even taking into 
account the smaller number of experiments that were 
carried out (Table 6). Here, only 5 out of 12 classifiers 
scored higher than the median random guess, and 
although 3 results were in the top 95% compared to 
random, there were also some very low scores. Overall, 
there is no evidence to suppose that there is any effect 
other than random noise. 

 
Table 5 
Number of correct predictions for the 81 records from the frontal 
region. 
Classifier 4-class AD SVD Disease 
Default: median 21 42 41 47 
Default: .95 percentile 27 49 48 54 
NaiveBayes 19 31 46 50 
NaiveBayesMultinomial 15 38 43 44 
lazy.IB1 37 48 56 59 
lazy.IBk K 3 28 45 46 52 
misc.VFI 30 51 59 65 
rules.ConjunctiveRule 24 25 48 54 
rules.DecisionTable 39 32 58 74 
rules.JRip 36 48 58 70 
rules.NNge 40 62 62 71 
rules.PART 50 49 70 74 
rules.Ridor 42 54 68 60 
trees.J48 49 48 70 74 

 
Table 6 
Number of correct predictions for the 46 records from the occipital 
region. 
Classifier Disease 
Default: median 23 
Default: .95 percentile 29 
NaiveBayes 13 
NaiveBayesMultinomial 21 
lazy.IB1 26 
lazy.IBk K 3 17 
misc.VFI 30 
rules.ConjunctiveRule 4 
rules.DecisionTable 2 
rules.JRip 24 
rules.NNge 23 
rules.PART 40 
rules.Ridor 18 
trees.J48 40 

 
Table 7 
Number of correct predictions for the 71 records from the parietal 
region. 
Classifier 4-class AD SVD Disease 
Default: median 18 36 36 42 
Default: .95 percentile 24 43 43 49 
NaiveBayes 22 30 52 54 
NaiveBayesMultinomial 20 40 39 41 
lazy.IB1 22 29 48 55 
lazy.IBk K 3 24 29 52 57 
misc.VFI 14 16 49 27 
rules.ConjunctiveRule 28 56 22 56 
rules.DecisionTable 26 48 43 54 
rules.JRip 18 45 41 56 
rules.NNge 24 33 41 56 
rules.PART 16 44 43 52 
rules.Ridor 33 55 36 53 
trees.J48 25 36 36 48 

 



In order to provide further details of classifier 
performance, we selected the best and worst 
performance from the significant results for the 4-class 
problem, and provide the confusion matrices below. 
Also, we calculated additional statistics for all the 
significant 2-class results from Table 5 to 7, and these 
are provided below. 
 
Table 8 
Confusion matrix for lazy.IBk K 3 classifier on the 4-class problem 
using data from the frontal region (28 records correct out of 81). 

Classified as  
AD SVD AD-SVD CONTROL  

1 4 4 7 AD 

3 15 2 4 SVD 

5 6 1 5 AD-SVD 

1 5 7 11 CONTROL 
 

Table 9 
Confusion matrix for rules.PART classifier on the 4-class problem 
using data from the frontal region (50 records correct out of 81). 

Classified as  

AD SVD AD-SVD CONTROL  

5 5 2 4 AD 

0 18 6 0 SVD 

0 7 6 4 AD-SVD 

0 3 0 21 CONTROL 

 
Table 10 
Detailed information for significant results from the frontal region 
Classifier Problem TP FP sens prec 
misc.VFI AD 17 14 0.52 0.55 
rules.NNge AD 22 8 0.67 0.73 
rules.Ridor AD 14 8 0.42 0.64 
lazy.IB1 SVD 25 10 0.63 0.71 
misc.VFI SVD 27 9 0.68 0.75 
rules.DecisionTable SVD 28 11 0.70 0.72 
rules.JRip SVD 32 15 0.80 0.68 
rules.NNge SVD 32 11 0.80 0.74 
rules.PART SVD 33 4 0.83 0.89 
rules.Ridor SVD 30 3 0.75 0.91 
trees.J48 SVD 33 4 0.83 0.89 
lazy.IB1 Disease 44 9 0.77 0.83 
misc.VFI Disease 43 2 0.75 0.96 
rules.DecisionTable Disease 50 0 0.88 1.00 
rules.JRip Disease 50 4 0.88 0.93 
rules.NNge Disease 53 6 0.93 0.90 
rules.PART Disease 54 4 0.95 0.93 
rules.Ridor Disease 40 4 0.70 0.91 
trees.J48 Disease 54 4 0.95 0.93 
 

Table 8 shows the confusion matrix for the lazy.IBk 
K 3 classifier on the 4-class problem using data from 
the frontal region. This result represents the lowest 
performance of significant results from Table 5. 
Clearly the nature of misclassifications in the matrix 
does not provide a high level of satisfaction that this 
constitutes a good model. For example, 7 records 
labelled as CONTROL were misclassified as AD-SVD, 
and 7 records labelled AD were misclassified as 
CONTROL. Table 9 shows the confusion matrix for 
the rules.PART classifier on the same problem. This 
represents the best performance on the 4-class problem 
from Table 5. These results are much better, with 3 

records labelled CONTROL misclassified (bottom 
row), but 11 records labelled AD, out of a total of 16, 
misclassified. Although this does not appear to be a 
useful predictive model, in this work we are concerned 
rather with finding an association between blood vessel 
structure and clinical symptoms. In this application, a 
result that clearly departs from random is successful in 
that sense. This result is clearly not random, as most 
records are placed on the diagonal indicating correct 
classifications, and therefore a quantifiable non-
random effect. 

Table 10 shows further information derived from the 
classification of data from the frontal region. Only 
results significant at the 95% level (shown in bold in 
Table 5) are included. Here we have used TP as an 
abbreviation for True Positive, FP for False Positive, 
sens for sensitivity (TP / (TP + FN)) and prec for 
Precision (TP / (TP + FP)). Results vary between some 
marginal cases with a sensitivity of only 0.52 to the 
best cases, where rules.PART and trees.J48 achieved 
an outstanding result with sensitivity of 0.95 and a 
precision of 0.93. These results are more convincing 
than those from the 4-class problems, and clearly 
demonstrate effects that cannot be explained as random 
chance. 
 
Table 11 
Detailed information for significant results from the occipital region 
Classifier Problem TP FP sens prec 
misc.VFI AD 11 5 0.50 0.69 
misc.VFI Disease 11 5 0.50 0.69 
rules.PART Disease 18 2 0.82 0.90 
trees.J48 Disease 18 2 0.82 0.90 

 
In Table 11 we turn to the occipital region, and 

examine more closely the significant results from Table 
6. Two of the algorithms, rules.PART and trees.J48 
provided a good result, with sensitivity of 0.82 and 
specificity of 0.9. However, if we were to examine the 
lowest scores from Table 6, this would undoubtedly 
provide much poorer results, affirming our earlier 
observations about the lack of any evidence for a 
relationship in these data.  

Further results from the parietal region are presented 
in Tables 12 to 14. Table 12 shows the confusion 
matrix for the DecisionTable classifier using data from 
the parietal region. This result represents the lowest 
performance of significant results from Table 7. A 
large number of misclassifications are apparent. Table 
13 shows the confusion matrix for the rules.Ridor 
classifier, the highest score from the 4-class problem 
using data from the parietal region. This is much 
improved from Table 12 and clearly shows a 
performance much better than random, with no 
apparent biases towards one class or another. 

Finally, Table 14 shows further information from 
the parietal region for results shown in bold in Table 7. 
These results range from a sensitivity of 0.55 to some 
outstanding results such as the performance of 
rules.NNge on the Disease problem, achieving a 
sensitivity of 0.92 and a precision of 0.82. As with the 
parietal region, these data provide strong evidence of a 
relationship between the features measured and the 



clinical symptoms, as indicated by the class label. It is 
difficult to see how these results could be due to 
random effects, when so many of them show high 
scores on sensitivity and precision. 

 
Table 12 
Confusion matrix for rules.DecisionTable classifier on the 4-class 
problem using data from the Parietal region (26 records correct out of  
71). 

Classified as  

AD SVD AD-SVD CONTROL  

8 0 8 4 AD 

4 8 4 0 SVD 

8 0 4 3 AD-SVD 

5 4 4 6 CONTROL 
 
Table 13 
Confusion matrix for rules.Ridor classifier on the 4-class problem 
using data from the Parietal region (33 records correct out of 71). 

Classified as  
AD SVD AD-SVD CONTROL  

9 0 7 4 AD 

4 4 4 4 SVD 

4 0 8 3 AD-SVD 

3 4 0 12 CONTROL 
 

Table 14 
Detailed information for significant results from the Parietal region 
Classifier Problem TP FP sens prec 
rules.ConjunctiveRule AD 32 11 0.91 0.74 
rules.DecisionTable AD 28 15 0.80 0.65 
rules.JRip AD 21 11 0.60 0.66 
rules.Ridor AD 28 8 0.80 0.78 
bayes.NaiveBayes SVD 21 8 0.68 0.72 
lazy.IB1 SVD 24 15 0.77 0.62 
lazy.IBk SVD 25 12 0.81 0.68 
misc.VFI SVD 17 7 0.55 0.71 
bayes.NaiveBayes Disease 44 9 0.86 0.83 
lazy.IB1 Disease 44 8 0.86 0.85 
lazy.IBk Disease 45 7 0.88 0.87 
rules.ConjunctiveRule Disease 44 7 0.86 0.86 
rules.DecisionTable Disease 44 9 0.86 0.83 
rules.JRip Disease 44 7 0.86 0.86 
rules.NNge Disease 47 10 0.92 0.82 
rules.PART Disease 40 7 0.78 0.85 
rules.Ridor Disease 41 7 0.80 0.85 

 
 

9. Discussion 
 
The results of this study provide ample evidence of 

an association between disease and blood vessel 
structure in data examined from the frontal and parietal 
regions. The association seems to be stronger in the 
frontal region. This is a significant finding for the 
understanding of dementia, as it implies that the 
parietal lobe vascularisation pattern is less affected 
than the frontal lobe for some forms of dementia, 
which is a new finding and needs to be explored 
further. Results from the occipital region were not 
conclusive but do not preclude such an association. It is 
possible that the occipital region has a different 
microvascular structure to the frontal or parietal 
regions, but there were insufficient data to make any 

conclusions. Results indicate that the 2-class problems 
examined were easier to distinguish than the 4-class 
problem. This suggests that the data are able to 
distinguish between individuals with dementia and 
controls, but that the difference between subtypes (e.g. 
SVD and AD) is less strong. 

In this study, we have made use of measurements 
and techniques that have not previously been applied to 
the classification of dementia sub-types. These include 
the use of fractal analysis, and the use of classifiers to 
provide evidence of a relationship between 
microvascular structure and clinical diagnosis.  

From an image analysis perspective our methods 
have indicated that multifractal analysis is a useful tool 
in neuropathology that can be applied to the study of 
other central nervous system diseases where blood 
vessels are implicated. Principle Components Analysis, 
when applied to a variety of image measures, 
consistently selected features derived from multifractal 
analysis from all three areas of cortex in this study. 
This implies that the relationship between disease and 
structure may not be possible to detect without such 
measures. 

 
10. Conclusion 

 
The aim of this study was to determine if any link 

exists between dementia and the structure of blood 
vessels in the human cortex. The nature of our results 
indicates that such a link does exist, although it varies 
for different areas of the cortex. We have also 
demonstrated the use of fractal analysis as a tool for 
characterising the structure of such blood vessels. The 
results of this study suggest that fractal analysis could 
find further employment in the analysis of cortical 
pathology, as here it has provided new evidence of a 
physical manifestation of dementia in blood vessel 
structure. 
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