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Abstract 

Visualisation of complex phenomena can aid in understanding the interactions of multiple feature parameters that 

underlie such phenomena. One such example is the study of dementia, where fractal image measures obtained from post 

mortem cortex images have been found useful in studying the relationship between micro-vascular structure and 

disease. In this research we analyse the correlation differences in these measures between cases classified as control 

(non-diseased) and those classified as having either Alzheimer's disease, small vessel disease or both (diseased). 

Correlations between feature parameters within these groups indicate that a relationship exists between vessel structure 

and the parietal and occipital brain regions not identified previously. A simple visualisation method allows these 

differences to be readily identified. These differences may lead to new insights about the difference in disease 

progression in different brain areas, and could assist in identifying useful parameters for automated classification. 

 

1. Introduction 

 

A wide range of computation technologies are now available to explore or interpret data within the field of biomedical 

science and across disciplines (Erbacher 2007). Information is often described by a number of features that may be 

combined in various ways to provide different perspectives of the information. These parameters are often correlated 

and it is of interest to identify interlocation and clusters of parameters form correlation data (Dzemyda and Kurasova 

2007). In dementia research, it is desirable to determine how different regions of the brain are affected by this group of 

diseases. Although principle component analysis is a common technique for reducing multidimensionality in data sets, 
it is not normally considered to show the relationship between feature parameters in different areas (Duda et al. 2001). 

Similarly, correlation studies are often used to explore relationships between feature parameters. In this work, we 

demonstrate a simple graphical technique, based on correlation, which reveals relationships between parameters across 

different areas. This paper utilizes feature parameter data from diverse cortical regions affected by different subtypes of 

dementia to illustrate how interlocation and clustering as part of visualization can provide novel information and a 

better way of presenting the data. 

 

Dementia is a clinical syndrome, which results from degeneration of the brain. There are a number of different subtypes 

of dementia of which Alzheimer’s disease (AD) is the most common.  Small vessel dementia (SVD) is the second most 

common cause of dementia, and includes subtypes due to large vessel disease (i.e. stroke) and small vessel disease. 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 (Englund 1998). No microvascular changes have been found in the visual cortex in AD (Bell and Ball 1990) 

and various studies of the frontal cortex have used different parameters to compare the capillary network and provided 

conflicting results (Buee et al. 1997; Fischer et al. 1990). Light and electron microscopy and immunocytochemistry 

have also suggested the pathogenesis of Alzheimer's disease may be due to impaired vascular delivery of nutrients to the 

brain (De La Torre 1997). One of the current research questions remains whether there are differentiating features in the 

branching pattern of blood vessels of the cortex compared between dementia, its subtypes and normal cortex. Figure 1 

shows typical images of blood vessel distribution obtained from the frontal cortex. The images in Figure 1 are of the 

frontal lobe showing in (a) AD, (b) SVD, (c) AD-SVD and (d) non-demented control. The blood vessel distribution is 

very similar and from these histological images even a trained pathologist has difficulty in classifying these images 

correctly into disease, type of disease and control.  

mailto:hjelinek@csu.edu.au
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(a) (b) 

    
(c) (d) 

Figure. 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. 

 

In previous research, a number of data mining algorithms were assessed to determine if it is possible to derive a 

classification scheme for predicting the presence of disease from these measures. Findings from this previous work 

suggest that machine learning algorithms show evidence of an association between disease and micro-vascular structure 

which is strongest in image samples from the parietal area (Cornforth and Jelinek 2007). 

 

One interesting aspect not considered in previous research are possible relationships and/or interactions in the measures 

taken from images of different areas of the brain (frontal, parietal and occipital). Specifically, prior research does not 

consider whether relationships between vessel branching structures in different brain areas are related to the presence or 

absence of disease. Identifying these relationships is the key to determining the most appropriate attributes for data 

mining processes. 

 

Redundant and irrelevant attributes are both known dangers to performance of data mining algorithms (Witten and 

Frank 1999). According to Witten and Frank, "...experiments show that adding useless attributes causes the 

performance of learning schemes such as decision trees and rules, linear regression, instance-based learners, and 

clustering methods to deteriorate" (p.231). Thus, understanding attributes, relationships between attributes, and the 

relationships between attributes and outcomes for prediction is an essential part of the data mining process. 

  

The work presented in this paper is an exploration of these relationships for traditional and fractal dimension data 

derived from post-mortem cortex images. The aim of the analysis is to determine whether relationships in the micro-

vascular structure of different brain areas (i.e. frontal, parietal and occipital) exist that could aid in differentiating 

diseased (i.e. Alzheimer’s Disease, Small Vessel Disease or both) from non-diseased cases. A better understanding of 

the pathology of dementia subtypes can lead to a more directed treatment and better treatment outcomes. 
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2. Methods 

 

2.1. Image Selection 

 

Data for the analysis was obtained from fifty post-mortem tissue images, scanned at 600dpi from histological slides 

prepared at the Department of Medicine, University of Sydney. These images included 20 from the frontal region 

(FRO), 18 from the parietal region (PAR; side of brain), and 12 from the occipital region (OCC; rear of brain) Images 

were identified by experts as AD for Alzheimer’s disease, SVD for small vessel disease, AD-SVD for both, and 

CONTROL for normal (non-diseased tissue). 

 

2.2. Image Analysis 

 

From each image (brain section), seven (7) feature parameters were applied and results recorded. These included:  

 three standard feature parameters included in the Image J image analysis software (http://rsbweb.nih.gov/ij/):  

o mean density, which is the sum of the grey values of all the pixels in the selection divided by the number of 

pixels;  

o standard deviation of the grey values used to generate the mean grey values and the  

o normalised integrated density being the sum of the grey values in the image with the background (modal grey 

value) subtracted and divided by the total number of pixels in the image.  

In addition to these standard features, the multifractal spectrum, and lacunarity were also used (Plotnick et al. 1996; 

Fernández and Jelinek 2001).  

 The multi-fractal spectrum D(q) consists of many dimensions ranging from -  to + . Of these only three are 

understood, D0, D1 and D2 (Feder 1988).  

o D0 is the global dimension or Hausdorff dimension,  

o D1 is the information dimension and  

o D2 is the correlation dimension.  

In practice one can use the box-counting method to obtain the multi-fractal spectrum by determining the probability 

P(m, ) of finding m points in a box of size , estimated over different origins of the grid and for different box sizes 

(Vicsek and Vicsek 1997). If q equals the dimensions then the scaling exponents, D(q) can be obtained by 
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From the multifractal data a second parameter, the  

 lacunarity can also be determined (Dougherty and Henebry 2001). The lacunarity ( ) was calculated from the box-

counting analysis using  
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Object-Image was used to open the images of blood vessels and a macro that is based on the box-counting dimension 

provided by NIH combined with a purpose written program was used to determine the multi-fractal spectrum. NIH 

Image is a shareware program and can be found at http://rsb.info.nih.gov/nih-image/. Statview 4 was used to visualise 

the spectrum.  

 

These are the most well-known and understood measures. These features were selected as they were considered to be 

free from bias as far as possible, and thus should be translation, scale and rotation invariant, and should not be 

dependent on the natural variation of measurement, such as slight differences in area.  

 

2.3. Visualisation and Correlation Analysis 

 

The dataset was prepared for analysis by matching the three brain area images for individual cases. For the majority of 

cases, images from all three areas were available. Each image was processed and feature parameters were extracted. In 

this study only the CONTROL versus DISEASE classification was used due to the limited number of post mortem cases 

available. As a result, each case was represented by 21 brain image feature parameters (7 from each of the frontal, 

parietal and occipital regions).  

http://rsbweb.nih.gov/ij/
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In order to determine interactions between these feature parameters, and differences in the interactions according to the 

presence or absence of disease (AD, SVD and/or AD-SVD), correlation matrices were calculated for the disease and 

control cases separately. Correlation differences were calculated by subtracting the correlation coefficient values for the 

disease cases from those corresponding coefficients for the control group as absolute values. A correlation coefficient is 

defined for one feature parameter measured from one area against another feature parameter measured in another area. 

For example, this could be a correlation between SD measured in the frontal region against MD measured in the 

occipital region, or a correlation between SD measured in the frontal region against SD measured in the occipital 

region. Such a correlation coefficient is defined both for CONTROL and DISEASE. A correlation distance is calculated 

as the magnitude of the difference between a correlation coefficient calculate for CONTROL and the same correlation 

coefficient calculated for DISEASE. Thus difference values ranged from a maximum of 2 to a minimum value of 0 

where no difference occurred. A five (5) interval shading scale was used in Figure 3 to visualise differences and identify 

patterns. 

 

3. Results 

 

The results for the multifractal comparison include differences between the cortical areas with respect to disease 

subtype and control as shown in Figure 2. 
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(c) 

Figure 2. Multi-fractal spectrum for (a) frontal cortex, (b) occipital cortex, (c) parietal cortex. 
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The multi-fractal spectrum is shown in Figure 2 for the ranges where D(q) is monotonically decreasing and the image 

can be said to be multi-fractal when analysed using box-counting. Solving for the multifractal equation provided in the 

methods section we obtained the multifractal spectrum from q=0 to q=4. Figure 2a-2c indicates how the multifractal 

spectrum differs for the blood vessel distribution between the cortical areas and the differences between control, A-SV 

and A for each cortical area. A difference is apparent between frontal/parietal and occipital cortex for all D(q). This 

suggests that the occipital lobe has a different small vessel structure irrespective of pathology. With respect to 

differentiating pathologies, all pathologies and control are very similar and are not well separated in this analysis. It 

remains a problem to determine if such differences exist, and how they might be visualized. 

 

When considering differences between the four groups independent of cortical area: controls and dementia sub-types, 

the control group had the smallest fractal dimension (D2 = 1.519) and SVD the largest (D2 = 1.544). AD had a D2 of 

1.535 and AD-SVD a D2 of 1.531 reflecting differences in the aetiology of these dementia subtypes. 

 

In a relatively homogeneous image, as the lacunarity approaches 0, the variation in gap size distribution becomes 

minimal. The values of lacunarity indicate that variability between gaps of vessel patterns were greater in occipital lobe 

compared to frontal and parietal lobe. Mean values were 0.58 for occipital, 0.53 for frontal, and 0.52 for parietal. For 

our control and pathology groups we found controls to have the largest mean lacunarity (0.5409), followed by AD-SVD 

(0.5343), AD (0.5306) and SVD (0.5278). 

 

Utilizing visual representation of differences between the correlation coefficient values for the control and disease 

groups as shown in Table 1 and Figure 3, a quick determination of key differences is possible, enhancing interpretation. 

The shading scale used in Figure 3 ranges from no difference (white) to opposite (black).  

 

The results shown in Figure 3 need some care in interpretation but are able to highlight interesting interactions if 

examined closely. The circled region on the left of Figure 3 shows three dark rectangles that represent the figures also 

provided in Table 1. The first of these concerns a correlation between NID (Normalised Integrated Density) measured in 

samples from the Occipital region with MD (Mean Density) measured in samples from the Parietal region. This 

correlation coefficient is 0.4 for the Control group, and -0.87 for the Disease group, as shown by the left set of figures in 

Table 1. The difference between these correlation coefficients is 1.27, which is shown as a dark region on the left of 

circled region in Figure 3. The other two dark rectangles in this region can be interpreted similarly. 

 

Relatively large differences also occur between measures of fractal dimensions (D0, D1, D2 and Lacunarity) from the 

parietal and occipital brain regions. These are shown by the bottom right circled area in Figure 3, and the actual figures 

are provided in Table 2. Only the correlation coefficients for feature parameters with comparatively large differences in 

correlation coefficient values were examined and shown in the tables. 

 

TABLE 1 

CONTROL VERSUS DISEASE CORRELATION COEFFICIENTS - STANDARD IMAGE MEASURES 

 Control  

Mean Density 

Control 

Standard Deviation 

Control 

NID 

OCC PAR OCC PAR OCC PAR 

Control 

NID 

OCC  0.4  0.36   

PAR     0.4  

 

Disease 

Mean Density 

Disease 

Standard Deviation 

Disease 

NID 

OCC PAR OCC PAR OCC PAR 

Disease 

NID 

OCC  -0.87  -0.85   

PAR     -0.87  
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Figure 3. Correlation differences between control and disease (absolute values). 

 

 

 

The correlation coefficients for the fractal dimensions for the control and disease groups are shown in Table 2. The 

direction of the correlations is reversed between these groups. 

 

For the control group, negative correlations occur between measures of fractal dimensions for the parietal and occipital 

brain regions. That is, higher fractal dimension values in the parietal region correspond to lower values in the occipital 

region. Note though that only one of these relationships (correlation between parietal and occipital lacunarity) is 

statistically significant (at the 5% level). 

 
4. Discussion 

 

Exploration and analysis of multivariate data has been achieved by various models such as Kohonen’s self-organizing 

mapping or Hebbian learning rules, Baysian classifiers and others (Jain et al. 2000). Explanatory visualization is 

valuable for identification of relationships and presenting information directly in order to show its characteristics, Our 

research found that visualisation of correlation differences provides an efficient method for identifying, interesting 

interactions and significant differences occur between correlation coefficients for some standard image and fractal 

measures from the parietal and occipital brain regions. 

 

TABLE 2 

CONTROL VERSUS DISEASE CORRELATION COEFFICIENTS - FRACTAL MEASURES 

 Control - Occipital 

D0 D1 D2 Lacunarity 

Control-Parietal 

D0    0.71 

D1    0.71 

D2    0.72 

Lacunarity 0.43   -0.52 

 Disease - Occipital 

D0 D1 D2 Lacunarity 

Disease-Parietal 

D0    -0.6 

D1    -0.62 

D2    -0.63 

Lacunarity -0.87   0.88* 

(* Indicates significant at p < 0.05) 

 

Previous research has found support for an association between disease and micro-structure from data derived and 
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analysed either from the frontal, parietal or occipital brain areas separately. No attempt was made to investigate whether 

any structural or functional relationship exists between diverse cortical areas. The analysis presented in this paper 

suggests a relationship between the micro-vascular structure in the parietal and occipital brain regions not previously 

identified that may be useful for differentiating disease and non-diseased. Feedback from brain histologists and experts 

in dementia have indicated that the above used diagrammatic representation provides a useful oversight of the 

interaction between the cortical regions and suggests an interaction previously not considered but functionally possible. 

 

Conclusion 

Representing a multilevel analysis clearly has been a topic intensely investigated. We investigated whether differences 

exist between three brain structures with three different pathologies and a control group using 7 different feature 

parameters. The analysis has shown novel associations between brain structures for different disease states that can be 

easily identified using our simple visualisation technique shown in Figure 3 based on correlation matrices.  
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