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2 Jožef Stefan Institute, Ljubljana, Slovenia
3 Tel Aviv University, Tel Aviv, Israel

4 University of Nova Gorica, Nova Gorica, Slovenia

Abstract. The paper presents experiments with a novel cluster-
ing methodology that enables identification of subpopulations of the
Alzheimer’s disease patients that are homogeneous in respect of both
clinical and biological descriptors. It is expected that recognition of rel-
evant connections between clinical and biological descriptors will be eas-
ier within such subpopulations. Our dataset includes 317 female and 342
male patients from the ADNI study that are described by a total of
243 biological and clinical descriptors recorded at baseline evaluation.
The constructed clusters clearly demonstrate differences between female
and male patient subpopulations. An interesting result is identification
of a cluster of male Alzheimer’s disease patients that are, surprisingly,
characterized by increased intracerebral and whole brain volumes. The
finding suggests existence of two different biological pathways for the
Alzheimer’s disease.

1 Introduction

Identification of connections between biological and clinical characteristics of
Alzheimer’s disease patients is a long term goal that could significantly improve
the understanding of the Alzheimer’s disease (AD) pathophysiology, improve
clinical trial design, and help in predicting outcomes of mild cognitive impair-
ment [1]. In line with the approach proposed in [2], our work aims at finding
homogeneous subpopulations of AD patients in which it will be easier to iden-
tify statistically and logically relevant relations between clinical and biological
descriptors. This is not an easy task because we are looking for homogeneous
clusters in a noisy domain with a large set of descriptors with unreliable values of
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the clinical data and with biological data that may depend on various biological
processes, including those not related to AD.

The distinguishing property of our multi-layer clustering methodology is that
the constructed clusters are homogeneous in both biological and clinical layers
simultaneously [3]. Preliminary results with the same methodology demonstrated
that it enables construction of coherent clusters of AD patients with biological
properties that are interesting for expert medical evaluation [4]. In this work we
continue the research by using a significantly extended dataset, especially with
regard to the number of included clinical and biological properties of patients.

The main novelty of the presented experiments is that we use a gender spe-
cific approach. The motivation arose from the preliminary experiments with the
same dataset that resulted in some clusters characteristic for either male or
female subpopulations. Our primary goal is not the detection of gender related
differences in respect of incidence rate or severity of AD, but elimination of gen-
der related characteristics that potentially interfere with the properties related
to the dementia. It must be noted that it could be useful to eliminate other
sources of variability in biological and clinical data in the same way (e.g., age or
ethnic group), but this inevitably reduces the size of populations being analysed.
We have therefore concentrated on gender specific analysis only.

The rest of the paper is structured as follows. Section 2 describes the data
set and the multi-layer clustering methodology. Section 3 presents the results
and statistical comparison of two selected clusters constructed for the male pop-
ulation. Finally, in Section 4 we analyse medical relevance of the results.

2 Data and Methodology

All experiments were performed on the data from the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) database1. From the ADNIMERGE dataframe
we have extracted the baseline evaluation data for 317 female and 342 male
patients. The patients are described by 56 biological and 187 clinical proper-
ties. Some numerical values were transformed in order to avoid highly nonlin-
ear variables. Biological descriptors include ABETA peptides, TAU and PTAU
proteins, the APOE4 related genetic variations, PET imaging results FDG-
PET and AV45, MRI volumetric data (Ventricles, Hippocampus, WholeBrain,
Entorhinal, Fusiform gyrus, Middle temporal gyrus (MidTemp)), intracerebral
volume (ICV), and results of various laboratory measurements like red blood
cells and total bilirubin. Clinical descriptors include Alzheimer’s Disease Assess-
ment Scale (ADAS13), Mini Mental State Examination (MMSE), Rey Audi-
tory Verbal Learning Test (RAVLT immediate, learning, forgetting, percentage

1 The ADNI was launched in 2003 by the National Institute on Aging (NIA), the
National Institute of Biomedical Imaging and Bioengineering (NIBIB), the Food
and Drug Administration (FDA), private pharmaceutical companies and non-profit
organizations. The Principal Investigator of this initiative is Michael W. Weiner, MD,
VA Medical Center and University of California, San Francisco. More information
can be found at http://www.adni-info.org and http://adni.loni.usc.edu.
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of forgetting), Functional Assessment Questionnaire (FAQ), Montreal Cogni-
tive Assessment (MOCA) and Everyday Cognition, which is a cognitive func-
tions questionnaire filled out by patients (ECogPt) and their study partners
(ECogSP) (Memory, Language, Visuospatial Abilities, Planning, Organization,
Divided Attention and the Total score), Neuropsychiatric Inventory Question-
naire, Modified Hachinski Ischemia Scale, and Geriatric Depression Scale. As an
indication of the medical diagnosis we have used global clinical dementia rat-
ing score that is interpreted as clinically normal (CN value 0), mild cognitive
impairment (MCI value 0.5) and Alzheimer’s disease (AD value 1).

2.1 Multi-layer Clustering

Clustering is a standard machine learning approach but it still suffers from
problems such as optimal selection of the distance measure and the number
of resulting clusters. Typically, the obtained clusters are unstable because they
significantly depend on user selectable parameters. This is especially true for
noisy domains and domains with statistically related descriptors (attributes).
Recently, a novel approach called multi-layer clustering has been developed that
successfully solves some of these basic problems [3]. In this approach, the qual-
ity of the resulting clusters is ensured by the constraint that clusters must be
homogeneous simultaneously in two or more data layers, i.e., two or more sets of
distinct data descriptors. By defining the clinical descriptors as one data layer
and biological descriptors as the second layer, one can expect not only more
reliable clusters, but clusters which will be potentially good candidates for the
detection of relevant relations between the clinical and biological descriptors.

The multi-layer clustering consists of two steps. In the first step, for each data
layer separately, pair-wise similarity of examples is estimated. In the second step
these similarity estimations are used in order to construct clusters. The example
similarity table (EST) is an N ×N symmetric matrix, where N is the number of
examples. One EST is constructed for each layer by defining an artificial binary
classification problem, which needs to distinguish between original data examples
and some randomly generated ones. These artificial problems are solved with a
supervised machine learning algorithm such as decision trees or rules. These
types of models enable us to determine if two examples were classified in the
same way, i.e., if they fall in the same leaf or are covered by the same rule. An
EST is constructed by counting how many times a pair of original examples is
classified in the same way, and these counts represent a similarity estimation
between the two examples. In the final EST the counts are normalized.

The second step of the algorithm is the agglomerative clustering. It starts
with each example being in a separate cluster and then the algorithm iteratively
tries to merge clusters together. In each iteration for each possible pair of clusters
the potential variability reduction, based on the EST values that can be obtained
by merging the clusters, is computed. Let xij be the similarity between examples
i and j from the EST matrix. The CRV score of a single example i from clus-
ter C is the sum of within cluster and outside of cluster components: CRV(i) =
CRVwc(i)+CRVoc(i), i ∈ C. The two components are sums of squared deviations
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Table 1. List and short descriptions of constructed clusters.

Cluster Number of Distribution of Clinical Biological properties
ID patients CD diagnoses status (with z-score versus

AD / MCI / CN cognitive normal)

Clusters for female patients

F1 46 18 / 24 / 4 Significant low FDG 9.25
cognitive high AV45 7.66
problems low Entorhinal 7.58

(high ADAS13, low MidTemp 7.45
high FAQ, low Fusiform 6.89

high MMSE) high TAU 6.84

F0 18 0 / 4 / 14 Mild or no Nothing specific
dementia

Clusters for male patients

M1 20 12 / 8 / 0 Significant low FDG 6.52
cognitive low Hippocampus 5.52
problems low MidTemp 5.26

high TAU 5.24
low Entorhinal 5.08
low Whole brain 4.89

M2 18 13 / 3 / 2 Significant low FDG 5.70
cognitive high AV45 4.95
problems low Hippocampus 3.96

high ICV 3.76
high Ventricles 3.61
high APOE4 3.57

M0 20 0 / 1 / 19 Mild or no Nothing specific
dementia

from the mean value within (or outside of) cluster C: CRVwc(i) =
∑

j∈C(xij −
xi,wc)2 and CRVoc(i) =

∑
j /∈C(xij −xi,oc)2. Finally, the CRV score of cluster

C is the mean value of CRV(i) values of all examples in the cluster: CRV(C) =∑
i∈C CRV(i)/|C|. In each iteration for each possible pair of clusters we com-

pute the potential variability reduction that can be obtained by merging the
clusters. The variability reduction of joining clusters C1 and C2 is computed as:
DIFF(C1, C2) = (CRV(C1) + CRV(C2))/2 − CRV(C2 ∪C2). The pair of clusters
with the largest variability reduction in all layers is then merged together. The
iterative process repeats until no pair of clusters exists for which the variability
reduction is positive. More details on the algorithm can be found in [3].

3 Clustering Results

Table 1 presents the clusters constructed with the multi-layer clustering, inde-
pendently for the populations of 317 females and 342 males. For the female
population we have one large cluster F1 in which the majority of patients have
significant problems with dementia. Out of the 46 included patients, 18 have the
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diagnosis of AD while 24 have been diagnosed with mild cognitive impairment.
In the entire dataset there are 22 patients with AD diagnosis and 18 of them
are included into this cluster. The clinical properties of these patients are high
ADAS13, FAQ, MMSE scores, and all types of cognitive problems. The biological
properties of these patients are also typical for AD patients, e.g., low FDG values,
high AV45 values, and significantly decreased Entorhinal volume. A statistical
comparison with a population of all 145 female patients with cognitive normal
status in the dataset has been used to identify the most distinguishing biological
properties of the cluster. The last column of Table 1 presents the most significant
properties in respect of the highest z-score values of the Mann-Whitney test. The
values are very high denoting that differences between cognitive normal patients
and those included in the cluster are very significant.2 It is surprising that,
according to the global clinical dementia rating score, besides 18 AD patients,
the cluster also includes 24 patients with the mild cognitive impairment and
even 4 cognitive normal patients.

The second cluster F0 constructed for the female population includes 18
patients that are typical patients with no or early mild dementia and have no bio-
logical properties that are significantly different from cognitive normal patients.
Interestingly, the cluster is relatively small compared to the previous female
cluster F1, especially if we take into account that there are 145 cognitive normal
female patients in the data set. A probable explanation could be that among
ADNI patients diagnosed as cognitive normal there are also patients that are
not completely healthy, but their subjective or objective problems are either not
severe enough or their problems are in discrepancy with typical clinical profiles.

The bottom part of Table 1 presents clusters for the male population. First,
we have a cluster of cognitive normal patients (M0) that is very similar in size
and properties to the female cluster F0. The most significant difference to the
female population is that there are two male clusters of AD patients (M1 and
M2) that have clinical properties of typical AD patients. In the first one (M1)
there are 20 patients, 12 of them with AD and 8 with mild cognitive impairment.
In the second cluster (M2) there are 18 patients, 13 of them with AD diagnosis.

Although that at the first glance the biological properties characterizing
patients in clusters M1 and M2, in contrast to the cognitive normal patients,
seem similar, there are substantial differences between these two clusters. Bio-
logical and clinical properties that most significantly differ between the clusters
according to the Mann-Whitney test are listed in Table 2.

4 Analysis of the Results

Cluster M2 deserves special attention due to the fact that the average values of
ICV and whole brain volume for patients in M2 are higher than average values for
the set of all 124 cognitive normal male patients. The result is surprising because
it is in contradiction with common knowledge that atrophy of human brain is
related with cognitive problems and in contradiction with results of structural
2 A value of a z-score higher than 3.29 denotes statistical significance of P < 0.001.



62 D. Gamberger et al.

Table 2. Biological and clinical properties that are most significantly different for
patients in clusters M1 and M2.

Property Average value Average value Average value Mann-Whitney
for cognitive for M2 for M1 z-score
normal males M1 versus M2

Biological properties

ICV (*1000) 1576 1728 1457 4.14

Whole brain (*1000) 1109 1154 961 3.95

MidTemp 21640 19748 17000 3.38

Fusiform 19600 18237 16175 3.20

TAU 60 86 126 2.53

Red blood cells 62 159 215 2.17

Hippocampus 7792 6565 5684 2.06

Clinical properties

Abstraction moca 1.81 1.78 1.15 2.69

MMscore 29.01 24.5 22.35 2.53

Naming moca 2.92 2.94 2.25 2.38

Q4score 3.35 7.83 9.30 2.34
(Delayed Word Recall)

FAQTV 0.10 1.67 3.00 2.19

RAVLT.immediate 44.15 26.28 19.90 2.02

MRI that for AD patients typically show a pattern of decreased grey matter
in different regions of the brain [5]. The differences are statistically significant,
average ICV values are 1576 and 1728 for cognitive normal and M2 patients,
respectively (z-score 3.76, P < 0.001), while average whole brain volumes are
1109 and 1154 (z-score 1.99, P < 0.05).3 When comparing patients in cluster
M2 with patients in M1, who also have typical AD symptoms but, as expected,
decreased ICV and whole brain volumes, then the differences are even more
statistically significant (see Table 2).

The importance of the discovery is manifold. First, it indicates gender specific
differences because such a cluster with similar properties is not detected in the
female population. Second, for a domain in which biological processes with oppo-
site manifestations (decrease and increase of ICV) may result in similar clinical
consequences (dementia), segmentation of the patient population is suggested
before other analyses aimed at the discovery of relations between biological and
clinical properties of patients are performed. Finally, the result is intriguing in
respect of its biological and medical interpretation.

It is possible that the increased ICV and whole brain volumes are a con-
sequence of an artefact in data collection procedures, feature extraction from
images, or data post-processing (normalization). The assumption may stimu-
late careful evaluation of the ADNI data, especially for patients in cluster M2.
But the result may also suggest the existence of a different biological pathway

3 Actual absolute values for ICV and whole brain volume are 1000 times larger.
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Fig. 1. Patients in cluster M1 (black circles), M2 (white circles), and cognitive normal
males (×-marks) presented in respect of intracerebral volume (ICV) and Mini Mental
total score values. The large circles and ×-mark denote median values of these clusters
and of the cognitive normal male population, respectively. The large black square
denotes the mean of female AD patients in cluster F1.

for the male population, resulting in serious dementia problems that are often
diagnosed as Alzheimer’s disease but with less expressed clinical symptoms (see
bottom part of Table 2). In the scientific literature we have found no support for
such explanation except that the study devoted to gender related differences [6]
concluded that “AD pathology is more likely to be clinically expressed as demen-
tia in women than in men”. Fig. 1 illustrates the differences among patients in
clusters M1 and M2 and cognitive normal male patients in respect of measured
ICV values and Mini Mental scores.

Two male clusters M1 and M2 together include 25 (71%) of a total of 35 male
patients with AD diagnosis in the data set. In contrast, the female cluster F1
includes 18 female patients with AD diagnosis (82%) of a total of 22 present in
the data set. From the fact that we have one large female cluster and two small

Table 3. Most correlated biological-clinical pairs of properties for various patient pop-
ulations.

Population Number of Biological Clinical Spearman
patients property property correlation rs

All 659 FDG MOCA –0.51 (df=645, P < 0.001)

Female 317 FDG ADAS13 –0.56 (df=307, P < 0.001)

Male 342 Hippocampus ADAS13 –0.58 (df=289, P < 0.001)

F1 46 MidTemp ADAS13 –0.62 (df=35, P < 0.001)

M1 20 TAU RAVLT.immediate –0.79 (df=14, P < 0.01)

M2 18 ABETA RAVLT.forgetting –0.69 (df=9, P < 0.05)
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Fig. 2. Patients in cluster M1 (big black circles) and all male patients (small white
circles) presented in respect of TAU values and RAVL.immediate scores.

male clusters that together still include a smaller proportion of a population
with AD diagnosis than the female one, we can conclude that the male popula-
tion with serious dementia problems is significantly less homogeneous than the
female population. Additionally, the majority of patients in male clusters have
AD diagnosis (70% and 80% for M1 and M2, respectively) in contrast to the
female cluster F1 in which only 40% of patients have AD diagnosis. The major-
ity of patients in the female cluster have diagnosis of mild cognitive impairment,
in spite of the fact that the average values of clinical symptoms are high and bio-
logical properties are very different from the cognitive normal female population.
This is a surprising finding that is potentially interesting for further analysis,
especially in respect of the current diagnostic practice.

One of the stated ADNI goals is to improve clinical trial design through detec-
tion of biomarkers that could be used as approximate measures of the severity
of dementia. This is known as a difficult task that is still far from a satisfac-
tory solution. If the constructed clusters are really more homogeneous than the
complete population, then it may be expected that identification of dementia
disease markers should be an easier task for each cluster separately than it is for
the complete population. Table 3 presents the best pairs of one biological and
one clinical property that can be identified for the complete population, for the
female population only, for the male population only, and finally for clusters F1,
M1, and M2. The best pairs are identified with the Spearman rank-order cor-
relation coefficient rs that is computed for all possible pairs of properties. The
result confirms that for constructed clusters there exist more strongly correlated
biological-clinical relations. The maximal value is detected for cluster M1.4 The

4 Only the absolute value is important, the negative sign means an inverse correlation.
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Fig. 3. Patients in cluster M2 (big black circles) and all male patients (small white
circles) presented in respect of ABETA values and RAVL.forgetting scores.

correlation is illustrated in Fig. 2 in which patients from cluster M1 and the com-
plete male population are plotted according to their TAU values and RAVLT
immediate memory scores. The plotted line is a linear interpolation for patients
from cluster M1. In Fig. 3 we present a similar plot of the corresponding best
biological-clinical relation for cluster M2. It must be noted that in spite of higher
correlation coefficient values, the statistical significance of correlations for small
clusters is smaller than for the large cluster because of their size. The result
means that detected high correlations are not so reliable and that they have to
be confirmed by further experiments. Additionally, it is worth noting the differ-
ences between properties that participate in the best pairs. As expected, FDG
is the most useful biological property for the general patient population and the
result is in agreement with previously reported research [7]. MidTemp, TAU,
and ABETA properties are most useful for F1, M1, and M2 clusters, respec-
tively. Also interesting is that RAVLT memory related problems are selected as
the most appropriate clinical indicators for both M1 and M2 clusters and that
they are correlated with protein specific variables.

5 Conclusions

The presented results confirm that novel machine learning approaches to clus-
tering can indeed be a useful tool for identifying homogeneous patient subsets
in various medical knowledge discovery tasks. The applied multi-layer clustering
technique and its combination with the gender related separation of the popu-
lation of patients is definitely not the only possible approach but its results are
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promising. Still, significant further research effort in this direction is necessary.
Clusters constructed with the multi-layer clustering are small and they contain
only a small fraction of all patients. In spite of this, the analysis of the results
enabled the conclusion that for Alzheimer’s disease there are significant gender
specific differences. Additionally, a male subpopulation with a surprising effect
of increased ICV and whole brain volume has been detected. The existence of
these subpopulations suggests that segmentation of the AD patient population is
strongly recommended as a preprocessing step for any analysis aimed at under-
standing of relations between biological and clinical properties of AD patients,
however, based on the available data we still do not know how to practically
perform the segmentation in a non ad-hoc manner, especially for the cognitive
normal patients and the patients with the mild cognitive impairment diagnosis.
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