
ABSTRACT 
In this paper we summarize the results of our analysis of 
data provided by the Aging and Dementia Research 
Center (ADRC) at the New York University Medical 
Center. This database stores a series of results of ex-
aminations of thousands of subjects with ostensibly 
normal brain aging, subjective cognitive impairment, 
mild cognitive impairment, Alzheimer’s disease and re-
lated conditions. These investigations were done in the 
USA over three decades from 1978 to 2008. All patients 
are classified using the global deterioration scale 
(GDS). The data have been analyzed statistically; we 
have developed a statistical model for the expected du-
ration of each GDS period. Additionally, we also used 
several machine learning techniques in order to identify 
mathematical models that can be used as estimators for 
the GDS classification.  
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1. INTRODUCTION 
The main goal of the research reported on in this paper 
was to analyze data provided by the Aging and Demen-
tia Research Center (ADRC) at the New York Universi-
ty Medical Center. This database stores a series of re-
sults of examinations of thousands of subjects with 
normal brain aging, subjective cognitive impairment, 
mild cognitive impairment, Alzheimer’s disease and re-
lated dementia disorders. These investigations were 
done in the USA over three decades from 1978 to 2008. 
These examination results are available as thousands of 
samples, each storing hundreds of features incorporat-
ing information about the patients, including data about 
their mental state, their physical condition and their en-
vironment. In addition, all patients are classified using 
the global deterioration scale (GDS) – a classification of 
the GDS as 1 means that the patient is not impaired by 
dementia or subjective complaints of cognitive impair-
ment, or mild cognitive impairment, while higher GDS 

values indicate growing disturbances believed to be 
possibly caused by an underlying process of progressive 
dementia, eventually reaching loss of almost all, and, 
subsequently, all, intelligible speech and progressive 
loss of mobility at GDS level 7. 

After preprocessing the data, a statistical analysis 
of the data was completed. Our goal was to try to devel-
op a statistical model for the expected duration of each 
GDS period – in other words, we sought to determine 
how long patients remain in the defined GDS states. 

Additionally, we also used several machine learn-
ing techniques in order to identify mathematical models 
that can be used as estimators for the GDS classifica-
tion. This means that we used linear regression, neural 
networks and evolutionary system identification tech-
niques (based on genetic programming) for identifying 
functions which can be used to calculate the estimated 
GDS classification for a given set of measured investi-
gation features; we have also used these techniques for 
learning so-called virtual sensors for the deterioration of 
the patients’ GDS states. 

 
2. DATA PREPROCESSING AND OVERVIEW OF 
THE PREPROCESSED DATABASE 
The data originally provided by the ADRC was given in 
several separate tables; information about the patients’ 
investigations were given as samples, each including at 
least the patient’s ID so that all samples could be com-
bined with corresponding samples of other tables. Addi-
tionally, each patient could be investigated several 
times; the information of the number of the investiga-
tion is also available (in feature “period”), so that all 
samples can be identified as belonging to one specific 
investigation of one specific patient. The information 
included in the presented tables includes information 
about the patients’ mental status, their medications, and 
general health status parameters. 

Most values are given as real-value data; neverthe-
less, some of the given features are stored not as real-
valued data but rather as text entries. So, all textual en-
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4. DATA BASED PREDICTION OF GDS-STATES 
 

4.1 Goals 
The main motive for designing calculation models for 
GDS states (and their differentials) is the following: For 
identifying models that allow the calculation of GDS 
diagnoses, we of course have to find mathematical rules 
and / or formulas that are able to represent basic rela-
tionships and maybe even causalities (even if the prob-
lem of finding causalities is in general much more diffi-
cult than the formulation of calculation models). 

Thus, what we want to arrive at is a formula F that 
is able to calculate GDS classifications based on the set 
of available parameters; in this project, we have used all 
documented features except the BCRS-variables as al-
lowed input parameters. 

So, our goal is to find F so that the estimated gds 
classification gdsest of a sample i is calculated using all 
parameters of sample i except BCRS-variables: 

  
where paramsi stands for all feature values of sample i 
except those of the excluded BCRS-variables. 

In analogy, we also try to find models that are able 
to estimate the expected derivative, i.e. the change of 
the GDS state from one investigation to the next one. 
Here we search for a formula Fd so that  

1  . 
As we saw during first test series, this problem is 

very hard to be solved, so we reformulated to 
1   

which is equivalent to 
1  . 

Thus, we here search for prediction models that are 
able to estimate the gds classification change on the ba-
sis of the next investigation’s parameters. 

We have used the following approaches for identi-
fying models for these machine learning problem for-
mulations, namely linear regression, artificial neural 
networks (ANNs, as explained for example in (Nelles 
2000)), and genetic programming (GP, see for example 
(Langdon and Poli 2002)). We have used the 
MATLAB® framework for linear regression and neural 
network tests; the NNSYSID implementation of ANNs 
(Nørgaard 2000) has also been used. The GP implemen-
tation for HeuristicLab (Wagner, Kronberger, Beham, 
Winkler, and Affenzeller 2008; Winkler, Affenzeller, 
and Wagner 2007; Winkler 2008) has been used for ge-
netic programming tests. 

 

4.2 Modeling Results 
For learning models for the GDS classification as well 
as the GDS derivative we have used the first part of the 
data (approximately 50%) as training data, 25% as vali-
dation data (used for picking the best result on data not 
included in the training samples) and the rest of the 
available data as test data. 

For a maximally objective analysis of the results 
discussed in this section we have used id-wise scram-

bled data, i.e. the data have been scrambled, but sam-
ples with same IDs have not been separated. 

 

4.2.1 GDS Estimation 
We have trained a linear model with linear regression; 
analyzing this model we see that 57.8% of the training 
samples are classified correctly and 55.7% of the test 
samples. 

We have also trained a series of neural networks 
with varying structures (sizes) and numbers of training 
iterations. Small network structures score rather badly, 
using bigger network structures with 40 or 50 hidden 
nodes, for example, showed significantly better results. 
By increasing the number of training iterations, of 
course, it is possible to reach very high ratios of correct-
ly classified training samples (here up to more than 
98%, in fact), but the problem of overfitting has to be 
kept in mind here. The best results on validation data 
have been reached with neural nets with 40 hidden 
nodes that were trained over 100 iterations: In a test se-
ries including five training and test executions, on aver-
age 78.35% of the training, 70.53% of the validation 
samples, and 56.76% of the test samples were classified 
correctly. 

Finally, GP test series have also been executed. 
Tests with small model structure (i.e. with rather low 
structural limits as for example a maximum height of 6 
or a maximum model size of 50) did not lead to satisfy-
ing results, so larger models (formulas) have been 
trained; the most important parameters of the GP algo-
rithm have been set as follows: 

• Population size: 1400 
• Maximum model size: 200 nodes 
• Single-point crossover; 15% mutation rate (pa-

rameter manipulation as well as structural ma-
nipulation) 

• Parents selection: Gender specific random & 
roulette (Wagner and Affenzeller 2005) 

• Offspring selection: Strict OS (success ratio = 
comparison factor = 1.0), maximum selection 
pressure = 50 (Affenzeller, Wagner, and Wink-
ler 2005) 

 
Table 1: Test confusion matrix of a model for the GDS 
classification problem, produced by OS-GP. 

  |  0 |   1 |   2 | 3 |   4 |   5 |   6 |   7 
--|----|-----|-----|---|-----|-----|-----|---- 
0 | 90 | 132 |   1 | 0 |   0 |   0 |   0 |   0 
1 | 67 | 459 |   9 | 0 |   4 |   1 |   0 |   0 
2 | 10 |  64 | 467 | 0 |  58 |   8 |   0 |   0 
3 |  0 |   0 |   1 | 0 |  13 |   3 |   0 |   0 
4 |  1 |   1 |  27 | 0 | 167 |  53 |   2 |   0 
5 |  1 |   4 |   4 | 0 |  65 | 122 |  28 |   1 
6 |  1 |   1 |   1 | 0 |  10 |  56 |  67 |  30 
7 |  0 |   0 |   0 | 0 |   3 |  13 | 109 | 108 
 

Thresholds combination [1,62745098039216; 
2,37254901960784; 3,36274509803922; 
3,50980392156863; 4,27450980392157; 
5,29411764705882; 6,11764705882353] 
 



 
 
Applying these parameters to five GP processes evolv-
ing models for the GDS classification problem we final-
ly got results that on average correctly classified 
65.71% of training and 65.19% of the analyzed valida-
tion samples correctly; on average, 63.82% of the ana-
lyzed test samples are classified correctly. In Table1 we 
show the evaluation of a model that correctly classifies 
65.88% of the training samples and 65.43% of the test 
samples; details about this model (including its structure 
and detailed training and test performance) can be found 
online in the HeuristicLab results section 
(http://www.heuristiclab.com/results/regression/). 
 

4.2.2 Results for GDS Dynamics Prediction 
In order to learn models for the dynamics of GDS clas-
sifications we have ordered the data by ID and examina-
tion date; for each sample, that was not the first of the 
respective patient’s investigations, we defined the target 
value as the difference of the current and the previous 
examination’s GDS classification. We are aware that we 
do not have equidistant data samples; the existing data 
sample distances are far from optimal in such a kind of 
dynamic data analysis. 

For a maximally objective analysis of the results 
discussed in this section we have again used id-wise 
scrambled data, i.e. the data have been scrambled, but 
samples with same id / subject values have not been se-
parated; the classification differentials are calculated as 
described in Section 3.1. In the context of this modified 
classification problem the following classes are formed 
and observed in the data base: 

• GDS’0: 3086 samples (1554 in training, 774 in 
validation, 758 in test data) 

• GDS’1: 1526 samples (739 in training, 380 in 
validation, 407 in test data) 

• GDS’2: 312 samples (166 in training, 73 in va-
lidation, 73 in test data) 

• GDS’3: 95 samples (52 in training, 26 in vali-
dation, 17 in test data) 

• GDS’4: 17 samples (7 in training, 6 in valida-
tion, 4 in test data) 

• GDS’5: 1 sample (1 in training, 0 in validation, 
0 in test data) 

We have trained a linear model with linear regres-
sion; analyzing this model we see that 62.25% of the 
training samples are classified correctly and 59.97% of 
the test samples. 

We have also trained a series of neural networks 
with varying structures (sizes) and numbers of training 
iterations. Again, small network structures score rather 
badly, using bigger network structures with 40 or 50 
hidden nodes, for example, showed significantly better 
results. The best results on validation data have been 
reached with neural nets with 50 hidden nodes that were 
trained over 200 iterations: Classifying on average 
67.84% of the training and 64,73% of the validation 
samples correctly, 61,48% of the test samples are cor-
rectly classified. 

Finally, again GP test series have also been ex-
ecuted. Tests with small model structure did not lead to 
satisfying results, so larger models (formulas) have been 
trained; the most important parameters of the GP algo-
rithm have been set in a similar way as described in 
Section 4.2.1. Applying these parameters to a GP 
process evolving models for the GDS classification dif-
ferential problem we finally got results that on average 
correctly classify 66.81% of training, 63.86% of valida-
tion, and 63.04% of test samples correctly. Following 
we show the evaluation of a model that correctly classi-
fies 66.93% of training, 64.65% of validation, and sur-
prisingly 65.37% of test samples: In Figure 7 we show a 
multi-ROC chart (Winkler, Affenzeller, and Wagner 
2006) for this model, evaluated for class “1” on test da-
ta; the highlighted spot indicates the ROC point for the 
eventually chosen thresholds identified as optimal on 
training data. 
 

 
Figure 7: MROC chart for class “1” on test data, calcu-
lated for the GDS’ problem using a model produced by 
enhanced GP with strict OS. 

 
5. DISCUSSION AND OUTLOOK 
In this project we have analyzed data of persons with 
normal brain aging, subjective cognitive impairment, 
patients suffering from Alzheimer’s disease and related 
conditions; this data collection has been provided by the 
Aging and Dementia Research Center (ADRC) at New 
York University Medical Center. Initially, we have ana-
lyzed and preprocessed the data, subsequently we have 
analyzed the data statistically and estimated the duration 
of states of the global deterioration scale (GDS). Final-
ly, we have also used several machine learning algo-
rithms for learning models for estimating GDS states 
and their differential, i.e. the expected change of GDS 
states in dependence of other measurable parameters. 

The results documented in this paper show that 
there are many areas of research that should be ad-
dressed in future research collaborations. On the one 
hand, the estimated GDS durations measured in data of 
subjects without training can be compared to those of 



 
 
subjects who were coached and cared for by medical 
experts. Additionally, we have also shown that modern 
approaches in machine learning are able to produce 
models for GDS estimations; this enables an analysis of 
relevant relationships and maybe even causalities. 
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