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Abstract

To discover the sequence of events preceding the devastating neuropsychological symptoms caused
by AD, along with predicting the subjects who are going to progress to dementia, is of major importance
in order to efficiently carry out clinical trials and future research.

In this thesis, we propose to use the estimated patient’s disease stage in a single data mining
methodology, probing multiple classifiers and preprocessing techniques, to predict conversion to de-
mentia within 3 years, on patients with mild cognitive impairment from the ADNI database. By
modelling the longitudinal biomarkers progression using GRACE algorithm, we are able to extract the
long-term growth curves that characterize the AD pathological cascade and estimate the disease stage
of each patient. The augmented feature set led to an overall increased power of generalization across
the different classifiers. The training results using the baseline dataset were quite good (AUC=91.1%),
from which the augmented approach did not yield improvements. Nevertheless, we observe considerable
improvements in the validation results when incorporating the disease stage (AUC=89.98%), rather
than learning just the baseline dataset (AUC=88.66%).
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1 Introduction

When a prognosis classifier is trained from a
dataset with the purpose of optimizing model eval-
uation metrics, ranking the classifier according to
its power of generalization or prediction accuracy,
the outcomes are often uninterpretable. The un-
derlying processes of a given classifier are blind
to known concepts and models of the disease and
therefore, present very important results that are
unbiased and may come to invalidate some well-
established hypothesis, but often do not help in
further understanding the underlying mechanisms

of the disease. With this thesis, we aim to develop
a data mining methodology that takes into account
current model-based knowledge to investigate pre-
diction of conversion from MCI to AD. Namely, the
goal of this thesis is to assess the predictive power
of features depicting the patient’s disease stage us-
ing multi-domain ADNI data to predict progression
from MCI to AD, within 3 years, in a proposed
data mining approach. The disease stage is ex-
tracted by fitting biomarker data to multiple pro-
gression curves covering a wide disease timespan,
expanded from short follow-up periods of numerous
patients. The algorithm used for modelling long-
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term progression curves was constructed from the
work published by Donohue et al.[1]. With imple-
mented data mining techniques and this algorithm,
which is based on a proposed model supported by
empirical evidence [2, 3], we aim at three main ob-
jectives:
1. Modelling biomarker dynamics in a long-term
disease timeline, in order to describe the patho-
physiological cascade underlying AD, by providing
a picture on the way biomarkers severity develops
through the course of the disease;
2. Training a prognosis classifier to predict conver-
sion from MCI to AD using key-biomarkers from
ADNI data, as well as model-extracted features of
disease stage. This includes:

- Identifying the specific classifier and the com-
bination of preprocessing techniques, such as
missing values imputation, feature selection
and data balancing, that yield the best perfor-
mance results for the given dataset;
- Evaluating the robustness and generaliza-
tion power of such classifier/preprocessing ap-
proach, in a validation dataset.

3. Assess the predictive power and overall benefits
of model-extracted features of disease stage when
introduced into the classifiers.

2 Background

Alzheimer’s Disease

Neuropsychological disorders are becoming a
cruel reality to a great deal of worlwide popula-
tions. Due to poor understanding of the under-
lying mechanisms and a significant overlap with
normal ageing complaints, sociological preconcep-
tions and misunderstandings associated with ex-
pectations arise. The fact is that the prevalence
of this type of disorders is growing at an epidemic
pace. As we observe increasing life expectancy, de-
cline in physical activities and unbalanced eating
habits, it is becoming increasingly urgent to tackle
this issue, specifically aiming at one of most dev-
astating neuropsychological disease as well as the

most common cause of dementia and one of the top
causes of death in developed countries, Alzheimer’s
Disease (AD).

AD is a gradually progressive syndrome that
mainly affects memory function, ultimately cul-
minating in a dementia state where all cognitive
functions are affected. Before reaching the last
AD stage, patients undergo a intermediary stage,
termed Mild Cognitive Impairment (MCI) which
encompasses the initial growth. AD is currently
incurable and the therapeutic procedures aiming
to slow down the progression of disease are still
crudely developed.

From empirical biomarker evidence, Jack et.al
[2, 3] proposed a hypothetical model of the
biomarker dynamics on AD, postulating that
biomarkers deterioration from normal to abnormal
values occur in an orderly systematic fashion. The
rising of cerebrospinal fluid (CSF) Aβ concentra-
tion levels to abnormal values is expected to be
observed in an initial stage, followed by the de-
tection of irregular Aβ imaging patterns, reduction
in tau-protein concentration, finally by neurode-
generation and, at a later point in time, by func-
tional/cognitive disability.

Related Work

A general ADNI literature review led to the
conclusion that two main topics were the focus
of investigation: 1) The prediction of AD, which
presents an approach of major importance for clin-
ical trials, by developing a crucial tool to help de-
cide with confidence if a certain patient is or not in
an early stage of AD and 2) Longitudinal model, a
big current research trend, which focus on collect-
ing and analysing evidence to support hypotheses
on the progression of biomarkers and the order of
that sequence, a decisive field of investigation in
order to further understand the underlying mech-
anisms of AD.

Amongst the reviewed studies, we highlight the
recent work of Donohue et al. [1]. Motivated by
the fact that AD progression starts long before
the onset of symptoms, they created the GRACE
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Figure 1: Proposed methodology pipeline. The "Input" consists in ADNIMERGE R package data, and the GRACE
R package [4]. The "Methodology" consists in: 1) Pre-processing, including the methods employed in the previous
work and the implemented corrections, 2) GRACE models construction, 3) Creation of learning examples with and
without GRACE features and 4) Classification procedure. The "Output" are the progression curves along with the
prediction metrics of Baseline and GRACE+.

(GRowth model by Alternating Conditional Ex-
pectation) algorithm to estimate population curves
of biomarkers severity for decades of AD, by in-
corporating information from patients in distinct
stages of the disease.

With the purpose of expanding the data time
scale limited to short-term follow-up visits (usually
not greater than 6 years), to a long-term time scale
that can reach a range of 20 or more years, each
subject is shifted forward or backward in the long-
term timeline according to the performance in the
estimated progression curves across the panel of
variables. The variables incorporated in the model
include data from multiple modalities, including
imaging, NM and CSF measures. From testing
simulations, they were able to reconstruct long-
term curves with good fidelity to the true gener-
ating functions.

The analysis of the resulting panel of curves
suggests that amyloid PET (AV-45 and PIB) may
be the initial signal of the AD pathophysiologi-
cal cascade, followed by abnormal values in CSF

measurements. Glucose metabolism (FDG-PET),
learning and cognition dysfunction and hippocam-
pus atrophy all occur in close succession. Func-
tional difficulties, as expected, were estimated to
be the last signal to become apparent.

3 Methods

We propose the extraction of interpretable fea-
tures from longitudinal models of progression of
biomarker severity along with the incorporation of
those features in a data mining routine to predict
conversion of MCI to AD within 3 years. We de-
veloped a methodology (Fig.1) with the purpose
of yielding important knowledge to support physi-
cian’s decision making and facilitate upcoming re-
search in this field. The classification probes the
outcomes of a set of different classifiers and pre-
processing techniques, implemented in WEKA [5].
The longitudinal models are constructed based on
the GRACE1 algorithm [1].

1Available at https://bitbucket.org/mdonohue/grace. Last visit in May 2015
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Study Dataset

Subjects were participants in the AD Neu-
roimaging Initiative (ADNI2), an ongoing, multi-
center study designed in 2003 to develop clinical,
imaging, genetic and biochemical biomarkers and
standardize the data extraction protocols world-
wide [6]. Detailed information on ADNI study pro-
cedures can be found at http://adni.loni.usc.edu/.
All subjects in the ADNI were 55-90 years of age
and had no evidence of cerebrovascular disease, no
evidence of depression, stable medications, a study
partner, no visual or hearing impairment, good
general health, 6 grades of education or equiva-
lent, English or Spanish language fluency, and no
medical contraindications to MRI.

The used dataset was obtained through the
R package ADNIMERGE3, downloaded for this
study on February 2015. By merging all the files
containing the necessary data we were able to com-
prise, without any pre-processing, data from 2825
ADNI participants spread in 72600 data entries.
After pre-processing, this study constructed the
GRACE models from 841 non-converters normal
controls with evidence of AD, 64 normal controls
who converted to MCI or AD at a certain point
in the study, 164 patients with MCI who did not
convert and 219 who converted and 704 already
demented patients. For the classification of MCI
subjects, to account for the longitudinal changes
within-subject, each instance on the training set
will correspond not to a specific patient, but to
each visit of each patient (snapshot). Thus, the em-
ployed dataset consisted of 825 converter instances
from 282 MCI patients and 562 non-converter in-
stances from 222 MCI patients.

The baseline feature set is composed by 16
AD-key features including: 1) neuropsychological
test scores - ADAS-13, FAQ, MMSE, CDR and
RAVLT; 2) MRI volumes of Hippocampus, Ven-
tricles, Entorhinal and whole brain; 3) PET us-
ing PiB, AV-45 and FDG tracers; 4) CSF con-

centration levels of tau, p-tau and Amyloid β and
5) ApoE ε4 genotype. The feature set is comple-
mented by demographic information, such as age,
gender and level of education. The used feature
set includes all the biomarkers that are used in the
construction of the GRACE models.

Preprocessing

Preprocessing routines were implemented in or-
der to clean the data and correct some observed
inconsistencies. The preprocessing steps add two
extra variables relatively to the existing implemen-
tation of GRACE preprocessing: 1) to guide the
aggregation of assessments into instances and 2)
to characterize instances with a class relative to
the progression to AD. The former variable should
depict a temporal window in which the multiple
measurements can be assumed as occurring in the
same time-point, and thus an intuitive variable to
characterize an instance would be the visit code,
which describe each assessment according to the
ADNI study schedule. By observing some incon-
sistencies in the original assigned visit codes, we
implemented a preprocessing step to map each as-
sessment to a visit code by its particular exam date,
rather than using the visit code already assigned
to it. The assessments 3 months of a given register
visit are assigned with that visit’s code, so that we
are able to maintain coherency with the schedule,
while maximizing the data quantity.

The other variable gives us the information of
the longitudinal progression of the diagnosis class
of each patient, from sporadic clinical review vis-
its. This variable though, similar to the visit code,
had some inconsistencies and missing values capa-
ble of being inferred, and thus another preprocess-
ing step was implemented. We assigned the in-
stances 3 months of a given clinical review visit
with the outcome of that visit. Some instances
with missing diagnosis status were inferred by as-
suming that if a patient is diagnosed as cognitively
normal at a given moment, in the assessments pre-

2More details at http://adni.loni.usc.edu
3More detailed description of the package is available in http://adni.bitbucket.org/
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Figure 2: Class labelling scheme. In this figure, it is considered a 3-years temporal window. Some cases are
labelled as "Unknown" due to insufficient information about conversion in the defined temporal window.

vious to that moment, the diagnosis is normal as
well. The contrary applies for demented patients.
For assessments with missing diagnosis status per-
formed between two other assessments with equal
diagnosis status, we inferred the value of the miss-
ing diagnosis to keep the continuity.

The learning examples were computed by merg-
ing the assessments with the same pair of sub-
ject/visit code. To assign each instance with a
class, we used a temporal window approach, where
the instances are classified as converters or non-
converters if its respective dates are less or more
than 3 years of the conversion date, respectively,
as described in Fig.2.

GRACE Models

The constructed longitudinal models were
based on the algorithm from the work of Dono-
hue et al[1], termed Growth model by alternat-
ing conditional expectation (GRACE), which itera-
tively estimates biomarker progression curves while
transforming the dataset by shifting each patient
data on the long-term timeline. From this algo-
rithm, the estimated long-term progression curves
cover more than 2 decades of disease progression,
using data with short-term follow-up periods, typ-
ically not greater than 6 years.

Yij(t) = gj(t+ γi) + α0ij + α1ijt+ εij(t) (1)

Table 1: Partial residuals for each target parameter
and the respective conditional expectations. The ap-
proximation of E(Rg

ij(t) | gj , t, γi) is made since here it
is integrated over the function g−1

t .

The data model is defined by the linear Equa-
tion 1, incorporating the value of the estimated
curve function g at time t, shifted by the subject-
specific γi, along with the random-effects terms,
a linear model of subject and biomarker-specific
mixed-effects, and the residual error term. By al-
ternatively estimating and updating the set of pa-
rameters, modelling is performed dividing the high
dimensional problem into separated steps. Instead
of trying to fit the data into the whole model, each
parameter is fitted according to the data portion
which is not being modelled by the other param-
eters, i.e. the partial residual of that parameter
(Table 1).
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Figure 3: Classification methodology data flow. The entire dataset is split into training set with 75% of the entire
dataset and holdout set with 25%. CV fold partition uses 5 different random seeds. For the GRACE+ results, a
GRACE model is constructed from each of the 10 training folds, followed by merging the model variables with the
training set (Train + γi) and submitting the curve function (gj) to the test set, in order to compute the model
variables with the test set (Test + γi). The process is incorporated in an iterative cycle for the grid search within
other cycle where we test different preprocessing techniques combinations.

The algorithm outputs, for m subjects and n
subjects, m smooth curves, m×n sets of random
effects estimates and n time-shifts.

In order to obtain a reliable estimate of the
whole spectrum of disease phases, we constructed
the model from the dataset with normal, MCI and
AD subjects. Normal subjects are the subjects who
present full cognitive capabilities but either convert
in later appointments or show evidence of being in
the AD cascade, by presenting abnormal values on
Aβ, PIB, AV-45 or ApoE4.

The values in the dataset used to model
GRACE curves are scaled in a common percentile
scale, obtained by a empirical cumulative distribu-
tion, weighted according to the inverse of the pro-
portion of observations from each category. Fur-
thermore, the temporal shift for each patient’s data
is removed, being the data of each patient centered
to zero before the GRACE temporal shifting.

The problem of classification implicates data
partition into train/test subsets. In this study, we
only construct model curves from training data, in
order to avoid bias in the test sample. The test in-
stances respective GRACE features are computed
calculating γ partial residual using the long-term

curves gj obtained in the model learned from train-
ing data.

Classification Methodology

The employed data mining procedure (Fig.3)
does not follow a specific family of classifiers, pa-
rameters or preprocessing methods. Instead of
pre-defining one single methodology, it is trained
with a set of different classifiers from distinctly
preprocessed datasets. Training is performed in
a 10-fold cross validation routine which uses a
subset with 75% of the total dataset. The pre-
processing/classifier pair yielding the best 10-fold
CV performance is chosen to represent each dataset
and will be validated in the validation set (25% of
the total dataset), from which we extract the re-
sults for further comparisons. To attain a more
statistically powerful comparison, different CV fold
partition seeds were used to train the models.
Stratified data partition was employed in order to
maintain in each fold, the same class distribution
as the whole dataset. To prevent a bias test set,
the data partition was performed by inserting in-
stances from the same subject in either the train
or in the test set. The set of classifiers include
some of the most common ones, i.e. C4.5 Deci-
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Figure 4: Progression curves obtained from the GRACE model using the training dataset (75% of the whole
dataset). Prob.AD NLnc=Normal controls with some evidence of AD, NLc=Normal controls who convert later in
the study, MCInc=MCI non-converters, MCIc=MCI converters, AD=Demented patients.

sion Trees, K-Nearest Neighbour, Logistic Regres-
sion, Naïve Bayes, Random Forests and Support
Vector Machines (with Gaussian and Polynomial
Kernels) and are implemented in WEKA. The pa-
rameters for each classifier are optimized in a grid
search. The employed preprocessing techniques in-
clude feature selection, missing values imputation
and synthetic oversampling technique (SMOTE).

4 Results

GRACE Outcomes

The resulting progression curves along with
the shifted data, differentiating the diagno-
sis/prognosis categories, is shown in Fig.4. We can
observe a recurrent separation pattern from AD
and normal controls. A pattern of succession from
the different categories is detected, i.e. values from
Prob.AD NLnc define the earliest stages of the dis-
ease, followed by NL converters (NLc), MCI non-

converters, MCI converters and culminating in AD
patients. The presence of this two extremes (NL
and AD) successfully led to the reconstruction of
an initial and a final plateaus and thus the hypoth-
esized logistic shape curves. Moreover, a slight dif-
ference between the plateaus is observed, i.e. the
early plateau is not as steep as the final plateau,
which may indicate that the biomarkers slow down
but actually do not undergo a stabilization in the
latest stages of the disease and continue constantly
deteriorating. This fact is very pronounced in the
measures of brain activity, such as the volumes of
the Ventricles and Hippocampus, and also FDG,
which may indicate that neurodegeneration con-
tinues further into deep neuronal circuits.

Regarding the differences between neuropsy-
chological biomarkers, the curves indicate that it
is more likely to find an early stage subject with
slightly reduced MMSE, RAVLT or ADAS scores
comparing with CDRSB and FAQ. The subjects
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Figure 5: 10-fold CV results using Baseline and GRACE+ dataset, across all the classifiers. The presented values
are, for each classifier, the results of the combination of preprocessing techniques which yielded the highest mean
AUCW across all fold partition random seeds.

do not show such a steep curve, as subjects have
higher probability of yielding an already imperfect
cognitive ability in early stages, whether because
of normal aging or influenced by a potential AD
pathology.

High between-subject variability tends to flat-
ten the mean trajectory and is quite noticeable in
highly incomplete features, such as CSF proteomics
and Amyloid imaging (PIB and AV-45), and also
in the Whole Brain volume and RAVLT scores.

According to a simple threshold (γ>1.46),
we can reliably distinguish converters from non-
converters, with an accuracy of approximately
85%. The threshold of t+γ>0.29 yields a smaller
prediction accuracy (83%), but is still considerable
higher than the ADAS threshold (ADAS>16.4),
which represents the other features and yields
79.3% of accuracy.

Baseline vs GRACE+

Fig.5 shows the results yielded in training with
and without the GRACE estimates of the disease
stage (GRACE+ and BL, respectively). Naïve
Bayes (NB) with a kernel estimator, is placed as
the top classifier in both datasets, using no pre-

processing technique. Nevertheless, it is closely
followed by Logistic Regression (LOG) and Ran-
dom Forest (RF). The weighted AUC (the target
metric) does not yield considerable differences for
any of the classifiers. In fact, the small AUCW dif-
ferences detected do not occur in the top classifiers
(NB, LOG, RF), which practically do not change.
The target metric is weighted AUC (AUCW) since
it assesses the separability/overlap between the
probability distributions of converters and non-
converters. Increased AUC indicates that the two
classes distributions are more significantly sepa-
rated and thus the classifier is a better predictor
across the features delimiting thresholds.

A significant difference is depicted in Sensitiv-
ity/Specificity. Namely, when using GRACE+,
there is a considerable decrease in sensitivity, cou-
pled with a considerable increase in specificity,
which means more MCI non-converters are being
correctly classified, while more MCI converters are
being incorrectly classified.

The small variance in AUCW obtained from
employing different CV folds, using different ran-
dom seeds, suggests that the proposed methodol-
ogy generate quite robust results.
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Figure 6: Validation results using BL and GRACE+ datasets, across the top classifiers which yielded the highest
AUCW in training.

The validation results (Fig.6) are relatively
more positive than the training values, i.e. the
overall results show that the expected decrease
in validation is mitigated when using GRACE+.
Relatively to BL, NB with GRACE+ prediction
accuracy undergoes a quite insignificant decrease
(82.05% to 81.77%), while AUCW yields a rel-
atively greater value (88.66% to 89.98%). Sen-
sitivity, consistently with the training, decreases
with GRACE+ (82.85% to 79.95%) but is compen-
sated by a larger increase in specificity (80.85% to
85.82%).

Table 2 shows the validation values includ-
ing all the different preprocessing methodologies.

Great generalization power with GRACE+ mod-
els, as well as an increased robustness is observed,
which indicates that, for a general dataset, esti-
mating each patient’s disease stage and incorpo-
rate it in a MCI prognosis data mining approach
is favourable for the purpose of attaining improved
predictors. In fact, this greater likelihood of the
model to attain good results in a general dataset is
emphasized by two aspects of this analysis: first,
because GRACE+ attains recurrently better re-
sults in a validation dataset and second, because
GRACE+ exhibits smaller variance around differ-
ent preprocessing techniques, whose benefits are
known to depend on the given dataset.

Table 2: Validation results using Baseline and GRACE+ datasets, across all the classifiers, including all prepro-
cessing techniques combination for each classifier.
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The sensitivity analysis performed to perceive
the effects in performance from the different pre-
processing techniques led to the conclusion that,
in general, for this dataset, the preprocessing tech-
niques do not yield considerable differences.

With GRACE+, feature selection (fs) tends to
pick towards the model parameters to the detri-
ment of other important AD-related variables, in-
cluding Hippocampus volume (selected 0 times),
MMSE (144 times) , CDRSB (108 times) and
RAVLT (0 times). γ was selected in 100% of the
repetitions and t+γ was selected in 50% (just by
one of the two employed fs technique).

This set of results provides initial empirical ev-
idence of the benefits of incorporating the disease
stage in a data mining approach to detect conver-
sions from MCI to AD. Specifically, this study sug-
gests that is useful to frame the dataset in a long-
term disease timeline constructed with GRACE
and from there, predict conversion.

5 Conclusions

In this work, we were successfully able to re-
produce the GRACE curves, obtained from the
previous work of Donohue et al. [1], using a dif-
ferent ADNI dataset. The resulting set of curves
goes accordingly to the previous work, which was
expected, since we are using a quite overlapping
dataset, and thus can only be used to some extend
as a validation of that work.

We observe that individually GRACE features
are able to attain greater prediction accuracy than
when using another feature individually, thus ex-
tracting a quite reliable disease index that can,
upon further validation, be used in clinical envi-
ronments to perceive the prognosis of a certain pa-
tient.

Regarding the classifier results, learning using
the disease stage features yielded robust results
that follow two distinct patterns for training and
for validation. In one hand, the training results are
overall pessimistic, suggesting that GRACE+ does
not yield considerable improvements in weighted

AUC from the values attained with the BL.
On the other hand, the validation results have

demonstrated to be quite positive, since we observe
that GRACE+ classifiers performs an overall much
better generalization, which indicates that incorpo-
rating features of disease stage mitigates overfitting
to the training dataset.

The results indicate that for a general data min-
ing approach targeting the detection of future con-
version to AD, with a general preprocessing rou-
tine and dataset, the incorporation of GRACE+
features is likely to yield improved results. How-
ever, future validation is required using indepen-
dent datasets.
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