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Abstract
Objective The pattern expression score (PES), i.e., the degree to which a pathology-related pattern is present, is frequently
used in FDG-brain-PET analysis and has been shown to be a powerful predictor of conversion to Alzheimer’s disease (AD)
in mild cognitive impairment (MCI). Since, inevitably, the PES is affected by non-pathological variability, our aim was to
improve classification with the simple, yet novel approach to identify patterns of non-pathological variance in a separate
control sample using principal component analysis and removing them from patient data (controls-based denoising, CODE)
before calculating the PES.

Methods Multi-center FDG-PET from 220 MCI patients (64 non-converter, follow-up ≥ 4 years; 156 AD converter, time-
to-conversion ≤ 4 years) were obtained from the ADNI database. Patterns of non-pathological variance were determined
from 262 healthy controls. An AD pattern was calculated from AD patients and controls. We predicted AD conversion based
on PES only and on PES combined with neuropsychological features and ApoE4 genotype. We compared classification
performance achieved with and without CODE and with a standard machine learning approach (support vector machine).

Results Our model predicts that CODE improves the signal-to-noise ratio of AD-PES by a factor of 1.5. PES-based
prediction of AD conversion improved from AUC 0.80 to 0.88 (p = 0.001, DeLong’s method), sensitivity 69 to 83%,
specificity 81% to 88% and Matthews correlation coefficient (MCC) 0.45 to 0.66. Best classification (0.93 AUC) was
obtained when combining the denoised PES with clinical features.

Conclusions CODE, applied in its basic form, significantly improved prediction of conversion based on PES. The achieved
classification performance was higher than with a standard machine learning algorithm, which was trained on patients,
explainable by the fact that CODE used additional information (large sample of healthy controls). We conclude that the
proposed, novel method is a powerful tool for improving medical image analysis that offers a wide spectrum of biomedical
applications, even beyond image analysis.
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Introduction

Already at preclinical stages of Alzheimer’s disease (AD),
typical metabolic alterations can be observed in cerebral
gray matter and 18F-fluorodesoxyglucose (FDG)-PET has
been used to predict conversion from mild cognitive
impairment (MCI) to AD, albeit with variable success [4,
5, 7, 8, 13, 16, 18, 22, 26]. Recently, the degree to which
a single pathology-specific metabolic pattern is present
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(pattern expression score, PES) has been shown to be a
strong predictor of conversion fromMCI to AD, particularly
when combined with clinical features [3].

Medical images contain different sources of non-
pathological variance, that is, physiological variance and
variance related to methodology (e.g., anatomical variability
not compensated by spatial normalization and different
scanners used in multicenter studies). Hence, inevitably,
the pattern expression score not only reflects pathological
alterations but is also affected by patterns of non-
pathological variability present in the individual image data
due to the fact that these patterns are likely to bear at least
some resemblance to the pathology-related pattern.

Principal component analysis, PCA, [19] has been
used extensively in statistical image analysis in order to
decompose a set of images into uncorrelated components
(principal components, PC) that are sorted with respect to
the amount of variance they explain. While PCA is usually
applied in order to identify pathology-specific patterns [16,
17, 23], we here propose the novel approach to calculate
PCA in a separate control sample in order to detect
patterns of non-pathological variability and removing them
from patient data (controls-based denoising, CODE) before
calculating the PES of a given pathology-related pattern.

The goal of this paper was to present and evaluate
CODE using multi-center FDG-PET data from healthy
controls and patients with MCI and AD from the ADNI
database. To this end, we first derived the theoretical
condition under which CODE improves PES-based image
analysis and estimated the benefit of CODE (net benefit
index) for an AD-related pattern. We then applied CODE to
improve prediction of conversion fromMCI to AD based on
FDG-PET and, optionally, neuropsychological and genetic
features. For comparison of classification performance, we
also calculated a voxel-based standard machine learning
approach.

In addition to the main manuscript, we provide a
deeper analysis of theoretical aspects of CODE in online
Supplementary Material.

Materials andmethods

Mathematical notation

Scalars are denoted by lowercase italic letters. Image data
are represented by row vectors, denoted by lowercase
bold letters. The transpose of a row vector is given by a
superscript T. When referring to all subjects i = 1 . . . N ,
image data are given by a (N × D) - matrix, denoted
by a bold uppercase letter R. Coefficients of the principal
component k are denoted by ck . Image data after denoising
are denoted with a superscript d

(
pdi

)
.

Theory

Generally speaking, image data in patients can be decom-
posed into a pathology-related component and a residual
component with non-pathological variability. Let b be a
known pattern that represents pathology-related alterations,
centered and normalized to unit length, here also denoted as
pattern of interest. The image data of a single patient i can
then be expressed as

pi = pssib + ri (1)

with pssi (pathology-specific score) representing the degree
to which the pattern of interest is expressed due to
pathology. Of note, b and the residual image ri are not
orthogonal, corresponding to the fact that patterns of non-
pathological variance present in patient data may bear some
resemblance to b. pssi can be estimated from patient data
by calculating the inner product between pi and the pattern
of interest b, which is the pattern expression score

pesi = pib
T = (pssib + ri )bT = pssi + ribT (2)

with the estimation error

εi = ribT, (3)

which is independent from pss.
Our aim is to minimize the error ε by removing patterns

of physiological variance identified in a sample of controls
using PCA. We calculated PC coefficients ck using the
subject-by-subject covariance matrix [2] so that ck =
(1/

√
Nλk)Ccss

k , with the (N ×D) - matrix C containing the
controls images, and λk and css

k being the eigenvalues and
eigenvectors of the subject–subject covariance matrix.

Before calculating PCA, we decided to center each voxel,
in other words, to subtract the mean image of controls
from each control subject. This had the effect that all
PCs, including the first one, reflect patterns of variability
across subjects, while, without centering, the first PC would
correspond to the mean image of controls.

PCs determined in controls are removed from patient
data after calculating the expression score of each ck in
each patient (i.e.. the inner product pic

T
k ) and using this

expression score as a weighting factor for ck . Throughout
the manuscript, removing ck (with k referring to any subset
of available PCs) from pi will also be referred to as
denoising

pdi = pi −
∑

k

pic
T
k ck . (4)

Denoising is a linear operation, i.e.,

pdi = (pssib + ri )
d = pssibd + rdi (5)
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with bd being the denoised pattern of interest and rd the
denoised residuals, respectively:

bd = b −
∑

k

bcTk ck (6)

rdi = ri −
∑

k

ricTk ck . (7)

We now calculate the pattern expression score from pdi
instead of pi :

pesd
i = pdi b

T = pssibdbT + rdi b
T (8)

with pesd
i now being an estimator for pssibdbT, so that

pesd
i

bdbT
= pdi b

T

bdbT
= pssi + rdi b

T

bdbT
(9)

with the new estimation error

εdi = rdi b
T

bdbT
(10)

that is also independent from pss.
By comparing the estimation error before denoising,

Eq. 3, and after denoising, Eq. 10, we can express the
factor by which CODE reduces the error associated with
estimating pssi . We define this factor

net benefit index = σ (ε)
σ (εd)

= σ
(
RbT

)

σ
(
RdbT

)bdbT. (11)

Of note, for calculation of the new pattern expression
score pesd

i , it is irrelevant if PCs are removed from the
image data pi or from the pattern of interest b

pdi b
T = pib

dT. (12)

For computational efficacy, we chose the latter option.

Subjects

From the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu), we obtained multi-
center FDG-PET scans from healthy subjects (n = 262,
classified as healthy subjects at all visits), patients with
AD (n = 229) and with MCI (n = 220, ADNI group
LMCI, Late MCI). Of the MCI patients, 156 converted
to AD within 4 years and 64 remained stable within
the follow-up (minimum follow-up of 4 years). Subjects
with missing clinical and neuropsychological scores were
excluded. ADNI criteria for characterization of healthy
subjects, MCI and AD patients can be found in [20].
Demographic and clinical information are summarized in
Table 1.

The ADNI was launched in 2003 as a public-private
partnership, led by Principal Investigator Michael W.

Weiner, MD. The primary goal of ADNI has been to
test whether serial magnetic resonance imaging, positron
emission tomography, other biological markers, and clinical
and neuropsychological assessment can be combined to
measure the progression of MCI and early AD.

Image pre-processing

We obtained image data at the ADNI pre-processing step
Co-reg, Avg, Standardized Image and Voxel Size, i.e., images
were already spatially oriented into a 160 × 160 × 96
voxel image grid with 1.5-mm cubic voxels. The image
grid is oriented such that the anterior-posterior axis of
the subject is parallel to the AC-PC line (no non-linear
warping). We spatially normalized these images using SPM
and the PET template (SPM12, Wellcome Department of
Imaging Neuroscience, London, UK). We maintained the
SPM default bounding box (79 × 95 × 78 voxels) and the
template voxel size (2 mm, isotropic) and smoothed with a
10-mm Gaussian kernel. A whole-brain mask was created
from the mean image of healthy controls by including
all voxels with values greater than 0.2 of the maximum,
resulting in 296,364 voxels in total. Images were intensity-
scaled to achieve a mean voxel value of 1 in the whole-
brain mask. All data analysis was done with MATLAB
(MathWorks, Sherborn, MA, USA, Version 9.2).

Implementation of CODE

Calculation of PCs, denoising, and calculation of PES
was implemented in MATLAB (MathWorks, Sherborn,
MA, USA, Version 9.2). To reduce computational cost,
we replaced MATLAB’s built-in PCA with our own
fast implementation as described above. The related
MATLAB functions (fastpca.m and codenoise.m) are
publicly available via MathWorks File Exchange.

Illustrating the effect of CODE on voxelwise variance

For illustration, we performed PCA on a randomly chosen
subgroup of 200 out of 262 cognitively normal subjects. In
the 62 remaining subjects, we calculated voxelwise variance
before and after denoising three times using Eq. 4: First, we
removed PCs 1 and 2, second, we removed PCs 1 to 10 and
last, we removed PCs 1 to 45, which correspond to 80% of
the variance of all PCs.

Estimating the benefit of CODE from healthy
controls

Figure 1 gives an overview of the steps involved in
estimating the net benefit index associated with our AD-
related pattern, i.e., a pattern that had been calculated by
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Table 1 Demographic and
clinical data of ADNI subjects Sample

size
Education
(years)

Age at PET
(years)

ADAS131 ApoE4
(%)2

Gender
(m/f %)

Healthy
controls

2623 16.4 ± 2.8 74.4 ± 6.1 9.0 ± 4.2 75/23/2 50/50

AD 229 15.3 ± 2.9 75.0 ± 7.8 30.5 ± 8.2 34/48/18 59/41

MCI-
stable4

(’non-
converter’)

64 16.1 ± 2.7 73.5 ± 7.4 14.6 ± 5.5 63/31/6 61/39

MCI-AD converter5 156 15.8 ± 2.8 74.0 ± 7.2 21.9 ± 5.7 34/49/17 59/41

Education, age, and ADAS13 are reported as mean± SD.MCI, mild cognitive impairment; AD, Alzheimer’s
disease
1Alzheimer’s disease assessment scale 13
2Relative frequency of 0, 1, or 2 ApoE 4 alleles in percent
3Either 262 or 200 healthy controls for calculation of PCs, 262 for calculation of the AD pattern and 62
serving as residuals for calculation of the net benefit index
4No conversion to AD during follow-up (≥ 4 years)
5Conversion to AD within 4 years

means of a group difference (mean image from 229 AD
patients minus mean image from 262 controls). Healthy
controls were randomly subdivided into two groups: (1) 200
subjects were used to obtain 199 PCs used for denoising
and (2) 62 subjects were used to represent the residuals R in
Eq. 1. We repeated the analysis 100 times and calculated the
mean and standard deviation of the net benefit index across
all runs. In a prior version of the manuscript, to calculate
the AD pattern, we used a smaller sample of AD subjects,
which did not overlap with the two abovementioned groups.
While a much smaller sample of AD and control subjects
suffices to obtain an AD-related pattern, we decided to
use all available subjects to avoid an overestimation of the
net benefit of CODE due to an effect described in the
Supplementary Material.

Applying CODE for conversion prediction

We applied CODE to FDG-PET from 220 MCI patients
to improve prediction of conversion to AD. First, we
calculated PCA in all 262 control subjects. We chose two
different variants of CODE for evaluation: denoising with

all available PCs (full denoising) and denoising with the
number of PCs that correspond to 80% of the variance [10]
in all PCs, which was the case for the first 45 PCs.

We classified converters and non-converters using i)
PES only (ROC-analysis) and ii) PES in combination
with a set of parameters recently recommended for
predicting conversion to AD [11]. PES and parameters
were combined using a linear support vector machine
(SVM). Specifically, we used the following parameters:
Alzheimer’s Disease Assessment Scale (ADAS-Cog 11 and
13), ApoE4 genotype, Clinical Dementia Rating (CDR-SB),
Functional Assessment Questionnaire (FAQ), Mini-Mental
State Examination (MMSE) and Rey Auditory Verbal
Learning Test (RAVLT immediate and RAVLT learning).
For each clinical feature, we calculated its performance to
classify converters from non-converters.

To evaluate the effect of CODE on physiological
variability in the PES, we correlated PES with age before
and after applying CODE and tested the difference as
described in [24].

For comparison of classification performance, we clas-
sified converters and non-converters with a SVM based on

Fig. 1 Estimating the benefit of
CODE (net benefit index)
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voxel data (linear kernel, 5-fold cross-validation, CV). We
chose AUC as the primary measure of classification perfor-
mance and, using the fast implementation of the method of
DeLong [6, 25], to test the improvement achieved by apply-
ing CODE. AUC has several advantages in comparison
to the common evaluation criterion accuracy [9, 12], e.g.,
when sample sizes are unbalanced (64 non-converter vs. 156
converter), accuracy values can be considerably misleading.
In addition to AUC, we report sensitivity and specificity (the
cut-off was defined using the Youden’s index, [27]). The
disadvantage of using sensitivity and specificity is that each
of these measures depends on the applied cutoff, so that
both measures have to be interpreted together. Additionally,
we report Matthews correlation coefficient (MCC), a metric
suitable for imbalanced data and, together with AUC, cho-
sen as the elective metrics for development and validation
of predictive models [21].

Using voxel-wise SVM with training on MCI, we
obtained the unexpected result of a classification perfor-
mance that was considerably lower than with PES & CODE.
We therefore modified voxel-based SVM analysis to more
closely correspond to our approach. To this end, we trained
the SVM with the same sample of healthy controls and AD
subjects as in our approach, before applying the model to
MCI subjects.

Results

Illustrating the effect of controls-based denoising

The effect of denoising on voxelwise variance is illustrated
in Fig. 2. Before denoising (A), the highest variance
was observed in the occipital cortex and at the border
of gray matter (reflecting remaining spatial variability
after normalization). Removing PCs 1 and 2 (B) already
considerably reduced these edge effects and reduced the
mean voxelwise variance to 85%. Removing PCs 1 to 10
(C) and 1 to 45 (D) reduced the variance to 66 and to 50%,
respectively. The mask that was used for illustration was
generated from the mean image across all controls (50% of
the maximum voxel value).

Estimating the benefit of CODE from healthy
controls

In 100 runs, we obtained a mean net benefit index of
1.5. The standard deviation was 0.2, reflecting the effect
from random group assignments of healthy controls in each
run.

Fig. 2 Voxelwise variance in brain FDG-PET of cognitively normal
subjects before (a) and after applying CODE (b: PC 1 and 2 removed;
c: PCs 1 to 10 removed; d: PCs 1 to 45 removed). The mask that was
used for illustration was generated from the mean image across all
controls (50% of the maximum voxel value)

Applying CODE for conversion prediction

The effect of CODE on prediction of conversion to AD is
shown in Table 2. In agreement with our model, CODE
reduced the PES in converters by a factor that largely
corresponds to 1/bdbT, which is 10.34 ± 0.52 (suppl.
Table 1). In the univariate analysis (ROC analysis of PES),
removing the first 45 PCs (corresponding to 80% of the
variance of all PCs) significantly improved AUC from 0.80
to 0.88, corresponding to an increase of sensitivity from 69
to 82%, specificity from 81 to 83% and MCC from 0.45
to 0.61. Additionally removing the remaining 217 PCs had
a small effect on classification performance (AUC 0.88,
sensitivity 83%, specificity 88% and MCC 0.66).

Combining PES with neuropsychological features and
ApoE4 genotype (linear SVM, five-fold CV) increased the
classification performance from AUC 0.80 to 0.88 (without
CODE) and to 0.93 with CODE.

Classification performance (AUC) of the clinical features
(when used as a single predictor without PET) were 0.83
(ADAS11), 0.83 (ADAS13), 0.65 (APOE4), 0.72 (CDRSB),
0.77 (FAQ), 0.71 (MMSE), 0.73 (RAVLT immediate), and
0.67 (RAVLT learning). Due to the high predictive value of
ADAS, which was in the same order of magnitude as that
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Table 2 Pattern expression score (PES) and classification performance before and after applying CODE

Non-converter Converter Predicting conversion...

n = 64 n = 156 ...with PES ...with PES & clinical features

PES (mean ± SD) PES (mean ± SD) AUC SENS SPEC MCC p1 AUC SENS SPEC MCC p1

Before CODE 7.93 ± 9.52 20.94 ± 11.58 0.80 69% 81% 0.45 — 0.88 90% 67% 0.62 —

After CODE80 −0.28 ± 1.21 2.20 ± 1.95 0.88 82% 83% 0.61 0.002 0.91 92% 70% 0.70 n.s.

After CODE100 0.92 ± 0.93 2.87 ± 1.51 0.88 83% 88% 0.66 0.001 0.93 94% 70% 0.71 n.s.

CODE80, controls-based denoising using PC 1 to 45 (corresponding to 80% variance of all PCs); CODE100, controls-based denoising using all
261 PCs. AUC, area under curve; SENS, sensitivity; SPEC, specificity; MCC, Matthew correlation coefficient, n.s.; not significant
1AUC with CODE as compared to AUC without CODE (method of Delong)

of PES, we calculated an explorative multiple regression
analysis to demonstrate their independent predictive value.
Using the two independent variables ADAS13 and PES
(before and after CODE, respectively) to predict conversion,
each of them showed to contribute with high significance
(ADAS and PES, before CODE: p < 10−7 and p < 10−5;
after CODE: p < 10−4 and p < 10−9).

CODE significantly reduced the contribution of age-
related variance to the total variance of PES (r = 0.27
without CODE to 0.06 with CODE, p = 0.01).

Using voxel-wise SVM (Table 3) with training on MCI,
we achieved a lower classification performance than with
PES. In an attempt to modify SVM analysis so that it
more closely corresponds to our approach, we used healthy
controls and AD patients for training. This led to a higher
classification performance (AUC 0.85, sensitivity 71%,
specificity 86%, MCC 0.54) that was only marginally lower
than that of our approach.

Discussion

In the present paper, we propose a novel approach (controls-
based denoising, CODE) for improving image data analysis
that is based on a pattern-expression score (PES), i.e.,
the degree to which a pathology-related pattern is present.
The PES is a frequently used quantification approach in
FDG-brain-PET and has been shown to be a powerful

Table 3 Predicting conversion to Alzheimer’s disease with voxel-wise
support vector machine (SVM)

Training sample AUC SENS SPEC MCC

MCI 0.76 85% 48% 0.39

Controls & AD 0.85 71% 86% 0.54

MCI, mild cognitive impairment; AUC, area under curve; SENS,
sensitivity; SPEC, specificity

predictor of conversion from MCI to AD [3]. By applying
CODE, we were able to significantly improve classification
based on PES alone (AUC from 0.80 to 0.88, sensitivity
from 69 to 83%, specificity from 81 to 88% and MCC
from 0.45 to 0.66). The best classification performance
(AUC 0.93) was achieved by combining the denoised
PES with clinical features. In comparison to classification
performances found in the literature [22], our results,
achieved with CODE, are at the upper end of the range for
sensitivity (56–100%) and specificity (24–100%).

PES as basis for advanced analysis

It is now recognized that variability of classification
performance in the literature can in large part be attributed
to methodological aspects [15, 22] and the use of openly
available databases such as ADNI was recommended for
developing and testing automated quantification methods
[15]. Of the available quantification methods, we chose the
PES as basis for further improvements since it has been
successfully applied to predict conversion [3] and due to the
mathematical simplicity of its computation (once a disease
specific pattern has been identified): it is calculated by
an inner product which is a general metric that comprises
traditional quantification methods (e.g., ROI analysis can
be implemented by an inner product) as well as standard
methods of machine learning (what we call pattern of
interest corresponds to the normal of the hyperplane, e.g.,
calculated by SVM).

Further improvements of classification seem possible in
two ways: first, the level of sophistication of image analysis
may be increased by using a different pattern of interest
than simply a group difference (here: group difference
AD subjects versus controls) and, second, the PES can
be combined with information from other sources, e.g.,
demographic, neuropsychological, and genetic features.
CODE has shown to be a good solution with respect to these
two aspects, as explained in the following two sections.
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CODE versus SVM

CODE can be viewed as a method to modify a pattern
of interest in order to improve classification performance
(denoising image data is mathematically equivalent to
denoising the pattern of interest). As mentioned above, the
pattern of interest can be compared to the normal of the
hyperplane calculated by SVM. Interestingly, our method
achieved a higher classification performance than SVM
when training was based on MCI subjects. While this may
seem surprising, it can be explained by the fact that the
number of MCI subjects was limited (64 non-converter, 156
converter) while information from controls was not used.
This highlights a conceptual advantage of CODE: often
controls are more easy to obtain than patients (using ADNI,
we were able to include 262 control subjects in the analysis)
and the same sample of controls may be used for multiple
studies. A more fair comparison would therefore require
SVM being trained on the same large sample of controls and
AD subjects. Using a different group of subjects for training
(healthy controls vs. AD) than for classification (converter
vs. non-converter) is not a standard way to apply SVM, but
lead to a classification performance that was higher than
that from training based on MCI subjects. To statistically
compare two methods with a good classification accuracy
requires large samples. Our approach (PES & CODE) did
perform slightly better than modified SVM, however the
differences are not statistically significant.

Interestingly, the solution SVM found (i.e., the normal of
the hyperplane) correlated more closely with the denoised
pattern of interest (Pearson’s r up to 0.51) than with the
mere group difference (Pearson’s r = 0.31), corresponding
to the fact that machine learning faces the same challenge:
to separate pathology-specific alterations from other sources
of variability. A thorough comparison between our approach
and machine learning is certainly beyond the scope of this
paper, however, we would like to point out that in the
present paper, we evaluated CODE in its basic form while
optimizations seem possible as described below.

CODE andmultivariate analysis

In agreement with the literature, we achieved a higher
performance when including clinical information in our
analysis. Combining parameters from imaging with clinical
features may improve classification in two ways: first,
clinical features may contain information not present in
image data and therefore be of independent predictive value
and, second, clinical information may, to some extent,
explain unwanted variance in the image data.

Many different sources of variance are present in image
data. An important example of physiological variance are

age-related effects. The potential of CODE removing age-
related variance could be demonstrated with the present
data by significantly reducing the correlation between age
and PES. In addition to physiological variance, there is
a component of variance that is more closely related to
methodology, e.g., different scanners used in multicenter
studies or anatomical variability not compensated by spatial
normalization (high voxelwise variance is often found at the
border between gray and white matter). While this variance
may in part be controlled for by external variables (e.g.,
the scanner used), the most important advantage of CODE
is that it may account for variance that cannot—or only
partially—be controlled for. This also includes biological
age, which is only in part explained by chronological age.

Benefit versus cost of CODE

The net benefit index predicts the factor by which CODE
improves the estimation of pss. It is conceivable that CODE
does more harm than good, corresponding to a net benefit
index < 1. Let us consider the extreme situation that
the pattern of interest is identical to a linear combination
of a subset of PCs. In this case, removing those PCs
will completely remove he pathological effect from the
data. Interestingly, as we have shown in the supplementary
analyses, there is no straightforward way to tell if a
particular PC improves or worsens the analysis: many PCs,
when used in single-PC-denoising (i.e., only this PC is
removed from patient data) decreased the net benefit index,
but increased it when used in combination with other PCs.
We therefore recommend calculating the net benefit index
for each pattern of interest before applying CODE.

Outlook: Optimizing CODE

Our goal was to present and evaluate CODE in its basic
form. Nevertheless, we would like to point out that several
approaches for optimization of CODE are conceivable.
While detailed evaluation of these approaches is certainly
beyond the scope of this paper, we would like to shortly
mention some approaches that yielded promising results in
specific situations:

• Selecting a subgroup of PCs for denoising. In the
present paper, for prediction of conversion, we focused
on CODE using the first 45 PCs, which correspond
to 80% of the variance of all PCs. However, more
sophisticated methods for a priori selection of PCs
are conceivable. As illustrated in the Supplementary
Material, some PCs increased the net benefit index only
in combination with other PCs. A priori identification
of combinations of PCs that are particularly beneficial
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(or particularly harmful) seem possible, e.g., by using
the net benefit index.

• Calculating PCs from multimodal images. It is con-
ceivable that inclusion of another modality (e.g., voxel-
based morphometry) supports denoising, even when
this modality has no additional predictive value and is
not used for calculation of PES.

• Using voxelwise weights.
• Limiting the degree by which each PC is removed

from patient data, e.g., by assuming that scores
above 2 standard deviations likely reflect pathological
alterations rather than physiological variance.

Limitations

We achieved a net benefit index of 1.5 for an AD-related
pattern that has been calculated by means of a group
difference. Since CODE also removes variance that is
related to methodology, we would like to point out that this
index in part reflects specifics of the database used (ADNI).
It is conceivable that the net benefit index differs when
applying CODE to FDG-PET from other databases (e.g.,
Australian Imaging Biomarkers & Lifestyle, AIBL) or to
single center data.

In this paper, evaluation of predictive performance is
limited by the number of non-converter (n = 64). While
this number was sufficient to show that CODE significantly
improved classification based on PES, a higher number
of non-converter is required for a more detailed statistical
comparison of methods, including comparison with various
machine learning approaches.

In the present paper, we used SPM’s spatial normal-
ization that was based on PET only. One might suggest
using DARTEL normalization, instead [1, 14]. While using
a less accurate normalization approach may have theoreti-
cally increased the benefit from CODE as discussed above,
we would like to point out that in clinical routine diagnos-
tic, statistical analysis of FDG-PET is typically based on
PET-only normalizations.

Applying CODE in a clinical setting

The suggested method (PES & CODE) seems suitable
not only for analysis of multi-center data for scientific
purpose, but also to support individual clinical diagnosis
and prognosis. It is generally accepted that visual image
interpretation (and particularly that of FDG brain PET)
highly depends on the training of the reader and that the
additional use of computer-generated diagnostic indices
such as the one suggested here improves clinical image
interpretation. However, for application of CODE, there is
a number of caveats: in order to obtain reliable results,
data preprocessing, particularly spatial normalization, has

to be performed in exactly the same way as for calculation
of the disease-related pattern and, particularly, the patterns
of non-pathological variability (PCs). The demonstrated
benefit of CODE is in part due to removing methodology-
related variance present in multi-center data analysis so
the benefit may be slightly smaller when using CODE
in a monocentric setting. However, large portions of the
variance (anatomical variance not compensated by spatial
normalization, physiological variability) seem to be equally
relevant for mono-center data analysis.

Conclusions

In the present paper, we propose a novel approach for
data preprocessing prior to statistical analysis (controls-based
denoising, CODE). In particular, we propose identifying
principal components from a sample of healthy controls and
removing them from patient data before calculating the degree
to which a known pathology-related pattern is present. In
patients with mild cognitive impairment, CODE has shown to
considerably improve the analysis of FDG-PET with respect to
predicting conversion to Alzheimer’s disease. CODE seems to
be promising for a wide spectrum of applications, even beyond
image analysis, provided the pattern to be detected is already
known to a sufficient degree of detail. CODE requires a
rather large sample of controls, however controls may be
recruited more easily than patients and the same sample
can be used for multiple studies. While the suggested
method performed well in comparison with a standard
machine learning approach, we have shown that including
information from healthy controls also improved prediction
of conversion to AD by machine learning, demonstrating
that information about patterns of variance that are not
related to pathology are currently not sufficiently exploited
in medical image analysis.
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