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The rise of neuroimaging in research and clinical practice, together with the development

of new machine learning techniques has strongly encouraged the Computer Aided

Diagnosis (CAD) of different diseases and disorders. However, these algorithms are often

tested in proprietary datasets to which the access is limited and, therefore, a direct

comparison between CAD procedures is not possible. Furthermore, the sample size is

often small for developing accurate machine learning methods. Multi-center initiatives

are currently a very useful, although limited, tool in the recruitment of large populations

and standardization of CAD evaluation. Conversely, we propose a brain image synthesis

procedure intended to generate a new image set that share characteristics with an

original one. Our system focuses on nuclear imaging modalities such as PET or SPECT

brain images. We analyze the dataset by applying PCA to the original dataset, and then

model the distribution of samples in the projected eigenbrain space using a Probability

Density Function (PDF) estimator. Once the model has been built, we can generate

new coordinates on the eigenbrain space belonging to the same class, which can be

then projected back to the image space. The system has been evaluated on different

functional neuroimaging datasets assessing the: resemblance of the synthetic images

with the original ones, the differences between them, their generalization ability and the

independence of the synthetic dataset with respect to the original. The synthetic images

maintain the differences between groups found at the original dataset, with no significant

differences when comparing them to real-world samples. Furthermore, they featured a

similar performance and generalization capability to that of the original dataset. These

results prove that these images are suitable for standardizing the evaluation of CAD

pipelines, and providing data augmentation in machine learning systems -e.g. in deep

learning-, or even to train future professionals at medical school.

Keywords: Alzheimer’s Disease (AD), Parkinson’s Disease (PD), Neuroimaging, Synthesis, density estimation, data

augmentation, validation, evaluation
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FIGURE 4 | Evolution of the accuracy when varying the number of components L.

FIGURE 5 | Evolution of the accuracy when varying the number of synthetic images N.

• KDE-synthetic (with maximum L) datasets.
• KDE-synthetic (with L = 40/24 for ADNI/PPMI) datasets.
• MVN-synthetic (with maximum L) datasets.
• MVN-synthetic (with L = 40/24 for ADNI/PPMI) datasets.

Therefore, eight analyses were performed (four per dataset).
None of these analyses yielded significant (p < 0.05, FWE)
differences between the two populations, regardless of the
model type (MVN or KDE) or database. Therefore, the group
differences between original and synthetic images were relatively
sparse and of small effect sizes. This might indicate that both
the original and the synthetic images belong to the same
population.

3.3. E1.3: Generalization Ability of the
Synthetic Images
In the first experiment, we test how a model trained with
synthetic images is able to predict real-world images. We do this
by generating a synthetic training set from the original training
set within the cross-validation loop, as seen in Figure 6. We
tested this approach on the PET ADNI and the DAT PPMI

datasets, using all PDF estimators and different L-values. In
each cross-validation iteration we synthesize a new set with 200
samples per class. Results are shown at Table 2.

The prediction accuracy, sensitivity and specificity are higher
when using theMVN estimator than with the KDE in both ADNI
and PPMI. The MVN modeling performance is also closer to the
original baseline performance (see previous section), especially
when using the suggested L = 40 for AD and L = 24 for
PD. The KDE performance, however, degrades significantly when
reducing the number of components.

Regarding the PET ADNI dataset, we tested three different
scenarios: AD vs. NOR, MCI vs. NOR, and MCI vs. AD.
The higher performance is obtained in the AD vs. NOR, but
when including MCI subjects, the results vary. In the case
of the MVN estimator, the MCI vs. NOR scenario performs
slightly better than the MCI vs. AD. On the other hand, when
using the KDE, MCI vs. AD obtains better results than MCI
vs. NOR. However, the big difference among them is that,
whereas the MVN estimator achieves similar performance to the
baseline, the KDE-synthetic images lead to smaller predictive
power.
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FIGURE 6 | Outline of the experimental setup for E1.3 to test the generalization ability of the synthetic images.

TABLE 2 | Performance of E1.3, demonstrating the predictive ability of the synthetic images over the real dataset.

Database Est. L Scenario acc [SD] sens [SD] spec [SD]

PET ADNI MVN 403 AD vs. NOR 0.852 [0.078] 0.804 [0.151] 0.900 [0.137]

MCI vs. NOR 0.688 [0.067] 0.743 [0.108] 0.572 [0.169]

MCI vs. AD 0.675 [0.121] 0.468 [0.192] 0.774 [0.224]

40 AD vs. NOR 0.790 [0.084] 0.813 [0.165] 0.770 [0.207]

MCI vs. NOR 0.496 [0.139] 0.374 [0.359] 0.750 [0.392]

MCI vs. AD 0.622 [0.152] 0.563 [0.298] 0.651 [0.320]

KDE 403 AD vs. NOR 0.770 [0.114] 0.747 [0.153] 0.790 [0.169]

MCI vs. NOR 0.642 [0.044] 0.726 [0.098] 0.472 [0.188]

MCI vs. AD 0.672 [0.081] 0.484 [0.142] 0.760 [0.187]

40 AD vs. NOR 0.622 [0.114] 0.784 [0.290] 0.459 [0.394]

MCI vs. NOR 0.509 [0.152] 0.467 [0.434] 0.599 [0.450]

MCI vs. AD 0.576 [0.170] 0.522 [0.363] 0.602 [0.390]

DAT PPMI MVN 268 PD vs. NOR 0.948 [0.041] 0.948 [0.055] 0.946 [0.064]

24 PD vs. NOR 0.925 [0.047] 0.910 [0.079] 0.945 [0.083]

KDE 268 PD vs. NOR 0.914 [0.082] 0.916 [0.113] 0.909 [0.121]

24 PD vs. NOR 0.833 [0.146] 0.834 [0.292] 0.819 [0.248]

3.4. E2: Dependence on the Original
Images
In experiment 2, we will assess the dependence of the synthetic
images on the original datasets, using the resubstitution error
(Neto and Dougherty, 2015). A classifier trained and tested
on the same set (resubstitution) usually has a low error rate
(resubstitution error or training error). It is generally assumed
that the generalization error is the test error, or the error achieved
by a test set, different from the training set.

In this experiment, we first estimate the resubstitution
accuracy (1− resubstitution error) testing on the original training
set, and then use that same set to synthesize (at different Ls) a
new test set (Figure 7). Depending on the performance loss, that
could imply realistic images—different from the training set—or

images that are almost identical to the training set–overfitting.
The results for this experiment are shown at Table 3.

When using all available components (L = 402 for ADNI
and L = 268 for PPMI) we observe that the performance
loss of the MVN estimator is almost null, probably due to
the aforementioned overfitting. Conversely, the KDE model
produces more different images, increasing the prediction error
up to a 0.2 under all scenarios in ADNI and 0.15 in PPMI.

However, this situation changes completely when using the
optimal L in the MVN synthesis. In this case, the performance
loss is higher in all cases, demonstrating that the images are
different from the original training set, and less concentrated
than when using higher Ls. Moreover, whereas the KDE achieved
similar performance under all scenarios (with all Ls), the MVN
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FIGURE 7 | Outline of the experimental setup for E2 to test the resubstitution and prediction accuracies.

TABLE 3 | Performance of E2, showing the resubstitution error (resubs.) and the test error of synthetic test sets with different Ls.

Database Scenario Test (model, L) acc [SD] sens [SD] spec [SD]

PET ADNI AD vs. NOR resubs. 1.000 [0.000] 1.000 [0.000] 1.000 [0.000]

MVN 402 0.994 [0.003] 0.988 [0.006] 1.000 [0.007]

KDE 402 0.811 [0.014] 0.791 [0.021] 0.832 [0.028]

MVN 40 0.906 [0.014] 0.882 [0.020] 0.930 [0.034]

KDE 40 0.752 [0.018] 0.736 [0.026] 0.768 [0.030]

MCI vs. NOR resubs. 0.999 [0.001] 0.998 [0.002] 1.000 [0.001]

MVN 402 1.000 [0.000] 1.000 [0.000] 1.000 [0.000]

KDE 402 0.823 [0.018] 0.843 [0.024] 0.801 [0.033]

MVN 40 0.722 [0.021] 0.863 [0.024] 0.580 [0.143]

KDE 40 0.692 [0.015] 0.829 [0.023] 0.556 [0.139]

MCI vs. AD resubs. 1.000 [0.000] 1.000 [0.000] 1.000 [0.000]

MVN 402 1.000 [0.000] 1.000 [0.000] 1.000 [0.000]

KDE 402 0.820 [0.014] 0.799 [0.022] 0.841 [0.030]

MVN 40 0.775 [0.025] 0.615 [0.047] 0.934 [0.163]

KDE 40 0.706 [0.011] 0.573 [0.011] 0.840 [0.135]

DAT PPMI PD vs. NOR resubs. 1.000 [0.000] 1.000 [0.000] 1.000 [0.000]

MVN 268 0.998 [0.002] 0.997 [0.003] 1.000 [0.003]

KDE 268 0.848 [0.013] 0.809 [0.021] 0.887 [0.043]

MVN 24 0.966 [0.012] 0.961 [0.018] 0.971 [0.015]

KDE 24 0.854 [0.024] 0.839 [0.035] 0.869 [0.035]

with optimal L replicates the baseline behavior found at Table 1;
that is, a much higher discrimination ability in AD vs. NOR than
when comparing to the prodromal state MCI. This is even true
under the two MCI scenarios: the accuracy is higher under the
MCI vs. AD scenario (0.775) than in the MCI vs. NOR (0.722),
the same that occurred in the original dataset (0.702 and 0.698,
respectively).

4. DISCUSSION

In this work, we propose an brain image synthesis algorithm
that analyses a dataset, extracts its most relevant characteristics

and then generates new images that share the same properties.
The algorithm is based on PCA, which defines a new common
space for each dataset (the “eigenbrain” space), in which the
individual images are represented as points. There, it models the
distribution of these points, using them to construct a generative
model in the eigenbrain space. After generating new samples
in the eigenbrain space, these can be inversely transform to the
image space, producing new samples of the same population (see
Figure 1 for a graphical representation of the procedure).

The use of PCA for feature extraction neuroimaging
in components is widely documented (Zhu et al., 1994;
Markiewicz et al., 2009; Illán et al., 2011; Khedher et al., 2015;
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Martinez-Murcia et al., 2016). The PCA components model
different orthogonal sources of variance in the original data.
In AD, these components, or eigenbrains, represent features
that have been associated with the progression of the disease.
The contribution of each eigenbrain (or the coordinates of each
subject in the eigenbrain space) has been proven to effectively
model the advance of the disease in many works. PCA has also
been used to build up a reference of the sources of variance in a
generative model in Zhu et al. (1994), using a different simulation
strategy. Therefore, it was the optimal tool, well-known and with
proven utility, to be used in this work.

In Figure 8 we show the first four eigenbrains (zero-centered)
for the ADNI-PET dataset. The positive/negative contributions
of each eigenbrain are shown in blue/red color, respectively. Each
component accounts for different variability terms in the original
dataset, for example, a negative contribution at the cingulate
gyri, precunei, and areas around the thalamus in Component 0
(Stoeckel et al., 2004; Illán et al., 2011), contrast between the
anterior and posterior part of the brain in Component 1 and so
on. Component 2 accounts for uptake differences at the angular
gyrus and precuneus that have been linked to AD (see SPM
analysis at section 3.1.1), also present in Component 3. These
features prove that the computed eigenbrains are representative
of independent structures and activities that together can
positively influence the synthesis of new brain images via a
correct parametrization and estimation of the component scores.

The distribution of the samples in the eigenbrain space was
modeled using two estimation methods: a Multivariate Normal

Distribution (MVN) and the Kernel Density Estimation (KDE)
via diffusion. An accurate estimation of the distribution of the
scores belonging to a certain class is paramount to obtain a
reliable brain image synthesis.

In Figure 9 we compare the two PDF estimation methods in
two relevant eigenbrains: 2 and 10 (only AD and NOR groups
are shown for simplicity), setting the original classes histogram
as reference. Note that, since the MVN is multivariate in nature,
we have projected the 2nd and 10th components to a single
component for a estimated model of L = K components to
obtain a clearer visualization.

Two major features are shown in these figures: class
separability and quality of the modeling. As it can be seen, a
large proportion of the variability contained in component 2
correspond to class differences (see also Figure 8 and the positive
weights of AD-related brain regions). These class differences are
higher in the MVN model with L = 403 (more concentrated
classes) than in the KDE model. Furthermore, the KDE model
adapts better to the empirical distribution, as it can be seen in
component 10.

On the other hand, the scores distribution may not contain
class differences, as in component 10. However, in this case, the
distribution of scores in both classes is asymmetric, with longer
tails and less gaussian than component 2. So, it is easier to assume
that the KDE modeling will also perform better in this case.

Nevertheless, we cannot assume that the PCA components are
statistically independent, and therefore, the KDE per-component
model is deprecating substantial information. The multivariate

FIGURE 8 | Illustration of the first four eigenbrains (components 0 to 3) of the PET ADNI dataset.

Frontiers in Neuroinformatics | www.frontiersin.org 11 November 2017 | Volume 11 | Article 65

https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroinformatics#articles


Martinez-Murcia et al. Functional Brain Imaging Synthesis Based

nature of the MVN does consider these possible dependences,
which are then included in the model. This makes it more
accurate but at the same time more prone to overfitting.

Overfitting in the MVN model means that, when L →

∞, the model would only produce the average image of each
class. So, choosing an optimum L has a strong impact on the
simulated images. A higher Lwould containmore high frequency
information, but it also overfits the model, producing images
more similar to the average. On the other hand, small Ls will
lead to more overlapped classes, more similar to the real world,
but less detail. Figure 10 shows how increasing L affects the
class overlapping, reducing the variability and eventually leading
to images that are very close to each other. In this work, we
carefully chose L = 40 for ADNI and L = 24 for PPMI
by selecting the highest number of components that obtained
similar performance to the original dataset. A significantly higher
performance might be considered overfitting. Other approaches
to select an optimum L such as the Variance of Reconstruction

Error (VRE) proposed in Mnassri et al. (2010) or the modified
Bayesian model selection criterion of Kazianka and Pilz (2016)
might be considered in the future.

A visual analysis of the synthetic images in Figures 11, 12
reveals that the synthetic images preserve similar characteristics
of the original datasets. For example, it is easy to appreciate
differences in glucose metabolism in Figure 11 typically
associated with AD, such as a smaller activity at the temporal lobe
or a less homogeneous distribution of the radiopharmaceutical
in the gray matter (Stoeckel et al., 2004; Illán et al., 2011). In the
synthetic DaTSCAN images (Figure 12) differences in shape and
intensity of the striatum, and bilateral differences (Lozano et al.,
2010; Towey et al., 2011; Illán et al., 2012; Martínez-Murcia et al.,
2014) can also be noticed, using both MVN and KDE modeling,
although variability of the PD class is perhaps better modeled in
KDE. This is again a probable case of overfitting.

When analyzing the particularities of the MVN and KDE
modeling under a classification analysis, we have already

FIGURE 9 | Comparison between the MVN and KDE PDF estimation methods for the component 2 and 10 in the PET ADNI dataset (AD and NOR groups for

simplicity), setting the histogram as reference.

FIGURE 10 | Partial PDF modeling of component 2 (AD and NOR classes) using the MVN estimator with different Ls. PDFs scaled for comparison.
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FIGURE 11 | Examples of some original and synthetic subjects from the ADNI-PET dataset.

FIGURE 12 | Examples of some original and synthetic subjects from the PPMI dataset.

demonstrated that MVN tends heavily to overfitting when the
number of components is high (L = K), but it considers
all conditional probabilities in the estimation. For its part, the
KDE modeling is more robust to overfitting, mainly due to its
univariate nature (per-component modeling), keeping a relevant
prediction ability over real-world images, at the same time that
its dependence on the original dataset is reduced. However, when
an optimum L is chosen, the MVN model resembles more the
original dataset performance in both the generalization ability
(E1.3) and the dependence of the synthetic images on the original
dataset (E2).

Each PDF estimation method has advantages and
disadvantages. The KDE modeling works “out of the box,”
producing more heterogeneous classes and images. On the
other hand, the MVN modeling requires more fine-tuning
of the L parameter, but it preserves conditional probabilities
that may add relevant information to the synthetic images.
New multidimensional PDF models, such as a multivariate
KDE estimation or alpha-stable (heavy-tailed) modeling of
the non-gaussian components, could also be used to preserve
these conditional probabilities and improve each component
modeling.

Still, evaluation and data availability are currently major
bottlenecks for assessing validity and comparing machine
learning approaches in neuroimaging, especially with the
increasingly popular deep learning approaches. Testing on large
samples of dynamically generated images that belong to the
same population as the original (as in E2) can produce more
realistic performance estimates, leading to a standardization of
the evaluation of CAD systems that provides an idea of their
generalizing capacity.

Our methodology provides functional brain images that could
be drawn from the same population as the original dataset;
images that can effectively predict real world samples at the
same time that they remain independent from the database
used in the modeling. Compared to other widely used data
augmentation procedures, such as affine or elastic deformations,
it is a more advanced paradigm that can simulate functional
patterns associated with a given disease, which could increase
the generalization ability of our models. This application is the
main purpose of this paper, but apart from this there exist
many application possibilities yet to be explored, e.g., using the
synthetic images in clinical training of future professionals, or in
standardized automatic evaluation procedures.
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5. CONCLUSIONS

In this work, we have proposed a novel brain synthesis algorithm
that could be used, among other things, in standardizing
evaluation of CAD systems or as a data augmentation procedure.
The algorithm consists of an analysis of a existing dataset using
Principal Component Analysis, building a space defined by these
principal components, or eigenbrains. In this space, we have
modeled the spatial distribution of each class, a model from
which we can derive new coordinates in the eigenbrain space that
can be projected back into the original image space.

We have tested the algorithm in two well-known databases:
one FDG-PET database from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI), and a DaTSCAN SPECT
database from the Parkinson’s Progression Markers Initiative
(PPMI). A visual analysis of the synthetic images revealed
that they visually resemble the originals, sharing functional
patterns that have been associated with Alzheimer’s Disease and
Parkinson’s Disease in the literature. A Statistical Parametric
Mapping analysis revealed similar regions in both the original
and the synthetic datasets when studying the significant
differences between classes.

We tested different features of the synthetic datasets
under three experiments, aimed to prove their ability on
detecting real-world image patterns and quantifying their
dependence on the original dataset and the number of
components used in the modeling. When comparing the two
PDF estimation procedures, we found that the Multivariate
Normal distribution (MVN) was more accurate, but also more
affected by overfitting, whereas the synthesis using Kernel
Density Estimation (KDE) produced more overlapped classes
at any number of components considered, probably due to
missing information about conditional probabilities. Our system,
regardless of the PDF estimation, proved to be a useful tool
for generating synthetic images that could be used for data
augmentation, standardization of CAD system evaluation and
even educational purposes.
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