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ABSTRACT
We automatically segmented the hippocampus in 400 brain MRI
scans from the Alzheimer’s Disease Neuroimaging Initiative, using AdaBoost in conjunction with a novel model, the Auto Context Model. Our classifier, trained on 21 hand-labeled segmentations, created binary maps of the hippocampus for: 100 subjects
with Alzheimer’s disease (AD), 200 with mild cognitive impairment
(MCI), and 100 elderly controls (mean age: 75.84; SD: 6.64). Hippocampal traces were converted to parametric surface meshes; a radial atrophy mapping technique was used to compute average surface models and local statistics of atrophy. These maps visualized
correlations between regional atrophy and diagnosis (MCI versus
controls: p = 0.008; MCI versus AD: p = 0.001), mini-mental
state exam scores, and clinical dementia rating scores (CDR; all
p < 0.0001, corrected). We gradually reduced sample sizes and
used false discovery rate curves to determine that 40 subjects were
sufficient to detect significant correlations between atrophy and CDR
scores; 304 subjects were sufficient to distinguish MCI from AD.
1. INTRODUCTION
Alzheimer’s disease (AD), the most common type of dementia, is associated with the pathological accumulation of amyloid plaques and
neurofibrillary tangles in the brain. It first affects memory systems,
progressing to involve language, affect, executive function, and all
aspects of behavior. A major therapeutic goal is to assess whether
treatments delay or resist disease progression before widespread cortical and subcortical damage occurs. For this, sensitive neuroimaging measures have been sought to quantify structural brain changes
in early AD, which are automated enough for large-scale studies of
disease and the factors that affect it.
Using MRI at millimeter resolution, subtle hippocampal shape
changes may be resolved. However, isolating the hippocampus in a
large number of MRI scans is time-consuming, and most studies still
rely on manual tracing guided by expert knowledge of the location
and shape of each region of interest (ROI). To accelerate epidemiological studies and clinical trials, some automated systems have been
proposed for hippocampal segmentation [1, 2, 3], but none is yet
widely used.
Pattern recognition techniques offer a range of promising algorithms for automated subcortical segmentation. Generally, pattern
recognition (or machine learning) methods combine different cues
to assign a probability to a specific outcome. In image segmentation, image cues are pooled to assign a specific probability to each
image voxel, denoting the chance it is part of an ROI (e.g., the hippocampus) or not. In pattern recognition, cues are usually referred

to as features, and different algorithms combine these features in different ways. When using pattern recognition approaches, it is standard practice to divide a dataset into two non-overlapping classes,
for training and testing. The training set is used to learn the patterns
(e.g., estimate a function or decision rule to classify voxels); the testing set is used to validate how well new datasets can be classified,
based on the learned patterns.
Since medical images are complex, many possible features may
be created to represent each voxel. Given the large number of voxels
in an MRI scan, computing and storing this amount of data may
become unmanageable. To overcome this problem we use a variant
of a machine learning algorithm called AdaBoost [4] inside a new
pattern recognition algorithm we call the auto context model (ACM).
ACM may be used with any classification technique, but here we use
it with AdaBoost, which has previously been found to be effective
for subcortical segmentation in smaller samples of subjects [5].
This paper has two goals. First, we present an image analysis technique that may be applied to explore disease effects in large
databases of anatomical images, with high throughput and automation (e.g., N = 400 subjects examined here). To do this, we combined our automated hippocampal segmentation method with a statistical mapping approach based on parametric surface meshes [6,
2, 7]. Second, we aimed to answer specific biological questions regarding AD. We created 3D spatial maps to reveal systematic patterns of hippocampal differences between large groups of AD, MCI,
and healthy elderly subjects, and factors that affect degeneration. To
confirm the clinical relevance of these anatomical measures, we correlated hippocampal atrophy with several widely used measures of
brain function (mini-mental state exam and clinical dementia rating scores). To evaluate the statistical power of our mapping methods and provide practical information for users of this technique, we
gradually reduced the sample size to determine how many subjects
would be required, in future studies, to detect associations between
hippocampal atrophy and two of our clinical measures.
2. METHODS
2.1. Subjects
We analyzed 400 brain MRI scans from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) [8], a large multi-site longitudinal
neuroimaging study of 800 adults, aged 55 to 90, including 200 elderly controls, 400 subjects with mild cognitive impairment, and
200 patients with AD. As part of a thorough clinical/cognitive assessment at the time of scan acquisition, each subject’s mini-mental
state examination (MMSE) score, and global and “sum-of-boxes”
clinical dementia ratings (gCDR and sobCDR), [9] were assessed.

MMSE scores lower than 24 (out of 30) usually indicate dementia.
The gCDR scores are discrete values of 0, 0.5, 1, 2, and 3, indicating
no dementia, very mild, mild, moderate, or severe dementia. The
sobCDR scores run from 0 to 18 in 0.5 intervals, (0 is no dementia;
18, very severe dementia). Our goal was to create statistical maps
correlating hippocampal morphology and different covariates of interest, including diagnosis (normal, MCI, AD), MMSE, gCDR, and
sobCDR.
2.2. Training and Testing Set Descriptions
When using a pattern recognition approach to identify structures in
images, two non-overlapping sets of images must be defined, for
training and testing. The training set consists of a small representative sample of brain images, manually traced by experts. The testing
set is a separate group of brain images that are to be segmented by
the algorithm, but have not been used for training the algorithm. Our
training set consisted of 21 brain images (7 AD, 7 MCI, and 7 controls) and our testing set consisted of 400 brain images (100 AD, 200
MCI, and 100 controls). We used 400 testing brains, in 3 diagnostic groups whose size matched the expected proportions of the final
ADNI sample (data collection is in progress). The three diagnostic groups were age- and gender-matched as closely as possible, as
shown in Table 1.

N
M
A

Age (years)
76.62 (4.83)
75.45 (7.03)
75.86 (7.25)

MMSE
29.14 (0.86)
26.94 (1.86)
23.41 (1.86)

gCDR
0.00 (0.00)
0.50 (0.00)*
0.78 (0.25)*

sobCDR
0.02 (0.09)
1.48 (0.84)*
4.48 (1.56)*

Table 1. Demographic data are shown for age, MMSE, gCDR, and
sobCDR, with standard deviations in parentheses for the three diagnostic groups: normal (N), MCI (M) and AD (A). Information is
shown for the test group, as that is the group used for the statistical
maps. * p < 0.01

2.3. Feature Selection
The first step in designing a machine learning algorithm is to select relevant image features. To make our algorithm efficient, these
features should be informative and quick to calculate. We therefore
designed our feature pool to consist of image intensity, combinations of x, y, and z positions, image curvatures, image gradients, tissue classification maps of gray matter, white matter, and CSF, mean
filters, standard deviation filters, and Haar filters of sizes varying
from 1x1x1 to 7x7x7. We also linearly registered all brains to a
standard template to devise a basic shape prior to capture the global
shape of the hippocampus, defined as the pointwise summation of
all the training masks. Also, because the subcortical structures we
are investigating are contiguous geometric shapes, the classification
of neighboring voxels should influence each other. Therefore, we included curvature, gradient, mean, standard deviation, and Haar filters
of the shape prior as well. Overall, we used approximately 13,000
features.
2.4. Segmentation Description
AdaBoost [4] has been shown to be an effective segmentation technique in brain MRIs in previous studies [5]. AdaBoost is a weighted
voting algorithm, which combines “weak learners” into a “strong
learner”. A weak learner is any pattern recognition algorithm that
guesses correctly greater than half of the time.

Our extension of AdaBoost, the Auto Context Model, is a way
of incrementally approaching the correct posterior distribution for a
given dataset. During each iteration of ACM, the posterior distribution obtained is fed back in as input for the next iteration. In the
context of AdaBoost, that means that it becomes a new feature for
AdaBoost to use as a weak learner. However, the true power of ACM
is realized when using neighborhood features of the posterior distribution as features as well due to the regularity of shape patterns observed in medical imaging. One way to view the shape prior is as an
initial estimate of the posterior distribution, which is updated during
each iteration of ACM. After about four iterations of ACM, the posterior distribution does not change, indicating that new image-based
clues are not being discovered. ACM is also very quick, taking less
than 1 minute to segment an ROI from a brain MRI on a desktop
computer. Figure 1 describes both AdaBoost and ACM.
Given: N labeled training examples (xi , yi ) with yi ∈ {−1, 1}
and xi ∈ R and a prior distribution P1 (i)
For s = 1, . . . , S
• Create an initial uniform distribution of weights D1 (i)
over the examples.
• For t = 1, . . . , T :
P
– j = N
i=1 Dt (i) [yi 6= hj (xi )]
– ht = arg min j
hj ∈H

– Set αt =

1
2

log ((1 − t )/t ).

– Set Dt+1
p(i) = Dt (i) exp (−αt yi ht (xi ))/Zt
Zt = 2 t (1 − t ), a normalization factor
• Calculate Ps (x) = 1/ (exp (−f (x)) + 1)
P
f (x) = Tt=1 αt ht (x)
• Update those weak learners based on Ps (i)
Fig. 1. The AdaBoost algorithm inside of the Auto Context Model.
1 is an indicator function. Weak learners ht are assumed to output
{−1, +1}

2.5. Linking Shape and Disease Factors
After all hippocampal segmentations had been performed, we correlated hippocampal shape with different disease-related factors using surface-based statistical maps. To accomplish this, 3D parametric surface models were constructed from each segmentation,
and geometrically averaged across subjects within each diagnostic
group. This results in 3D average surface maps for each diagnostic group, and statistical maps relating morphology to diagnosis and
clinical scores. We employed a surface averaging approach to establish pointwise correspondence for subcortical surfaces.
To create a measure of ‘radial size’ for each subject’s hippocampus, first a medial curve was computed threading through the hippocampus, and the distance from each surface point to this curve
was calculated, providing a measure that is sensitive to local atrophy. Regressions were performed to assign a p-value to each point
on the surface in order to link radial size to different covariates of
interest. Finally the p-maps are presented as color-coded average
subcortical shapes.

2.6. False Discovery Rate
To assess our method’s power to establish linkages between morphology and disease, we created cumulative distribution function
(CDF) plots of the p-values in our subcortical maps. These CDF
plots (or Q-Q plots) are involved in the false discovery rate (FDR)
method to assign overall significance values to statistical maps [10].
A CDF of the p-values may be used to assess how well a method
can capture a known relationship between anatomy and disease, or to
discover new relationships. In a plot of the observed p-values versus
those expected under the null hypothesis (of no correlation), the line
y = x represents the null distribution. Large upward inflections of
this line typically represent significant relationships, as reflected in
the p-maps. Specifically, the intersection of the CDFs with the y =
20x line represents the highest p-value for which at most there are
5% false positives (the false discovery rate). This intersection point,
if it occurs, is called the q-value. If there is no such intersection
point (other than the origin), there is no evidence to reject the null
hypothesis.

between atrophy and MMSE scores, gCDR, and sobCDR scores,
as the covariates. The level of atrophy is strongly associated with
diagnosis (with greatest effects for the AD v. normal comparison),
MMSE scores, and CDR scores linkages. The overall significance of
these mapping results was confirmed by permutation testing (Table
3).

3. RESULTS
3.1. Error Metrics
Since we only have ground truth data for the training set, we have
to use a leave-one-out analysis to artificially create testing data with
ground truth. In this analysis, 21 models were trained, each one ignoring one of the training brains. Each model was then tested on
the brain that it ignored, which secures the independence between
testing and training samples that is necessary for validation. We defined a variety of error metrics using the following definitions: A,
the manually segmented ROI, B, the automatically segmented ROI,
and d(a, b), the Euclidean distance between points a and b.
• P recision = A∩B
B
• Recall = A∩B
A
• RelativeOverlap =
• SimilarityIndex =

• M ean = avga∈A (minb∈B (d(a, b)))
• H1 = maxa∈A (minb∈B (d(a, b)))
A∩B
•
H2 = maxb∈B (mina∈A (d(b, a)))
A∪B
A∩B
2
•
Hausdorf f = H1 +H
A+B
2
2

L Train
R Train
L LOO.
R LOO.

Prec.
0.869
0.860
0.827
0.801

Rec.
0.916
0.918
0.857
0.841

R.O.
0.805
0.798
0.717
0.693

S.I.
0.892
0.887
0.834
0.816

Haus.
2.38
2.94
3.37
4.56

Mean
0.0033
0.0040
0.0053
0.0097

Table 2. Accuracy (Acc.), precision (Prec.), recall (Rec.), relative
overlap (R.O.), similarity index (S.I.), Hausdorff distance (Haus.; in
mm), and mean distance (in mm) are reported for the left (L) and
right (R) training set, and the leave-one-out (LOO.) analysis (N = 21
for both).
As shown in Table 2, segmentation accuracy was high on the
training set, and the error metrics deteriorated only slightly when
performance was assessed on the leave-one-out analysis. This shows
that the models are not memorizing the training examples, and should
generalize well to the testing set.

Fig. 2. Significance maps (p-value maps) show strong associations
between hippocampal shape (local volumetric atrophy) and diagnosis (left columns) and cognitive and clinical scores (right columns).
All 6 maps show strong statistical correlations that were confirmed
in permutation tests. For the diagnostic comparisons, we used the
number of subjects in each of the two groups being compared, for
the clinical measurement groups we used all 400 subjects

Normal v. MCI
Normal v. AD
MCI v. AD
MMSE
gCDR
sobCDR

Left
0.00784
0.0001
0.00211
0.0001
0.0001
0.0001

Right
0.00884
0.00011
0.000415
0.0001
0.0001
0.0001

Table 3. This table shows the permutation-corrected p-values for
all maps shown in this paper. Permutation testing involved finding a
p-value, in 100,000 random assignments, for the proportion of suprathreshold surface points in the p-maps. All results are significant by
permutation testing.

3.2. Diagnostic and Clinical Measurement Differences

3.3. Reducing the N

After segmenting the hippocampus, we made significance maps (pmaps) for diagnoses and clinical measurements. Figure 2 shows the
p-maps for each pairwise diagnostic comparison, and correlations

Another avenue that we explored was how many subjects were necessary to detect a statistically significant linkage between diagnosis
or clinical measurements and morphology. To investigate this, we

randomly threw out subjects from our initial sample of 400, yielding
groups of size 304, 200, 104, 40, and 24. These groups preserved the
1:2:1 relationship between normal, MCI, and AD sample sizes, and
1:1 gender ratio, so they are all multiples of 8. For each different N ,
a random number was used to throw out samples; therefore, smaller
samples are not necessarily subsets of the larger ones.

3.4. Conclusion
ACM is an effective extension to AdaBoost for segmenting the hippocampus. AdaBoost selects features based on a training set of expert segmentations, so it may generalize well for segmenting other
subcortical structures, such as the basal ganglia. We will further validate ACM with AdaBoost by evaluating it on a broader range of
manually segmented (ground truth) data, to validate that it is indeed
finding the hippocampus (and other subcortical structures).
We further validated our model by showing statistical linkages
between diagnosis and clinical scores and radial atrophy. Although
some of these linkages have been established before, this is one of
the first projects to do so on such a large group of patients, using a
fully automated approach and using surface-based maps rather than
simple volumetric measures.
Finally, we showed the number of subjects necessary to observe
two different effects, distinguishing MCI from AD and linking the
sobCDR with atrophy. The more subtle MCI v. AD comparison
required 304 subjects and the less subtle sobCDR measurement required only 40.
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