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Abstract 
High-dimensional pattern classification was applied to baseline and multiple follow-up MRI scans of 

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) participants with mild cognitive impairment 

(MCI), in order to investigate the potential of predicting short-term conversion to Alzheimer’s Disease 

(AD) on an individual basis. MCI participants that converted to AD (average follow-up 15 months) 

displayed significantly lower volumes in a number of grey matter (GM) regions, as well as in the white 

matter (WM). They also displayed more pronounced periventricular small-vessel pathology, as well as 

an increased rate of increase of such pathology. Individual person analysis was performed using a 

pattern classifier previously constructed from AD patients and cognitively normal (CN) individuals to 

yield an abnormality score that is positive for AD-like brains and negative otherwise. The abnormality 

scores measured from MCI non-converters (MCI-NC) followed a bimodal distribution, reflecting the 

heterogeneity of this group, whereas they were positive in almost all MCI converters (MCI-C), 
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indicating extensive patterns of AD-like brain atrophy in almost all MCI-C. Both MCI subgroups had 

similar MMSE scores at baseline. A more specialized classifier constructed to differentiate converters 

from non-converters based on their baseline scans provided good classification accuracy reaching 

81.5%, evaluated via cross-validation. These pattern classification schemes, which distill spatial 

patterns of atrophy to a single abnormality score, offer promise as biomarkers of AD and as 

predictors of subsequent clinical progression, on an individual patient basis.  
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Introduction 
The most common cause of dementia is Alzheimer’s disease, with incidence doubling 

approximately every 5 years after the age of 65. As life expectancy increases, AD is becoming an 

important health problem in the elderly, and a significant societal and financial burden. As many 

treatments are being developed and evaluated, it is becoming important to develop diagnostic and 

prognostic biomarkers that can predict which individuals are relatively more likely to progress 

clinically. This is especially important in individuals with MCI, who present a conversion rate of 

approximately 15% per year. 

MCI has attracted a lot of attention in the recent years, in part because it offers opportunities 

for relatively early diagnosis of AD, and in part a number of pharmachological interventions typically 

target MCI patients. A number of studies, including both region-of-interest (ROI) and voxel-based 

analyses, have reported relatively reduced brain volumes in the hippocampus, parahippocampal 

gyrus, cingulate, and other brain regions in both MCI and AD patients [1-12]. The spatial pattern of 

brain atrophy in MCI is complex and highly variable, and it evolves in time as the disease progresses. 

Therefore, capturing such spatio-temporal patterns of structural brain change requires sophisticated 

image analysis methods, including high-dimensional image warping often used to quantify the 

regional distribution of brain tissue. Even more challenging is the development of biomarkers that 

classify individuals, as opposed to characterizing group differences, as inter-individual variations and 

statistical overlap among groups renders it difficult to characterize individuals with sufficient sensitivity 

and specificity. 
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In order to be able to achieve individual classification, we leverage upon work on high-

dimensional pattern classification that has shown great promise in the past 5 years as a means to 

measure subtle and spatially complex imaging patterns that have diagnostic value [13-23]. This 

approach aims to provide computational tools that classify individuals, based on their imaging 

measurements, rather than determining statistical group differences. The current study builds upon 

previous work in [16, 24-26], by investigating longitudinal images from a relatively large sample of 

MCI individuals from ADNI. The primary goal of the current study is to utilize high-dimensional pattern 

classification of baseline scans to determine predictors of short-term conversion from MCI to AD. The 

secondary goal of this study is to measure the spatial distribution of brain atrophy, as well as its 

longitudinal change, in MCI converters (MCI-C) and in MCI non-converters (MCI-NC) in the ADNI 

cohort, and to evaluate differences between these two groups. The hypothesis was that advanced 

pattern analysis and classification techniques applied to baseline and longitudinal images of the 

regional distribution of brain tissues would allow us to predict future conversion from MCI to AD. 

 

Materials and Methods 

 
ADNI.  Data used in the preparation of this article were obtained from the ADNI database 

(www.loni.ucla.edu\ADNI). The goal of ADNI is to recruit 800 adults, ages 55 to 90, to participate in 

the research -- approximately 200 CN older individuals to be followed for 3 years, 400 people with 

MCI to be followed for 3 years, and 200 people with early AD to be followed for 2 years. For up-to-

date information see www.adni-info.org. 

 

Participants 

ADNI participants with structural MR images and at least one, in most cases two or more follow-up 

scans available on the ADNI web site as of March 2008 (the latest scan was from March 7, 2008) 

were part of this analysis; only scans that had undergone the various ADNI correction schemes were 

included, and for which at least a baseline and 2 follow-ups were available under the web site. This 

included 103 MCI participants (age range: 75.42±7.04), of which 27 (MCI-C, 77.04±5.95) were 

classified as having undergone conversion to AD based on changes in Global CDR from 0.5 to 1.  

The remaining 76 MCI participants (MCI-NC: 74.84±7.33) were classified as non-converters. The 

average time that elapsed between the baseline scans and conversion of MCI-C to AD was 15 ± 6 

(mean ± std. deviation) months, and the average time interval between the baseline and first (last) 

follow-up scan was 0.67 (1.95) years. The MMSE scores (mean ± std. deviation) of MCI-NC and MCI-
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C at baseline were 26.82±1.70 and 26.42±2.04, respectively. The groups were relatively well-matched 

in terms of gender (35.5% of MCI-C and 40.7% of MCI-NC were females). 

 

Images 

The datasets included standard T1-weighted images obtained using volumetric 3D MPRAGE 

or equivalent protocols with varying resolutions (typically 1.25 × 1.25 mm in-plane spatial resolution 

and 1.2 mm thick sagittal slices). Only images obtained using 1.5 T scanners were used in this study. 

The sagittal images were preprocessed according to a number of steps detailed under the ADNI 

website, which corrected for field inhomogeneities and image distortion, and were resliced to axial 

orientation.  

 

Image Analysis 

Images were preprocessed according to previously validated and published techniques [27]. The pre-

processing steps included 1) Alignment to the AC-PC plane; 2) removal of extra-cranial material 

(skull-stripping); 3)Tissue segmentation into grey matter (GM), white matter (WM), and cerebrospinal 

fluid (CSF), using a brain tissue segmentation method proposed in [28]; 4) High-dimensional image 

warping [29] to a standardized coordinate system, a brain atlas (template) that was aligned with the 

MNI coordinate space [30]; 5) Formation regional volumetric maps, named RAVENS maps [27, 31, 

32], using tissue-preserving image warping [27]. RAVENS maps quantify the regional distribution of 

GM, WM, and CSF, since one RAVENS map is formed for each tissue type. In particular, if the image 

warping transformation that registers an individual scan with the template applies an expansion to a 

GM structure, the GM density of the structure decreases accordingly to insure that the total amount of 

GM is preserved. Conversely, a RAVENS value increases during contraction, if tissue from a 

relatively larger region is compressed to fit a smaller region in the template. Consequently, RAVENS 

values in the template's (stereotaxic) space are directly proportional to the volume of the respective 

structures in the original brain scan. Therefore, regional volumetric measurements and comparisons 

are performed via measurements and comparisons of the respective RAVENS maps. For example, 

patterns of GM atrophy in the temporal lobe are quantified by patterns of RAVENS decrease in the 

temporal lobe in the stereotaxic space.  

 The RAVENS approach has been extensively validated [27, 31] and applied to a variety of studies 

[33-42]. It uses a highly conforming high-dimensional image warping algorithm that captures fine 

structural details. Moreover, it uses tissue-preserving transformations, which ensures that image 

warping absolutely preserves the amount of GM, WM and CSF tissue present in an individual’s scan, 

thereby allowing for local volumetric analysis.  



 5

 In order to minimize longitudinal “jitter noise” that can be introduced by independently warping each 

person’s image to the atlas, we first aligned all scans of each individual to his/her baseline scan, via 

rigid registration based on mutual information. We also minimized the potential biases that can be 

introduced by reslicing and interpolation, by reslicing each scan exactly one time: the baseline scans 

were resliced to be parallel to the AC-PC plane, and each follow-up was resliced in co-registration 

with the AC-PC aligned baseline scan of the respective participant. 

 

Statistical analysis and pattern classification 

Group comparisons were performed via voxel-based statistical analysis of respective RAVENS maps 

that were normalized by intra-cranial volume and smoothed using 8 mm full-width at half-maximum 

(FWHM) smoothing kernel. Group comparisons involved voxel-by-voxel t-tests applied by the SPM 

software (http://www.fil.ion.ucl.ac.uk/spm/software/spm5) to the RAVENS maps and to voxel-wise 

regression maps obtained from longitudinal RAVENS measurements. Group comparisons of the rates 

of change in the RAVENS maps, which reflect the rates of atrophy of respective tissue, were 

calculated by first applying voxel-wise linear regression to all available RAVENS maps of each 

participant, thereby obtaining a “beta” image of the rate of change for each participant, and 

subsequently applying SPM’s t-test software.  

 

 In addition to the group analyses, we performed individual-patient analysis, aiming to classify 

individual scans belonging to MCI-C or MCI-NC participants based on their baseline MRI. This 

analysis is important because it directly relates to our ability to use quantitative MRI analysis for 

individual diagnosis, rather than to identify statistical differences between two potentially overlapping 

groups. Toward this end, we applied a high-dimensional pattern classification approach, which has 

been published and used in various neuroimaging studies [25, 43-46]. This approach considers all 

brain regions jointly, and identifies a minimal set of brain regions/clusters whose volumes jointly 

maximally differentiate between the two groups under consideration, on an individual scan basis; a 

detailed description can be found in [44]. Leave-one-out cross-validation is used to test this 

classification scheme on datasets not used for training, and obtain a relatively unbiased estimate of 

the generalization power of the classifier to new patients. The pattern classification method provides a 

structural phenotypic score (SPS). Two classifiers were constructed:  

1. Classifier1: A classifier was constructed from the CN and AD groups that were described in detail in 

[25] (including 66 CN individuals  of mean age±S.D., 75.18±5.39 and 56 AD patients 77.40±7.02 

y.o.), and then applied to the MCI subjects. Positive SPS implies AD-like brain structure, and vice-
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versa. No cross-validation was necessary here, as the test sample (MCI) was different from the 

training sample (CN and AD). 

2. Classifier2: A more specific classifier that optimally differentiates between MCI-C and MCI-NC was 

constructed and tested using leave-one-out cross-validation. In this process, all but one of the MCI 

participants are used to train a classifier that differentiates between the two groups. The resultant 

classifier is then applied to the left-out MCI subject. A positive SPS indicates a structural profile more 

similar to the converters, and vice versa. This process is repeated for all MCI subjects, thereby 

obtaining an estimate of the generalization ability of the classifier to new (“unseen” during training) 

samples.  
 

Results 
 

Voxel-based Analysis of baseline RAVENS maps 

Figs. 1-3 show representative sections obtained after applying voxel-wise t-tests to the baseline 

RAVENS maps of GM, WM and CSF. Several regions of relatively reduced volumes of GM in MCI-C 

compared to MCI-NC are evident, including the anterior hippocampus, amygdala, much of the 

temporal lobe GM and the insular cortex, posterior cingulate, and orbitofrontal cortex. WM was 

reduced primarily in the periventricular frontal region, indicating higher periventricular leukoareosis in 

MCI-C compared to MCI-NC (in conjunction with the results of Fig. 4). WM was also relatively 

reduced in MCI-C anterior-laterally to the right hippocampus. Finally, ventricular CSF was relatively 

larger in the temporal horns of the lateral ventricles bilaterally. Regions of increased periventricular 

abnormal white matter in MCI-C, relative to MCI-NC, were also examined and are shown in Fig. 4, 

indicating relatively more pronounced leukoareosis in the former group. 

Voxel-based analysis of regression maps of rate of RAVENS change 

Relatively less pronounced were the differences in rate of change of GM, WM and CSF between the 

two MCI groups. Fig. 5 shows voxel-wise t-maps obtained from two-group comparisons of the rate of 

RAVENS change maps. We did not find any significant differences in the rates of change of GM and 

WM, other than a relatively faster increase of periventricular abnormal WM, especially in the vicinity of 

the temporal horns, indicating higher rates of development of leukoareosis in MCI-C. In the same 

regions, we also observed higher rates of CSF increase in MCI-C, indicating accelerating temporal 

horn enlargement in MCI-C.  
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AD-like patterns of atrophy in MCI individuals (Classifier1) 

As described in the Methods, a classifier that was previously constructed from the AD and CN 

individuals [25] was applied to the current MCI sample; as reported in [25], this classifier had 

achieved classification accuracy between AD and CN equal to 94.3%, evaluated via leave-one-out 

cross validation. Positive scores indicate AD-like brain structure and negative scores indicate normal 

structure. The average score of the MCI-C was 1.23 ± 0.7 and of the MCI-NC was 0.46 ± 1.28 (p-

value of two-group t-test = 0.0002). The histograms of the scores of these two MCI subgroups are 

shown in Fig. 6. 

 

Pattern Classification between MCI-C and MCI-NC(Classifier2) 

As described in Methods, we also constructed a classifier specifically targeting the best differentiation 

between MCI-C and MCI-NC. The classification accuracy as a function of the number of features 

(brain regions/clusters) for different kernel sizes is shown in Fig. 7. Maximum classification rate was 

81.5%, however the classification rate tended to fluctuate between 75-80% for various numbers of 

features and kernel sizes. (Below a minimum number of features, performance decreased rapidly, as 

expected, since the spatial patterns were not properly sampled.) The receiver operating characteristic 

curve (ROC) reflecting the trade-off between sensitivity and specificity is shown in Fig. 8. The area 

under the curve (AUC) was 0.77. 

 

Discussions and Conclusion 
This study utilized methods of computational neuroanatomy and high-dimensional pattern 

classification to investigate spatial patterns of brain atrophy, as well as their longitudinal change, in a 

group of 103 MCI individuals from the ADNI study, aiming to determine imaging markers that predict 

short-term conversion within a period of approximately 15 months, on average. Despite the relatively 

short clinical follow-up period of this study, significant differences at baseline were measured between 

MCI-C and MCI-NC. In particular, MCI-C had reduced GM volumes in a number of brain regions, 

including superior, middle and inferior temporal gyri, anterior hippocampus and amygdala, 

orbitofrontal cortex, posterior cingulate and the adjacent precuneous, insula, fusiform gyrus, and 

parahippocampal WM. Moreover, pronounced was the larger size of the temporal horns of the 

ventricles. It is therefore evident that MCI-C had already reached levels of widespread and significant 

brain atrophy at baseline. The short follow-up period further emphasizes the importance of this 

finding, since it is reasonable to assume that many of the MCI-NC are statistically expected to convert 

to AD in the near future, and are likely to also have significant and widespread atrophy at baseline.  
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The complexity of the pattern of differential atrophy between MCI-C and MCI-NC suggests 

that perhaps more sophisticated methods for measuring structural brain changes in MCI, AD, but also 

in normal aging, can be helpful for diagnosis and prognosis of the disease, compared to the most 

common approach that has been taken up to date in the neuroimaging literature [4-8], namely to 

examine volumes of a small number of structures typically of the hippocampus and the entorhinal 

cortex. This is further bolstered by histopathological studies [47] that have investigated the pattern of 

deposition of β-amyloid plaques and tau-pathology during the progression of AD, as well as with 

studies of magnetization transfer that indicated a more than expected widespread distribution of brain 

pathology [48]. 

An important characteristic of this study is that, in addition to the group analysis, it also used 

individual patient classification using pattern recognition methods that have been extensively 

described and tested in the literature during the past few years [16, 23, 25, 45, 49]. Thus, scores of 

AD-like patterns of brain atrophy were determined for each individual. The histogram of these scores 

(Fig. 6) clearly indicates that almost all MCI-C effectively had AD-like brains at baseline, since all but 

2 scores were well into the positive range. This result agrees with growing evidence of the presence 

of significant AD pathology in many MCI patients [50], and further amplifies the need to investigate 

the development of AD pathology at much earlier stages, ideally when individuals are cognitively 

normal. Recent studies have reported that very similar spatial patterns of brain atrophy develop in 

cognitive normal elderly and in very mild MCI individuals years before significant cognitive decline is 

evident clinically [45, 51].  

Further elaboration of the high-dimensional pattern classification technique, in which a 

classifier (Classifier 2) was constructed specifically to identify MCI-C on an individual basis, indicated 

that a relatively reasonable classification accuracy can be obtained (AUC = 0.77, maximum accuracy 

81.5%), despite the fact that MCI-C and MCI-NC had about the same MMSE scores at baseline. In 

view of the heterogeneity of the MCI-NC group, which is reflected by the bi-modal distribution of the 

scores measuring AD-like atrophy (Fig. 6), this result is quite encouraging. Prediction of short-term 

conversion is important, as individuals classified as positive are likely to receive the most aggressive 

treatment. Moreover, it is clear from Fig. 6 that a number of MCI-NC have AD-like structural profiles, 

which indicates that these individuals might become converters soon. We are following the clinical 

data posted under the ADNI web site, and will report clinical progression in future studies. 

In addition to the higher GM and WM atrophy, and ventricular enlargement found in MCI-C, 

we also found higher level of periventricular abnormal tissue, which appears gray in T1 images and is 

known to indicate small-vessel disease. The role of vascular disease in AD is receiving increasing 

attention in the literature [52-63]. Our results suggest that one of the significant differences between 
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the MCI-C and MCI-NC subgroups is likely to be periventricular leukoareosis, and further support the 

need to examine vascular pathology in tandem with brain atrophy. Regardless of whether or not AD is 

pathophysiologically related to vascular disease, its clinical manifestation almost certainly depends on 

the concurrent presence of vascular disease [52, 55], therefore measuring vascular pathology is 

bound to be very important in predicting which individuals will convert to AD.  

Against our expectation was the fact that the only significant group differences in the 

longitudinal rate of change were found in measures of periventricular abnormal WM and the temporal 

horn’s CSF volumes. It is generally believed that rate of change is likely to be a better predictor of 

clinical progression. Although this might be the case in theory, practically obtaining robust 

measurements of rate of change from a limited number of imaging measurements is problematic, due 

to variations in scanner performance and tissue contrast, but also due to noise in the image analysis 

measurements, including segmentation and spatial normalization. Even though we used the ADNI 

data that has been corrected for scanner distortions, in this study we found that baseline 

measurements are far better markers of patterns of atrophy distinguishing converters from non-

converters. To some extent this is expected, since baseline atrophy is the cumulative effect of 

possibly many years of progression of AD pathology. The use of high-dimensional pattern 

classification methods also helped amplify the predictive value of baseline measurements, since they 

allowed us to utilize nonlinear contrasts among regional volumetric measurements from many brain 

regions simultaneously to derive optimally differentiating directions in high-dimensional spaces, in 

which the two groups become highly separable. Rate of change is nonetheless a significant 

biomarker in clinical studies evaluating treatment effects.  

The finding of reduced WM volumes between the two subgroups is interesting and merits 

further research, as it has been previously reported in studies comparing CN, AD and MCI in ADNI 

[25]. Although most WM reductions were periventricular, which agrees with the observed increase of 

abnormal periventricular tissue (Fig. 4), some inferior-medial temporal lobe regions also displayed 

reduced WM. Dense connections existing between the hippocampus and the posterior cingulate, 

which coupled with the early changes that have been reported in the posterior cingulate [64, 65], 

might imply that changes in WM might provide additional markers of disease progression, something 

that has traditionally not attracted much attention in the AD literature. A growing recent literature 

using diffusion tensor imaging further supports the importance of examining white matter changes in 

AD [66-75], albeit the majority of these studies have been restricted to measuring quantities such as 

fractional anisotropy and diffusivity, and therefore have not differentiated between brain atrophy and 

other tissue changes that can potentially have vascular underpinnings (for example, both fractional 
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anisotropy and diffusivity are known to be lower in leukoareosis). More sophisticated types of analysis 

of diffusion tensor images [76, 77] can potentially elucidate alterations of WM connectivity in AD.  

In summary, we investigated the use of a high-dimensional pattern classification approach as 

a means to obtain a sensitive and specific biomarker of AD-like spatial patterns of brain atrophy, and 

of conversion from MCI to AD. The results of this short-follow-up study are encouraging and indicate 

that subtle and spatially complex patterns of brain atrophy can be detected and quantified with 

relatively high accuracy. Further follow-up will determine whether the baseline measurements can 

predict the time-to-conversion. Additional studies are required to test the generalization ability of this 

biomarker. However the fact that ADNI is a multi-center study, as well as the cross-validation used in 

our study, offer promise that this technology will prove to be robust across clinical sites.  
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Fig. 1.  Representative sections with regions of relatively reduced GM in MCI-C compared to MCI-NC, 

at baseline. The bottom-left t-maps were obtained by smoothing the RAVENS maps with a Gaussian 

kernel of 5mm, to better display atrophy in the hippocampus. An 8mm kernel was used in the top row 

of images. Images are in radiology convention. The scale indicates values of the t-statistic. 

 

 



 

 
Fig. 2. Representative sections showing relatively reduced WM in MCI-C compared to MCI-NC, at 

baseline. Peri-ventricular WM loss is primarily due to periventricular leukoareosis, albeit it is also 

observed in peri-hippocampal inferio-medial locations. Images are in radiology convention. The scale 

indicates values of the t-statistic. 

 



 

 
Fig. 3. Representative sections showing baseline ventricular enlargement in MCI-C compared to 

MCI-NC, primarily in the temporal horns. Images are in radiology convention. The scale indicates 

values of the t-statistic. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
 

 Fig. 4. Regions in which MCI-C had more baseline periventricular abnormal WM tissue, typical of 

leukoareosis. Images are in radiology convention. The scale indicates values of the t-statistic. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
Fig. 5.  Regions in which converters had most significant rates of tissue change compared to non-

converters. Increases of GM (left) indicate progression of peri-ventricular leukoareosis. CSF 

increases (right) indicate rapid expansion of the temporal horns. Images are in radiology convention. 

The scale indicates values of the t-statistic. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
Fig. 6.  Histograms of the structural abnormality scores for MCI-NC (left) and MCI-C (right). Positive 

implies AD-like structure whereas negative scores imply normal-like structure.  
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Fig. 7. Classification rate, evaluated via leave-one-out cross validation, between MCI-C and 

MCI-NC, as a function of the number of features (brain regions/clusters) used to build the 

classifier. Baseline images were used for classification.  
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Fig. 8.  ROC curve of the MCI-C vs. MCI-NC classification results of Fig. 7. Area under the curve = 

0.77. 


