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Abstract 

Class imbalance is an issue that naturally occurs when a database is sparse or incomplete. This can occur 
in medical diagnostics when a large percentage of tests ran to return negative results rather than a positive. 
Classification models are sensitive to an imbalanced training set, and training on one can cause undesirable 
biases. This work presents an overview of the effects of class imbalance on classification models in 
Alzheimer’s detection utilizing voxel based-morphometry (VBM). MRI scans are processed by FreeSurfer 
where cerebral volumetric and thickness are taken as feature vectors. The effcts of class imbalances on 
multiple machine learning models were compared to one another. Furthermore, different biomarkers were 
studied for their effect on different metrics of trained models. The classification models were trained to detect 
the following categories: Alzheimer’s disease (AD), mild cognitive impairment (MCI), and normal controls 
(NC). SVM, KNN, MLP, Random Forest, etc. algorithms were evaluated for the prediction analysis. It was 
observed that class imbalance did not produce any significant effects on the disease classification process. 
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Introduction

Alzheimer’s disease (AD) is a neurodegenerative 
disorder that presents with symptoms including memory 
impairment, executive dysfunction, and other deficits in 
other cognitive domains. Normal neuron activity creates 
amyloid precursor protein, but in AD, a dysfunctional 
enzyme creates a shorter protein. A build-up of these form 
of beta-amyloid plaques, which are toxic to and inhibits 
neuron function by injuring synapses and neurites.1 
Beta-amyloid plaques also promote the formation of 
neurofibrillary tangles that stops neuron function.2 Both 
result in neurons disconnecting from others, they stop 
communicating and die, resulting in memory loss.3 As 
this continues, those brain regions shrink and function 
is impaired. 

Neuroimaging technology such as magnetic 
resonance imaging (MRI) has significantly contributed 
to further understanding of brain regions, and associated 
diseases such as AD. Despite the limits to detail in 
images, (units called voxels make up an image, and 
a single voxel can represent a million brain cells)4 
predictions can be made from observations of activity 
among groups of voxels correlating to specific brain 
regions. MRI is also able to accurately measure the size 
of brain structures, in three-dimensional volume.3

Classifiers

Recently, machine learning has been applied to the 
medical field.5 A decrease in the cerebral volumetric and 
thickness are physiological symptoms of Alzheimer’s 
disease.6 These biomarkers can be utilized as indicators 
for machine learning algorithms to detect AD.6,7 

Although several classification methods have been 
utilized, Support Vector Machines (SVM) is the most 
common approach in practice, along with both the 
MRI images 8,9,10 and PET images.11,12 For instance, 
Davatzikos et al.13 implemented SVM in MRI imaging 
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and cerebrospinal fluid (CSF) biomarkers and applied it 
for MRI, FDG-PET, and CSF as in.14 

However, only the binary classifier has been 
discussed in many of the earlier referred researches. As an 
example,13 regarded the only AD vs NC classifications, 
while Cui et al.15 considered investigating both MCI 
vs NC and AD vs NC. In16 the author has dealt with 
the transition of MCI to AD, whereas, Vounou et al.17 
reported the differences in progressive p-MCI and stable 
s-MCI patients that were discussed as a binary issue. 
As noted by Amir et al. in their study on the use of 
convolutional neural networks (CNN) for classification 
of spinal MRIs, and as discussed in recent papers on 
utilizing SVM (18,19,20) valuated diffusional MRI images 
using multilayer perceptron (MLP) and Kohonen self-
organizing map (SOM) classifiers to improve the 
standard analysis of apparent diffusion coefficient (ADC) 
maps. MLPs are a staple artificial neural network (ANN) 
architecture that utilizes a feed-forward system with 
multiple layers of nodes that have a linear or nonlinear 
activation function. These nodes are typically trained 
with some variation of back propagation. Kohonen 
SOM is a different ANN architecture that utilizes 
unsupervised learning to create a map, which is a form 
of dimensionality reduction. 

The research group utilized 3 different images with 
varying exponent diffusions to calculate an ADC map. 
What they found was a Kohonen organization map of 
99.9% accuracy and MLP with an accuracy of 88.5% 
20. Similar studies by Hamou, et al.,21 in 2010 utilized 
clustering techniques and decision trees to determine 
whether or not participants with AD or MCI states from 
MRI images. Their study revealed that that standard 
K-means clustering was not accurate enough and they 
were able to obtain a better representation by further 
refining the results with decision trees.21 Even though 
the binary classification is easier and far less complex, 
AD treatment is a multi-class problem, and multi-class 
methods should, therefore, be studied. 

Class Imbalance

The class imbalance is often a case wherein the 
category allocation is complicated. This case is frequently 
observed within the data of Alzheimer’s disease, that 
differentiates conventional models from various greater 
categories.22 In order to evaluate the pair of results from 

each class, training of the binary classifiers has been 
suggested (22,23,24,), and therefore, both groups also add 
to the selection criteria. In a multi-class analysis that 
was outlined in25, deliberately included class allocation 
for AD prediction. The analysis primarily depended 
on multi-class segregation of the problem into binary 
problems. The findings, thus, acquired were promising. 
Though, their strategy did not significantly addressed the 
class imbalance, that motivates the current study.

Materials and Method

Table 1: Stages of cognition and size of samples 
used with a train/test split of 80:20.

Stages Number of 
Samples Train/Test

Alzheimer’s Disease 
(AD) 65 52/13

Mild Cognitive 
Impairement (MCI) 116 93/23

Normal Cognition 
(MC) 96 84/12

Datasets

Data used in the preparation of this article were 
obtained from the Alzheimer’s disease Neuroimaging 
Initiative (ADNI) database (adni.loni.usc.edu).26 The 
ADNI sample comprising pooled ADNI1, ADNIGO, and 
ADNI2 subjects was used to perform primary analysis 
comprising modeling and prediction tasks.27 ADNI has 
3 phases: ADNI-1, ADNI-GO, ADNI-2 that varied in 
their goals and cognitive stages. The stages given in the 
dataset are normal control (NC), significant memory 
concern (SMC), early mild cognitive impairment 
(EMCI), mild cognitive impairment (MCI), late mild 
cognitive impairment (LMCI), and Alzheimer’s disease 
(AD). In this research, MCI, NC, and AD data sets from 
ADNI were studied with their quantities highlighted in 
Table 1.

Validation of Data for the Study

Many researchers have identified specific neuropathic 
behaviors linked to the cognitive and functional decline 
in Alzheimer’s disease and its prodromes28 in search of 
the detection of accurate biomarkers. The absence of 
manifestations of localized canonical atrophy may be 
related to behavioural, biological and environmental 
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factors. 29 Therefore, models with an ensemble of imaging 
characteristics,  genotypic  and  diagnostic  information 
were delivered.30 The improvements in performance 
delivered by the image details however are ambiguous 
in some of these multimodal systems. 

MRI Processing 

After the data was received from ADNI, the data was 
processed further using FreeSurfer. A set of software 
tools released by FreeSurfer has allowed researchers 
to study cortical and subcortical brain anatomy in a 
streamlined method. Here, the three types of probabilities 
are computed at each point (voxel): the probability that a 
point belongs to each of the label class, probability of the 
spatial configuration, and the probability of the intensity/
curvature. 

Feature Vectors

For our work, the trained prediction models use 
three distinct sets of features. In the first feature set, 
aseg.stats files were utilized containing 45-dimensional 
vectors. The volumes of the anatomical structures were 
then normalized with the subject’s intracranial volume 
to account for variance in head-size. The left and right 
cerebral white matter, cerebral cortex, 3rd and 4th 
ventricle, lateral ventricle, inferior lateral ventricle, 
cerebellum white matter, cerebellum cortex, thalamus 
proper, caudate, putamen, pallidum, hippocampus, and 
the amygdala were a part of this set. For the second feature 
set, aparc.stats files were used containing 68-dimensional 
vectors. This second feature set contained the average 
thickness for the various structures like superior frontal, 
rostral middle frontal, caudal middle frontal etc. And 
finally, the last feature set contained a combination of 
the two aforementioned feature sets

In the case of MRI images, FreeSurfer was utilized 
to extract important features and then utilized principal 
component analysis (PCA) where a trained classification 
model can be used to query new images.

Results and Discussion

One is more inclined to believe that a stronger 
model is easier to create with a larger dataset. That is, 
however, not necessarily the case. As seen in Table 1, 
the largest data provided were for MCI and NC patients; 
it is observed that MCI vs NC was the most difficult 

to model. Moreover, drastic changes in biological 
structures as seen in AD vs NC patients are more readily 
classified. Alzheimer’s disease classification versus 
patients who show mild cognitive impairments are also 
moderately detectable. What this alludes to is that the 
progression from MCI to Alzheimer’s disease is severe. 
EE and BC are shown to have moderate performance in 
all three binary classification problems in comparison to 
other classifiers. Although EE and BC were incorporated 
specifically to mitigate class imbalances, it was found 
that the model either performed moderately or generally 
under performed. 

In contrast, SVM drastically decreases in overall 
metrics when classifying NC vs. MCI while it excels at 
classifying AD vs. NC and AD vs. MCI. In the case of 
MCI vs. NC, MLP architecture has shown to be slightly 
more favorable. This slight advantage could be attributed 
to MLPs’ advantage of extracting complicated trends 
from data. What is surprising is that the imbalanced 
dataset has no drastic effects seen in AD vs. NC and AD 
vs. MCI, as their F-1 and MCC scores show adequate 
values. From the cross-validation results for AD vs. NC 
classification, there is a clear distinction that can be made 
for the binary classification and that it generalizes well. 
Moreover, SVM seems to continually indicate strong 
cross-validation results. Furthermore, there is a decrease 
in the ability of classification when both biomarkers are 
used to train the models as seen by low MCC numbers. 
EE and BC are shown to have moderate performance in 
all three binary classification problems in comparison to 
other classifiers. 

Although, EE and BC were incorporated 
specifically to mitigate class imbalances, it was found 
that the model either performed moderately or generally 
underperformed. In contrast, SVM shows a drastic 
decrease in metrics when classifying NC vs. MCI while 
excels at AD vs. NC and AD vs. MCI. In the case of 
MCI vs. NC, MLP architecture has shown to be slightly 
more favorable. 

Moreover, the ROC analysis coincides with the 
confusion matrix analysis. In general, the ROC curves 
for MCI vs. NC lies either below linear or oscillate 
around a slope of 1. This indicates that the methods 
either under-performed or were no better than random 
search. 
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Conclusion

SVM demonstrated a drastic decrease in metrics 
when classifying NC vs. MCI while excelled during 
the classification of AD vs. NC and AD vs. MCI. In 
the case of MCI vs. NC, MLP architecture was slightly 
more favorable. Consecutively, it was surprising that 
the imbalanced dataset had no significant effects in AD 
vs. NC and AD vs. MCI, as their F-1 and MCC scores. 
However, the differences in an MRI image between 
patients that shows MCI versus one that is not impaired 
is subtle. Therefore, more advanced neural network 
architecture may prove to be advanced classifiers. 
Advanced classifiers will allow us to create significant 
CBIR systems that are more robust, where a robust 
CBIR system is one of many requirements to deploy a 
query image for classification. 

Acknowledgment: Data collection and sharing 
for this project was funded by the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) (National 
Institutes of Health Grant U01 AG024904) and 
DOD ADNI (Department of Defense award number 
W81XWH-12-2-0012). The grantee organization is the 
Northern California Institute for Research and Education, 
and the study was coordinated by the Alzheimer’s 
Therapeutic Research Institute at the University of 
Southern California. ADNI data are disseminated by 
the Laboratory for Neuro Imaging at the University of 
Southern California.

Conflict of Interest : The authors have stated that 
the studies, authoring and/or publishing of this paper do 
not raise any prospective conflicts of interest.

Funding: Self

Ethical Clearance: The authors have stated that the 
studies, authoring and/or publishing of this paper do not 
raise any prospective ethical issue. 

References

1.	 Hardy J, Selkoe DJ. The amyloid hypothesis 
of Alzheimer’s disease: progress and problems 
on the road to therapeutics.science.2002 Jul 
19;297(5580):353-6.

2.	 Gamblin TC, Chen F, Zambrano A, Abraha A, 
Lagalwar S, Guillozet AL, Lu M, Fu Y, Garcia-
Sierra F, LaPointe N, Miller R. Caspase cleavage 

of tau: linking amyloid and neurofibrillary tangles 
in Alzheimer’s disease. Proceedings of the national 
academy of sciences. 2003 Aug 19;100(17):10032-
7.

3.	 Ramachandran, T. Drugs & Disease. In: Medscape: 
Alzheimer’s disease imaging: Overviews, ct scan, 
MRI. Available at: https://emedicine.medscape.
com/article/336281-overview

4.	 Oliveira Jr PP. Nitrini R, Busatto G, Buchpiguel C, 
Sato JR, Amaro E Jr. Use of SVM methods with 
surface-based cortical and volumetric subcortical 
measurements to detect Alzheimer’s disease. J 
Alzheimers Dis. 2010 Jan;19(4):1263-72.

5.	 Deo RC. Machine learning in medicine. Circulation. 
2015 Nov 17;132(20):1920-30.

6.	 Hampel H, Frank R, Broich K, Teipel SJ, Katz RG, 
Hardy J, Herholz K, Bokde AL, Jessen F, Hoessler 
YC, Sanhai WR. Biomarkers for Alzheimer’s 
disease: academic, industry and regulatory 
perspectives. Nature reviews Drug discovery. 2010 
Jul;9(7):560-74.

7.	 Meyer JC, Harirari P, Schellack N. Overview 
of Alzheimer’s disease and its management. SA 
Pharmaceutical Journal. 2016 Jan 1;83(9):48-56.

8.	 Magnin B, Mesrob L, Kinkingnéhun S, Pélégrini-
Issac M, Colliot O, Sarazin M, Dubois B, Lehéricy 
S, Benali H. Support vector machine-based 
classification of Alzheimer�s disease from whole-
brain anatomical MRI. Neuroradiology. 2009 Feb 
1;51(2):73-83.

9.	 Fan Y, Batmanghelich N, Clark CM, Davatzikos C. 
Alzheimers disease neuroimaging initiative. Spatial 
patterns of brain atrophy in MCI patients identified 
via high-dimensional pattern classification predict 
subsequent cognitive decline. Neuroimage. 
2008;39(4):1731-43.

10.	 Cui Y, Sachdev PS, Lipnicki DM, Jin JS, Luo S, 
Zhu W, Kochan NA, Reppermund S, Liu T, Trollor 
JN, Brodaty H. Predicting the development of 
mild cognitive impairment: a new use of pattern 
recognition. Neuroimage. 2012 Apr 2;60(2):894-
901.

11.	 Morgado P, Silveira M, Marques JS. Diagnosis 
of Alzheimer’s disease using 3D local binary 
patterns. Computer Methods in Biomechanics and 



Indian Journal of Public Health Research & Development, July 2020, Vol. 11, No. 7            413                

Biomedical Engineering: Imaging & Visualization. 
2013 Mar 1;1(1):2-12.

12.	 Padilla P, López M, Górriz JM, Ramirez J, Salas-
Gonzalez D, Alvarez I. NMF-SVM based CAD tool 
applied to functional brain images for the diagnosis 
of Alzheimer’s disease. IEEE Transactions on 
medical imaging. 2011 Sep 12;31(2):207-16.

13.	 Davatzikos C, Bhatt P, Shaw LM, Batmanghelich 
KN, Trojanowski JQ. Prediction of MCI to AD 
conversion, via MRI, CSF biomarkers, and pattern 
classification. Neurobiology of aging. 2011 Dec 
1;32(12):2322-e19.

14.	 Hinrichs C, Singh V, Xu G, Johnson SC, Alzheimers 
Disease Neuroimaging Initiative. Predictive 
markers for AD in a multi-modality framework: 
an analysis of MCI progression in the ADNI 
population. Neuroimage. 2011 Mar 15;55(2):574-
89.

15.	 Cui Y, Liu B, Luo S, Zhen X, Fan M, Liu T, 
Zhu W, Park M, Jiang T, Jin JS, Alzheimer’s 
Disease Neuroimaging Initiative. Identification 
of conversion from mild cognitive impairment to 
Alzheimer’s disease using multivariate predictors. 
PloS one. 2011;6(7).

16.	 Misra C, Fan Y, Davatzikos C. Baseline and 
longitudinal patterns of brain atrophy in MCI 
patients, and their use in prediction of short-term 
conversion to AD: results from ADNI. Neuroimage. 
2009 Feb 15;44(4):1415-22.

17.	 Vounou M, Janousova E, Wolz R, Stein JL, 
Thompson PM, Rueckert D, Montana G, 
Alzheimer’s Disease Neuroimaging Initiative. 
Sparse reduced-rank regression detects genetic 
associations with voxel-wise longitudinal 
phenotypes in Alzheimer’s disease. Neuroimage. 
2012 Mar 1;60(1):700-16.

18.	 Liu, X. Y. et. al.,. Alzheimer’s disease neuroimaging 
initiative. Advances in Intelligent Systems and 
Computing.(2017)

19.	 Jamaludin A, Kadir T, Zisserman A. SpineNet: 
automated classification and evidence visualization 
in spinal MRIs. Medical image analysis. 2017 Oct 
1;41:63-73.

20.	 Dos Santos WP, de Souza RE, dos Santos Filho 
PB. Evaluation of Alzheimer’s disease by analysis 

of MR images using multilayer perceptrons and 
Kohonen SOM classifiers as an alternative to the 
ADC maps. In2007 29th Annual International 
Conference of the IEEE Engineering in Medicine 
and Biology Society 2007 Aug 22 (pp. 2118-2121). 
IEEE.

21.	 Hamou A, Bauer M, Lewden B, Simmons A, 
Zhang Y, Wahlund LO, Tunnard C, Kloszewska 
I, Mecozzi P, Soininen H, Tsolaki M. Cluster 
Analysis and Decision Trees of MR Imaging 
in Patients Suffering Alzheimer’s. InTrends in 
Practical Applications of Agents and Multiagent 
Systems 2010 (pp. 477-484). Springer, Berlin, 
Heidelberg.

22.	 Cruz R, Silveira M, Cardoso JS. A Class Imbalance 
Ordinal Method for Alzheimer’s Disease 
Classification. In 2018 International Workshop on 
Pattern Recognition in Neuroimaging (PRNI) 2018 
Jun 12 (pp. 1-4). IEEE.

23.	 Cruz R, Fernandes K, Costa JF, Ortiz MP, Cardoso 
JS. Ordinal class imbalance with ranking. InIberian 
conference on pattern recognition and image 
analysis 2017 Jun 20 (pp. 3-12). Springer, Cham.

24.	 Cruz R, Fernandes K, Costa JF, Ortiz MP, Cardoso 
JS. Binary ranking for ordinal class imbalance. 
Pattern Analysis and Applications. 2018 Nov 
1;21(4):931-9.

25.	 Pérez-Ortiz M, Fernandes K, Cruz R, Cardoso 
JS, Briceño J, Hervás-Martínez C. Fine-to-coarse 
ranking in ordinal and imbalanced domains: an 
application to liver transplantation. InInternational 
work-conference on artificial neural networks 2017 
Jun 14 (pp. 525-537). Springer, Cham.

26.	 Jack Jr CR, Bernstein MA, Fox NC, Thompson P, 
Alexander G, Harvey D, Borowski B, Britson PJ. L 
Whitwell J Ward C. Dale AM, Felmlee JP, Gunter 
JL, Hill DL, Killiany R, Schuff N, Fox‐Bosetti S, 
Lin C, Studholme C, DeCarli CS, Krueger G, Ward 
HA, Metzger GJ, Scott KT, Mallozzi R, Blezek D, 
Levy J, Debbins JP, Fleisher AS, Albert M, Green 
R, Bartzokis G, Glover G, Mugler J, Weiner MW. 
2008:685-91.

27.	 Misra C, Fan Y, Davatzikos C. Baseline and 
longitudinal patterns of brain atrophy in MCI 
patients, and their use in prediction of short-



414       Indian Journal of Public Health Research & Development, July 2020, Vol. 11, No. 7           

term conversion to AD: results from ADNI. 
Neuroimage. 2009 Feb 15;44(4):1415-22.

28.	 Eskildsen SF, Coupé P, Fonov VS, Pruessner JC, 
Collins DL, Alzheimer’s Disease Neuroimaging 
Initiative. Structural imaging biomarkers of 
Alzheimer’s disease: predicting disease progression. 
Neurobiology of aging. 2015 Jan 1;36:S23-31.

29.	 Querbes O, Aubry F, Pariente J, Lotterie JA, 
Démonet JF, Duret V, Puel M, Berry I, Fort JC, 
Celsis P, Alzheimer’s Disease Neuroimaging 

Initiative. Early diagnosis of Alzheimer’s disease 
using cortical thickness: impact of cognitive 
reserve. Brain. 2009 Aug 1;132(8):2036-47.

30.	 Moradi E, Pepe A, Gaser C, Huttunen H, Tohka 
J, Alzheimer’s Disease Neuroimaging Initiative. 
Machine learning framework for early MRI-based 
Alzheimer’s conversion prediction in MCI subjects. 
Neuroimage. 2015 Jan 1;104: 398-412. 


