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Introduction

Random Coefficients Model:
» Handles data grouped at multiple levels (e.g., students in schools).
> Allows for individual variability in changes over time.
» Can manage both within-group and between-group differences.
Mean Response Model:
» Focuses on estimating the average change over time.
» Useful for examining overall trends and patterns.
> Ideal for data with a clear trajectory or growth pattern.
Fixed Effects Models, Time-Series Cross-Sectional (TSCS) Models...
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Figure 1: Evolution of a person’s brain suffering from Alzheimer's disease.

Source: https: //healthimaging. com/ topics/medical-imaging/ neuroimaging/ imaging-monitor-effects-new-alzheimers-drug
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Dataset Overview

The Open Access Series of Imaging Studies (OASIS) is a project aimed at making
neuroimaging data sets of the brain freely available to the scientific community.

Subj ID MRI ID Group Visit | MR Delay | M/F | Hand | Age | EDUC | SES | MMSE | CDR | eTIV | nWBV | ASF
OAS2.0001 | OAS2.0001_MR1 | Nondemented 1 0 M R 87 14 2.0 27.0 0.0 | 1987 | 0.696 | 0.883
OAS2.0001 | OAS2.0001_MR2 | Nondemented 2 457 M R 88 14 2.0 30.0 0.0 | 2004 | 0.681 | 0.876
OAS2_0002 | OAS2_.0002_MR1 Demented 1 0 M R 75 12 NaN 23.0 0.5 1678 | 0.736 | 1.046
OAS2.0002 | OAS2.0002_MR2 Demented 2 560 M R 76 12 NaN 28.0 0.5 1738 | 0.713 | 1.010
OAS2.0002 | OAS2_.0002_MR3 Demented 3 1895 M R 80 12 NaN 22.0 0.5 1698 | 0.701 | 1.034

Table 1: Sample Data from the Dataset
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Variable Definitions

Demographics Info Clinical Info
» Subject.ID: Subject Identifier » EDUC: Education
» MRI.ID: MRI Identifier » SES: Socioeconomic Status
» Group: Dementia Group » MMSE: Mental State Score
» Visit: Visit Number » CDR: Dementia Rating
» MR.Delay: MRI Delay Anatomic Volumes
» M/F: Gender » eTIV: Intracranial Volume
» Hand: Handedness » nWBV: Brain Volume (Normalized)
> Age: Age » ASF: Scaling Factor
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Alzheimer’s Diseases Detection By Using MRI Brain Images: A
Survey:

Zaheaa Sh Anrajl ', Hawraa IL Abbas?, Ameer Asady*
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Eduard Hogea edua

West University of Timisoara

Classification and Development of Tool for Heart
Diseases (MRI Images) Using Machine Learning

(c) Heart Diseases and ML
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Exploratory Analysis

Table 1: Summary of the OASIS Longitudinal Dataset

Variable

Description

Value Range or Unique Values

Subject.ID
MRLID
Group
Visit
MR.Delay
M.F

Hand

Age
EDUC
SES
MMSE
CDR
eTIV
nWBV
ASF

Unique identifier for each subject
Identifier for each MRI scan
Classification ol subject

Number indicating the visit sequence
Time delay between MRI scans
Gender of the subject

Handedness (all right-handed)

Age of the subject

Years of education

Socioeconomic status

Mini-Mental State Examination score
Clinical Dementia Rating

Estimated total intracranial volume in mm?
Normalized whole-brain volume
Atlas scaling factor

150 unique 1Ds

373 unique 1Ds
Nondemented, Demented, Converted
15

0 to 2639 days

Male (M), Female (F)
Right (R)

60 to 98 years

6 1o 23 years

1 (highest) to 5 (lowest)
01030

Oto2

1106 to 2004 mm*
64.4% to 83.7%

0.876 10 1.587

Figure 3: Closer look into the features of the dataset. Handedness, for example was excluded.
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Feature importance
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Figure 4: MMSE Distribution. The chart
shows that the Nondemented group has
higher scores than the Demented group.

MMSE - Mini-Mental State Examination score

nWBY - Normalized whole-brain volume
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Figure 5: nWBV Distribution. The chart
indicates that the Nondemented group has
a higher brain volume ratio than the
Demented group.
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Choosing the features for Longitudinal Analysis

Coefficients Model, represented as:
CDR ~ MMSE + nWBYV + Age + Visit + (1|SubjectID)
The Mean Response Model, formulated as:
CDR ~ MMSE + nWBYV + Age + Visit

1|SubjectID— represents a random intercept for each unique subject. It accounts for
individual differences in the baseline value of the dependent variable and acknowledges
the correlation between multiple measurements from the same subject.

CDR - Clinical Dementia Rating. Is it also the dependent variable.
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Longitudinal Analysis

Model AIC BIC

Random Coefficients Model 372.69 403.64
Mean Response Model 458.94 486.03
RC Model (Converted Group) 36.39  46.05
MR Model (Converted Group) 3439 4244

RC Model (Converted Progression)  36.39  46.05
MR Model (Converted Progression) 34.39  42.44

Table 2: AIC (Akaike Information Criterion) and BIC (Bayesian Information Criterion) results.
Two different forms of measuring how well the models fit the data.
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Plotting the sad truth of Alzheimer's data analytics

MMSE Score Decline Over Visits for Demented Subjects (>= 3 Visits)
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Figure 6: Evolution of the Mini-Mental State Examination score. In all cases, the end results is
a lower value compared to the starting one, indicating a decline in mental capacity.
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Conclusion

» Random Coefficients Model: Found a significant negative relationship between
Alzheimer's disease progression (Clinical Dementia Rating) and MMSE scores,
nWBYV, and age. Positive relationship with visit number indicates increasing
dementia severity over time.

» Mean Response Model: Showed similar negative correlations between MMSE,
nWBYV, age, and dementia progression across the dataset.

» 'Converted’ Group Analysis: Different disease progression pattern observed,
suggesting specific factors influencing Alzheimer's disease progression in initially
nondemented individuals.

P Longitudinal Analysis: Highlighted progressive cognitive decline in Alzheimer's
disease, especially in subjects with three or more visits, showing consistent MMSE
score decrease.

Eduard Hogea eduard.hogea00@e-uvt.ro West University of Timisoara 16 / 19



Introduction Literature Experiments Conclusion References

References |

P. Baglat et al. Multiple machine learning models for detection of alzheimer's disease
using oasis dataset. Journal of Medical Systems, 44(2):37, 2020. doi: 10.1007/
$10916-018-1088-1.

Sobhana Jahan, Kazi Abu Taher, M. Shamim Kaiser, and In-ho Ra. Explainable ai-based
alzheimer's prediction and management using multimodal data. PLOS ONE, 2023.
Daniel S Marcus, Anthony F Fotenos, John G Csernansky, John C Morris, and Randy L

Buckner. Open access series of imaging studies: longitudinal mri data in nondemented

and demented older adults. Journal of cognitive neuroscience, 22(12):2677-2684,
2010.

Zahraa Sh, Aaraji, Hawraa Abbas, and Ameer Asady. Alzheimer's diseases detection by
using mri brain images: A survey. 2022.

Eduard Hogea eduard.hogea00@e-uvt.ro West University of Timisoara 17 /19



Introduction Literature Review Experiments Conclusion References

References |l

L. Sharma, G. Gupta, and V. Jaiswal. Classification and development of tool for heart
diseases (mri images) using machine learning. In 2016 Fourth International Conference
on Parallel, Distributed and Grid Computing (PDGC), pages 219-224. IEEE, 2016.
doi: 10.1109/PDGC.2016.7913149.

Eduard Hogea eduard.hogea00@e-uvt.ro West University of Timisoara 18 /19



References

Questions

Questions, feedback, discussion

Eduard Hogea edu ogea00@e-uvt.ro West University of Timisoara 19 /19



	Introduction
	Literature Review
	Experiments
	Exploratory Analysis
	Longitudinal Data Analysis

	Conclusion
	References

