
Page 1/9

Amyloid PET-Positive Predictability of Machine
Learning Algorithm Based on MDS-OAβ Levels
Young Chul Youn 

Chung-Ang University Hospital
Jung-Min Pyun 

Uijeongbu Eulji Medical Center
Hye Ryoun Kim 

Chung-Ang University - First Campus: Chung-Ang University
Sungmin Kang 

PeopleBio Inc.
Nayoung Ryoo 

Seoul National University Bundang Hospital
Young Ho Park 

Seoul National University Bundang Hospital
Hae-Won Shin 

Chung-Ang University - Seoul Campus: Chung-Ang University
SangYun Kim  (  neuroksy@snu.ac.kr )

Seoul National University Bundang Hospital https://orcid.org/0000-0002-9101-5704

Research

Keywords: Machine learning, Logistic regression, Oligomer, Amyloid ß, Alzheimer’s disease, Biomarker,
Multimer Detection System, Blood, amyloid positron emission tomography

Posted Date: June 12th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-578834/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-578834/v1
mailto:neuroksy@snu.ac.kr
https://orcid.org/0000-0002-9101-5704
https://doi.org/10.21203/rs.3.rs-578834/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/9

Abstract
Background: The Multimer Detection System-Oligomeric amyloid-β (MDS-OAβ) level is a valuable blood-
based biomarker for Alzheimer’s disease (AD). We used machine learning algorithms trained using multi-
center datasets to examine whether blood MDS-OAβ values can predict AD-associated changes in the
brain.

Methods: A logistic regression model using TensorFlow (ver. 2.3.0) was applied to data obtained from
163 participants (amyloid positron emission tomography [PET]-positive and -negative �ndings in 102 and
61 participants, respectively). Algorithms with various combinations of features (MDS-OAβ levels, age,
gender, and anticoagulant type) were tested 50 times on each dataset.

Results: The predictive accuracy, sensitivity, and speci�city values of blood MDS-OAβ levels for amyloid
PET positivity were 78.16±4.97%, 83.87±9.40%, and 70.00±13.13%, respectively.

Conclusions: The �ndings from this multi-center machine learning-based study suggest that MDS-OAβ
values may be used to predict amyloid PET-positivity.

Introduction
Alzheimer's disease (AD) is a degenerative brain disease associated with the loss of independent living
due to the deterioration of cognitive function and is linked to the gradual loss of cortical neurons.1

Pathologically, it is characterized by cerebral amyloidosis that begins about 20 years before the onset of
clinical symptoms.2, 3 Early detection of AD is essential to patient outcomes and clinical trials of the
disease modifying drugs.

Cerebral amyloidosis in AD has been evaluated based on the cerebrospinal �uid amyloid-β 1–42 levels
and amyloid positron emission tomography (PET) imaging. However, these approaches are invasive,
costly, and associated with interlaboratory variability, which limits their clinical use. Therefore, efforts
have been made to develop blood-based amyloid-targeted biomarkers. The Multimer Detection System-
Oligomeric amyloid-β (MDS-OAβ) level is a valuable blood-based biomarker for AD; it is a modi�ed
sandwich immunoassay for measuring Aβ oligomerization in the plasma.4, 5 This technique involves
introducing synthetic Aβ into the plasma to trigger oligomerization of Aβ prior to antigen-antibody
reactions and measuring the oligomerization tendency of plasma Aβ in AD patients.6 We have previously
evaluated the role of MDS-OAβ levels in differentiating AD and community-based healthy participants,
showing high sensitivity and speci�city of this approach.7 Meanwhile, we attempted to evaluate whether
brain AD pathology can be predicted based on blood MDS-OAβ levels in studies on the relationship
between MDS-OAβ, and magnetic resonance imaging or amyloid PET �ndings.8, 9 Our previous studies
have reported MDS-OAβ cut-off, sensitivity, and speci�city values in AD diagnosis and amyloid PET-
positivity. In the present study, we aimed to use machine learning algorithms to examine amyloid PET-
positivity prediction accuracy of MDS-OAβ levels and factors that affect it using multi-center datasets.
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Methods
This was an observational cross-sectional study to evaluate the role of MDS-OAβ levels in predicting
amyloid PET-positivity, using machine learning. This study was based on data obtained from the multi-
center Alzheimer's Disease All Markers Study (ADAM), involving the Seoul National University Bundang
Hospital and Chung-Ang University Hospital, and on data from the Dementia Overcoming Project in Korea
(HI14C1251) (DOP), which is a clinical study on protein biomarker development and early diagnosis of
dementia, involving �ve universities in Korea between May 2015 and December 2017. Patients who had
simultaneously undergone amyloid PET and MDS-OAβ assessments included 96 and 67 subjects from
the ADAM and DOP studies, respectively. This study was approved by the institutional review board of the
Seoul National University Bundang Hospital (B-2004-604-305) and Chung-Ang University Hospital (1792-
012-300, C2012048[743]). This study was conducted in accordance with the Declaration of Helsinki. The
need for written informed consent was waived due to the retrospective nature of the study.

Subjects consisted of 86 probable AD dementia patients diagnosed according to the criteria presented by
National Institute on Aging–Alzheimer’s Association,10 41 mild cognitive impairment patients diagnosed
according to this Association’s criteria,11 and 36 control subjects (28 of whom experienced subjective
cognitive decline, according to guidelines by Jessen et al.,12, 13 and 8 of whom experienced other
neurodegenerative diseases, including 4 cases of frontotemporal dementia, 1 case of corticobasal
syndrome, 1 case of Parkinson’s disease dementia, and 2 cases of progressive supranuclear palsy).8

The amyloid PET ligands used in this study were [18F]Florbetaben (n = 82), [18F]Flutemetamol (n = 6),
[18F]Florbetapir (n = 2), and [11C]Pittsburgh compound B (n = 2). Amyloid status was de�ned as positive
or negative after visual assessment of scans by one nuclear medicine physicians and two neurologists.

Table 1
Demographic characteristics of the participants in the Alzheimer’s Disease All Markers study (ADAM) and

Dementia Overcoming Projects in Korea (DOP)

  M: F Age, years Diagnosis Amyloid PET

      CTL: MCI: ADD + -

Total (n = 163) 59:104 68.20 ± 9.45 36*:41:86 102 61

ADAM (n = 96) 42:54 69.39 ± 9.45 15:27:54 68 28

DOP (n = 67) 17:50 66.49 ± 8.83 21:14:32 34 33

*36 controls (5 disease controls, 27 cases of subjective cognitive decline). M, Male; F, Female; CTL,
disease control; MCI, mild cognitive impairment; ADD, Alzheimer’s disease dementia

Model training
Five variables were of interest in this study, including one target outcome
(https://docs.google.com/spreadsheets/d/1Zig6hdCOpxjK7yfZ0AdlXtXrRJSVq1GeiwbsmZAHVLY/edit?
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usp=sharing). One of the variables, MDS-OAβ values, was based on raw data   obtained from subjects’
heparin or EDTA (ethylenediaminetetraacetic acid) anticoagulant plasma samples. Accordingly, we
included the anticoagulant type as a variable. The other two variables were age and gender. The last
variable, which was included as the target outcome, was the ‘amyloid PET-positivity’. To distinguish the
states of amyloid PET-positivity, according to the MDS-OAβ levels in various combinations of variables,
the machine learning algorithms were trained, using TensorFlow (https://www.tensor�ow.org), a
commonly used open-source software library for machine learning developed by Google based on
Python.14 The following link will take the reader to the Python script for predicting amyloid positivity,
given the values of MDS-OAβ levels and the other �ve variables (https://drive.google.com/�le/d/1QS11f-
1nJqb-emx0oc7r3q2J7gzkkz1K/view?usp=sharing).

In pre-processing, the dataset was randomly split into training (70%) and test (30%) datasets, using the
train_test_split function from the scikit-learn library (https://scikit-learn.org/); the cardinality variables
were normalized using mean and standard deviation. The feature (x_data) and outcome (y_data)
variables were created in each dataset. The model was trained using the train dataset. The cost was
calculated using logistic regression and minimized using the ‘GradientDescentOptimizer’. Lastly, the
accuracy, sensitivity, and speci�city values of the amyloid PET prediction were calculated 50 times, using
the randomly split test dataset with various combinations ‘MDS-OAβ’, ‘MDS-OAβ + age’, ‘MDS-OAβ + 
gender’, ‘MDS-OAβ + age + gender’.

Results
Logistic regression was used to assess the predictive accuracy of the MDS-OAβ values alone and
combined with other variables for amyloid PET-positivity �ndings. The predictive accuracy of the MDS-
OAβ levels was the highest at 78.16 ± 4.97%; the corresponding sensitivity and speci�city values were
83.87 ± 9.40% and 70.00 ± 13.13%, respectively. The addition of gender feature to the MDS-OAβ levels did
not improve the model’s predictive accuracy; meanwhile, the inclusion of age led to a reduction in the
predictive accuracy to below 60%.

Table 2
Mean accuracies of logistic regression model predicting amyloid PET-positive of

MDS-OAβ on 50 trials
Features MDS-OAβ MDS-OAβ

+ age

MDS-OAβ

+ gender

MDS-OAβ

+ age

+ gender

Accuracy 78.16 ± 4.97 56.70 ± 4.91 76.80 ± 5.55 57.65 ± 3.32

Sensitivity 83.87 ± 9.40 67.50 ± 16.22 77.90 ± 10.76 78.03 ± 16.46

Speci�city 70.00 ± 13.13 41.43 ± 22.01 76.71 ± 11.56 27.71 ± 22.16
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Discussion
Pyun et al.’s study using a conventional method of predicting positive amyloid PET �ndings based on
MDS-OAβ values showed 85% of sensitivity and speci�city.8 Adding age and Mini-Mental Status
Examination variables could change the sensitivity and speci�city to 91% and 82%, respectively. In this
study, the predictive accuracy of the machine learning algorithm was approximately 78%, and the
sensitivity and speci�city values were 83% and 70%, respectively. It is not a bad prediction accuracy
considering the results from the data obtained from multi-center using different anti-coagulants.

It was observed that the inclusion of age and gender in the model did not improve its predictive accuracy.
As the number of input features increases in a model based on a relatively small dataset, the model’s
predictive power may decrease due to over�tting.15, 16 Fig. 1 illustrates MDS-OAβ levels, strati�ed by
gender, age, and anticoagulant type. Intuitively, we could not draw any useful decision lines to distinguish
amyloid positivity by age and gender. Since there were only 163 subjects with amyloid PET and MDS-OAβ
values, including additional features in the model did not improve the model’s predictive accuracy.

Pyun et al. used plasma MDS-OAβ values estimated using heparin anticoagulants; however, the present
study included both heparin-based (n = 96) and EDTA-based (n = 67) plasma measures because different
centers use different anticoagulant types. As shown in Fig. 1, to predict amyloid PET-positivity, the
decision line of EDTA plasma-based MDS-OAβ values can be drawn at approximately 1.0 ng/ml; the
corresponding heparin-based level is lower. Consequently, we included the anticoagulant type in the
algorithm. Although the sensitivity and speci�city values were somewhat lower than those previously
reported, the present �ndings are acceptable, given the use of data obtained from different centers, using
different anticoagulants.

We also examined other models, including three- or four-layer deep neural networks and light gradient
boosting models; however, the corresponding accuracy values were below 70% and 76%, respectively, and
none of the models showed performance superior to that of logistic regression.

Limitations
One limitation of this study is the use of imbalanced data; speci�cally, 62.58% of the participants were
amyloid PET-positive; the ADAM participants showed a higher positive rate than the DOP participants.
Due to the small number of participants, we could not create a random balanced dataset, precluding the
creation of an algorithm based on such a dataset. Datasets obtained in a clinical setting are unlikely to
be balanced. The imbalance observed in this study was deemed acceptable; however, it requires that the
presented �ndings be interpreted with caution. However, our previous study did not show any differences
in the accuracy of classi�cation between imbalanced clinical and randomly selected balanced
datasets.17 The other limitation of this study is that its retrospective design, including the use of data
obtained by different projects, whereby PET examinations were performed at the discretion of the
attending neurologist rather than using on a standardized protocol.
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Conclusions
The machine learning algorithm using logistic regression and multi-center MDS-OAβ values yielded
satisfactory predictive accuracy, sensitivity, and speci�city values suitable for the prediction of amyloid
PET-positive �ndings. The MDS-OAβ test is straightforward and cost-effective and allows for the
evaluation of the oligomerization tendency of the plasma. This test can be used to screen patients for
amyloid PET-positivity to identify if they are at a risk of developing AD. Further well-designed prospective
studies are required to evaluate the amyloid PET-positive predictive values of MDS-OAβ.
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Korea; MDS-OAβ:Multimer Detection System-Oligomeric amyloid-β; PET:positron emission tomography;
EDTA:ethylenediaminetetraacetic acid.
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Figure 1

Levels of MDS-OAβ, strati�ed by gender, age, and anticoagulant type
(https://drive.google.com/�le/d/14U-rKXLyHUVTKhRAtSoZHON-5YsjmnDn/view?usp=sharing). amyloid
+, amyloid PET-positive; amyloid -, amyloid PET-negative; EDTA, ethylenediaminetetraacetic acid.


