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Introduction
About Molecular Stethoscope

Molecular Stethoscope is a biotechnology company that aims to

develop clinical diagnostic assays for Alzheimer’s Disease by

using machine learning and cell free mRNA seq technology.

Problem - Alzheimer's Disease (AD) affects more than 40 million 

people worldwide. Current diagnostic tools are inaccurate & 

invasive.

Motivation –We hope to develop a non-invasive, clinical-grade

diagnostic tool for AD, using a multi-analyte classifier on cell-free

mRNA data.

Goal -Using this classifier, can we estimate inherent

measurement uncertainties in the classifier?

Data Exploration

Uncertainty Analysis of Alzheimer’s Disease Cell-Free mRNA Assay Classifier
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We explored the original Toden et. 

al. dataset by investigating the 

distribution of inherent data along 

with using Principal Component 

(PCA) analysis to investigate genes 

that may affect Alzheimer’s 

diagnosis.

• Genes accounting for the highest 

variation of subjects are related to 

brain function, inflammation, cell 

signaling.

• The approximations of normal 

distributions are probably adequate 

for many of the genes, though less 

so for genes with lower average 

counts.

• While the genes with the most 

explained variance have biological 

significance in Alzheimer's disease, 

the reverse is not true.

Fig 1: Exploration of Toden et al. data: (A) Parity Plot of Mean and Median TPM counts

and (B) count of fitted distributions for each gene in all patients in the Toden et. al.

dataset. Distributions were also fitted on subsets of the data in (B). (C) PCA scree plot of

top 10 principal components containing genes which have highest variations across

samples.

We benchmarked Toden et. al.’s data and classifier by investigating the effect of the trained coefficients, 

normalization, and consistency of data.

• Z-score normalization of data was used to develop classifier and performance decreases if TPM are used.

• Variation in data along each gene are consistent regardless of subset.

• Classifier is accurate in its predictions aside from a few patients near cut-off score.

Conclusions
• This is the first in-depth study of uncertainty in a high-dimensional RNA-

Seq classifier for clinical diagnosis as per FDA-recommended guidelines.

• Genes with maximum variation across samples are biologically relevant.

• Uncertainty impacts misclassification predominantly at threshold.

• Future studies should explore more nuanced individual gene-based 

variation to model uncertainty.

Fig 3: Assessment of Toden et al. classifier on simulated data:

Plots on 1,566 simulated patient data classifier scores using MC

(A) (B) ROC curves of Toden et. al. classifier simulated patient

data via MC that were both unfiltered and filtered for lowest β*

Mean TPM count genes.

We assessed the original Toden et. al. 

classifier by determining its 

performance on simulated patient 

data using Monte Carlo (MC) and Latin 

hypercube sampling (LHS). 

• If there is too much noise in the data, 

then it becomes very difficult to 

develop a classifier.

• More assumed noise decreases 

accuracy in the classifier’s predictions.

• Important to use normalization in 

model development.
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Fig 4: Analysis of Uncertainty of Toden et. al. classifier: (A) Scatter plot of classifier scores on simulated

versus original data (n = 100)(B). Box plot and (C) waterfall plot of uncertainty in classifier score on original

data. All plots are based on data simulated with 50% feature variation.

• A high level of uncertainty in TPMs results in greater false positives and negatives in the 

classifier’s predictions, especially around the threshold.

• Uncertainty in the classifier score is sensitive to the selection of the threshold.

• Highest uncertainty  is observed for patients with scores closer to the threshold.

Sampling 

Technique

Description Pros Cons

Monte Carlo Repeatedly sampling a random set 

of results based on a pre-defined 

distribution. 

• Simple implementation.

• Implementable on any 

statistical distribution.

• Inefficient at high-

dimensions.

• Error increases in high 

dimensional sampling.

Latin Hypercube 

Sampling

Randomly sampling from a set 

equally spaced grids along a domain.
• Samples broader 

sample space

• Distribution of data not 

assumed.

• Samples can cluster.

• No guarantee samples 

are independent of one 

another.

Fig 2: Benchmarking of Toden et. al. Classifier: (A) Box

plot of the classifier coefficient (β) * TPM Standard

Deviation of genes in all patient subgroups. (B) Parity

Plot of Mean and Median β*TPM counts in all genes.

(C) ROC Curve of Toden et. al. classifier on raw TPM

data and TPM data normalized to a Z-score based on

each gene. (D) Waterfall Plot of patient classifier

score data.
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Table 1: Genes in PC1 and PC2 with

highest variations across samples: The

genes are tabulated with their biological

relevance in Alzheimer's Disease. A B
C
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