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The drawbacks of surgical tissue 

biopsy

▪ Difficulty in acquiring 
adequate amounts of 
tissue

▪ Limited repeatability

▪ Biases that result from 
sampling a small area 
of a single tumor, 
including those due to 
tissue heterogeneity

▪ Being invasive, costly 
and time-consuming

▪ possibility for clinical 
complications

Roche
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Circulating Tumor DNA 

(ctDNA) and Liquid Biopsy 

❑ ctDNA is tumor DNA 
that has been shed 
into the bloodstream 

❑ Variants of Next 
Generation 
Sequencing 
technology are able  to 
detect tumor specific 
mutations from the  
plasma sample

❑ Liquid biopsy is a 
minimally invasive test

❑ Less biased 
assessment of the 
tumor genetic profiles

Diaz and Bardelli, 2014 
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Challenges of Liquid Biopsy

• The amount of tumor-derived ctDNA varies in different 
patients.

• Early stage patients  probably generate less ctDNA. 

• Normal tissue also sheds DNA into the blood, which 
constitutes  the overwhelming majority of cell free DNA.

• Even with highly sensitive NGS technology (with 
barcoding), the actual sensitivity varies widely (<50%-
90%).

• It is harder for early stage detection.

• Current statistical methods usually assumes that 
biomarker status can be determined without error.

• How do we incorporate misclassification in liquid biopsy 
in statistical analysis?
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An Example Using CancerSeek

(Cohen et al., 2018)

• Sensitivity varies widely between cancer types and stages

• Specificity is high (with caveat)

• How can we accommodate the misclassification in biomarker 
validation, subgroup selection, and clinical utility assessment?
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Measurement error and 

misclassification
◼ Often impossible to measure some covariates accurately:

e.g. Dietary intake, blood pressure, weight

◼ Instead, we have error-prone observations

◼ How these relate to the underlying true values is the focus 
of  'measurement error model'

◼ Common model: classical additive error:

 Observed = True + Measurement Error

◼ ...but other models are available

◼ Misclassification model for categorical  variables



The effect of measurement errors in 

covariates

◼ Simple linear regression:                                                            

◼ Classical measurement error (continuous covariate):                                                          

◼ Regress Y on W to obtain an                                        

estimate of   𝛽𝑥
∗ where 

◼ 𝛽𝑥
∗ < 𝛽𝑥

◼ Simple linear regression: 

attenuation, the regression 

coefficient is smaller in 

magnitude and less significant.

◼ But things are more 

complicated for other models                                                          



◼ Proportional hazards  model for a 

single arm  trial with a binary 

biomarker

◼ The biomarker X is  predictive of 

survival outcomes under this 

treatment

◼ However X cannot be measured 

exactly, instead a potentially 

misclassified version X* is available

◼ In this simulation, X* has 

sensitivity of 0.7 and specificity 

of 0.98

◼ The coefficient is significant for 

the error free biomarker,  but is  

not  significant  for the 

misclassified version 

An example of misclassified covariate 

No misclassification

With misclassification
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Impact of measurement errors 

and misclassification

◼ In the simple linear regression setting, measurement errors in 
the covariate leads to smaller coefficient values and  less 
significant result (attenuation)

◼ For  more than one covariate or nonliner models, the situation is 
more  complex (both the manitude and sign of the coefficients 
could change

◼ For binary covariate, misclassification generally leads to 
attenuation (with probability tending to one)

❖ Needs for extensive characterization of misclassification of 
deep sequencing based biomarkers in precision medicine 
applications

❖ Can we make better  decisions with information on 
misclassification
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The MAQC project at FDA and 

other institutions

• Current study will generate detailed performance characteristics 
for deep sequencing in identifying somatic mutations 

QC and reliable use 
of Whole Genome 
Sequencing (WGS) 
and Targeted Gene 
Sequencing (TGS) in 
clinical application 
and regulatory 
science research

MAQC-IV/SEQC2
2015 - Present
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SEQC2  Study for Performance Metrics of 

Targeted Sequencing

❑ Carefully  designed 
benchmark samples with 
cell line DNA to 
characterize performance 
in realistic settings

❑ Contrived cfDNA samples 
with synthetic plasma

❑ Cross-site comprehensive 
QC assessment for both 
gDNA and ctDNA deep 
sequencing

❑ Clinical trials to compare 
tissue biopsy and liquid 
biopsy results

Sample Dilution 
Ratio (A 

by B)

Mutant Allele 
Fraction Range

A - 2.5% - 15%

B - 0%

C 1:2 1.25% - 7.5%

D 1:5 0.5% - 3%

E 1:25 0.1% - 0.6%

F 1:125 0.02% - 0.12%

Sample B is a normal sample for an 

individual to minimize mutation 

background and maximize 

homogeneity.







An Example for 
Linear Regression 
with Additive errors

◼ If we know the form of 
the extrapolation 
function exactly, the 
SIMEX estimator is 
consistent

◼ In practice,  we have to 
guess what is the  
function form

◼ The quadratic function  
is often used

Error free estimate

Naive estimate

Simulated estimate

Error free estimate
SIMEX estimate

Naive estimate











◼ Proportional hazards  model for a 

single arm  trial with a binary 

biomarker

◼ The biomarker X is  predictive of 

survival under this treatment

◼ However X cannot be measured 

exactly, instead a potentially 

misclassified version X* is available

◼ In this simulation, X* has 

sensitivity of 0.7 and specificity 

of 0.98

◼ The coefficient is significant for 

the error free biomarker,  but is  

not  significant  for the 

misclassified version 

An example of misclassified covariate 

No misclassification

With misclassification



◼ SIMEX estimate for  𝛽𝑥 using a simulated data set. 
The true coefficient used in the simulation is -0.4

An example of misclassification in a 

biomarker for survival outcomes 

Naïve estimate

SIMEX estimate



◼ SIMEX performs as expected for the validation of a  single 
biomarker with misclassification

◼ Bias was reduced with SIMEX

◼ The variance is larger, so no need to use it if  
misclassification is minimal

Simulation with 1000 data sets

P-valueCoefficient
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Summary

• Learnings from MAQC and other projects provide 
great opportunity to improve decision making in 
precision medicine applications

• Measurement error model based approaches such 
as SIMEX can  be used to sharpen the results for 
biomarker validation

• It has the potential to improve the efficiency of 
identifying promising biomarkers for subsequent 
trials and provide guidance for further development

• This approach can facilitate  decisions regarding 
which technology to use and what application 
scenario to focus

• The implication for subgroup selection and clinical 
utility assessment will be explored further 
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Thank you!




