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Background
Performance of CancerSEEK [1]

(A) ROC curve for CancerSEEK. The red 
point on the curve indicates the test’s 
average performance (62%) at >99% 
specificity. Error bars represent 95% 
confidence intervals for sensitivity and 
specificity at this particular point. The 
median performance among the eight 
cancer types assessed was 70%. 

(B) Sensitivity of CancerSEEK by stage. 
Bars represent the median sensitivity of 
the eight cancer types, and error bars 
represent standard errors of the median. 

(C) Sensitivity of CancerSEEK by tumor 
type. Error bars represent 95% confidence 
intervals.

[1] Cohen, Joshua D., et al. "Detection and localization of surgically 

resectable cancers with a multi-analyte blood 

test." Science 359.6378 (2018): 926-930. 10



Background

However, we note three limitations of CancerSEEK [1]:

1. Its front-line cancer detection component is based on logistic 
regression, whereby linear assumption on different markers is 
hardly realistic. 

2. Its second-line cancer type localization component is based on 
random forest, a modeling known to be difficult for 
interpretations. 

3. From the user perspective, its lack of public Web service also 
limits its potential impacts.

[1] Cohen, Joshua D., et al. "Detection and localization of surgically resectable cancers 

with a multi-analyte blood test." Science 359.6378 (2018): 926-930.
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Data Collection
• We have collected the multianalyte blood test data from Cohen et al. (2018). 

Those data have been processed according to the supplementary guideline 
provided, resulting in two datasets.

• The first dataset has 1,817 patient blood test records, which are designed and 
adopted to build models to detect cancers as the front-line detector in a binary 
manner (i.e., cancer or normal). Therefore, to be scalable and economical, it has 
the minimal number of input feature information involving eight circulating 
protein marker concentrations and one cell-free DNA mutation score 
(OmegaScore) as listed in the following table.

• The second dataset has 626 patient blood test records, which are designed and 
adopted to build models to localize cancer types as the second-line diagnosis 
(i.e., Breast, Colorectum, Upper GI, Liver, Lung, Ovary, or Pancreas). Therefore, its 
input feature set covers the previous nine features and includes additional 31 
protein markers and patient gender as listed in the later slides.
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Feature Ranking for Binary Cancer Detection

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

First Dataset
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Linear Discriminant Analysis
First Dataset
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Dimensional Reduction
First Dataset
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Proposed Approach – A1DE
First Dataset

We Have Tried All 206 Packages

It is the best for this task.
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Proposed Approach – A1DE
First Dataset

*with 
Minimum 
Description 
Length (MDL) 
feature 
discretization
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ROC Curves for Binary Cancer Detection

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

First Dataset
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Sensitivities (Recalls) for Binary Cancer Detection

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

Figure 2. Proportion of Detected Cancers with Different Stages at the 99% Specificity Level
Each color represents a method, and the horizontal axis has been ordered by cancer stages. 
Each bar represents the median sensitivity of each method on each cancer stage with 
standard errors.

First Dataset
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Sensitivities (Recalls) for Binary Cancer Detection

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

Figure 3. Detected Proportions of Different Cancer Types at the 99% Specificity Level
Different colors represent different methods. The horizontal axis is ordered by cancer types. Each 
bar represents the sensitivity of each method on each cancer type with 95% confidence intervals.

First Dataset
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Feature Ranking for Multiple Cancer Classification

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

Second Dataset
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Sensitivities (Recalls) for Multiple Cancer Classification

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

Figure 4. Localized Proportions of Different Cancer Types using the Top One Prediction Approach
Different colors represent different methods. The horizontal axis is ordered by cancer types. 
Each bar represents the sensitivity of each method on each cancer type with 95% confidence 
intervals.

Second Dataset
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Feature Importance Bi-Clustering

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

Figure 5. Feature Importance Heatmap for Cancer Type Localization under One-Class-versus-Others Setting
The feature rankings are measured based on the Learning Vector Quantization (LVQ) building under Python 
caret package (Bischl et al., 2016). Ten-fold cross-validations are run to compute the feature importance 
values. After that, the function “heatmap.2” in R language is adopted with the default setting to cluster and 
visualize the feature importance values. Further details can be found in Figure S14.

Second Dataset
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Conclusion

Wong, K. C. et al. (2019). Early Cancer Detection from Multianalyte Blood Test Results. iScience.

We explore different supervised learning approaches 
for multiple cancer type detection and observe 
significant improvements; for instance, one of our 
approaches (i.e., CancerA1DE) can double the 
existing sensitivity from 38% to 77% for the earliest 
cancer detection (i.e., Stage I) at the 99% specificity 
level. For Stage II, it can even reach up to about 90% 
across multiple cancer types. In addition, CancerA1DE 
can also double the existing sensitivity from 30% to 
70% for detecting breast cancers at the 99% 
specificity level. Data and model analysis are 
conducted to reveal the underlying reasons. A website 
is built at http://cancer.cs.cityu.edu.hk/.

Summary
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