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Current Practice	
 Our Approach	


Therapeutic Drug Monitoring
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Clinical Decision	

Blood Sampling	

Analysis	
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  Sample	
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Support	
  Vector	
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Predic;on	
  Accuracy	
  Using	
  DADSS	
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•  Used to separate efficiently inliers and outliers from 
data samples (remove noise); 

•  Estimate parameters for a potential model using 
basis functions: 

 {x−2, x, x3, log(x), cos(x), (1− exp(−x)), exp(x)}

Inliers	
  Outliers	
  

Input Space Feature Space Φ •  Easy to understand; 
•  Able to process a large 

number of features; 
•  Deal properly with overfitting 

problem. 
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Future	
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•  Users predefine the therapeutic ranges of 
peak and/or trough concentration values of 
a certain drug. 

•  In this patient example, we choose dosage 
to be 600mg and the time interval to be 12h 
after dosing. (Drug: Imatinib) 
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Table 2 Sample Recommendations From DADSS. M: Male, F: Female, G: 
Gastrointestinal stromal tumors. (Drug: Imatinib) 

Pa.ent	
  Features	
   Recommenda.ons	
  

No.	
   Gender	
   Age	
   Body	
  Weight	
  
(Kg)	
   Disease	
   Dosage	
  

(mg)	
  
Time	
  
(h)	
  

1	
   M	
   82	
   56	
   G	
   400	
   13	
  

2	
   F	
   58	
   53	
   G	
   500	
   15	
  

3	
   F	
   62	
   54	
   G	
   700	
   16	
  

4	
   M	
   58	
   100	
   G	
   800	
   18	
  

5	
   M	
   47	
   73	
   G	
   500	
   14	
  

Table 1 Sample Comparisons of Drug Concentration Predictions [1], [2] 
and DADSS methods.  (Drug: Imatinib) 

•  Given more features, DADSS can provide more personalized 
recommendations to patients and clinicians. 

•  Evaluate the system performance using more data samples. 
•  Implement the system into mobile devices, e.g. iPhone and test the system on various drugs. 
•  Integration of the SVM-approach into a closed loop verification process of an autonomous drug delivery system. 
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Dosage	

…	
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Patient	

Compute Drug Concentrations 
at different Time and Dosage	

Select the Dosage and 
Time according to 
Therapeutic Range	

Build Patient Model	
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Patient profile	
Physical measurements	
External parameters	

…	


