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Section A. Supplementary table and figures 

 
 
 
 
 
 

 
 
 
 

Table S1. Parameters used for conformation search 

 

 
Figure S1  Natural log transformation was taken for each response variable to shift the skewed 
distribution close to a normal distribution.    

 

Parameter Input 

Rejection limit 100 

Iteration limit 10000 

RMS gradient 0.005 

MM iteration limit 500 

RMSD limit 0.15 

Energy window 3 

Conformation limit 10000 
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Figure S2 A. Lasso selection of lnkon descriptors, the best λ was determined as 0.22 from 5-fold cross validation. B 

Observed lnkon was plotted with the value predicted by the MLR baseline model shown at top. C Lasso selection of 
lnkoff descriptors, the optimized λ was determined as 0.14 to ensure the inclusion of a decisive descriptor: 

vsurf_DD13. D Observed lnkoff was plotted with the value predicted by the MLR baseline model shown at top. 
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Figure S3 A. Normal quantile-quantile plots of lnkon and lnkoff models. B. Williams plot showed applicable domain of 

lnkon and lnkoff models with training and test sets. 
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Figure S4 Plots of fitting residuals against each descriptor from 3 MLR models (A. lnKD model. B. lnkon 
model. C. lnkoff model) to check linearity assumption.  

 
Figure S5 Plots of fitting residuals against the fitted values for 3 MLR models to check independence and 
equal variance assumption.  
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Figure S6 A. Model stability test on lnkon data using formula: lnkon~1 + GCUT_PEOE_0 + vsa_other + vsurf_DW12 + 
vsruf_DD23. B. Model stability test on lnkoff data using formula: lnkoff ~1 + a_base + a_nN + vsurf_DD13. 

  



S7 
 

Section B. Chemistry 

1. Chemical structures of molecules for model training 

           

Figure S7. Chemical structures of molecules for model training: DMA-1~DMA-164 are from ref 11, DMA-
180~DMA-194 from ref 22, DMA compounds from ref 33, DPF x1~DPF x10 from ref 44 (x = m or p), DPF p13, 
p15 from ref 55. DMZs were synthesized as below. The rest of compounds are commercially available. 
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2. Synthesis and characterization of diminazenes (DMZ) 

 
Reaction schemes and DMZ structures  

 

 
Scheme S1. Synthetic routes for DMZ compounds  
 

 
 

                     
 

 
DMZ-M3 

 
 

 
DMZ-P8 

 
DMZ-P13 

Figure S8. Chemical structures of DMZ synthetic intermediates and three DMZs used in this work 
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Characterization spectra 

• DMZ M3 

 

Figure S9 A. The 1H-NMR spectrum of DMZ m3 
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Figure S9 B. The 13C-NMR spectrum of DMZ m3 
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Figure S9 C. The HPLC spectrum of DMZ m3 
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• DMZ P8 

 

Figure S10 A. The 1H-NMR spectrum of DMZ p8 
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 Figure S10 B. The 13C-NMR spectrum of DMZ p8 
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Figure S10 C. The HPLC spectrum of DMZ p8 
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• DMZ P13 

 

Figure S11 A. The 1H-NMR spectrum of DMZ p13 
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Figure S11 B. The 13C-NMR spectrum of DMZ p13 
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Figure S11 C. The HPLC spectrum of DMZ p13 
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Section C. Surface plasmon resonance 

Sensorgrams, fitting parameters and quality control table 

The units for kon, koff and KD are M-1•s-1, s-1
,
 and M, respectively. 

• Neomycin 
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Figure S12. The SPR sensorgrams, fitting parameters and quality control table of neomycin (3 replicates) 
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• Paromomycin 
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(Two state fitting, 1:1 binding fitting is poor) 

  
Figure S13. The SPR sensorgrams, fitting parameters and quality control table of paromomycin (3 
replicates) 
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• Sisomycin 
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Figure S14. The SPR sensorgrams, fitting parameters and quality control table of sisomycin (3 replicates) 
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• Streptomycin 
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Figure S15. The SPR sensorgrams, fitting parameters and quality control table of streptomycin (3 
replicates) 
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• Tobramycin 
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Figure S16. The SPR sensorgrams, fitting parameters and quality control table of tobramycin (3 
replicates) 
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• Gentamycin 
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Figure S17. The SPR sensorgrams, fitting parameters and quality control table of gentamycin (3 
replicates) 
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• Neamine 
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Figure S18. The SPR sensorgrams, fitting parameters and quality control table of neamine (3 replicates) 
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• Kanamycin 
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Figure S19. The SPR sensorgrams, fitting parameters and quality control table of kanamycin (3 
replicates) 
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• Amikacin 
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Figure S20. The SPR sensorgrams, fitting parameters and quality control table of amikacin (3 replicates) 
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• DMA-1 

 

 

 
 

 

 



S37 
 

 

 

 
 

Figure S21. The SPR sensorgrams, fitting parameters and quality control table of DMA-1 (3 replicates) 
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• DMA-148 
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Figure S22. The SPR sensorgrams, fitting parameters and quality control table of DMA-148 (2 replicates) 
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• DMA-156 

 

 

 
 

Figure S23. The SPR sensorgrams, fitting parameters and quality control table of DMA-156 (1 replicate) 
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• DMA-164 
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Figure S24. The SPR sensorgrams, fitting parameters and quality control table of DMA-164 (4 replicates) 
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• DMA-180 

 

 

 
 

Figure S25. The SPR sensorgrams, fitting parameters and quality control table of DMA-180 (1 replicate) 
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• DMA-186 
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Figure S26. The SPR sensorgrams, fitting parameters and quality control table of DMA-186 (3 replicates) 
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• DMA-187 
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Figure S27. The SPR sensorgrams, fitting parameters and quality control table of DMA-187 (3 replicates) 
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DMA-190 
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Figure S28. The SPR sensorgrams, fitting parameters and quality control table of DMA-190 (2 replicates) 
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• DMA-191 
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Figure S29. The SPR sensorgrams, fitting parameters and quality control table of DMA-191 (2 replicates) 
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• DMA-193 
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Figure S30. The SPR sensorgrams, fitting parameters and quality control table of DMA-193 (2 replicates) 
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• DMA-194 
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Figure S31. The SPR sensorgrams, fitting parameters and quality control table of DMA-194 (2 replicates) 
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• TO-PRO-1 
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Figure S32. The SPR sensorgrams, fitting parameters and quality control table of TO-PRO-1 (4 
replicates) 
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• Mitoxantrone 
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Figure S33. The SPR sensorgrams, fitting parameters and quality control table of mitoxantrone (3 
replicates) 

 
  



S62 
 

• DPF m1 
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Figure S34. The SPR sensorgrams, fitting parameters and quality control table of DPF m1 (3 replicates) 
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• DPF p1 
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Figure S35. The SPR sensorgrams, fitting parameters and quality control table of DPF p1 (4 replicates) 
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• Furamidine 
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Figure S36. The SPR sensorgrams, fitting parameters and quality control table of furamidine (2 
replicates) 
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• Ethidium bromide 
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Figure S37. The SPR sensorgrams, fitting parameters and quality control table of ethidium bromide (5 
replicates) 
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• H-33258 
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Figure S38. The SPR sensorgrams, fitting parameters and quality control table of H-33258 (2 replicates) 
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• DMA-3k 
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Figure S39. The SPR sensorgrams, fitting parameters and quality control table of DMA-3k (5 replicates) 
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• DMA-3l 
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Figure S40. The SPR sensorgrams, fitting parameters and quality control table of DMA-3l (5 replicates) 
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• DMA-3u 
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Figure S41. The SPR sensorgrams, fitting parameters and quality control table of DMA-3u (4 replicates) 
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• DMA-3v 
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Figure S42. The SPR sensorgrams, fitting parameters and quality control table of DMA-3v (2 replicates) 
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• DMA-3q 
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Figure S43. The SPR sensorgrams, fitting parameters and quality control table of DMA-3q (5 replicates) 
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• DMA-3r 
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Figure S44. The SPR sensorgrams, fitting parameters and quality control table of DMA-3r (4 replicates) 
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• Thiazole orange 
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Figure S45. The SPR sensorgrams, fitting parameters and quality control table of thiazole orange (3 
replicates) 
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• DPF m3 
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Figure S46. The SPR sensorgrams, fitting parameters and quality control table of DPF m3 (2 replicates) 
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• DPF m9 
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Figure S47. The SPR sensorgrams, fitting parameters and quality control table of DPF m9 (2 replicates) 
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• DPF m10 

 

 
 

 
 

Figure S48. The SPR sensorgrams, fitting parameters and quality control table of DPF m10 (1 replicate) 
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• DPF p6 

 

 
 

 
 
 

 
 

 
 



S102 
 

 
 

Figure S49. The SPR sensorgrams, fitting parameters and quality control table of DPF p6 (2 replicates) 
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• DPF p15 
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Figure S50. The SPR sensorgrams, fitting parameters and quality control table of DPF p15 (4 replicates) 
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• Acridine orange 
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Figure S51. The SPR sensorgrams, fitting parameters and quality control table of acridine orange (2 
replicates) 
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• DPF m2 

 
 

 
 

 

Figure S52. The SPR sensorgrams, fitting parameters and quality control table of DPF m2 (1 replicate) 
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• DPF p2 

 

 

 

Figure S53. The SPR sensorgrams, fitting parameters and quality control table of DPF p2 (1 replicate) 
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• DPF p5 

 

 
 

 

Figure S54. The SPR sensorgrams, fitting parameters and quality control table of DPF p5 (1 replicate) 
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• DPF p8 

 

 
(Heterogeneous Ligand binding mode) 

 

• Poor 1:1 fit (high Chi2) 

• Kinetics at limit of detection 

• High U-value 

• Fast on and off rate constants from Heterogeneous Ligand probably more representative 

• Binding parameters were the average of the two binding processes 

 

Figure S55. The SPR sensorgrams, fitting parameters and quality control table of DPF p8 (1 replicate) 
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• DPF p13 

 
(Heterogeneous Ligand binding mode) 

 

• Removed 0.0125 µM curve from analysis due to noise 

• Poor 1:1 fit (high Chi2) 

• Heterogeneous Ligand probably more representative 

• Binding parameters were the average of the two binding processes 

 

 

Figure S56. The SPR sensorgrams, fitting parameters and quality control table of DPF p13 (1 replicate)  
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• DMZ m3 

 

 
 

 

Figure S57. The SPR sensorgrams, fitting parameters and quality control table of DMZ m3 (1 replicate)  
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• DMZ p8 

 

 
 

 

Figure S58. The SPR sensorgrams, fitting parameters and quality control table of DMZ p8 (1 replicate)  
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• DMZ p13 

 

 

 

Figure S59. The SPR sensorgrams, fitting parameters and quality control table of DMZ p13 (1 replicate) 
 

  

-40

-20

0

20

40

60

80

100

120

140

160

-50 0 50 100 150 200

RU

R
e

s
p

o
n

s
e

Tim e s



S116 
 

Section D. QSAR modeling 

1. Descriptor calculation 

                                                                
𝑁1

𝑁0
= 𝑒−∆𝐸/𝑅𝑇                                          Equation S1 

Equation S1 was used to calculate the ratio of two different molecular conformations, where 
N1/N0 is the ratio of the number of molecules in the relative energy states, ΔE is the energy 
difference between N0 and N1 (3 kcal/mol), R is the ideal gas constant (0.00198588 kcal/K 
mol), and T is the temperature (295 K).  

                                                                 A =
∑ 𝐴𝑖𝑒

−
𝐸𝑖
𝑘𝐵𝑇𝑖

∑ 𝑒
−
𝐸𝑖
𝑘𝐵𝑇𝑖

                                        Equation S2 

For a specific descriptor (A), Equation S2 was used as Boltzmann average method to 

account for multiple conformations of a molecule and give the final descriptor value, where 

Ai is the descriptor value of conformation i, Ei is the energy of conformation i, kB is the 

Boltzmann constant, and T is the temperature. 
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2. Methods and scripts 

Descriptor refinement (performed on MATLAB (R2020a), use KD data as an example)  

• load('KDdata.mat'); % this matrix contains the 1st row as the index of the 
variables names, 0 for response variable, here is lnKD 

• % find features with constant entry>=80%, delete such features resulting new 

• % dataset called:data_nonconst 
• data=KDdata; 

• for i=2:size(data,2) 
•    Y(i)=max(sum(data(:,i)==data(:,i)')); 

• end 

•  

• idx_const=find(Y(:)>=0.8*(size(data,1)-1)); 

• data_nonconst=data; 

• data_nonconst(:,idx_const)=[]; 
•  

• % find multicolinerity (abs(rho)>0.95) between features, delete ones with 
more than 1 

• % multicolinerity, based on the max number of multicolinerity, saved the 
• % refined data in the data_refine. 

•  
• data_refine=data_nonconst; 

•  

• cor=corrcoef(data_refine(2:size(data_refine,1),2:size(data_refine,2))); 
• cor=abs(cor); 

• [a,b]=find(cor>0.95); 

• A=[b,a]; 
• id=find(b>=a); 

• A(id,:) = []; 

• uni=unique(A(:,1)); 
• num=zeros(size(uni,1),1); 

•  
• for i=1:size(uni,1) 

•     idx=find(uni(i)==A(:,1)); 
•     num(i)=size(idx,1); 
• end 

•  

• n=0; 

• while max(num)>1         % repeat until only one more feature is correlated 

•      
• id_max=find(num==max(num)); 

• if size(id_max,1)>1 

•     id_max = id_max(1,1); 

• else 

•     id_max=id_max; 
• end 
• del_col=find(A(:,1)==uni(id_max)); 

• id_del=A(del_col,2); 
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• data_refine(:,id_del+1)=[]; 

•  
• cor=corrcoef(data_refine(2:size(data_refine,1),2:size(data_refine,2))); 

• cor=abs(cor); 

• [a,b]=find(cor>0.95); 

• A=[b,a]; 

• id=find(b>=a); 
• A(id,:) = []; 

• uni=unique(A(:,1)); 

• num=zeros(size(uni,1),1); 

• for i=1:size(uni,1) 
•     idx=find(uni(i)==A(:,1)); 

•     num(i)=size(idx,1); 

• end 

• n=n+1; % record how many steps take to complete this task 

• end 

•  

• % in a pair of multicorrelation, delete the one with lower correlation to the 
y variable 

• m=0; 

• while size(A,1)>0 
•     cor1=abs(corrcoef(data_refine(:,1),data_refine(:,A(1,1)+1))); 

•     cor1=cor1(1,end); 

•     cor2=abs(corrcoef(data_refine(:,1),data_refine(:,A(1,2)+1))); 
•     cor2=cor2(1,end); 

•      
•     if cor1>=cor2 

•         id_del=A(1,2); 

•         data_refine(:,id_del+1)=[]; 

•     else  
•         id_del=A(1,1); 

•         data_refine(:,id_del+1)=[]; 
•     end 

•     cor=corrcoef(data_refine(2:size(data_refine,1),2:size(data_refine,2))); 

•     cor=abs(cor); 
•     [a,b]=find(cor>0.95); 
•     A=[b,a]; 

•     id=find(b>=a); 

•     A(id,:) = []; 

•     m=m+1; % record how many steps take to complete this task 

• end 

•  

•  

• save('KD_data_refine.mat','data_refine'); 
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Representative data splitting by Kennard-Stone algorithm and PCA (performed on 
RStudio v1.4.1717) 
 
# load data 
data <- read.csv('KD_refine.csv') 

 

# create trainingset and testset id using kenStone on euclidian distance 

library(prospectr) 

xspace <- data[,-1] 

ks <- kenStone(as.matrix(xspace), k=12, metric = "mahal",pc=0.99, .center = 

TRUE, .scale = FALSE) 

ks$test 

trainid <- ks$test 

 

# assign testset and trainingset 

trainingset <- data[trainid,] 

testset <- data[-trainid,] 

 

x_train <- as.matrix(trainingset[-1]) 

y_train <- data.matrix(trainingset[1]) 

x <- x_train 

y <- y_train 

x_test <- as.matrix(testset[-1]) 

y_test <- as.matrix(testset[1]) 

 

data_pca <- data 

 

data_pca$lnKD[trainid]=0 

data_pca$lnKD[-trainid]=1 

 

pc <- prcomp(data_pca[,-1],scale. = TRUE) 

summary(pc) 

plot(pc, type="lines") 

 

library(rgl) 

library(ggplot2) 

library(ggfortify) 

library(magrittr) 

 

# design figure frame and axis tick 

tick_frame <-  

  data.frame(ticks = seq(-20, 20, length.out = 5),  

             zero=0) %>% 

  subset(ticks != 0) 

 

lab_frame <- data.frame(lab = seq(-20, 20), 

                        zero = 0) %>% 

  subset(lab != 0) 

 

tick_sz <- (tail(lab_frame$lab, 1) -  lab_frame$lab[1]) / 128 

 

pc_plot <- cbind(data_pca[,1],pc$x) 

 

# PLOT ---- 

ggplot(pc_plot, aes(x=pc_plot[,2],y=pc_plot[,3])) +labs(x = 'PC1 (29.93%)', y 

= 'PC2 (20.81%)')+ 
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  # y axis line 

  geom_segment(x = 0, xend = 0,  

               y = lab_frame$lab[1], yend = tail(lab_frame$lab, 1), 

               size = 1.5) + 

  # x axis line 

  geom_segment(y = 0, yend = 0,  

               x = lab_frame$lab[1], xend = tail(lab_frame$lab, 1), 

               size = 1.5) + 

  # x ticks 

  geom_segment(data = tick_frame,  

               aes(x = ticks, xend = ticks,  

                   y = zero, yend = zero + tick_sz),size =1.5) + 

  # y ticks 

  geom_segment(data = tick_frame,  

               aes(x = zero, xend = zero + tick_sz,  

                   y = ticks, yend = ticks),size =1.5) +  

   

  # labels 

  geom_text(data=tick_frame, aes(x=ticks, y=zero, label=ticks), 

            vjust=1.5,size = 6) + 

  geom_text(data=tick_frame, aes(x=zero, y=ticks, label=ticks), 

             hjust=1.5,size = 6) + 

  # legends 

  scale_color_discrete(name  ="dataset", 

                       labels=c("Trainingset", "Testset"))+ 

  # THE DATA POINT 

    geom_point(aes(color = factor(V1)),size = 4,alpha =.6) + 

  scale_color_manual(labels = c("Training set", "Test set"), values = 

c("dodgerblue", "red2"))+ 

  # title 

  ggtitle("Test set molecules in 2D chemical space")+ 

    

  theme_bw()+ 

  theme(panel.border = element_blank(), panel.grid.major = element_blank(), 

                     panel.grid.minor = element_blank())+ 

theme(axis.ticks.x = element_blank(), 

      axis.text.x = element_blank(), 

      axis.ticks.y = element_blank(), 

      axis.text.y = element_blank())+ 

  theme(axis.title = element_text(size = 22, face = "bold"))+ 

  theme(plot.title = element_text(hjust = 0.5)) +theme(plot.title = 

element_text(size = 30, face = "bold"))+ 

  theme(legend.title = element_blank(), 

        legend.text = element_text(color = "black",size = 20,face = 

"bold"))+theme(legend.position="none") 

 

 

ggsave("datasplit.tiff", units="in", width=6, height=6, dpi=600) 
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Descriptor selection by lasso and model selection (performed on RStudio 
v1.4.1717) 
  
# load data 

data <- read.csv('KD_refine.csv') 

 

# Creat the evaluation function: eval_results, which contains RMSE and 

Rsquare 

eval_results <- function(true, predicted, df) { 

  SSE <- sum((predicted - true)^2) 

  SST <- sum((true - mean(true))^2) 

  R_square <- 1 - SSE / SST 

  RMSE = sqrt(SSE/nrow(df)) 

  # Model performance metrics 

  data.frame( 

    RMSE = RMSE, 

    Rsquare = R_square) 

} 

 

# create trainingset and testset id using kenStone on Mahalanobis distance 

library(prospectr) 

xspace <- data[,-1] 

ks <- kenStone(as.matrix(xspace), k=12, metric = "mahal",pc=0.99, .center = 

TRUE, .scale = FALSE) 

ks$test 

trainid <- ks$test 

 

 

# assign testset and trainingset 

trainingset <- data[trainid,] 

testset <- data[-trainid,] 

 

x_train <- as.matrix(trainingset[-1]) 

y_train <- data.matrix(trainingset[1]) 

x <- x_train 

y <- y_train 

x_test <- as.matrix(testset[-1]) 

y_test <- as.matrix(testset[1]) 
 

# lasso regression 

library(glmnet) 

set.seed(1) 

lambdas <- 10^seq(2, -6, length = 100) 

 

# use sv.glmnet to find the best lambda for lasso from 5-fold cv 

lasso_reg <- cv.glmnet(x_train, y_train, alpha = 1, lambda = lambdas, 

standardize = TRUE, nfolds = 5) 

plot(lasso_reg) 

 

# plot the shrinkage graph with multiple lambda values 

lasso_model <- glmnet(x_train, y_train, alpha = 1, nlambda =100,standardize = 

TRUE) 

print(lasso_model) 

p1 <- plot(lasso_model,xvar="lambda",label = T, lwd=4,cex.lab= 

2,cex.axis=2,xlim = c(-4.5,0.5), ylim=c(-20,20)) 
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p1.lty=2 

box(lwd=4) 

 

# chose the lambda with lowest mean-squrared error from cv 

lambda_best_lasso <- lasso_reg$lambda.min 

lambda_best_lasso 

 

# build the lasso regression model using selected descriptors 

lasso_model <- glmnet(x_train, y_train, alpha = 1, lambda 

=lambda_best_lasso,standardize = TRUE) 

summary(lasso_model) 

 

# find the non-zero coefficients and their names 

lasso.coef  <-  predict(lasso_model,type="coefficients") 

lasso.coef 

lasso.coef[lasso.coef!=0]  

lasso_nonzerocoef <- predict(lasso_model,type="nonzero") 

lasso_nonzerocoef 

colnames(data[,lasso_nonzerocoef$s0+1]) 

 

# model evaluation on lasso model using all non-zero descriptors 

lasso_fittings <- predict(lasso_model, s = lambda_best_lasso, newx = x) 

lasso_predictions <- predict(lasso_model, s = lambda_best_lasso, newx = 

x_test) 

eval_results(y_test, lasso_predictions, testset) 

eval_results(y_train, lasso_fittings, trainingset) 
 
# exhaustively search for all combinations 

# m = number of features in the model, data_step contains all non-zero 

descriptor candidates, "results" summarizes all results 

data_step <- trainingset[,append(lasso_nonzerocoef$s0+1,1,0)] 

m <- 3 

idx <- combn(rep(1:(length(data_step)-1)),m) 

results <- NULL 

for (i in 1:ncol(idx)) { 

 

  data_exhau <- data_step[,append(idx[,i]+1,1,0)] 

  mdl_exhau <- lm(lnKD~.,data=data_exhau) 

   

  predict <- predict(mdl_exhau,newdata = testset) 

  fitted <- mdl_exhau$fitted.values 

  a <- eval_results(testset$lnKD,predict,testset) 

  b <- eval_results(trainingset$lnKD,fitted,trainingset) 

   

  result <- data.frame(test=a,  

                       train=b 

                       ) 

  results<- rbind(results,result) 

} 

 

# idrows find all candidates with top performance, and print out the model 

summary for statistical significance check 

idrows <- which(results$test.Rsquare>=0.7&results$train.Rsquare>=.7) 

 

for (val in idrows) { 

  data_exhau <- data_step[,append(idx[,val]+1,1,0)] 

  mdl_exhau <- lm(lnKD~.,data=data_exhau) 
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  s <- summary(mdl_exhau) 

  print(s) 

  print(val) 

  cat("R2_test:", results[val,2]) 

 } 

 

# plot the curve for the top model 
library(ggplot2) 

# load the model 

mdl <- lm(formula = "lnKD~1+PEOE_VSA_POS+vsurf_DW12+vsa_other+vsurf_ID3",  

          data = trainingset) 

summary(mdl) 

predict <- predict(mdl,newdata = data) 

id  <-  numeric(48) 

id[-trainid] <- 1 

data_plot <- cbind(predict,data$lnKD,id) 

colnames(data_plot) <- c("predict", "obs","id") 

 

ggplot(as.data.frame(data_plot), aes(x=obs,y=predict))+ 

  ggtitle(expression("Baseline model of lnK"[D]*"")) + 

  xlab(expression("Observed lnK"[D]*"")) + ylab(expression("Predicted 

lnK"[D]*""))+ 

  # THE DATA POINT 

  geom_point(aes(color = factor(id)),size = 5,alpha =1) + 

  xlim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  ylim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  scale_color_manual(labels = c("Training set", "Test set"), values = 

c("dodgerblue", "red2"))+ 

   

  # title 

  theme_bw()+ 

  theme(axis.ticks.length=unit(.4,"lines"))+ 

  theme(panel.grid.major = element_blank(), 

        panel.grid.minor = element_blank())+ 

  theme(axis.text.y = element_text(size = 20),  

        axis.text.x = element_text(size=20),  

        axis.title = element_text(size = 25,face = 'bold'),title 

=element_text(size = 25,face = 'bold') )+ 

# legend   

  theme(legend.title = element_blank())+ 

  theme(legend.text = element_text(colour="black", size=20, face="bold"))+ 

  theme(legend.position = c(0.80, 0.1))+ 

# rec 

  theme(panel.background = element_rect(colour = "black", size = 3.5))+ 

# ref line   

  geom_abline(intercept = 0, slope = 1, color="black",  

              linetype="dashed", size=1.5) 

 

ggsave("KDmdl.tiff", units="in", width=8, height=8, dpi=600) 
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Ensemble learning-based models (performed on RStudio v1.4.1717) 
    

# load data 

data <- read.csv('KD_refine.csv') 

 

# Creat the evaluation function: eval_results, which contained RMSE and 

Rsquare 

eval_results <- function(true, predicted, df) { 

  SSE <- sum((predicted - true)^2) 

  SST <- sum((true - mean(true))^2) 

  R_square <- 1 - SSE / SST 

  RMSE = sqrt(SSE/nrow(df)) 

  # Model performance metrics 

  data.frame( 

    RMSE = RMSE, 

    Rsquare = R_square) 

} 

 

# create trainingset and testset id using kenStone on Mahalanobis distance 

library(prospectr) 

xspace <- data[,-1] 

ks <- kenStone(as.matrix(xspace), k=12, metric = "mahal",pc=0.99, .center = 

TRUE, .scale = FALSE) 

ks$test 

trainid <- ks$test 

 

# assign testset and trainingset 

trainingset <- data[trainid,] 

testset <- data[-trainid,] 

 

x_train <- as.matrix(trainingset[-1]) 

y_train <- data.matrix(trainingset[1]) 

x <- x_train 

y <- y_train 

x_test <- as.matrix(testset[-1]) 

y_test <- as.matrix(testset[1]) 

 

# build a tree 

library(tree) 

tree.KD <- tree(lnKD~.,data,subset = trainid) 

plot(tree.KD) 

text(tree.KD) 

 

# evaluate the prediction and fitting 

pred_KD <-predict(tree.KD,newdata = testset) 

fitted <- predict(tree.KD,,newdata = trainingset) 

eval_results(testset$lnKD,pred_KD,testset) 

eval_results(trainingset$lnKD,fitted,trainingset) 

 

# use CV to select best size 

set.seed(1) 

tree.KD_cv <- cv.tree(tree.KD) 

plot(tree.KD_cv$size,tree.KD_cv$dev,type = 'b') 

prune_KD <- prune.tree(tree.KD,best =6) 

pred_KD <-predict(prune_KD,newdata = testset) 

plot(prune_KD) 
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text(prune_KD) 

fitted <- predict(prune_KD,,newdata = trainingset) 

eval_results(testset$lnKD,pred_KD,testset) 

eval_results(trainingset$lnKD,fitted,trainingset) 

 

# bagging: set mtry = 193 in randomForest method 

library(randomForest) 

set.seed(1) 

rf_KD <- randomForest(lnKD~.,data = trainingset,importance = TRUE,ntree = 

200,sampsize=24, mtry = 193) 

summary(rf_KD) 

print(rf_KD) 

 

# plot 

plot(rf_KD,main ="Averaged OOB error", cex.lab=2,cex.axis=2,cex.main=2, 

lwd=4, col = "red") 

pred_KD <-predict(rf_KD,newdata = testset) 

fitted <- predict(rf_KD,,newdata = trainingset) 

eval_results(testset$lnKD,pred_KD,testset) 

eval_results(trainingset$lnKD,fitted,trainingset) 

varImpPlot(rf_KD,main = "Variable importance plot") 

 

 

# random forest  

library(randomForest) 

set.seed(1) 

rf_KD <- randomForest(lnKD~.,data = trainingset,importance = TRUE,sampsize = 

34,ntree = 100,mty=40) 

summary(rf_KD) 

print(rf_KD) 

plot(rf_KD,main ="Averaged OOB error", cex.lab=2,cex.axis=2,cex.main=2, 

lwd=4, col = "red") 

pred_KD <-predict(rf_KD,newdata = testset) 

fitted <- predict(rf_KD,,newdata = trainingset) 

eval_results(testset$lnKD,pred_KD,testset) 

eval_results(trainingset$lnKD,fitted,trainingset) 

varImpPlot(rf_KD,main = "Variable importance plot") 

 

# plot 

predict <- predict(rf_KD,newdata = data) 

id  <-  numeric(48) 

id[-trainid] <- 1 

data_plot <- cbind(predict,data$lnKD,id) 

colnames(data_plot) <- c("predict", "obs","id") 

 

ggplot(as.data.frame(data_plot), aes(x=obs,y=predict))+ 

  ggtitle(expression("Baseline model of lnK"[D]*"")) + 

  xlab(expression("Observed lnK"[D]*"")) + ylab(expression("Predicted 

lnK"[D]*""))+ 

  # THE DATA POINT 

  geom_point(aes(color = factor(id)),size = 5,alpha =1) + 

  xlim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  ylim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  scale_color_manual(labels = c("Training set", "Test set"), values = 

c("dodgerblue", "red2"))+ 

   

  # title 
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  theme_bw()+ 

  theme(axis.ticks.length=unit(.4,"lines"))+ 

  theme(panel.grid.major = element_blank(), 

        panel.grid.minor = element_blank())+ 

  theme(axis.text.y = element_text(size = 20),  

        axis.text.x = element_text(size=20),  

        axis.title = element_text(size = 25,face = 'bold'),title 

=element_text(size = 25,face = 'bold') )+ 

  # legend   

  theme(legend.title = element_blank())+ 

  theme(legend.text = element_text(colour="black", size=20, face="bold"))+ 

  theme(legend.position = c(0.80, 0.1))+ 

  # rec 

  theme(panel.background = element_rect(colour = "black", size = 3.5))+ 

  # ref line   

  geom_abline(intercept = 0, slope = 1, color="black",  

              linetype="dashed", size=1.5) 

 

ggsave("rfmdl.tiff", units="in", width=8, height=8, dpi=600) 

 

# boosting using GBM in r 

library(gbm) 

set.seed(1) 

boost_KD <- gbm(lnKD~.,data=trainingset,distribution = 

'gaussian',n.trees=2000,interaction.depth=1, 

                shrinkage = 0.01,cv.folds = 5,verbose = 

TRUE,n.minobsinnode=4,bag.fraction = 0.5 ) 

summary(boost_KD) 

print(boost_KD) 

sqrt(min(boost_KD$cv.error)) 

gbm.perf(boost_KD, method = "cv") 

legend(1200, .5, c("OOB(Out Of Bag estimator method)", "CV(Cross Valdation 

method)"), cex=0.8, col=c("black", "green"),  lty=1) 

pred_KD <-predict(boost_KD,newdata = testset,n.trees = 990) 

fitted <- predict(boost_KD,newdata = trainingset,n.trees =990) 

eval_results(testset$lnKD,pred_KD,testset) 

eval_results(trainingset$lnKD,fitted,trainingset) 

 

# plot 

predict <- predict(boost_KD,newdata = data,ntrees =500) 

id  <-  numeric(48) 

id[-trainid] <- 1 

data_plot <- cbind(predict,data$lnKD,id) 

colnames(data_plot) <- c("predict", "obs","id") 

 

ggplot(as.data.frame(data_plot), aes(x=obs,y=predict))+ 

  ggtitle(expression("Baseline model of lnK"[D]*"")) + 

  xlab(expression("Observed lnK"[D]*"")) + ylab(expression("Predicted 

lnK"[D]*""))+ 

  # THE DATA POINT 

  geom_point(aes(color = factor(id)),size = 5,alpha =1) + 

  xlim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  ylim(min(data$lnKD)-2,max(data$lnKD)+2)+ 

  scale_color_manual(labels = c("Training set", "Test set"), values = 

c("dodgerblue", "red2"))+ 

   

  # title 
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  theme_bw()+ 

  theme(axis.ticks.length=unit(.4,"lines"))+ 

  theme(panel.grid.major = element_blank(), 

        panel.grid.minor = element_blank())+ 

  theme(axis.text.y = element_text(size = 20),  

        axis.text.x = element_text(size=20),  

        axis.title = element_text(size = 25,face = 'bold'),title 

=element_text(size = 25,face = 'bold') )+ 

  # legend   

  theme(legend.title = element_blank())+ 

  theme(legend.text = element_text(colour="black", size=20, face="bold"))+ 

  theme(legend.position = c(0.80, 0.1))+ 

  # rec 

  theme(panel.background = element_rect(colour = "black", size = 3.5))+ 

  # ref line   

  geom_abline(intercept = 0, slope = 1, color="black",  

              linetype="dashed", size=1.5) 

 

ggsave("gbmmdl.tiff", units="in", width=8, height=8, dpi=600) 

 

 
 
 

  



S128 
 

Model assessment: Q-Q plot and Williams plot (performed on RStudio v1.4.1717) 
 

# load data 

data <- read.csv('KD_refine.csv') 

 

# create trainingset and testset id using kenStone on Mahalanobis distance 

library(prospectr) 

xspace <- data[,-1] 

ks <- kenStone(as.matrix(xspace), k=12, metric = "mahal",pc=0.99, .center = 

TRUE, .scale = FALSE) 

ks$test 

trainid <- ks$test 

 

# assign testset and trainingset 

trainingset <- data[trainid,] 

testset <- data[-trainid,] 

 

x_train <- as.matrix(trainingset[-1]) 

y_train <- data.matrix(trainingset[1]) 

x <- x_train 

y <- y_train 

x_test <- as.matrix(testset[-1]) 

y_test <- as.matrix(testset[1]) 

 

# model gonna be assessed  

mdl <- lm(formula = "lnKD~1+PEOE_VSA_POS+vsurf_DW12+vsa_other+vsurf_ID3",  

          data = trainingset) 

summary(mdl) 

 

# plot q-q plot 

 

qqnorm(mdl$residuals, pch = 19,cex = 2.5,col="blue") 

qqline(mdl$residuals, col = "black", lwd = 3,lty = 2) 

 

# Williams plot for lnKD model 

library(matlib) 

library(ggplot2) 

wp_x <- 

cbind(data$PEOE_VSA_POS,data$vsurf_DW12,data$vsa_other,data$vsurf_ID3) 

 

h <- diag(wp_x%*%inv((t(wp_x)%*%wp_x))%*%t(wp_x)) 

 

stdres_train <- (mdl$residuals-mean(mdl$residuals))/sd(mdl$residuals) 

res_test <- predict(mdl,newdata=testset)-testset$lnKD 

stdres_test <- (res_test-mean(mdl$residuals))/sd(mdl$residuals) 

 

wp_mt <- matrix(0,48,3) 

wp_mt[testid,1] <-1  

wp_mt[,2] <- h 

wp_mt[trainid,3] <- stdres_train 

wp_mt[testid,3] <- stdres_test 

 

colnames(wp_mt)=c("id","hatvalue","stdres") 

 

ggplot(as.data.frame(wp_mt), aes(x=hatvalue,y=stdres))+ 

  ggtitle(expression("Williams plot: lnK"[D]*"")) + 
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  xlab(expression("Leverage")) + ylab(expression("Standardized residuals"))+ 

  # THE DATA POINT 

  geom_point(aes(color = factor(id)),size = 5,alpha =1) + 

  xlim(0,0.8)+ 

  ylim(-4,4)+ 

  scale_color_manual(labels = c("Training set", "Test set"), values = 

c("dodgerblue", "red2"))+ 

   

  # title 

  theme_bw()+ 

  theme(axis.ticks.length=unit(.4,"lines"))+ 

  theme(panel.grid.major = element_blank(), 

        panel.grid.minor = element_blank())+ 

  theme(axis.text.y = element_text(size = 20),  

        axis.text.x = element_text(size=20),  

        axis.title = element_text(size = 25,face = 'bold'),title 

=element_text(size = 25,face = 'bold') )+ 

  # legend   

  theme(legend.title = element_blank())+ 

  theme(legend.text = element_text(colour="black", size=20, face="bold"))+ 

  theme(legend.position = c(0.80, 0.1))+ 

  # rec 

  theme(panel.background = element_rect(colour = "black", size = 3.5))+ 

  # ref line   

  geom_abline(intercept = 3, slope = 0, color="black",  

              linetype="dashed", size=1.5)+ 

  geom_abline(intercept = -3, slope = 0, color="black",  

              linetype="dashed", size=1.5)+ 

  geom_vline(xintercept = 3*5/36, color="black",  

              linetype="dashed", size=1.5) 

 

   

  plot(diag(h),stdred,col=c("blue4"),pch =19,cex = 2,cex.lab=2,cex.axis = 

2,xlim=c(0,0.5),ylim=c(-4,4)) 
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Predictor stability test (performed on RStudio v1.4.1717) 
 
# load data 

data <- read.csv('KD_refine.csv') 

 

# Creat the evaluation function: eval_results, which contains RMSE and 

Rsquare 

eval_results <- function(true, predicted, df) { 

  SSE <- sum((predicted - true)^2) 

  SST <- sum((true - mean(true))^2) 

  R_square <- 1 - SSE / SST 

  RMSE = sqrt(SSE/nrow(df)) 

  # Model performance metrics 

  data.frame( 

    RMSE = RMSE, 

    Rsquare = R_square) 

} 

 

 

 

# randomize the data splitting 100 times (36:12) 

results <- NULL 

for (i in 1:100){ 

  set.seed(i) 

  testid <- sample(seq_len(nrow(data)),size=12) 

   

  # assign testset and trainingset 

  trainingset <- data[-testid,] 

  testset <- data[testid,] 

  x_train <- as.matrix(trainingset[-1]) 

  y_train <- data.matrix(trainingset[1]) 

  x <- x_train 

  y <- y_train 

  x_test <- as.matrix(testset[-1]) 

  y_test <- as.matrix(testset[1]) 

    mdl <- lm(formula = "lnKD~1+PEOE_VSA_POS+vsa_other+vsurf_DW12+vsurf_ID3",  

            data = trainingset) # using the same descriptors to build the 

model 

   

  predict <- predict(mdl,newdata = testset) 

  fitted <- mdl$fitted.values 

  a <- eval_results(testset$lnKD,predict,testset) 

  b <- eval_results(trainingset$lnKD,fitted,trainingset) 

  result <- data.frame(test=a,  

                       train=b 

  ) 

  results<- rbind(results,result) 

} 

 

# plot 

barplot(results$test.Rsquare,xlim = c(0,i*1.2),ylim=c(-.5,1.5),lwd=3) 

abline(h=mean(results$test.Rsquare), col ="Red",lwd = 5,xlim=c(0,i)) 

text(x = c(0.1*i,0.3*i,0.4*i,0.5*i), 

     y = c(1.2,1.2,1.2,1.2),cex = 1.5, 

     labels = c("R2_test = ", round(mean(results$test.Rsquare),2), "+/-", 

round(sd(results$test.Rsquare),2))) 
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barplot(results$train.Rsquare,xlim = c(0,i*1.2),ylim=c(0,1),lwd=3) 

abline(h=mean(results$train.Rsquare), col ="Red",lwd = 5,xlim=c(0,i)) 

text(x = c(0.1*i,0.3*i,0.4*i,0.5*i), 

     y = c(0.9,0.9,0.9,0.9),cex = 1.5, 

     labels = c("R2_train = ", round(mean(results$train.Rsquare),2), "+/-", 

round(sd(results$train.Rsquare),2))) 
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