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Introduction
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Molecular Docking

A computational technique that aims to predict 
whether and how a particular small molecule will 
stably bind to a target protein.

It is an important component of many drug discovery 
projects when the structure of the protein is available. 
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Molecular Docking

Large error in scoring
SD = 2.75 kcal/mol
Kd = 104x

Accurately predicting the 
binding affinities of large sets 
of diverse protein-ligand 
complexes is an extremely 
challenging task.
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Motivation

Acceptable success rate in pose prediction

65%

Large error in scoring

SD = 2.75 kcal/mol

Kd = 104x
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Scoring
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What we 
have

Features of the proteins
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trn-cv1-yxi.csv


What we 
want

Predicted value of the binding affinity
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tst-cv1-iyp.csv


Classical Scoring Functions

 Predetermined theory-inspired functional form

 Cyscore

 Multiple Linear Regression

▪ ∆𝐺𝑏𝑖𝑛𝑑 = 𝑘ℎ • ∆𝐺ℎ𝑦𝑑𝑟𝑜𝑝ℎ𝑜𝑏𝑖𝑐

▪ + 𝑘𝑣 • ∆𝐺𝑣𝑑𝑤

▪ + 𝑘𝑏 • ∆𝐺ℎ𝑏𝑜𝑛𝑑

▪ + 𝑘𝑒 • ∆𝐺𝑒𝑛𝑡𝑟𝑜𝑝𝑦

▪ + 𝐶
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Machine-Learning Scoring Functions

 No modelling assumptions

 Implicitly capture the binding effects

 Random Forest

RF-Score, CScore, B2Bscore, SFCscoreRF

 Super Vector Regression

SVR-KB, SVR-EP, SVR-Score, ID-Score , MD-SVR

 Neural Networks

RF-Score, CScore, B2Bscore, SFCscoreRF
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Random Forest Binding Affinity Prediction

Three models:

 RF::Cyscore
∆𝐺𝑏𝑖𝑛𝑑 = 𝑅𝐹(∆𝐺ℎ𝑦𝑑𝑟𝑜𝑝ℎ𝑜𝑏𝑖𝑐, ∆𝐺𝑣𝑑𝑤, ∆𝐺ℎ𝑏𝑜𝑛𝑑, ∆𝐺𝑒𝑛𝑡𝑟𝑜𝑝𝑦)

 RF::CyscoreVina

4 Cyscore features + 6 Vina features

 RF::CyscoreVinaElem

4 Cyscore features + 6 Vina features + 36 RF-Score features
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Week 1 Progress
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Prepare

Tool:

https://github.com/HongjianLi/RF-Score 13

https://github.com/HongjianLi/RF-Score


Prepare

Compilation:
In Ubuntu, after using  ‘make’ instruction to compile the RF-Score, we have 

all these 8 executables.
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Building a regression Model

Train:
./rf-train  trn-cv1-yxi.csv  trn-cv1-yxi.rf

Then we can get a regression model “trn-cv1-yxi.rf”
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Generate prediction

Predict:

./rf-test  trn-cv1-yxi.rf  tst-cv1-yxi.csv  >  tst-cv1-iyp.csv

Then we can find a file tst-cv1-iyp.csv, which is the prediction 
output for the test sample.
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asg1/tst-cv1-iyp.csv


Calculate performance metrics

Evaluate:

./rf-test trn-cv1-yxi.rf tst-cv1-yxi.csv | tail –n +2 | cut –d, -f2,3 | ./rf-stat
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Performance Metrics

 Root Mean Square Error RMSE (the smaller, the better)
 Standard Deviation in linear correlation SD (the smaller, the better)
 Pearson correlation coefficient Rp (the bigger, the better)
 Spearman correlation coefficient Rs (the biggerer, the better)
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Calculate performance metrics

Compare:

My performance metrics: Reference Value:

Metrics Value

RMSE 1.60

SDEV 1.60

PCOR 0.601

SCOR 0.588

KCOR 0.415

Metrics Value

RMSE 1.60

SDEV 1.60

PCOR 0.601

SCOR 0.588

KCOR 0.415

It can be seen that my result is the same as the Reference(by Jacky), I guess the 
reason is that we both use the same software(RF-Score) and platform(Ubuntu) to 
compile the program. 19



Week 2 Progress

20



Data partition

 PDBbind v2013 Benchmark

 Refined set (N=2959)

 5-fold cross validation, Round-robin scheduling

 1 fold for testing and 4 folds for training 

Partition N Lowest pKd Highest pKd

1 592 2.00 11.74

2 592 2.00 11.80

3 592 2.00 11.85

4 592 2.00 11.92

5 591 2.05 11.72
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https://en.wikipedia.org/wiki/Round-robin_scheduling


5-Fold Cross Validiction (RF::Cyscore)

RF::Cyscore(my result)                                    RF::Cyscore(Reference)

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587
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5-Fold Cross Validiction (RF::CyscoreVina)

RF::CyscoreVina(my result)                               RF::CyscoreVina(Reference)

# N RMSE SD Rp Rs

1 592 1.41 1.41 0.708 0.709

2 592 1.38 1.37 0.730 0.725

3 592 1.49 1.49 0.668 0.665

4 592 1.51 1.51 0.657 0.661

5 591 1.42 1.42 0.701 0.692

avg 1.44 1.44 0.693 0.690

# N RMSE SD Rp Rs

1 592 1.41 1.41 0.708 0.709

2 592 1.38 1.37 0.730 0.725

3 592 1.49 1.49 0.668 0.665

4 592 1.51 1.51 0.657 0.661

5 591 1.42 1.42 0.701 0.692

avg 1.44 1.44 0.693 0.690
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Comparison

Model # RMSE SD Rp Rs

MLR::Cyscore 592 1.66 1.66 0.556 0.559

RF::Cyscore 592 1.59 1.59 0.603 0.587

RF::CyscoreVina 592 1.44 1.44 0.693 0.690

RF::Cyscore(4 features) RF::CyscoreVina(10 features) 24



Comparision

RF::Cyscore(4 features) RF::CyscoreVina(10 features)
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Conclusion

MLR::Cyscore <  RF::Cyscore <  RF::CyscoreVina

In conclusion, we have shown that changing the regression model from 
multiple linear regression to random forest improved performance. Adding 
more features further improved performance. 
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Explore

Change the data partition method:

Sort the full set(N=2959) by pbindaff, use the 592 samples with 
the lowest or highest pbindaff values for testing, and use the 
remaining 2959-592 samples for training.

Partition # Lowest pKd Highest pKd

Lowest 592 2.00 4.55

Highest 592 8.15 11.92
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5-Fold Cross Validiction (RF::Cyscore)

RF::Cyscore(my result)                                    RF::Cyscore(Reference)

# N RMSE SD Rp Rs

Lowest 592 2.88 0.66 0.185 0.198

Highest 592 2.99 0.88 0.154 0.100

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587
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Comparison

Model # RMSE SD Rp Rs

RF::Cyscore
(systematic sampling)

592 1.59 1.59 0.603 0.587

RF::Cyscore
(Lowest test set)

592 2.88 0.66 0.185 0.198

RF::CyscoreVina
(Highest test set)

592 2.99 0.88 0.154 0.100
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Conclusion

 The reason why Round-robin scheduling is better
▪ Random Forest’s prediction result have upper bound and lower bound, 

which are the maximum value and minimum value of the training set 
respectively.(add a pic.)、
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Conclusion

 Systematic sampling test and training set has better performance
▪ have smaller RMSE, bigger Rp and Rs

 SD(Standard Deviation) performance metrics cannot reflect the 
accuracy of the prediction very well.

 The reason why systematic sampling is better
▪ Random Forest’s prediction result have upper bound and lower bound, which are 

the maximum value and minimum value of the training set respectively.
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Week 3 Progress
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Another Tool

 R:

 R is a free software environment for statistical computing and graphics.

 We want to use the packages(such as RandomForest, Deep Learning Neural 
Network…) in R to generate the regression model and repeat the experiments.

33



5-Fold Cross Validiction (MLR:Cyscore)

MLR::Cyscore(Using R)                                    MLR::Cyscore(Reference)

# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.62 1.62 0.589 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.542 0.557

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.556 0.559

# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.62 1.62 0.589 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.542 0.557

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.556 0.559

Fixed equation, same training set and test set                    same result  34



5-Fold Cross Validiction (RF::Cyscore)

RF::Cyscore(Using R)                                         RF::Cyscore(Reference)

# N RMSE SD Rp Rs

1 592 1.59 1.59 0.604 0.592

2 592 1.52 1.51 0.655 0.638

3 592 1.66 1.66 0.559 0.542

4 592 1.62 1.63 0.583 0.581

5 591 1.58 1.58 0.609 0.579

avg 1.59 1.59 0.602 0.586

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587

Same method, different tools                       close result  
35



Comparision

# N RMSE SD Rp Rs

MLR::Cyscore 592 1.66 1.66 0.556 0.559

RF::Cyscore 592 1.59 1.59 0.602 0.586

MLR::Cyscore

RF::Cyscore
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Correlation Plots

set 1 set 2 set 3 set 4 set 5

MLR::C
yscore

RF::Cy
score
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Conclusion

 The predicted results for the same training set and test set are 
consistent using different tools but same methods.

 RF::Cyscore outperforms MLR::Cyscore
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Week 4 Progress
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Random (decision) Forest

1995: firstly introduced by Tin Kam Ho
2001: extension, Leo Breiman (What we use)

Random Forest = Bagging + decision trees

40

https://www.stat.berkeley.edu/~breiman/


Bagging(Bootstrap aggregating)

Implement: 
given a standard training set D of size n, bagging generates k new training 
sets Di, each of size n′, by sampling from D uniformly and with replacement. 
(put the data back after sampling)

Aim:
average a given procedure over many samples, to reduce its variance.

41



Decision tree

Binary decision trees:

42



Random (decision) Forest

(X[1],Y[1])....(X[n],Y[n]) is the training data, we need to train T(ntree) decision trees 
g[1]....g[t]...g[T]. Each time we sample N’(mtry) data from D randomly and with 
replacement to train the tree g[t]. On the right table, the * in each column is the 
data that is not chosen to train the tree g[t], we call it Out Of Bag(OOB) sample of 
g[t], and these out of bag samples can be used as test set for each tree.

43



tuneRF( )

(CyscoreVina, improve=1e-5, ntree=500)

mtry OOB Error mtry OOB Error

1 2.157958 6 2.131094

2 2.132698 7 2.140175

3 2.131236 8 2.128880

4 2.119785 9 2.119842

5 2.127408 10 2.135400

tuneRF( ): tune randomForest for the optimal mtry parameter

Best

44



tuneRF( )
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Random Forest with different mtry

mtry # RMSE SD Rp Rs
OOB 
Error

2 592 1.41 1.41 0.708 0.707 2.132698

4 592 1.41 1.41 0.708 0.708 2.119785

6 592 1.41 1.41 0.708 0.708 2.131094

8 592 1.41 1.41 0.708 0.706 2.128880

10 592 1.41 1.41 0.707 0.705 2.135400

avg 1.41 1.41 0.708 0.707 2.129571

ntree = 500
46



Random Forest with different ntree

Ntree # RMSE SD Rp Rs
OOB 
Error

30 592 1.45 1.45 0.690 0.691 2.337980

60 592 1.42 1.42 0.702 0.702 2.227404

125 592 1.42 1.42 0.703 0.703 2.205851

250 592 1.41 1.41 0.708 0.709 2.135712

500 592 1.41 1.41 0.708 0.708 2.123670

Avg 1.42 1.42 0.702 0.703 2.206123

mtry = 4

When ntree is big enough, increasing it did not increase the performance 47



Support Vector Machine

SVM::Cyscore(my result)                                    RF::Cyscore(Reference)

# N RMSE SD Rp Rs

1 592 1.65 1.64 0.570 0.559

2 592 1.56 1.56 0.626 0.612

3 592 1.69 1.68 0.544 0.529

4 592 1.64 1.64 0.572 0.567

5 591 1.61 1.61 0.590 0.577

Avg 1.63 1.63 0.580 0.569

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587

Random Forest outperforms Support Vector Machine in this problem 48



Week 5 Progress
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Another Tool

 Tensorflow:

 TensorFlow is an open source software library for machine learning in various 
kinds of perceptual and language understanding tasks.

50



MLR

 We want to try to implement MLR first to see if we can achieve a consistent result as in R

 Aim: to find all the coefficients W[i] of the MLR equation:

 p = W[0] * x[0] + W[1] * x[1] + W[2] * x[2] + W[3] * x[3] + b

 Tensorflow results:

 R results(Reference):

Intercept Hydrophobic Vdw HBond Ent

3.800991 -0.650034 -0.769652 -9.111314 -1.462372

Intercept Hydrophobic Vdw HBond Ent

3.803937 -0.649290 -0.770088 -8.054253 -1.416916

Inconsistent
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MLR

 Tensorflow results:

 R results(Reference):

Intercept Hydrophobic Vdw HBond Ent

3.800991 -0.650034 -0.769652 -9.111314 -1.462372

Intercept Hydrophobic Vdw HBond Ent

3.803937 -0.649290 -0.770088 -8.054253 -1.416916

Inconsistent

Try to find out the reason why the coeffient of HBond is wrong:
1) Set HBond as random variable in tensorflow Still Inconsistent
2) Try other optimizer in tensorflow Still Inconsistent 
3) Look into the HBond

52



Analysis

 Look into HBond:

 all of HBond’s are 0 or nearly 0, this feature is negligible in the MLR model

 So we can just ignore this feature and continue…

53



Multiple Linear Regressor

MLR::Cyscore(Tensorflow)                                     MLR::Cyscore(R)
train step = 2000

# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.61 1.61 0.590 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.543 0.558

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.557 0.559

# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.62 1.62 0.589 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.542 0.557

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.556 0.559
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DNN Regressor

DNN::Cyscore MLR::Cyscore(Reference)                         
train step = 2000，hidden_units=[10,20,10,20]

# N RMSE SD Rp Rs

1 592 1.64 1.64 0.570 0.563

2 592 1.59 1.59 0.608 0.606

3 592 1.68 1.68 0.546 0.544

4 592 1.65 1.65 0.564 0.566

5 591 1.64 1.64 0.569 0.559

avg 1.64 1.64 0.571 0.568

# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.62 1.62 0.589 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.542 0.557

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.556 0.559
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RF::Cyscore

# N RMSE SD Rp Rs

1 592 1.64 1.64 0.570 0.563

2 592 1.59 1.59 0.608 0.606

3 592 1.68 1.68 0.546 0.544

4 592 1.65 1.65 0.564 0.566

5 591 1.64 1.64 0.569 0.559

avg 1.64 1.64 0.571 0.568

# N RMSE SD Rp Rs

1 592 1.60 1.60 0.601 0.588

2 592 1.51 1.51 0.657 0.641

3 592 1.66 1.66 0.561 0.545

4 592 1.63 1.63 0.580 0.576

5 591 1.57 1.57 0.615 0.586

avg 1.59 1.59 0.603 0.587

DNN::Cyscore
train step = 2000，hidden_units=[10,20,10,20] 

SVM::Cyscore
# N RMSE SD Rp Rs

1 592 1.65 1.64 0.570 0.559

2 592 1.56 1.56 0.626 0.612

3 592 1.69 1.68 0.544 0.529

4 592 1.64 1.64 0.572 0.567

5 591 1.61 1.61 0.590 0.577

avg 1.63 1.63 0.580 0.569

MLR::Cyscore
# N RMSE SD Rp Rs

1 592 1.66 1.66 0.560 0.555

2 592 1.62 1.62 0.589 0.600

3 592 1.69 1.70 0.531 0.529

4 592 1.68 1.68 0.542 0.557

5 591 1.65 1.65 0.559 0.553

avg 1.66 1.66 0.556 0.55956
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# RMSE SD Rp Rs

MLR::Cyscore 1.66 1.66 0.556 0.559

RF::Cyscore 1.59 1.59 0.602 0.586

SVM::Cyscore 1.63 1.63 0.58 0.569

DNN::Cyscore ([10 20 10]) 1.64 1.64 0.57 0.566

DNN::Cyscore ([20 40 20]) 1.64 1.64 0.57 0.566

DNN::Cyscore ([10 20 10 20]) 1.64 1.64 0.571 0.568

DNN::Cyscore ([10 20 10 20 10]) 1.64 1.64 0.571 0.567



DNN Classification()

 Change the Regression problem into a Classification problem:

Pbindaff <=6.5(mean) as    
type 0(week binding)

Pbindaff >6.5 as 
type 1(strong binding)

Max pbindaff = 11.72
Min pbindaff = 2
(11.72 + 2) / 2 ≈ 6.5

58



Accuracy:

 4 layer DNN with 10, 20, 10,20 units respectively, training step=2000

 Classify into 2 types: 0 for pbindaff <=6.5, 1 for pbindaff >6.5

Accuracy = 0.682432

 Classify into 3 types: 0 for pbindaff <=5.2, 1 for pbindaff in (5.2,8.5] ,   2 for 
pbindaff>8.5

Accuracy = 0.616554

 Classify into 4 types: 0 for pbindaff <=4.4, 1 for pbindaff in (4.4,6.9] ,   2 for 
pbindaff in (6.9,9.3], 3 for pbindaff > 9.3

Accuracy = 0.508446

59



Conclusion

 MLR::Cyscore <  DNN::Cyscore <  SVM::Cyscore <  RF::Cyscore

 Classification model is unfit for this problem

60



Extract features

 Raw data for Protein-Ligand Binding affinity

 http://www.pdbbind.org.cn/

PDBbind database is to provide a comprehensive 
collection of the experimentally measured binding 
affinity data for all types of biomolecular complexes 
deposited in the Protein Data Bank (PDB).

61

http://www.pdbbind.org.cn/


Protein Ligand

62



Extract features

 Cyscore

63



Protein Ligand

Features

64



Extract features

Because Cyscore is a command line application under Linux-x86, so I write a 
program to grep all the names of the corresponding file in pdbbind_v2014_core_set
and write a shell script to run Cyscore to get all their features:
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Conclusion

 Breakthrough point (maybe)
▪ The data Jacky used in his pass research is derived by the Cyscore v1.1.4, 

and now the author of Cyscore publishs the Cyscore v2.0.0 and it improves 
the hydrophobic free energy calculation.

▪ Try to derive a set of new features of pdbbind_v2015_refined_set, and see 
if it can improve the prediction accuracy.
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