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Supplementary Information 

 

1. Evaluation of the PPE and Probabilistic Scoring Function 

To investigate the capacity of a PPE to retrieve structurally similar drug-binding pockets, we 

compared the protein pocket bound by 2’-monophosphadenosine 5’-diphosphoribose with the 

predicted binding pockets of the top 10 predicted targets of this compound. Our sequence 

order-independent alignment superimposed the top 10 predicted targets with an average 

normalized RMSD of 0.27 Å to the constructed drug PPE (an alignment contained > four 

atoms). Conversely, sequence order-dependent alignment superimposed only three predicted 

pockets (in PDB ID–1EM2, 2BXP and 3ELM) with an average normalized RMSD of 4.02 Å 

to the 2’-monophosphadenosine 5’-diphosphoribose bound pocket. Similarly, only 20 

predicted pockets among the 110 predicted pockets for the 11 drugs using sequence order-

dependent superimposed to the 2’-monophosphadenosine 5’-diphosphoribose bound pocket 

with an average normalized RMSD of 4.05 Å (average alignment length of 8.35), as 

compared to the sequence order-independent alignment superimposed the 110 predicted 

pockets with an average normalized RMSD of 0.28 Å (average alignment length of 12.11) to 

the constructed drug PPE. This result supports that a combination of the minimalistic PPE 

and sequence order-independent alignment is more useful in identifying new drug targets 

than the combination of the complete binding pocket and sequence order-dependent structure 

alignment. Moreover, to determine the effectiveness of the probabilistic sequence similarity 

function we compared the probabilistic function with the deterministic similarity function 

used by Dundas et al. [1]. We found that the average sequence similarity of the top 10 

predicted novel targets of 2’-monophosphadenosine 5’-diphosphoribose to 55% and 82% for 

the deterministic and probabilistic functions, respectively. This trend was similar across the 

11 drugs in the data set (average sequence similarity of 54% using deterministic function and 

82% using probabilistic function). These observations support the ability of a PPE to extract 

the nontrivial sequence and structure signatures necessary to capture the promiscuous process 

of a drug binding to multiple sites and vice versa as described by Gao and Skolnick [2]. Most 

of the predicted targets spatially aligned with distinct parts of the PPE’s of the respective 

drugs (SI Figure 1), suggesting that the PPE is an ensemble of several pockets and, therefore, 

possibly accommodates the different conformations of each drug. In contrast with previous 

studies [1, 3], these results suggest that multiple structural signatures are unlikely to be 



optimal for capturing different conformations of drugs; instead, the problem can be 

effectively addressed by incorporating a probabilistic scoring function in the structural 

signatures. Moreover, our methodology does not require in-depth knowledge about the 

number of binding conformations or subsequent structural signatures. 

2. Integrating the Drug Delivery Profile to Reduce False Positives 

We extracted all genes whose mRNA tissue expression profile matched the aDDP of β-D-

glucose targets. We found 99 genes satisfying the above criteria, from which we constructed 

three sets. The first set consisted of the 10 genes with the best sequence and structure 

similarity scores when aligned to the PPE of β-D-glucose, the second set consisted of the 10 

genes that had the worst sequence and structure similarity scores when aligned to the PPE of 

β-D-glucose, and the third set consisted of the first two sets and five randomly chosen genes. 

Using the cocitation index and their p-values, we compared the first two sets with the top 10 

predictions by iDTP for β-D-glucose and the third set with the top 25 predictions for β-D-

glucose obtained by integrating sequence, structure, and tissue expression scores (SI Table 2). 

According to our criteria, aDDP alone had a 10–12% enrichment of likely targets, strongly 

suggesting that it is a valuable discriminator. When aDDP was combined with the PPE, the 

number of predictions with statistically significant cocitation index was two- to four-fold 

higher (36–40% enrichment). Using the combined approach, the top 10 predicted targets (< 

60% sequence similarity with any of the known drug targets) of β-D-glucose aligned 

extremely well with the PPE of β-D-glucose (SI Table 3) as reflected by an average sequence 

similarity score of 82%, an RMSD of 0.62 Å, a match for mRNA expression profile in 74 of 

the total of 79 tissues, and an overall average final score of 0.51 (compare to the cutoff value 

of 0.85). 

3. Cross-validation of the PPE 

We employed cross-validation (five-fold for drugs that have less than 100 known targets and 

three-fold for drugs with more than 100 targets) to assess whether the PPE for each drug 

captures the essential features for the drug-protein interaction. The known targets of each 

drug were randomly divided into five (or three) equal sets. Four (or two) sets were used to 

make the PPE and predictions were provided for the fifth (or third) set. We repeated this 

procedure five (or three) times for each drug. 

4. Discussion on negative dataset 



A known target for another drug can also be a target for the drug in our dataset. As negative 

results are usually not published in literature, it was impossible for us to build a more 

comprehensive negative dataset. A more comprehensive negative dataset might even help 

improve the scoring function, but due to the lack of available data we have settled on the 

current negative dataset. We plan to manually curate a negative dataset from existing 

literature to construct a more comprehensive Negative dataset for each drug in the dataset. 

5. In vitro experimental setup 

Protein expression and purification. Expression and purification of the ligand-binding 

domain (LBD) of human PPARγ (amino acids Glu196-Tyr477) have been described 

previously (Riu et al, 2011). Ku et al. described the sequence, production, and purification of 

chimeric human Bcl-2 (with the internal loop 51–91 removed and residues 35–50 replaced by 

residues 33–48 of mouse Bcl-XL) (Ku et al., 2011). 

Ligands and peptides. BRL49653 (Rosiglitazone) and Coenzyme A for hPPARγ binding 

assays were purchased from Sigma-Aldrich (St Quentin Fallavier, France). The fluorescent-

labeled peptides FITC-EEPSLLKKLLLAPA, FITC-DPASNLGLEDIIRKALMGSFD, and 

FITC-TNMGLEAIIRKALMGKYDQWEE, corresponding to the PGC1-NR2, NCoR-RID2, 

and SMRT-RID2, respectively, were purchased from EZbiolab (Westfield, Indiana, USA). 

For the Bcl-2 interaction studies, the fluorescent-labeled peptide QDASTKKLSE 

CLRRIGDELDSNMELQRMIAD corresponding to Bax-BH3 (a known ligand for Bcl-2), 

and the scrambled LD4 peptide (LSDAMETSSLRDALE, a scrambled version of the Bcl-2 

ligand LD4) (Sheibani et al., 2008) was purchased from Genscript USA inc. Coenzyme A 

(CoA) was bought from Calbiochem (VWR, UK).  

Differential scanning fluorimetry (DSF or Thermofluor). This method measures protein 

unfolding based on fluorescence detection of the denatured form of the protein (Pantoliano et 

al., 2001). Solutions of 15 μL containing 5 μM hPPARγ LBD, varying molar excess of 

ligands (Rosiglitazone, Coenzyme A, or CD5477), 1X Sypro Orange in 50 mM Tris pH 8.0, 

and 200 mM NaCl were added to the wells of a 96-well PCR plate. Final DMSO 

concentration did not exceed 5% and had no influence on the data. The plates were sealed 

with an optical sealing tape (Bio-Rad) and heated in an Mx3005P Q-PCR system (Stratagene) 

from 25°C to 95°C at 1°C intervals. Fluorescence changes in the wells were monitored with a 

photomultiplier tube. The wavelengths for excitation and emission were 545 nm and 568 nm, 

respectively. The melting temperatures, Tm, were obtained by fitting the fluorescence data 



with a Boltzmann model using GraphPad Prism software. The data reported here are the 

averages of independent experiments and error bars correspond to standard deviations. 

Differential static light scattering (DSLS). DSLS measured by the Stargazer system 

(Harbinger Biotechnology and Engineering Corporation, Markham, Canada) was used to 

assess the thermal stability of Bcl-2 in the presence or absence of CoA and to control ligands. 

DSLS measures the specific aggregation temperature, Tagg, at which a protein aggregates as a 

result of heat denaturing. Thus, DSLS provides proteins with thermal stability, which is 

expected to vary in the presence of ligands. Bcl-2 at 0.5 mg/mL was overlaid with mineral oil 

in a clear bottom 384-well black plate (Corning), and heated from 20 to 85 °C at 1 °C/min; 

light scattering was detected by a CCD camera every 0.5 °C in the presence or absence of 

varying concentrations of CoA, yielding the difference in aggregation temperature at a 

particular CoA concentration from apo Bcl-2 ΔTagg. Data were normalized and Kd values 

were calculated by plotting ΔTagg against the CoA concentration. Resulting data were fitted 

using a binding-saturation single-site model (GraphPad). 

Fluorescence anisotropy measurements. Binding affinities of the fluorescent peptides for 

hPPARγ LBD were measured in the presence or absence of ligands using a Safire2 

microplate reader (TECAN). Fluorescent-labeled peptides were measured using an excitation 

wavelength of 470 nm; emission was measured at 530 nm. Data are the average of 

independent experiments and error bars correspond to standard deviations. The buffer 

solution for assays consisted of 20 mM Tris-HCl pH 7.5, 150 mM NaCl, 1 mM EDTA, 5 mM 

dithiothreitol, and 10% (v/v) glycerol. Measurements began at 40 µM of the protein, followed 

by successive two-fold sample dilutions with buffer, until reaching the lowest protein 

concentration (9.7 nM). Fluorescent peptides were added to the protein samples at 4 nM to 

allow the establishment of the titration curve. Added ligands were at a final concentration of 

80 µM. The binding affinity of the fluorescently labeled Bax-BH3 peptide towards Bcl-2 was 

determined using a fluorescence spectrometer from Photon Technologies International, USA. 

The fluorescent-labeled peptide excitation wavelength was 490 nm and its emission was 

measured at 520 nm. The Kd value for the peptide was fitted using a single-binding-site 

model. Competition experiments were performed using the 20nM Bax-BH3 peptide and 400 

nM Bcl-2. Fluorescence anisotropy was monitored for concentrations up to 5 mM of CoA. 

Intrinsic tryptophan fluorescence quenching binding assay. Bcl-2 tryptophans were 

excited at 280 nM and the emission intensity was measured at 320 nM. 10 μM Bcl-2 was 



incubated with various dilutions of CoA for 10 min before measurement. Emitted 

fluorescence was monitored using a PheraStar fluorescence plate reader in 96-well plates. 

Change in tryptophan fluorescence occurs due to conformational changes in the protein when 

it is bound to the ligand; differences in the fluorescence intensity were recorded and 

analyzed. Data were normalized and Kd values were calculated by fitting to a Binding-

Saturation single-site model with GraphPad.  
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Figures 

 

SI Figure 1. The overall flowchart of iDTP. 

 

 

SI Figure 2. Structural alignment of the PPE of 2’-Monophosphadenosine 5’-

Diphosphoribose with (a) Kinesin-like protein, KIF11 (PDB ID: 2Q2Z, green), and 

Collagenase 3-Inhibitor 24f complex (PDB ID: 3ELM, red); (b) Kinesin-like protein, KIF11 

(green), and Collagenase 3-Pyrimidinedicarboxamide complex (PDB ID:1XUC, red); and (c) 

Kinesin-like protein, KIF11 (green), and C-C motif chemokine 4 (PDB ID:1JE4, red). This 

illustrates that the predicted novel targets spatially align with distinct parts of the PPE. 

 



 

SI Figure 3. (a) Increase in the anisotropy of the fluorescein-labeled Bax-BH3 peptide is 

plotted against Bcl-2 concentration. A Kd value of approximately 128 ± 21 nM was obtained 

by fitting the data to a single-binding-site model. (b) The predicted CoA binding site (red) is 

adjacent to the Bax-BH3 (magenta) binding site on Bcl-2 (green). The Bax-BH3 peptide 

binds in the largest pocket (blue). The figure was built based on the crystal structure 2XA0. 

 

SI Figure 4. Fluorescence polarization of 20nM Bax-BH3 in the presence of 400nM Bcl-2 

was titrated against increasing concentrations of CoA. The data show that CoA is unable to 

displace Bax-BH3 from Bcl-2, illustrated by nonoverlapping CoA and Bax-BH3 binding sites 

on Bcl-2, as predicted by our model. 



Tables 

 

PDB (bound 

complex) 
Drug Name 

Known 

Targets 

Sensitivity 

(%) 

Specificity 

(%) 

1OG3, 2BGL 
Nicotinamide-Adenine-

Dinucleotide 
129 74 89 

1GGE Heme 104 77 81 

1UC9 Adenosine-5’-Diphosphate 101 63 68 

1FNB Flavin-Adenine Dinucleotide 73 64 83 

1PIG β-D-Glucose 67 66 81 

1HTO Citric Acid 62 65 62 

1DJL 
2’-Monophosphadenosine 5’-

Diphosphoribose 
52 56 92 

1B93 Formic Acid 47 70 84 

1SZF Riboflavin Monophosphate 47 53 70 

1TQM 
Phosphoaminophosphonic Acid-

Adenylate Ester 
42 45 86 

1XVT Coenzyme A 40 60 90 

 Average 69 63 81 

SI Table 1. Data set. The drugs in our data set along with their 2D structure, the PDB ID of 

the drug-protein complexes, the number of known targets with solved (apo) structures, the 

percentage of known targets predicted correctly in cross-validation (sensitivity), and the 

percentage of correctly predicted nonrelated proteins in the negative data set (specificity). 

 

 

 



 Sequence+Structure+Expression Expression 

P-Value Top 10 Top 25 
Top 10 

(Best) 

Top 10 

(Worst) 
Top 25 

<0.001 2 5 1 1 2 

<0.005 3 6 2 1 3 

<0.01 4 9 2 1 3 

Enrichment 40% 36% 20% 10% 12% 

SI Table 2. Cocitation comparison between predictions using tissue expression data only 

versus predictions using sequence, structure, and expression data. We constructed three 

sets from the 99 genes whose mRNA expression profile perfectly matched the aDDP of β-D-

glucose. The first set consisted of the 10 genes that had the best sequence and structure 

similarity scores when aligned to the PPE of β-D-glucose, the second set consisted of the 10 

genes that had the worst sequence and structure similarity scores when aligned to the PPE of 

β-D-glucose, and the third set consisted of the first two sets and five randomly chosen genes. 

Based on cocitation, we found that aDDP alone achieves a 10-20% enrichment of likely 

targets, strongly suggesting that it is a valuable discriminator. When aDDP was combined 

with the PPE, the number of predictions with a statistically significant cocitation index was 

two- to four-fold higher (36–40% enrichment). 

 

 

 

 

 

 

 

 

 

 

 

 

 



  Alignment Validation 

Gene PDB Sequence Structure Expression Distance CI P-value Literature 

Neprilysin 2QPJ 0.90 0.69 75 0.43 2.36 0.027 5 

Bifunctional 

epoxide 

hydrolase 2 

3ANT 0.83 0.55 73 0.46 3.10 0.012 9 

Ephrin type-A 

receptor 3 
3FXX 0.81 0.54 77 0.48 0.00 NA 0 

Renin 2G26 0.86 0.62 73 0.48 3.58 0.004 13 

Estrogen 

receptor 
3ERT 0.82 0.65 75 0.51 5.39 <0.001 48 

Golgi SNAP 

receptor 

complex 

member 2 

3EG9 0.80 0.66 75 0.54 0.00 NA 0 

Serine/threon

ine-protein 

kinase Chk2 

2XM8 0.82 0.58 67 0.54 0.00 NA 0 

DCC-

interacting 

protein 13-

alpha 

2Q12 0.79 0.63 73 0.54 3.47 0.006 12 

cGMP-

dependent 

protein kinase 

3 

3NMD 0.79 0.62 77 0.54 4.63 <0.001 28 

cGMP-specific 

3’,5’-cyclic 

phosphodiest

erase 

3B2R 0.79 0.69 77 0.54 0.77 0.142 1 

SI Table 3. The top 10 predicted target genes of β-D-glucose. The top 10 predicted target 

genes of β-D-glucose; their PDB IDs; their sequence similarity, structural similarity (RMSD), 

expression similarity, and combined distance scores; the cocitation index; related p-value; 

and the number of research papers where the drug and gene name are found together in an 

abstract. 

 

 



Drug Predicted Target PDB Keyword(s) Associated Diseases 

Coenzyme A 

Peroxisome 

proliferator-

activated receptor 

gamma 

3ADS 
Coenzyme 

A 

Severe Insulin resistance, 

lipodystrophy, severe obesity, 

type-2 diabetes, dyslipidaemia 

and colorectal cancer 

2’-

Monophosphadenosine 

5’-Diphosphoribose 

Cellular tumor 

antigen p53 
3D0A 

NADPH 

Several types of cancer 

Serum albumin 2BXP 

Analbuminaemia, familial 

dysalbuminaemic 

hyperthyroxinaemia, 

bisalbuminaemia, 

dysalbuminemic hyperzincemia 

Vascular 

endothelial growth 

factor receptor 2 

3B8Q 

Coronary heart disease, 

coronary artery lesions of 

kawasaki disease, infantile 

haemangioma 

Nicotinamide-Adenine-

Dinucleotide 

Nicotinate-

nucleotide 

pyrophosphorylase 

[carboxylating] 

3LAR 

NAD 

 

Vascular 

endothelial growth 

factor receptor 2 

3EFL 

Coronary heart disease, 

coronary artery lesions of 

kawasaki disease, infantile 

haemangioma 

Formic Acid 

Cytochrome P450 

2E1 
3KOH 

Formic / 

carboxylic 

acid 

Relapsing pneumonia 

 

Cellular tumor 

antigen p53 
3OQ5 

carboxylic 

acid 
Several types of cancer 

Phosphoaminophospho

nic Acid-Adenylate 

Ester 

Kinesin-like protein 

KIF11 
2FL6 

AMP-PNP 

Microcephaly with or without 
chorioretinopathy, 

lymphedema, or mental 
retardation 

RAC-beta 

serine/threonine-

protein kinase 

3D0E 

Type II diabetes mellitus, 

hypoinsulinemic hypoglycemia 

with hemihypertrophy, severe 

insulin resistance 

Flavin-Adenine Insulin 2OMI Adenosine, insulin-dependent diabetes 



Dinucleotide Riboflavin mellitus, neonatal diabetes 

mellitus, type 1  diabetes 

mellitus, familial 

hyperproinsulinemia 

Estrogen receptor 1X7R 

Breast cancer, estrogen 

resistance, migraine, 

myocardial infarction, 

precocious puberty, left 

ventricular hypertrophy 

Heme Serum albumin 2I2Z Heme 

Analbuminaemia, familial 

dysalbuminaemic 

hyperthyroxinaemia, 

bisalbuminaemia, 

dysalbuminemic hyperzincemia 

β-D-glucose 

Renin 2G26 

Glucose 

Familial hyperproreninemia, 

renal tubular dysgenesis, 

familial juvenile hyperuricemic 

nephropathy, anaemia, 

hypouricosuric hyperuricaemia, 

kidney failure, hypertension 

Estrogen receptor 3ERT 

Breast cancer, estrogen 

resistance, migraine, 

myocardial infarction, 

precocious puberty, left 

ventricular hypertrophy 

cGMP-dependent 

protein kinase 1 
3NMD 

Familial aortic aneurysm 
 

SI Table 4. Drug-Predicted-Target-Disease Relationships. The predicted targets for 

statistically significant cocitation index values (p-value < 0.005), the diseases associated with 

these genes, and the keywords used to find associations between the drugs and the predicted 

genes. 

 

 

 

 



Protein Ligand Tm (°C) 

5 µM hPPARg 

Ø 47.2 

35 µM Rosiglitazone 49.2 

35 µM Coenzyme A 46.6 

70 µM Coenzyme A 46.5 

140 µM Coenzyme A 45.5 

280 µM Coenzyme A 41.7 

1400 µM Coenzyme A 27.5 

SI Table 5. Melting temperatures (Tm) of hPPARγ-LBD. Tm calculated from thermal 

denaturation curves of hPPARγ-LBD in the presence of varying molar excess of rosiglitazone 

or coenzyme A. Rosiglitazone displays a protective effect (increases Tm) against thermal 

denaturation, while coenzyme A has a destabilizing effect (decreases Tm). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Peptide Ligand Molar Excess Kd SD 

NCoR ID2 

Ø 2.22 0.57 

Coenzyme A 

2 2.66 0.9 

5 3.76 1.36 

10 11.41 3.61 

40 >100 NA 

SMRT ID2 

Ø 0.39 0.05 

Coenzyme A 

2 0.42 0.05 

5 0.46 0.03 

10 0.69 0.09 

40 0.8 0.06 

PGC1 NR2 

Ø 1.97 0.4 

Rosiglitazone 

2 1.38 0.28 

5 1.1 0.11 

10 1.11 0.24 

Coenzyme A 

2 1.89 0.28 

5 2.98 0.55 

10 3.61 1.56 

CD 5577 2 6.7 1.32 

 

SI Table 6. Dissociation constants measured by fluorescence anisotropy on hPPARγ-

LBD. Mean dissociation constants (Kd) and standard deviation (SD) values measured from 

fluorescence anisotropy titrations between fluorescent-labeled PGC1-NR2, N-CORNR2, or 

S-CORNR2 peptides and hPPARγ-LBD in the absence of a ligand or in the presence of 

increasing molar excess of rosiglitazone, coenzyme A, or CD5477. 

 

 

 

 

 

 



Protein Ligand Tagg (°C) 

0.5 mg/mL of Bcl-2 

- 56.85 ± 0.14 

0.1 mM Coenzyme A 57.65 ± 0.19 

0.25 mM Coenzyme A 59.72 ± 1.011 

0.5 mM Coenzyme A 59.83 ± 0.21 

0.75 mM Coenzyme A 60.49 ± 0.46 

1 mM Coenzyme A 60.88 ± 0.46 

1.5 mM Coenzyme A 61.12 ± 0.58 

2 mM Coenzyme A 61.25 ± 0.66 

3 mM Coenzyme A 61.78 ± 0.45 

400 nM Bax-BH3 peptide 67.30 ± 1.02 

1 uM scrambled LD4 

peptide 
57.05 ± 0.15 

SI Table 7. The Bax-BH3 peptide is a strong interacting partner of Bcl-2, which stabilizes the 

protein by increasing the aggregation temperature; based on Tagg values, coenzyme A also increases 

the thermal stability of Bcl-2. 

 

 

 


