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Abstract: A mutual information based activity labeling and scoring (MIBALS) approach to reverse fingerprint analysis is 
presented. Whole molecule scores produced by the method are shown to be capable of ranking compounds in virtual high-
throughput screening (vHTS) experiments, while fragment scores produced by the method are able to identify pharma-
cophore moieties important for biological activity. The performance of MIBALS in vHTS experiments is assessed using 
reference ligands active against 40 different biological targets, and MIBALS retrieval rates are compared with those ob-
tained using more traditional group fusion similarity search methods. The use of MIBALS to identify important pharma-
cophore fragments is demonstrated by comparing ligand fragment scores with known pharmacophores and known 
ligand/protein contacts. The ability of MIBALS to highlight beneficial and detrimental groups in a congeneric series is ex-
amined by comparing MIBALS fragment scores with features in known structure-activity relationships. 
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INTRODUCTION 

 A molecular fingerprint is a collection of bits that indi-
cate the presence or absence of certain structural features [1]. 
The bits themselves may be a host of constructs which in-
clude functional groups and chemical fragments [2], ex-
tended connectivities [3, 4], descriptor distributions [5] and 
typed atom polygons [6-9] (Fig. 1). Fingerprints are typically 
used in similarity searching [10], compound library cluster-
ing [11] and diversity analysis [12]. 

 An attractive feature of many molecular fingerprinting 
systems is the ease with which an individual bit can be traced 
back to the atoms and molecular fragments that defined it. 
Thus, any statistical analyses performed on the fingerprint 
bits can be mapped back to the molecular fragments used in 
their construction, thereby producing fragment scores for a 
given structure as shown in Fig. (2). 

 Indeed, many reports over the past two decades describe 
pharmacological fragment scoring based on statistical analy-
sis of fingerprint bits. For example, the Stigmata approach 
used a form of bit frequency to determine structural com-
monalities within compound datasets [13]. Xue et al. have 
used statistical distributions to isolate bits which perform 
optimally, for isolating compounds active against different 
biological targets [14]. Recently, Schneider et al. used sup-
port vector machines (SVM) to extract and visualize phar-
macophore points based on 2D typed-atom triangle finger-
prints [15]. For convenience, the term reverse fingerprinting 
(inspired by reverse QSAR [16]) will be employed to de-
scribe any method that invokes fingerprint bit analysis to 
arrive at atom or fragment scores. It should be noted that  
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with some fingerprinting systems, such as the Daylight fin-
gerprints [17], the fingerprint is constructed with a coding 
procedure that loses the correspondence between the finger-
print bits and the molecular fragments; the reverse finger-
printing method described below does not apply to such fin-
gerprinting systems. 

 In this paper, an information theoretic [18] approach to 
reverse fingerprinting is presented. The goal is to create a 
fingerprint-based model that produces whole molecule 
scores for virtual screening and atom scores for pharma-
cophore elucidation. 

THEORY: APPLICATION OF MUTUAL INFORMA-
TION TO FINGERPRINT BIT SCORING 

 Applications of mutual information (sometimes called 
cross-entropy [19] in engineering), were initially formulated 
by Shannon and Weaver [20] in their seminal work in com-
munications theory. Mutual information theory is central to 
the principal of minimum discrimination information (MDI), 
which states that given new information, a new distribution 
can be chosen as similar to the original distribution as possi-
ble. Originally formulated to include binary data, it has since 
been expanded to include continuous variables. 

 More recently, applications of mutual information theory 
in computational chemistry include QSAR feature selection 
[21], generation of topological information indices [22], 
characterization of partitioned property spaces [23], and the 
selection of variables for spectral data modeling [24]. Appli-
cations in bioinformatics include methodologies to group 
proteins into appropriate functional families and to determine 
the similarity of gene and protein sequences [25]. Mutual 
information applications are then naturally extendable for 
exploration of fingerprint analyses. 

 A fingerprint FP for molecule Q typically contains a 
number of bits, k, which are either 1 or 0 indicating the pres-
ence or absence of structural features. Fingerprint bits which 
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are present in a given molecule may be grouped together in a 
fingerprint vector, FPQ, 

 
FPQ = [k1, k2 , k3,…kn ]             (1) 

where kx is kth fingerprint bit which is turned on in molecule 
Q. Each bit k in the molecule potentially contains informa-
tion about the activity state (A) of molecule Q. The mutual 
information, I, between the active state of Q and the kth bit is 
given by 

I(A, k) = P(A, k) log2

P(A, k)

P(A)P(k)A,k

          (2) 

where P(A) and P(k) are the marginal probability distribu-
tions of state A and bit k respectively, and P(A,k) is the joint 
probability distribution of state A and bit k. The sum in equa-
tion (2) is over all possible states of A and k, so that mutual 
information naturally allows for multiple activity states (ac-
tive, inactive, weakly active, etc.), and multiple bit states (on, 
off or counts). Note that if the distributions of A and k are 
mutually independent, the joint probability is equal to the 
product of the marginal probabilities (P(A, k) = P(A) X P(k)) 
and the mutual information is 0. This additional measure of 
statistical independence, unlike correlation coefficients, does 
not require that the variables be normal and linearly distrib-
uted.  

 The mutual information can be conditioned on a set of 
known actives by rewriting equation (2) as follows: 

I(A, k) =

A

P(A)P(k | A) log2

P(k | A)

P(k)k

        (3) 

 Confining the activity to two states (A=1, active; A=0, 
inactive) and the bits to two states (k = 1, bit k is ON; k = 0, 
bit k is OFF), produces the following four terms from equa-
tion (3): 

I(A, k) = P(A = 1)P(k = 1 | A = 1) log2

P(k = 1 | A = 1)

P(k = 1)

+ P(A = 0)P(k = 1 | A = 0) log2

P(k = 1 | A = 0)

P(k = 1)

+ P(A = 1)P(k = 0 | A = 1) log2

P(k = 0 | A = 1)

P(k = 0)

+ P(A = 0)P(k = 0 | A = 0) log2

P(k = 0 | A = 0)

P(k = 0)

     (4) 

 Given a collection of m1 active compounds and m0 inac-
tive compounds, the conditional probability for seeing the kth 
bit in an active compound can be estimated as simply the 
frequency of the kth bit in the collection of active compounds 
{C}. 

P(k = 1 | A = 1) = Ck

1

m1

f
k
i

i = 1

m1
             (5) 

 In the above equation fk
i
 is either 1 or 0, indicating the 

presence or absence of the k
th bit in the i

th molecule. The 
probability of not seeing the kth bit in an active compound, 
P(k=0|A=1), is then given by (1-Ck). The conditional prob-
ability of the kth bit being on in an inactive compound can be 
estimated from the set of inactive compounds {F} in a simi-
lar manner. 

 

 

 

 

 

 

 

 

 

Fig. (1). Molecular fingerprints. Each bit in the fingerprint indicates the presence/absence (1/0) of a structural motif. The fingerprint may be 
a bit string indicating the on/off state of all the bits. 

 

 

 

 

 

 

 

 

 

Fig. (2). Reverse fingerprinting: Atom scores SA can be produced by mapping results from statistical analysis of the {kx} fingerprint bits 
back on to the atoms used to construct the bit. 
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P(k = 1 | A = 0) = Fk

1

m0

f
k
i

i = 1

m0

         (6)  

 The probability of bit k not being turned on in an active 
compound is then given by (1-Fk). The total probability of 
seeing bit k in chemical space, Pk = P(k=1) can be trained 
using a dataset {P} obtained either from an independent da-
tabase representing chemical space, or by combining the 
active and inactive subsets ({P} = {C}  {F}). 

 The P(A=x) terms in equation (4) represent the probabil-
ity of finding a compound with activity state x. If the prob-
ability of finding an active compound is  (P(A=1) =  ) then 
the probability of finding an inactive compound, P(A=0), is 
given by (1-  ). The parameter  can be computed from the 
training dataset, or chosen depending upon the intended ap-
plication. Using these prior probability expressions and in-
serting the expressions for Ck, Fk and Pk into equation (4) 
yields the following expressions for mutual information con-
tributions: 

I11 = I(A = 1, k = 1) = Ck log2

Ck

Pk

I01 = I(A = 0, k = 1) = (1 )Fk log2

Fk

Pk

I10 = I(A = 1, k = 0) = (1 Ck ) log2

(1 Ck )

(1 Pk )

I00 = I(A = 0, k = 0) = (1 )(1 Fk ) log2

(1 Fk )

(1 Pk )

        (7) 

 Summing all four terms in equation (7) will yield the 
total mutual information between the activity state and the 
bit state. 

 To develop an activity score for bit k the individual mu-
tual information terms in equation (7) must be combined to 
reflect the difference in information about activity and inac-
tivity. The I11 and I00 terms contribute affirmative informa-
tion about activity - i.e., the compound is active when bit k is 
present and inactive is bit k is absent. In contrast, the I01 and 
I10 terms contribute dismissive information about activity - 
i.e., the compound if inactive when bit k is present and active 
if bit k is absent. Subtracting the dismissive terms from the 
affirmative terms leads to the following activity scoring 
function, Sk, for the kth bit. 

Sk = (I11 + I00 ) (1 )(I01 + I10 )          (8) 

 If we take a naïve-Bayesian approach and assume that the 
fingerprint bit k distributions are mutually independent (they 
are not), a score for the entire molecule, SM, can be computed 
by summing the bit scores over all the unique bits in the 
query molecule. 

SM = Sk
k

unique
bits

           (9) 

 Although this approximation is somewhat severe, the 
naïve-Bayesian approach has been successfully applied to 
fingerprint analysis by a number of workers [26-28]. The 
molecule score SM can be used for ranking molecules in a 
vHTS context, or it may be further decomposed into contri-
butions per atom, 

SM = Sk
k

unique
bits

= Sa
a

         (10) 

 In equation (10) Sa is the atom score for the a
th

 atom. 
This score is derived from the Sk scores of the bits in which 
the atom participates. In this study, only the on/off state (and 
not the number of instances) of bit k is considered in the cal-
culation of Sk, so the Sk score for a given bit must be equally 
divided between all nk instances of than bit. Furthermore, the 
Sk score for the k

th bit must be divided equally between all 
the atoms that contribute to the construction of the bit - nk

a. 
Hence, the Sk score for each bit in which atom a participates 
must be divided by the instances of the bit in the molecule 
(nk ) and by the number of atoms contributing to the bit (nk

th). 
With these considerations, the atom score Sa is given by: 

Sa =
Sk

nk na
k

k a

         (11) 

 Composed this way, the sum of the atom scores equals 
the molecule score SM. Thus, given a fingerprint system, and 
a set of active and inactive compounds, the Ck, Fk and Pk 
terms in equation (7) can be trained and used to compute 
whole molecule scores (SM ) for vHTS, and individual atom 
scores (Sa ) which sum to the molecule score SM. 

 The above equations are the basis for training and evalu-
ating mutual information based activity labeling and scoring, 
or MIBALS models. The following procedures outline the 
methods for fitting, evaluating and producing atom scores 
from MIBALS models. 

MIBALS Model Fitting Procedure 

1. Select {C}, {F} and {P} training sets. 

2. Fit Ck, Fk and Pk, and compute Sk for all unique k 

bits. 

3. Normalizing Factor: Z 
   (i) compute the atom scores for all compounds in 
{C} 
   (ii) determine Z; Z = 100 / max { C atom scores } 

4. Return k, Sk, and Z.  

MIBALS Model Evaluation Procedure 

1. For a molecule M with bits km, select km  k.  

2. Compute the molecule score 

 

S
M

= Z Sk
k km

m

  

MIBALS Atom/Fragment Scoring and Visualization 

1. Given a query molecule M with bits km, select km  k. 

2. For each atom/fragment, evaluate Sa using equation 
(11). 

3. Visualize the fragment scores by drawing spheres 
centered on the atom fragments. The sphere radii ra 
are scaled to reflect the magnitude of Sa 

  ra (Å) = Sa / 100.  

4. Render the spheres to reflect the sign of Sa ; positive 
Sa,=solid, negative Sa=line. 
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 Selection of the {C}, {F} and {P} training sets in the MI-
BALS model fitting procedure will depend on the intended use 
of the model. Since the goal of vHTS work is to separate poten-
tially active compounds and chemotypes from random chemical 
space, MIBALS models built for vHTS purposes would typi-
cally use a set of active compounds for the {C} set and a diverse 
sample of drug-like molecules for the {P} set. Since there are 
no focused inactives (inactive compounds with the same chemo-
type as the actives) in this context, the {F} set would be empty 
({F} = ). The MIBALS models thus generated would be ap-
plied to ranking molecules in a vHTS context – separating ac-
tive chemotypes from random chemical space. The 
atom/fragment scores generated by these models would isolate 
the core chemical features that most distinguish active chemo-
types from random chemical space. The fragment scores may 
also reflect the pharmacophore for the active chemotype(s). 

 MIBALS models can also be applied to the analysis of a 
congeneric series, helping to determine fragments that di-
minish and/or enhance activity with respect to the active core 
of the chemotype. In this case, the {C} set would be com-
posed of active members of the congeneric series, while the 
{F} set would consist of inactive congeners. The {P} set 
could be composed of either a union of the {C} and {F} sets, 
or an independent diverse set of random drug-like molecules. 

 To investigate the behavior of the MIBALS models with 
respect to vHTS experiments, pharmacophore elucidation and 
congeneric series analysis, the following studies were performed: 

1. MIBALS Models: General vHTS Experiment – 40 
biological targets were chosen for vHTS experiments 
with mutual information models. Details of the data 
source, a list of the biological targets and the number 
of active ligands per target are given in the Methods 
section. For each biological target, MIBALS models 
were made using reference sets {C} of various sizes, 
consisting of ligands active against the target in ques-
tion. The {F} set was empty in all cases, ({F} =  ) 
and the {P} set consisted of 1600 diverse drug-like 
molecules. The MIBALS model retrieval rates were 
compared to retrieval rates obtained using multiple 
reference compound similarity searches using the 
maximum (MAX) and average (AVE) data fusion 
rules as described by Ginn et al. [29]. The data fusion 
rules produce similarity scores by applying the fol-
lowing conditions to the set of similarities between 
the test molecule t, and all of the reference molecules 
{Qi }.  

AVE–fusion score is an average of the similari- 
ties S = ave {S(Qi,t)} 

MAX –fusion score is the maximum of the similarities 
S = max {S(Qi,t)} 

where {S( Qi,t )} is the set of similarities between all 
of the reference group molecules Qi and the test 
molecule t. To facilitate discussion the number of 
compounds in the reference group will be referred to 

Table 1. Biological Target Codes: The Names and Abbreviations (Codes) of the 40 Biological Targets Considered in the vHTS 

Study 

 

Target Code Target Code 

5-HT1A serotonin 5-HT1A Endothelin A ETA 

5-HT1B serotonin 5-HT1B Factor II alpha FIIa 

5-HT2A serotonin 5-HT2A Farnesyl tranferase FTase 

5-HT2C serotonin 5-HT2C Factor X alpha FXa 

5-HT4 serotonin 5-HT4 HIV reverse transcriptase  HIV-1-RT 

Acetylcholinesterase AChE HIV protease HIVPR 

Adenosine A1 receptor ADORA1 Hydrolase (multiple targets) HLase 

Alpha-1 adrenergic receptor ADRA1 Histamine Receptor H3 HRH3 

Adenosine kinase AK Kappa opioid receptor KOR 

Butylcholinesterase BChE Matrix metalloprotease-3 MMP-3 

Carbonic anhydrase 1 CA-1 Matrix metalloprotease-8 MMP-8 

Carbonic anhydrase 2 CA-2 Micro-opioid receptor MOR 

Cannabinoid CB1 CCB1 Melatonin MT1 receptor MT1 

Cholecystokinin B  CCKB Neuropeptide Y receptor 5 NPY5 

CDK2/Cyclin-A-dependant Kinase  CDK2-Cyclin_A cAMP phosphodiesterase 4 PDE4 

Cyclooxygenase-2 COX-2 cGMP phosphodiesterase 5 PDE5 

Dopamine D2 D2 Protein tyrosine phosphatase 1B PTP-1B 

Dihydrofolate reductase DHFR Steroid receptor coactivator SRC 

Dimerization partner 2 DP2 Tumor necrosis factor-alpha converting enzyme  TACE 

Epidermal growth factor receptor EGFR Trypsin Trypsin 
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as n. The MAX rule was chosen for the validation of 
MIBALS because studies to date suggest the MAX 
fusion rule is the most effective for fingerprint based 
similarity searches [30, 31]. 

2. MIBALS Pharmacophore Elucidation – MIBALS 
models for PDE4 and FXa were constructed with the 
same training sets used in the general vHTS experi-
ments ({C} = active ligands, {F} = , {P} = diverse 
drug-like molecules). The MIBALS models were 
used to score atoms in the X-ray determined ligand 
structures 1R06 and 1FAX. The neutral 1R06 ligand 
(rolipram) was untouched from the crystal structure. 
The amidine group of the 1FAX ligand was proto-
nated to produce the amidinium group. Protein resi-
dues were assigned standard (pH=7) protonation 
states. The pattern of fragment scores of both ligands 
were compared with binding contacts known from the 
crystal structures. 

3. MIBALS Congeneric Series Analysis – a congeneric 
series of PDE4 inhibitors was chosen for analysis 
with the MIBALS models. The {C} reference set 
contained all the active congeners (pIC50>7) while the 
{F} set contained the inactive congeners. The {P} set 
was the entire series ({P} = {C}  {F}). 

 

METHODS 

 vHTS Test and Training Datasets: The entire dataset 
used in this study consisted of 10106 unique compounds 
with biological measurements spanning 438 biological tar-
gets, compiled from Journal of Medicinal Chemistry articles 
covering the years 1994 to 2004. The data used is a subset of 
the ChemBioBaseTM database available from Jubilant Biosys 
Ltd. [32]. Details of the dataset preparation are available 
upon request. Forty (40) of the biological targets (listed in 
Table 1) were chosen to study the vHTS recall rates of MI-
BALS models. 

 It is important to note that the data contains many con-
generic series for each target, and there are many examples of 
active and inactive compounds for each target/chemical class 
combination. Since most of the measurements in the dataset 
are continuous, consisting mainly of pIC50 and IC50 values in 
different units, they were all normalized to pIC50 (M) activity 
values, and a threshold of pIC50 (M) > 6 was set to separate the 
'active' compounds for the study. The normalization procedure 
was less than perfect (due to variation in activity experiments 
among different journal articles), so this procedure introduced 
some noise into the activity data. In addition, the pIC50 thresh-
old of 6 is also somewhat arbitrary, and other thresholds could 
have been chosen. By computing the number of active com-
pounds at three different activity thresholds (pIC50 = 4, 6, 8), 
one can see that compounds for each of the forty targets span a 
number of activity ranges (Table 2). 

Table 2. Number of Active Compounds for Each Biological Target at Various pIC50 Thresholds 

  

# of Actives at Various pIC50 Thresholds 

Code pIC50 > 4 pIC50 > 6 pIC50 > 8 Code pIC50 > 4 pIC50 > 6 pIC50 > 8 

5-HT1A 505 480 165 ETA 417 375 207 

5-HT1B 161 118 9 FIIa 376 158 58 

5-HT2A 214 193 58 FTase 327 216 55 

5-HT2C 145 122 23 FXa 330 221 63 

5-HT4 91 89 15 HIV-1-RT 198 121 4 

AChE 186 87 30 HIVPR 226 219 186 

ADORA1 457 355 55 HLase 304 211 16 

ADRA1 573 522 161 HRH3 92 88 34 

AK 107 94 36 KOR 320 248 106 

BChE 109 70 9 MMP-3 477 418 117 

CA-1 696 483 30 MMP-8 313 279 148 

CA-2 723 701 290 MOR 381 301 153 

CCB1 107 98 27 MT1 170 164 102 

CCKB 81 73 21 NPY5 188 158 61 

CDK2-Cyclin_A 123 97 42 PDE4 221 162 44 

COX-2 244 112 6 PDE5 549 400 234 

D2 616 535 116 PTP-1B 210 102 0 

DHFR 175 132 47 SRC 344 225 48 

DP2 85 84 5 TACE 144 141 34 

EGFR 359 184 61 Trypsin 281 107 1 

Number of active compounds in the entire database at three different activity thresholds (pIC50 = 4, 6, 8) for each of the 40 biological targets considered in the vHTS study. At a 
pIC50 threshold of 4, the total number of active compounds is greater than the entire dataset because many compounds are active against multiple targets. 
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 Choosing an activity threshold of pIC50 > 6 means that 
the resulting data set contains a substantial number of inac-
tive compounds which belong to the same chemical classes 
as actives, and lie on the interface region of pIC50s between 4 
and 6. At an activity threshold of pIC50 > 4, the sum of all 
the active compounds is greater than the number of com-
pounds in the dataset, because many compounds are active 
against a number of the targets at this threshold, and thus 
count for more than one active compound when computing 
the total number of active compounds in the dataset. 

 A training set of 1600 unique compounds was con-
structed by randomly extracting from the entire 10106 com-
pound dataset 40 active compounds for each of the 40 targets 
in Table 1. All of the training compounds were removed 
from the entire dataset to create an 8506 compound external 
test set which was devoid of any of the training compounds. 
The external test set was used for determining the recall rates 
of the MIBALS models. 

 MIBALS Model Application Development: The scientific 
vector language (SVL) in the MOE software [33] was used 
to code up applications for MIBALS model fitting, MIBALS 
model evaluation and MIBALS based fragment scoring. 
These applications are available from the SVL program ex-
change (svl.chemcomp.com) under the title "Reverse Finger-
printing: Mutual Information Based Activity Labeling and 
Scoring (MIBALS)". 

 General vHTS Experiment: MIBALS models were made 
for biological activity against each target in Table 1 by using 
reference groups of various sizes consisting of compounds 
active against the target. Two different 2D fingerprinting 
schemes were used; the fragment-based 166 MDL MACCS 
key fingerprint [34] and the PCH fingerprint. The PCH fin-
gerprint is a typed graph triangle based fingerprint that uses 
the pharmacophore annotation points in the MOE software 
as triangle vertices. Details of the PCH implementation were 
presented in a previous publication [35]. Reference active 
compounds sets {C} of the following sizes – (n = 1, 7, 15, 
25) - were chosen for each target. In all cases the {P} set was 
taken to be the entire 1600 compound training set. To com-
pare the MIBALS models with multiple reference similarity 
searches, the MOE 2005.06 Fingerprint-Model application 
was used to create MAX and AVE data fusion fingerprint 
models with the {C} reference sets. 

 The MIBALS, MAX and AVE models were then used to 
virtually screen the external test dataset for active com-
pounds. The overall success of each screen was assessed 
using the area under the receiver operating characteristic 
(ROC AUC) [36, 37] curve. The scale for the ROC AUC 
was chosen so that 1.00 corresponds to a perfect model while 
0.5 is a random model. In addition to the ROC AUC, the 
ability of the methods to retrieve compounds early on in the 
virtual screening runs was assessed using enrichment factors 
(EF), computed as the percent active compounds retrieved 
when 1% (EF@1%) and 10% (EF@10%) of the test data-
base has been filtered. 

 Reference compounds were chosen by randomly select-
ing an appropriately sized subset (n = 1, 7, 15, 25) from the 
40 training compounds active against the target in question. 
This procedure was repeated five (5) times for each value of 
n, and the ROC AUC values averaged over all repetitions, to 

give the ROC AUC value for each reference group 
size/biological target combination. For each repetition, MI-
BALS models were made using three different values of  – 
0.5, 0.01 and 0.001 - in order to investigate the effect of this 
parameter on the MIBALS models. 

 MIBALS Pharmacophore Elucidation: To test MIBALS 
pharmacophore elucidation, X-ray structures of the biologi-
cal targets PDE4 and FXa with bound ligands (PDB codes 
1R06 and 1FAX respectively) were used as references for 
'true' pharmacophores. MIBALS models for PDE4 and FXa 
activity were constructed using reference sets ({C}) of 20 
active compounds for each target, randomly selected from 
the 1600 compound training database. The {P} set consisted 
of the entire 1600 training database. Both the MACCS and 
PCH fingerprints were used. MIBALS models were con-
structed for both systems with the  parameter set to 0.5. 
These models were then used to score the fragments in the 
PDB ligands. 

 MIBALS Congeneric Series Analysis: The ability of MI-
BALS models to detect beneficial and detrimental groups in 
a congeneric series was investigated using a set of 50 com-
pounds with known PDE4 activity. The pIC50(M) values for 
the compounds ranged from 5.2 to 9.2. An activity threshold 
was set such that compounds with a pIC50 > 7.0 are deemed 
active. At this threshold the dataset consisted of 32 actives 
and 18 inactives. These compounds can be divided into two 
related series – series 1 in Table (3) and series 2 in Table (4). 
Each series has examples of active and inactive compounds 
at an activity threshold of pIC50>7. 

 The {C} set was comprised the active compounds from 
both series, while the {F} set consisted of the inactive com-
pounds from both series. The {P} set was taken to be the 
union of {C} and {F} ({P} = {C}  {F}). MIBALS models 
were constructed using both the MACCS and PCH finger-
prints. Since this case is an example where the number of 
known actives and inactives is approximately equal, a value 
of 0.5 was used for . The resulting model was used to score 
atom fragments in representative active and inactive conge-
ners shown in Fig. (3). 

RESULTS AND DISCUSSION 

MIBALS Models: General vHTS Experiment 

 The general effect of reference group size (n) on the re-
call performance of MIBALS models is demonstrated in 
Figs. (4) and (5), which plot the average ROC AUC over all 
40 biological targets as a function of n. For comparison, the 
average ROC AUCs for the MAX and AVE fusion rule simi-
larity searches are also given. 

 The plots show that both the MACCS and PCH finger-
print MIBALS models, on average, perform at least as well 
as the AVE fusion rule similarity searches. In contrast, 
MACCS key MIBALS models generally produce smaller 
ROC AUC values than MACCS similarity searches using the 
MAX fusion rule, with the differences between the two in-
creasing as a function of n. MIBALS models made with 
PCH fingerprint bits produce ROC AUC values comparable 
to those produced by MAX fusion rule similarity searches up 
to n = 15, with only a small drop-off in ROC AUC by n = 
25. The comparable performance of the MIBALS and AVE 
fusion rule models over all targets and reference group sizes 
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suggests that the MIBALS molecule scores are reasonable 
for similarity searching, although not optimal. 

 The average ROC AUC produced by models trained with 
15 reference compounds is plotted for each biological target 
in Figs. (6) and (7). For comparison, the ROC AUCs pro-

Table 3. PDE4 Congeners - Series 1: Structures Used in PDE4 Active Congeneric Series Study. pIC50(M) Values are Given for 

Each Compound 

 

O

O

R2

R1 N
N O

R3  
 

 
PDE4 

pIC50 (M) 
R1 R2 R3  

PDE4 

pIC50 (M) 
R1 R2 R3 

1a 9.20 CH3 CH3 adamantyl 1h 8.20 ethyl ethyl 

O

O
 

1b 9.20 CH3 CH3 c-hexyl 1i 8.20 CH3 CH3 O

 

1c 9.10 CH3 CH3 

 

1j 8.10 CH3 CH3 

 

1d 9.10 CH3 CH3 c-heptyl 1k 8.10 CH3 CH3 n-butyl 

1e 9.00 c-propyl CH3 c-heptyl 1l 8.00 CH3 c-propyl n-butyl 

1f 8.90 CH3 CH3 S

 

1m 8.00 CH3 CH3 

O

 

1g 8.30 ethyl ethyl 

O

OH  

1n 8.00 CH3 CH3 

OH

 

1o 7.90 CH3 CH3 t-butyl 1v 7.40 CH3 CH3 CH2C CH 

1p 7.80 CH3 CH3 Isopropyl 1w 7.30 CH3 CH3 

O

OH

 

1q 7.70 CH3 CH3 

O

 

1x 7.10 c-pentyl CH3 H 

1r 7.60 CH3 CH3 

 

1y 6.80 CH3 CH3 CH3 

1s 7.60 CH3 CH3 N

 

1z 6.40 CH3 CH3 H 

1t 7.50 CH3 CH3 OH
 

1aa 6.40 CH3 CHF2 H 

1u 7.40 CH3 CH3 ethyl 1bb 6.10 CH3 CHF2 phenyl 
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duced from MAX and AVE fusion rule similarity searches 
are also shown. 

 The plots in Figs. (6) and (7) show that the absolute and 
the relative recall performance is both method and target 

Table 4. PDE4 Congeners - Series 2: Structures Used in PDE4 Active Congeneric Series Study 

 

R3O

R2

O

R1

 
 

 
PDE4  

pIC50 (M) 
R1 R2 R3  

PDE4 

pIC50 (M) 
R1 R2 R3 

2a 7.52 c-pentyl CH3 N

O

O
 

2f 7.15 c-pentyl CH3 N

O

O
 

2b 7.25 c-pentyl CH3 N

O

N

 

2g 7.05 c-pentyl CH3 N
N

 

2c 7.23 c-pentyl CH3 N

O

O
 

2h 7.00 c-pentyl CH3 N

O

NH2
 

2d 7.19 c-pentyl CH3 N

O

O
 

2i 696 c-pentyl CH3 N

O

O
 

2e 7.15 c-pentyl CH3 N

O

S  

2j 6.90 CH3 CH3 

N

N

O  

2k 6.84 c-pentyl CH3 N
N

O

 

2q 6.55 c-pentyl CH3 N
S

O

O

 

2l 6.81 c-pentyl CH3 N
NH2

S

 

2r 6.50 c-pentyl CH3 N

O

 

2m 6.80 c-pentyl CH3 N

O

NH2

O

 

2s 6.40 CH3 CH3 

N

N

O

 

2n 6.80 CH3 CHF2 
N NH

O

 

2t 6.20 CH3 CH3 

N NH

O

 

2o 6.71 c-pentyl CH3 N

O

O
 

2u 6.13 c-pentyl CH3 N
N
H

O

 

2p 6.70 CH3 CH3 

N NH

O

 

2v 6.10 c-pentyl CH3 N

O

N O  
pIC50(M) values are given for each compound. 
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dependant. For some targets all three model types produce 
similar ROC AUCs, while for other targets there is wide 
variation in the recall results produced by each method. For 
example, the MAX rule exhibits much better recall rates than 
either the MIBALS or AVE models for some targets (e.g., 
BChE with the MACCS keys), while for other targets (e.g., 
COX-2 with MACCS keys), the MIBALS model produces a 
better recall rate. 

N
N

O

O

O

N
N
H

O

O

O

F F

1 (PDE4 pIC50: 9.2) 2 (PDE4 pIC50: 5.2)  

Fig. (3). PDE4 congeneric series analysis: Sample PDE4 active 
and inactive structures used to demonstrate MIBALS fragment 
scoring of congeneric compounds. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (4). MACCS fingerprint - ROC AUC vs n: The MACCS key 
ROC AUCs averaged over all 40 biological targets as a function of 
the number of reference compounds n. 

 The somewhat poorer recall performance of MIBALS 
models relative to MAX similarity searching as the reference 
set size increases is at first glance somewhat discouraging, 
especially since MAX fusion rule similarity searching is 
conceptually much simpler than the MIBALS models. How-
ever, the differences can be rationalized if one considers the 
effect of reference set size and diversity on similarity search-
ing results; similarity searching in chemical space can be 
represented pictorially using similarity score contours - in 
Fig. (8), each point represents a compound, with the dis-
tances between the points measuring the dissimilarity, D, 
between the compounds (where D = 1- Sab, and Sab is the 
similarity between compounds A and B). 

 The black square in Fig. (8) represents a single reference 
compound G, while the grey circles are active compounds 
that ideally would be retrieved in the virtual screen. When 

only one reference compound is used, the MAX and AVE 
fusion rules produce identical scores, which form concentric 
circles around the reference compound. However, differ-
ences in behavior between the MAX and AVE fusion rules 
become apparent as the size and diversity of the reference set 
increases. In Fig. (9), the AVE and MAX fusion rule similar-
ity score contours are drawn for three different reference set 
scenarios. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (5). PCH fingerprint - ROC AUC vs n: The PCH fingerprint 
ROC AUCs averaged over all 40 biological targets as a function of 
the number of reference compounds n. 

 When the reference compounds are clustered closely in 
chemical space as shown in Fig. (9a), the AVE and MAX 
fusion rules produce similar score isocontours, and compara-
ble recall rates would be expected from similarity searches 
using either rule. However, as the reference compounds be-
come increasingly diverse, as shown in Fig. (9b) and (9c), 
the AVE rule isocontours center on the average chemical 
space of the reference compounds, while the MAX rule con-
tours outline the different clusters of reference compounds. 
Thus, different recall rates are expected from the AVE and 
MAX fusion rules when diverse reference sets are used for 
training. 

 The previous discussion suggests that MIBALS models 
would produce results similar to the AVE fusion rule be-
cause both approaches produce scores derived from all the 
reference compounds, as opposed to the MAX fusion rule 
scores, which reflect only the reference compound most 
similar to the query. Further discrepancy is expected between 
MIBALS scores and MAX and AVE similarity scores be-
cause MIBALS models lump the fingerprint bits from all the 
reference compounds into one score, without regard to how 
the bits were grouped in the original compounds. This is one 
effect of the assumption of bit independence made in equa-
tion (9) - information about bit correlations contained in the 
original reference compounds (i.e., active compounds have 
bit A or B, but not both) is lost in the MIBALS score. Detri-
mental effects due to bit correlation are expected to be more 
prominent when using fingerprints with a small number of 
unique bits such as the MACCS keys, because there are 
fewer bits to describe the entirety of chemical space, and 
thus there is a greater likelihood that active and inactive 
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compounds share the same bits. Indeed, MIBALS models 
made with the MACCS keys always under-perform the 
MAX similarity search results, while MIBALS models made 
with the much larger key set of the PCH fingerprint have 
comparable perform to MAX similarity searching. 

 Further insight into the relative behavior of the MIBALS 
and similarity searching models can be gained from consid-
ering the enrichment factors as a function of reference group 
size. In Figs. (10) and (11) the enrichment factors at 1% and 
10% of the database filtered are given as a function of  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (6). MACCS fingerprint: Average ROC AUC with n=15 reference structures. MIBALS, MAX and AVE models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (7). PCH fingerprint: Average ROC AUC with n=15 reference structures. MIBALS, MAX and AVE models. 
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Fig. (8). Similarity isocontours (single reference structure): Plot 
points represent compounds in chemical space and distances be-
tween points measure dissimilarity (D), given by D = 1- Sab. The 
black square represents a single reference compound G, and the 
grey circles are active compounds that ideally will be retrieved in 
the virtual screen. With a single reference compound, the similarity 

score, SAB is simply the similarity of the test compound with G – 

these are plotted at approximate isocontours of SAB = 0.8, 0.5 and 
0.2. The similarity score isocontours form concentric circles in 
chemical space centered around the reference compound. 

reference group size (n) for the data fusion similarity models 
and for the MIBALS models. The plots in Fig. (10) show 
that both at the 1% and the 10% database filtered levels, the 
MACCS MIBALS enrichment factors as a function of n 
closely follow those of the AVE fusion rule enrichment fac-
tors, and except for the case of n=1, are lower then the MAX 
rule enrichment factors. The plot in Fig. (11) shows that both 
at the 1% and the 10% database filtered levels, the PCH MI-
BALS enrichment factors more closely follow the PCH 
MAX fusion rule enrichment factors as a function of n, and 
are always greater than the AVE fusion rule enrichment fac-
tors. Furthermore, up to a reference group size of n=7, the 
PCH MIBALS enrichment factors are larger than the PCH 
MAX fusion rule enrichment factors, reflecting the results in 
Fig. (5) which show that up to n=7, the PCH MIBALS mod-
els yield on average slightly higher ROC AUC values that 
the PCH MAX fusion rule models. Interestingly, the MI-
BALS enrichment factors seem less sensitive to changes in n 
than the MAX of AVE fusion rule enrichment factors. 

 The effect of different  parameters on the MIBALS 
models is demonstrated in Figs. (12) and (13). Here, the av-
erage ROC AUC for each biological target obtained with 15 
reference compound (n = 15) MACCS and PCH MIBALS 
models is plotted for three different values of ; 0.001, 0.01 
and 0.5. 

 The plots in Figs. (12) and (13) show that the  parameter 
has little effect on the recall rates of the methods. This may 
partially be expected, because in the vHTS experiments per-
formed here the 'inactive' compounds are random drug-like 
molecules, with near-zero information in their bits. Thus, 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (9). AVE and MAX similarity score isocontours (multiple reference structures): (a) When reference structures all cluster together 
tightly in chemical space, the MAX and AVE fusion score isocontours are similar. (b) When reference structures form tight but proximal 
clusters, the MAX and AVE score contours begin to differ. (c) When reference structures spread unevenly in chemical space, the MAX and 
AVE score contours are quite dissimilar, with the MAX score more closely capturing the known actives. 
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even though (1- ) >  at small values of , the bit score Sk is 
still dominated by the I11 and I00 terms, because the informa-
tion in the I01 and I10 terms is expected to be near zero. Ex-
periments to investigate the effect of increasing the impor-
tance of the I01 and I10 terms by adding focused inactives to 
the training set will be the subject of future work. 

MIBALS Pharmacophore Elucidation 

 The MACCS and PCH fingerprint MIBALS atom scores 
for DX-9065 are drawn in Figs. (14) and (15), along with a 
2D representation of the 1FAX active site residues. H-bond 
interactions between the ligand and the receptor are shown as 
solid arrows. The fragment scores are also shown. For clar-

ity, the fragment scores have been rounded to the nearest 
integer, and only scores with absolute values > 10 are shown. 

 Both the MACCS and PCH fingerprints produce atom 
scores for DX-9065 that reflect the important protein-ligand 
interactions. The highest scoring atoms are those that either 
directly form H-bonds with the receptor, or are in fragments 
that H-bond with the receptor. 

 Similarly, the MACCS and PCH fingerprint MIBALS 
atom scores for rolipram are drawn in Figs. (12) and (13), 
along with a 2D representation of the 1R06 active site. 

 Both the MACCS and PCH fingerprints produce rolipram 
atom scores that reflect the important protein-ligand interac-

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (10). ER curves for MACCS: EF@1% and EF@10% vs n for MAX, AVE and MIBALS models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (11). ER curves for PCH models. EF@1% and EF@10% vs n for MAX, AVE and MIBALS models. 
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tions. The crucial catechol group oxygen atoms are assigned 
the highest score by both the PCH and MACCS fingerprints. 

MIBALS Congeneric Series Analysis 

 The PCH and MACCS core model fragment scores, as 
calculated with the above MIBALS model of PDE4 activity, 
are shown in Fig. (14) for the two sample PDE4 inhibitors.  

 Since this is a core model, the {F} set was empty during 
the model training. Thus, the fragment scores simply reflect 
the molecular core of the series. Note that similar scores are 
produced for both structures 1 and 2, since no activity differ-
ence was applied during model training. Almost all mole-
cules in this series contain the catechol group, as reflected by 
the large PCH and MACCS fragment scores. The carbonyl 
group on a nitrogen heterocycle is also a common feature in 
this series, and this is also reflected in the PCH and MACCS 

fragment scores. In contrast, fused cyclohexenyl ring is not 
common to the entire series, and is thus assigned relatively 
low scores in the example compounds. Furthermore, the 
pendant cyclohexyl group in compound 1, also not a core 
feature of this series, is also assigned relatively low scores by 
both PCH and MACCS fingerprints. 

 The PCH and MACCS select model fragment scores are 
shown in Fig. (15) for the two sample PDE4 inhibitors. 

 Since this is a select model, the {F} set consisted of all 
training set compounds with pIC50 < 7. Thus, the fragment 
scores reflect differences between the congeners that either 
enhance activity (positive score, solid sphere) or diminish 
activity (negative score, wire sphere) with respect to the core 
structure. Comparison of the select fragment scores with the 
core fragment scores in the previous figure reveals a general  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (12). MACCS MIBALS models: Average ROC AUC v. target (n=15 reference structures) - effect of  (  = 0.001, 0.01, 0.5). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (13). PCH MIBALS models: Average ROC AUC v. target (n=15 reference structures) - effect of  (  = 0.001, 0.01, 0.5). 
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Fig. (14). MACCS fingerprint MIBALS FXa pharmacophore. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (15). PCH Fingerprint MIBALS FXa pharmacophore. 

diminishment of the core fragment scores, and an increase in 
the magnitude of peripheral fragment scores. Compared with 
the core model fragment scores, the select PCH fragment 
scores for compound 1 show decreases in the core feature 
scores (e.g. the catechol and the carbonyl) and an increase in 
the pendant cyclohexyl score. The PCH select fragment 
scores for compound 2 show diminished core fragment 
scores (compared with the core model fragment scores), 
coupled with the appearance of a large negative sphere on 
the unsubstituted heterocycle NH group. Indeed, many com-
pounds in this series which contain an unsubstituted NH 
group exhibit diminished activity. The MACCS select frag-
ment scores for compounds 1 and 2 are markedly different 
from the MACCS core model fragment scores. In both case 
the MACCS scores for the core molecular fragments are near 
zero, reflecting the presence of these features in both the 
active and inactive subsets. The MACCS select scores cor-
rectly identify the fluoro groups and the unsubstituted NH 
group in compound 2 as potential problem points. The  
 

MACCS select scores for compound 1 further highlight the 
importance of substitution on the heterocyclic trivalent N. 
The unsubstituted NH group gets a negative score in com-
pound 2. However, in compound 1, this nitrogen is substi-
tuted, and is assigned a large positive score. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (16). MACCS MIBALS pharmacophore model for PDE4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (17). PCH MIBALS pharmacophore model for PDE4 inhibi-
tors. 

CONCLUSIONS 

 In this work we have developed a method for scoring 
molecules based on mutual information analysis of 2D fin-
gerprints. The method was validated by application to vHTS 
experiments, pharmacophore elucidation and congeneric 
series analysis. Although the validation studies presented 
here are not exhaustive, these preliminary results are encour-
aging because they indicate that the method is capable of  
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Fig. (18). Core PDE4 MIBALS models for compounds 1 and 2; Fragment scores for 'active' compound 1 (pIC50 = 9.2) using the core PCH 
model (A) and the core MACCS model (C). Fragment scores for 'inactive' compound 2 (pIC50 = 5.2) using the core PCH model (B) and the 
core MACCS model (D). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (19). Select PDE4 MIBALS models for compounds 1 and 2; Fragment scores for 'active' compound 1 (pIC50 = 9.2) using the core PCH 
model (A) and the core MACCS model (C). Fragment scores for 'inactive' compound 2 (pIC50 = 5.2) using the core PCH model (B) and the 
core MACCS model (D). 
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producing reasonable whole molecule scores for virtual 
screening, as well as meaningful atom scores for important 
pharmacophore fragments. In addition, this approach can be 
applied to any fingerprint system where it is possible to map 
between the fingerprint bits and the atoms used in their dis-
cussion. 
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