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Introduction

Molecular substructures and fingerprints have a long history in
chemical database mining[1–4] and are currently in wide use for
similarity searching.[5–8] In addition to fingerprints that repre-
sent hashed connectivity pathways[9] and two-dimensional (2D)
pharmacophore patterns,[10] fingerprints that record structural
features[3, 11–17] are among the most popular 2D fingerprints.[5, 8]

Various types of structural fingerprints are distinguished, partic-
ularly those based on substructure dictionaries such as BCI,[3, 11]

MACCS keys,[12, 13] and ACCS-FPs,[17] as well as circular feature
fingerprints such as layered atom environment[14] and extend-
ed connectivity fingerprints (ECFPs).[15, 16] Dictionary-based fin-
gerprints are of fixed length. For example, the standard version
of the BCI fingerprint and the publicly available version of
MACCS consist of 1052 and 166 structural descriptors, respec-
tively, and each bit position accounts for the presence or ab-
sence of a specific structural feature. Modal versions of these
types of fingerprints are also available that report fragment
counts in test molecules, not only the presence or absence of
catalogued fragments. BCI and MACCS are general in their
design and do not incorporate compound-class-specific struc-
tural information. In contrast, with circular fingerprints[14–16]

atom environments are systematically recorded in multiple
layers around individual atoms. These features are then
mapped to unique integer codes using a hash function.[16]

However, different from hashed fingerprints,[9] substructures
can be extracted from individual features. Furthermore, differ-
ent from keyed fingerprint designs, circular fingerprints gener-
ate features in a molecule-directed manner, and the number of
feature strings typically varies depending on the test mole-
cules. Systematic comparisons of fingerprint search perfor-
mance have shown that circular fingerprints are often the top-

performing search tools,[18, 19] in addition to compound-class-di-
rected and trainable 2D molecular property fingerprints,[20]

which perform particularly well on compound classes of in-
creasing structural diversity.[21] Moreover, in addition to MACCS
keys, Scitegic’s ECFPs[15] are probably among the most widely
applied fingerprints in current use, and this is due, in part, to
their implementation in the popular Pipeline Pilot software en-
vironment.[16]

The performance of fingerprint similarity search calculations
generally benefits from the availability of multiple reference
compounds,[6, 8] due to the increased content in chemical and
structure–activity relationship information.[8] Accordingly, vari-
ous strategies have been introduced for fingerprint searching
using multiple reference compounds; these include scoring[10]

or scaling[22, 23] of compound set-characteristic bit patterns, fin-
gerprint averaging techniques,[24, 25] and data fusion approaches
such as k nearest-neighbor (kNN) calculations.[26] In compari-
sons of alternative search strategies on different compound
classes, nearest-neighbor methods often produce the highest
recall of active compounds.[6, 7]

The performance of fingerprint search calculations is gener-
ally influenced by three factors: the characteristics of the fin-
gerprint, the similarity metric applied to quantitatively com-
pare fingerprint bit settings, and the search strategy. Similar to
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The Pipeline Pilot extended connectivity fingerprints (ECFPs)
are currently among the most popular similarity search tools in
drug discovery settings. ECFPs do not have a fixed bit string
format but generate variable numbers of structural features for
individual test molecules. This variable string design makes
ECFP representations amenable to compound-class-directed
modification. We have devised an intuitive feature-filtering
technique that focuses ECFP search calculations on feature
string ensembles of given compound activity classes. In combi-

nation with a simple bit-density-dependent similarity function,
feature filtering consistently improved the search performance
of ECFP calculations based on Tanimoto similarity and state-of-
the-art data fusion techniques on a diverse array of activity
classes. Feature filtering and the bit density similarity metric
are easily implemented in the Pipeline Pilot environment. The
approach provides a viable alternative to conventional similar-
ity searching and should be of general interest to further
improve the success rate of practical ECFP applications.
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exploring different fingerprint
designs and search strategies,
attempts have also been carried
out to identify similarity metrics
that improve compound recall
achieved with the Tanimoto co-
efficient (Tc)[4] that is most often
applied to quantify molecular
similarity based on fingerprint
overlap. However, systematic ex-
plorations of many alternative
similarity coefficients and their
combinations have essentially
failed to identify more promis-
ing alternatives.[27, 28] Hence, Tc
calculations continue to domi-
nate the evaluation of finger-
print similarity searching.

We recently introduced a sim-
ilarity function for a specific fin-
gerprint design, the so-called
ACCS-FPs,[17] which consist of a
limited number of substructures
that are characteristic of a given
compound class. In their cur-
rently most advanced version,
these class-directed structural fingerprints consist of only 20–
30 bit positions on average,[29] and are thus much smaller than
conventional fingerprints. Due to this very small size, Tc calcu-
lations are no longer a reliable similarity measure for ACCS-FPs,
and we therefore designed a simple bit-density-dependent
similarity metric that has produced promising search results.[29]

On the basis of these findings, we asked whether such an
unconventional similarity measure for small bit string represen-
tations might also be applicable to general state-of-the-art fin-
gerprints. In addition, we devised a simple filtering method
that is applicable to molecule-oriented fingerprints and focuses
the search on features that are prevalent in active compounds.
We therefore applied the bit density metric to ECFP finger-
prints in combination with feature filtering and compared the
approach to Tc calculations and nearest-neighbor search strat-
egies. The results of our analysis showed that bit density
metric calculations with feature filtering consistently produced
higher compound recall than standard calculations, thus im-
proving the search performance of ECFP further. The simplicity
of the approach introduced herein enables its routine applica-
tion to circular fingerprints and provides an attractive alterna-
tive to currently preferred search strategies.

Methods and Materials

Compound data sets

A total of 21 activity classes were assembled from the MDL
Drug Data Report (MDDR),[30] each of which contains between
94 and 218 compounds, as reported in Table 1. The number of
unique core structures present in each activity was calculated

by using a hierarchical scaffold analysis algorithm[31] and is also
reported in Table 1. As can be seen, the activity classes were
structurally diverse, as indicated by low average similarity
values and the presence of many unique scaffolds. The compo-
sition of the MDDR compound data sets is freely available via
http://www.lifescienceinformatics.uni-bonn.de (see Down-
loads). Each activity class was randomly divided into 10 differ-
ent reference and test sets that were used in independent
search trials. Each reference set contained 20 randomly select-
ed compounds of an activity class, and the remaining active
molecules were added to the background database as poten-
tial hits (i.e. , between 74 and 198 active database compounds
were available). The background database for similarity search
trials consisted of 120 000 randomly selected ZINC[32] com-
pounds, all of which were considered inactive.

Fingerprints

Two versions of extended connectivity fingerprints, ECFP_4
and ECFP_6,[15] were used in their Pipeline Pilot[16] implementa-
tion. These fingerprints consist of molecule-specific sets of lay-
ered atom environments. A code is assigned to each non-hy-
drogen atom in a molecule that combines its mass, charge, el-
ement type, and the number of bonds to other atoms. A
number of iterations are then performed by fusing the initial
atom code with codes of neighboring atoms until a predefined
bond diameter is reached, that is, a four-bond layer for ECFP_4
and a six-bond layer for ECFP_6. The resulting features are
sampled, transformed through a hashing procedure, and re-
corded as integers. The choice of the ECFP_4 and ECFP_6 fin-
gerprints over alternative ECFPs with larger bond diameters

Table 1. Activity classes.

Code Activity Class Number of
Molecules

Number of
Unique

Scaffolds

Avg_Tc[a] STD_Tc[b]

5HT 5HT Reuptake Inhibitor 146 80 0.42 0.11
ACAT ACAT Inhibitor 114 61 0.39 0.12

ARI Aldose Reductase Inhibitor 134 63 0.39 0.12
COX Cyclooxygenase Inhibitor 190 72 0.34 0.12

COX2 Cyclooxygenase-2 Inhibitor 96 42 0.35 0.13
FPT Farnesyl Protein Transferase Inhibitor 106 66 0.38 0.14
FXa Factor Xa Inhibitor 96 72 0.46 0.11
IL1 IL-1 Inhibitor 116 67 0.34 0.13
LKA Leukotriene Antagonist 130 74 0.38 0.12
LPI Lipid Peroxidation Inhibitor 176 93 0.36 0.12
LSI Leukotriene Synthesis Inhibitor 128 63 0.36 0.11
MRI Mediator Release Inhibitor 118 66 0.41 0.12
NOS Nitric Oxide Synthase Inhibitor 106 62 0.41 0.13
PA2 Phospholipase A2 Inhibitor 106 52 0.33 0.13
PAF PAF Antagonist 162 97 0.40 0.12
PDE Phosphodiesterase III Inhibitor 94 48 0.42 0.12
PKC Protein Kinase C Inhibitor 98 54 0.38 0.13
RTI Reverse Transcriptase Inhibitor 214 85 0.37 0.11
TNF TNF Inhibitor 194 94 0.38 0.13
TPK Tyrosine-Specific Protein Kinase Inhibitor 218 102 0.36 0.12
TSI Thromboxane Synthetase Inhibitor 96 58 0.38 0.12

[a] Average pair-wise Tanimoto coefficient values. [b] Standard deviations for Avg_Tc values were calculated
using MACCS structural keys as an approximate measure of intra-class structural heterogeneity.
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was supported by similarity search test calculations reported in
the Results section.

Feature filtering

Activity class features (ACF) were defined as all unique ECFP
features produced by a reference set of active compounds.
Reference compounds might generate overlapping yet distinct
feature sets, and the union of all features represents the ACF
set. As illustrated in Figure 1, ACF were calculated and then
used to filter ECFP features generated by database com-
pounds. Non-ACF, that is, features that only occured in data-
base compounds but not in active reference molecules, were
determined and removed from fingerprint representations of
the database compounds. Thus, for the evaluation of the simi-
larity of reference and database compounds, only ACF were
considered.

Bit-density-dependent similarity metric

For similarity evaluation, we applied our previously introduced
bit-density-dependent similarity metric (BDM),[29] which was
originally designed for the comparison of short fragment fin-
gerprints of fixed formats as an alternative to Tc calculations.
For short fingerprints, BDM is calculated by dividing the
number of bit positions that are set “on” (i.e. set to 1) in a
given fingerprint by its total number of bit positions, hence
producing a bit density. A preset bit density is then used as a
similarity threshold or cutoff. It is defined as the maximal bit

density MAX found in active molecules of a reference set multi-
plied by a coefficient within the range of [0.5, 1] to yield the
final similarity cutoff:

cutoff ¼ MAX � coefficient

Database molecules with a bit density equal to or greater
than the final cutoff value are then considered active. Thus, dif-
ferent from Tc calculations, BDM in its original implementation
does not produce a compound ranking; rather, the application
of the cutoff value determines the size of the database selec-
tion set. For keyed fingerprints with a constant length, the ap-
plication of the cutoff coefficient has the advantage that com-
pound similarity can be assessed by using a sliding bit density
window that captures the bit density within the reference set,
whereas compound ranking does not use this information and
only depends on the fingerprints of the database compounds.

The bit density metric as defined above can be easily adopt-
ed for the comparison of ECFP
features. Following our ACF ap-
proach, BDM is calculated by di-
viding the number of ACF pres-
ent in a test molecule by the
total number of ACF present in
the active reference set. The
major difference between BDM
applied to keyed fingerprints of
fixed format, in its original appli-
cation, and BDM applied to ACF
is that ECFPs represent mole-
cule-specific feature ensembles
with essentially no limit on the
number of features. Thus, the
total number of ACF present in
a reference set is variable and
provides the basis for feature
density calculations of individual
reference and test compounds.
For application of the cutoff co-
efficient, as described above,
the highest density calculated
for a reference compound be-
comes MAX, and database mole-
cules with an ACF density equal
to or greater than the cutoff are
then considered to be active.

ECFPs are molecule-specific
feature strings, and the union of features in active reference
compounds represents all ACF, which provides an activity-
class-dependent reference point for feature density calcula-
tions. Therefore, in this case, BDM can also be easily converted
into a continuous ranking function by omitting the cutoff cal-
culations. Database compounds are then directly ranked by
their calculated ACF density, that is, the ratio of ACF they con-
tain over the total number of ACF per reference set. In our
analysis, we also explore this alternative feature density rank-
ing scheme, termed BDMRank.

Figure 1. ACF BDM fingerprint searching: An outline of the ACF BDM approach to similarity searching using ex-
tended connectivity fingerprints is shown. Active (AC) and database (DB) compounds are encoded using ECFP_4
and ECFP_6. Features that do not occur in active compounds are deleted from database compound representa-
tions (gray shaded squares). From a reference set of active compounds, a bit or feature density cutoff is deter-
mined based on the maximal feature density observed within the set and the chosen cutoff coefficient. Using this
similarity cutoff value, the feature-filtered database is searched, and a compound selection set (putative “Hits”) is
determined. ADC stands for active database compound.
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Similarity searching with feature filtering, BDM, and
BDMRank

For ACF BDM calculations, six different coefficients were ap-
plied, ranging from 0.5 to 1 in increments of 0.1. For each ref-
erence set, a final coefficient was selected that produced a da-
tabase selection set of a maximal size of close to 100 mole-
cules, and for this selection set the recovery rate (RR) of active
database compounds was determined. For each activity class,
the average selection set size and recovery rate were then cal-
culated over 10 individual search trials. ACF BDMRank calcula-
tions were carried out for all activity classes and recorded in
cumulative recall curves for up to 1000 database compounds.

Reference calculations

ACF BDM calculations with ECFP_4 and ECFP_6 were com-
pared with standard ECFP Tc calculations without feature filter-
ing (unfiltered) and filtered ECFP Tc. For all calculations, the
same reference sets were used. The Tanimoto coefficient is de-
fined as:

Tc ¼ c=ðaþ b�cÞ

in which c is the number of bit positions common to finger-
prints A and B, a is the number of bit positions set on in A,
and b is the number of bit positions set on in B. For Tc calcula-
tions, series of search calculations that apply four kNN search
strategies[25] were carried out: 1NN, 5NN, 10NN, and 20NN. In
1NN calculations, a database compound is assigned the high-
est similarity value calculated against any of the 20 reference
molecules. In the alternative calculations, similarity values are
averaged over the five, 10, and 20 most similar reference mole-
cules, respectively, to produce the final similarity value. Hence,
for reference sets of 20 molecules, the 20NN calculations take
into account contributions from all reference molecules equal-
ly. ACF BDMRank calculations were compared with 1NN similar-
ity searching, which was found to be the best performing
nearest-neighbor search strategy (see below).

Results and Discussion

Combining feature filtering and feature density calculations

The ACF BDM approach is outlined in Figure 1. It initially de-
pends on generating and comparing ECFP feature ensembles
for available active reference molecules and screening data-
base compounds. Features not present in active compounds
are removed from the ECFP representations of all database
compounds. The maximum number of features per reference
set compound is then determined and used as an upper-limit
similarity threshold. A preferred similarity cutoff value is calcu-
lated by varying the cutoff coefficient in order to obtain a da-
tabase selection set of suitable size. Thus, a difference from
standard Tc calculations is that BDM does not provide continu-
ous database compound ranking but database selection sets
of varying size. For ensembles of molecule-specific feature

strings (instead of constant-length fingerprints), BDM calcula-
tions can also be easily converted into a continuous ranking
scheme, BDMRank, by omitting cutoff calculations. Feature fil-
tering essentially focuses the search on fingerprint patterns of
active reference compounds. In combination with BDM, com-
pounds are retrieved that closely match the feature distribu-
tion of the reference set.

Fingerprint selection

To compare the basic similarity search performance of ECFPs
with different bond diameters, 1NN Tc calculations were car-
ried out over all activity classes with ECFP_4, _6, _8, _10, and _
12, and average recovery rates were calculated for database
selection sets of 100 compounds. For these fingerprints of in-
creasing bond diameter, average recovery rates of 18.9, 18.6,
18.4, 18.3, and 18.2 % were obtained, respectively. Thus, the
search performance was overall very similar for the alternative
ECFPs, but recovery rates decreased slightly with increasing
bond diameters. Therefore, we focused our analysis on ECFP_4
and ECFP_6.

Feature density, filtering, and cutoff coefficients

The number of features generated by ECFP_4 and ECFP_6 was
compared for different activity classes. Table 2 reports the
median values of features in activity classes as well as the
median values of features in database compounds after filter-
ing. For ECFP_4 and ECFP_6, active compounds contained 41–
53 and 55–80 features, respectively. The median numbers of

Table 2. Median feature density.[a]

AC

ECFP_4 ECFP_6

ACF[b] Filtered
DB

ACF[b] Filtered
DB

5HT 42.0 25.0 59.0 27.0
ACAT 50.0 26.0 69.0 27.0

ARI 46.5 27.0 62.0 28.0
COX 41.0 28.0 55.0 29.0

COX2 45.0 25.0 61.0 26.0
FPT 57.5 26.0 80.5 28.0
FXa 55.0 25.0 76.0 26.0
IL1 44.0 27.0 61.0 28.0
LKA 52.0 26.0 73.0 27.0
LPI 45.5 28.0 61.0 29.0
LSI 46.5 25.0 63.0 26.0
MRI 45.0 27.0 62.0 28.0
NOS 43.0 25.0 57.5 26.0
PA2 44.0 25.0 61.0 26.0
PAF 53.0 27.0 72.0 29.0
PDE 45.0 24.0 61.0 25.0
PKC 48.0 26.0 66.5 27.0
RTI 45.0 28.0 60.5 29.0
TNF 45.0 28.0 62.0 29.0
TPK 47.0 29.0 64.5 30.0
TSI 50.0 25.0 69.0 27.0

[a] For each activity class the median number of ECFP_4 or ECFP_6 fea-
tures is reported. Additionally, the median numbers of activity class fea-
tures in database compounds are given. [b] Activity class features.
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unfiltered ECFP features present
in the database compounds
were 44 and 61 for ECFP_4 and
ECFP_6, respectively. ECFP_6
generally produces more (and
larger) features than ECFP_4 be-
cause of its larger bond diame-
ter. Overall, active compounds
and database molecules con-
tained similar numbers of ECFP
features and were therefore in-
distinguishable on the basis of
feature frequency. However,
after removal of non-ACF from
database compounds, their fea-
ture median values were consis-
tently decreased to �30 fea-
tures. Thus, as a consequence of
filtering, many database mole-
cules could be separated from
active compounds on the basis
of ACF density. Consequently,
we applied BDM that scores
compounds according to the
number of ACF they exhibit. Da-
tabase compounds are selected
if they reach an adjusted thresh-
old feature density that is de-
pendent on the maximal feature
density observed in a reference
set. In our ACF BDM calcula-
tions, cutoff coefficients were
varied in order to obtain selec-
tion sets of close to 100 or
fewer compounds (i.e. reasona-
bly sized selection sets for prac-
tical applications). Table 3 re-
ports average selection set sizes
for different coefficients. Selec-
tion set size generally decreased
with increasing coefficients and
similarity thresholds. For all 21
activity classes and both finger-
prints, coefficients were identi-
fied that yielded selection sets containing ~100 or fewer data-
base compounds. Table 4 reports the average selection set size
for each activity class. These sets contained between 42.1
(COX) and 111.3 (LSI) compounds. For these sets, recovery
rates of active compounds were calculated.

Similarity searching

Systematic ACF BDM calculations were carried out and com-
pared with standard ECFP kNN Tc and control calculations. For
each activity class, compound selection sets for ACF BDM, ACF
Tc, and standard Tc calculations were of equal size. The results
are summarized in Table 4, and Figure 2 shows representative

recovery rate comparisons. For Tc calculations, search perfor-
mance generally increased from 20NN to 1NN, consistent with
earlier observations.[26] For ECFP_4, kNN Tc calculations pro-
duced maximal recovery rates per activity class between 5 %
(COX) and 26 % (FXa), and ACF BDM between 10 % (LPI) and
56 % (FXa). For ECFP_6, maximal kNN Tc recovery rates be-
tween 10 % (LPI) and 27 % (FXa) were observed, whereas ACF
BDM achieved maximum rates between 25 % (MRI) and 85 %
(FXa). For both fingerprints and all 21 activity classes, the recall
of active compounds was consistently higher for ACF BDM
than for any other search calculation. Control calculations re-
vealed that combining ACF filtering and the bit density metric
was crucial for achieving top ECFP search performance. When

Table 3. Database selection set sizes for different cutoff coefficients (ECFP_4 and ECFP_6).[a]

AC 0.5 0.6 0.7 0.8 0.9 1

ECFP_4 :
5HT 14 462.8 3154.2 553.3 103.5 22.8 7.4

ACAT 12 326.9 2589.9 480.1 94.5 21.6 7.3
ARI 19 402.1 3846.7 634.4 93.0 15.1 4.1

COX 41 386.4 11 636.4 2086.3 252.3 32.8 7.9
COX2 17 286.1 3454.0 580.7 62.4 11.4 4.5

FPT 3273.7 327.3 56.4 30.0 11.0 3.3
FXa 4898.1 548.6 81.8 33.2 10.8 3.1
IL1 22 273.6 4213.6 577.4 64.1 14.7 5.3
LKA 8927.1 1491.0 238.9 58.2 17.7 4.2
LPI 28 130.6 8420.0 1967.4 323.8 38.5 8.8
LSI 9037.6 1605.6 312.0 88.0 20.9 3.3
MRI 25 347.0 7259.3 1577.3 270.5 47.2 12.4
NOS 20 704.9 4440.7 629.1 82.6 16.3 5.0
PA2 24 779.1 5438.5 1042.5 170.3 33.1 7.5
PAF 14 774.2 2548.4 549.9 119.1 32.7 11.1
PDE 8076.4 1300.3 184.7 43.3 14.8 4.3
PKC 10 430.1 1907.0 309.9 52.4 14.8 4.4
RTI 42 863.8 15 069.4 3589.3 772.6 112.5 25.8
TNF 20 210.1 4789.4 657.2 96.7 19.9 6.0
TPK 31 398.5 8719.7 1565.5 282.8 53.5 13.0
TSI 10 368.7 1578.8 239.0 68.4 21.3 7.2

ECFP_6 :
5HT 1635.7 312.9 90.5 38.7 14.4 5.2

ACAT 2082.9 422.8 133.7 47.3 17.3 9.1
ARI 2499.1 401.4 104.8 36.1 12.9 5.1

COX 4902.3 633.1 124.8 47.8 20.9 7.4
COX2 1591.1 168.3 46.3 17.7 8.8 4.2

FPT 301.3 91.0 49.7 29.0 12.0 3.3
FXa 417.7 105.7 60.6 32.3 11.7 2.3
IL1 1726.1 204.5 60.5 29.5 12.7 5.2
LKA 819.4 276.3 105.1 40.7 13.0 3.3
LPI 4446.8 711.3 146.4 43.9 15.9 6.4
LSI 1254.0 441.0 176.8 55.8 17.8 3.7
MRI 3212.6 628.8 171.6 57.3 19.3 6.2
NOS 2396.3 251.0 61.4 27.7 11.8 4.0
PA2 2827.5 469.6 135.7 64.3 22.6 5.8
PAF 1604.8 483.1 188.1 66.4 25.9 9.7
PDE 550.9 139.6 55.9 22.7 7.9 3.4
PKC 867.6 190.0 72.1 28.8 10.8 4.5
RTI 9437.3 1823.1 315.3 102.2 37.2 18.5
TNF 2743.7 436.2 112.6 40.9 16.0 5.8
TPK 4848.1 750.4 230.0 92.0 28.9 10.6
TSI 591.0 206.7 92.9 35.0 10.6 3.2

[a] Average selection set sizes calculated from ten independent trials are reported for each activity class and
cutoff coefficient for ECFP_4 or ECFP_6 fingerprints.
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BDM was applied without ACF filtering, database selection sets
were typically very large, often containing thousands of mole-
cules, and produced low recall of active compounds. This was
simply a consequence of large numbers of non-ACF features
that were present in database compounds and hence in-
creased feature density in an activity-class-independent
manner. As shown in Table 4, the application of the Tc metric
to ACF-filtered fingerprints produced consistently lower recov-
ery rates than standard kNN Tc calculations. This is due, at least
in part, to the fact that ACF-filtered fingerprints are only of
small size, as discussed above, which statistically limits Tc cal-
culations. Furthermore, due to ACF filtering, database com-

pounds have a general tendency to produce higher Tc values
(see the Tc equation in the Methods section; after ACF filtering
b decreases, whereas a and c remain constant, thus resulting
in a systematic increase in Tc values for database compounds
with decreased feature numbers). This might also make it
more difficult to preferentially detect active compounds. How-
ever, the increase in compound recall of ACF BDM calculations
over kNN Tc calculations was not only consistent, producing
higher recovery rates for 21 compound classes without excep-
tion, but also substantial. For ECFP_4, average recovery rates
over 21 classes were 26.3 % for ACF BDM and 16.0 % for 1NN
Tc; for ECFP_6, the corresponding rates were 42.3 % for ACF

Figure 2. Exemplary recovery rate profiles : For A) ECFP_4 and B) ECFP_6, ACF BDM recovery rates are shown for four representative activity classes (COX, IL1,
PDE, and PKC) and three search strategies (ACF BDM, 1NN Tc, and 10NN Tc).

ChemMedChem 2009, 4, 540 – 548 � 2009 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chemmedchem.org 545

Extended Connectivity Fingerprints

www.chemmedchem.org


BDM and 17.6 % for 1NN Tc. Thus, whereas compound recall in
standard calculations was similar for both fingerprints, ACF
BDM substantially increased average recovery rates by ~10 %
for ECFP_4 and by ~25 % for ECFP_6. In the latter case, the re-
covery rates for 19 of 21 activity classes doubled, or more than
doubled, when ACF BDM was applied.

We also carried out systematic search calculations using ACF
BDMRank and monitored the results in cumulative recall
curves. Figure 3 shows ACF BDMRank recall curves for the
same compound classes shown in Figure 2 compared with
1NN calculations. Furthermore, Figure 4 reports the average
cumulative recall of active compounds over all 21 activity

classes for ACF BDMRank calculations and the preferred 1NN
similarity search strategy. Comparison of the results shows that
differences in recovery rates were already significant for small
selection sets, consistent with our ACF BDM results, and that a
nearly optimal increase in search performance was generally
achieved when selecting approximately 200 database com-
pounds (Figure 4). Furthermore, the results illustrate that the
increase in ACF BDM and ACF BDMRank search performance
over standard calculations was significantly larger for ECFP_6
than for ECFP_4, although both fingerprints produced very
similar average recovery rates in 1NN Tc calculations. This rela-
tive increase was likely due to the fact that ECFP_6 produced

Table 4. Similarity search trials.[a]

AC
ACF BDM ACF Tc Tc

Size RR 1NN 5NN 10NN 20NN 1NN 5NN 10NN 20NN

ECFP_4 :
5HT 91.2 20.6 13.6 6.8 2.4 0.2 16.9 13.4 10.7 6.8

ACAT 106.4 36.4 14.0 5.2 1.9 0.3 17.7 11.8 9.7 7.2
ARI 71.8 23.7 8.8 3.3 1.1 0.1 11.5 8.3 6.6 4.9

COX 42.1 12.5 3.9 1.6 0.7 0.1 5.0 3.7 2.9 1.6
COX2 55.3 27.2 15.8 7.4 4.1 0.9 20.8 15.9 13.9 10.8

FPT 77 55.5 21.9 12.4 5.5 1.6 26.3 19.1 13.9 8.5
FXa 81.8 56.3 20.3 15.7 11.6 5.8 25.7 27.4 28.2 25.8
IL1 90.7 27.7 14.4 5.9 2.5 0.4 18.9 10.6 7.81 5.4
LKA 94.5 30.1 14.6 7.5 3.8 1.2 16.8 11.7 9.4 8.2
LPI 73.8 10.0 7.7 3.4 1.2 0.4 9.3 7.4 5.3 4.5
LSI 111.3 20.2 12.2 6.0 2.3 0.2 17.0 12.7 8.6 5.1
MRI 107.9 20.5 11.1 4.6 0.9 0.2 13.7 9.9 6.3 2.7
NOS 49.3 18.5 12.4 7.2 3.5 1.1 17.0 13.9 11.5 7.3
PA2 90 30.4 18.8 8.5 2.6 0.2 23.0 18.0 12.7 6.6
PAF 78.8 24.2 8.0 4.4 1.5 0.4 10.4 8.6 7.0 5.8
PDE 70.9 25.0 13.1 5.4 2.2 0.1 19.9 10.5 9.5 6.8
PKC 68.7 31.3 14.9 5.5 3.0 1.0 17.8 10.8 9.2 6.7
RTI 66.1 15.9 8.3 5.7 2.1 0.3 10.1 9.9 7.9 4.8
TNF 51 17.2 5.8 2.4 1.7 0.8 7.5 4.3 4.1 3.6
TPK 93.3 18.2 7.9 3.4 1.8 0.6 10.2 6.0 4.3 3.0
TSI 79.5 30.3 16.6 9.7 4.9 2.2 20.1 18.0 15.9 14.5

ECFP_6 :
5HT 103.5 32.3 12.1 5.6 1.7 0.4 16.5 13.1 11.7 9.0

ACAT 94.3 46.4 11.9 4.4 1.9 0.4 16.5 13.0 10.2 8.8
ARI 82.2 36.5 9.0 3.6 1.1 0.1 14.3 10.0 7.9 6.1

COX 89.9 27.8 6.7 2.1 1.1 0.1 10.3 7.2 5.7 3.5
COX2 71.6 62.4 17.4 7.8 3.8 0.7 25.4 20.8 18.2 14.5

FPT 84.3 74.8 21.7 11.8 5.2 2.1 26.2 20.1 16.6 11.3
FXa 105.7 84.6 20 13.3 8.7 3.3 27.0 33.3 31.8 28.6
IL1 89.3 49.0 15.2 5.5 2.6 0.3 19.9 12.3 10.1 8.4
LKA 93 36.7 13.9 5.6 2.6 0.8 15.7 11.4 9.5 8.1
LPI 86 32.3 7.3 3.1 1.1 0.1 9.7 8.7 7.3 6.0
LSI 88 23.8 9.2 4.4 2.0 0.3 13.0 9.9 8.3 6.0
MRI 72.4 25.2 7.4 3.6 1.0 0.2 11.2 8.0 6.6 4.2
NOS 91.7 50.2 14.8 9.4 4.0 0.8 26.3 22.2 18.9 12.8
PA2 90.8 43.4 15.8 8.5 3.4 0.2 22.2 22.4 17.6 10.2
PAF 104.6 34.6 9.3 4.7 1.8 0.3 13.2 12.2 9.7 7.7
PDE 79.9 36.2 11.7 5.0 1.9 0.3 20.5 12.2 11.1 8.1
PKC 96.9 47.8 15.5 7.2 4.2 1.0 20.9 18.8 15.3 10.6
RTI 84.4 29.7 8.7 5.5 1.6 0.1 12.3 11.7 10.3 7.8
TNF 87.4 32.1 7.4 3.0 1.7 0.8 10.8 6.8 6.6 6.4
TPK 89.2 27.8 7.2 3.0 1.6 0.4 11.1 7.0 5.8 4.4
TSI 118.8 54.9 19.5 10.4 4.2 2.1 26.8 22.9 20.9 19.3

[a] Average recovery rates from ten independent trials are reported for ACF BDM, ACF Tc, and standard Tc calculations. The selection set sizes for standard
Tc and ACF Tc calculations are equal to those of ACF BDM trials.
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more ACF than ECFP_4, as reported in Table 2. Overall, the per-
formance improvement over standard ECFP similarity searching
was highly significant; for database selection sets of 200 to
300 compounds, ACF BDMRank average recovery rates ach-
ieved with ECFP_6 nearly tripled relative to 1NN Tc calcula-
tions.

Conclusions

A similarity search approach has been introduced that is spe-
cifically designed for fingerprints with flexible and adjustable

formats. Extended connectivity fingerprints are molecule-ori-
ented fingerprints that generate structural features from indi-
vidual compounds. Therefore, these fingerprint representations
can be easily modified depending on the requirements of spe-
cific applications. We focused ECFP similarity searching on spe-
cific compound classes by taking into account only class-di-
rected features collected from active reference molecules. For
significantly decreased feature numbers, the calculation of Ta-
nimoto similarity was found to be much less effective than the
bit density metric. The combination of ACF filtering, BDM, and
BDMRank calculations consistently improved the search perfor-

Figure 3. Exemplary cumulative recall curves: For A) ECFP_4 and B) ECFP_6, cumulative recall curves are shown for four representative activity classes (COX,
IL1, PDE, and PKC; corresponding to Figure 2) obtained by ACF BDMRank (c) and 1NN Tc (a) calculations.
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mance of standard ECFP calculations for all activity classes. For
both ECFP_4 and ECFP_6, the increase in the recall of active
compounds was substantial. Control calculations revealed that
feature filtering is critical for achieving high recovery rates.
From a methodological point of view, attractive aspects of the
ACF BDMACHTUNGTRENNUNG(Rank) approach include its intuitive nature and sim-
plicity of the calculations. From a practical perspective, the
consistently better similarity search performance of ACF BDM-ACHTUNGTRENNUNG(Rank) calculations relative to data fusion methods suggests
that this approach provides a meaningful alternative to cur-
rently preferred search strategies and that it should have sig-
nificant potential to identify active compounds in virtual
screening applications.

Keywords: biological activity · chemoinformatics · extended
connectivity fingerprints · feature filtering · similarity metrics
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Figure 4. General search performance: For ECFP_4 and ECFP_6, the average
cumulative recall of active compounds over all 21 activity classes is reported
for ACF BDMRank (c) and 1NN Tc (a) calculations.
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