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In the last 10–15 years, many new technologies and approaches have been implemented in research in
the pharmaceutical industry; these include high-throughput screening or combinatorial chemistry,
which result in a rapidly growing amount of biological assay and structural data in the corporate dat-
abases. Efficient use of the data from this growing data mountain is a key success factor; ‘provide as much
knowledge as possible as early as possible and therefore enable research teams to make the best possible
decision whenever this decision can be supported by stored data’. Here, an approach which started sev-
eral years ago to obtain as much information as possible out of historical assay data stored in the corpo-
rate database is described. It will be shown how important a careful preprocessing of the stored data is to
enhance its information. Different possibilities for accessing and to analyzing the preconditioned data are
in place. Some of will be described in the examples.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

For more than a decade, high throughput screening (HTS) has
been a common way to start the modern drug discovery process.1

In addition, the throughput of the follow-up assays has increased
dramatically over the last 20 years. Altogether, this has led to an
enormous amount of biological assay data points, single dose
POC (percent of control) or dose response (DR) values, which are
all stored in corporate databases. For some time, the focus has
centered on optimizing the data handling from measurement to
storage of the data. In this way, the large pharmaceutical compa-
nies have produced large and expensive data mountains in their
corporate databases.2 Is the relationship between the costs of gen-
erating and maintaining the data and the knowledge we obtain
from it for our daily work still balanced? This problem is illustrated
in Figure 1.

It appears that generating knowledge from data is more and
more becoming the key success factor in many areas. Considering
the rapidly growing data mountains in corporate databases this
will be an important success factor in the future. Figure 2 shows
the increase of the assay data stored in the Boehringer Ingelheim
(BI) corporate database within the last decade.
ll rights reserved.
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In addition, not only the proprietary data mountain in compa-
nies is growing but also the amount of data available from the
public domain, such as, for example, the PubChem Bioassay
database.3

The first publication about efficient use of data as a success fac-
tor for pharmaceutical companies was published as early as
10 years ago.4 Data mining became the buzz phrase in this respect.
An apt quotation from the WWW summarizes the value of data
mining; ‘Data mining is a powerful tool for digging deep into enter-
prise data to reveal underlying patterns and relationships. . .’.5

Although it had been used successfully for structure related prop-
erties to define rules like the rule of five6–9 or lead-, drug and frag-
ment likeness10 data mining in biological assay data was not very
common a decade ago. Several years ago, the first papers that used
assay data to analyze the behavior of so called frequent hitters11,12

or promiscuous inhibitors13,14 and to predict such behaviour15–17

appeared. Data mining in drug discovery is summarized in more
detail in Ref. 18 and 19.

Here, an approach (BioProfile) is described that is used within
Boehringer Ingelheim (BI) to generate knowledge from the in-
house assay data.

Driven by the question of how to prioritise hit classes from HTS,
we wish to determine:

Are there selectivity issues for a given compound/compound
class?

Is a given compound a real hit?
A frequent hitter?
An artifact of the assay technology?

http://dx.doi.org/10.1016/j.bmc.2012.04.023
mailto:bernd.beck@boehringer-ingelheim.com
http://dx.doi.org/10.1016/j.bmc.2012.04.023
http://www.sciencedirect.com/science/journal/09680896
http://www.elsevier.com/locate/bmc


Figure 1. Data mountain—too much of a good thing?
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Can we identify selectivity targets not known in advance for the
HTS hit set or an interesting hit class?

Are there known toxic effects?
Which data are used, how the data are preprocessed and how

we use the resulting information during the project work will be
described.

2. Material and methods

The aim was to develop an automated system for the BioProfile
analysis. The total workflow consists of three parts; automated and
regular data retrieval from the corporate database for all new data,
preprocessing of the data, and storage of the preconditioned data
in a specialized database.

2.1. Data retrieval

For the analysis of single dose measurements, we currently con-
centrate on values from HTS screening campaigns and on dose re-
sponse data from our corporate database. During first trails with
the data retrieved a few years ago, we soon discovered that it would
be very helpful if we are able to obtain some additional assay spec-
ifications from our colleagues from the HTS units within BI global re-
search. This includes information like agonist or antagonist screen,
hit threshold, mean value and standard deviation of the screens
and also information about the target type and the assay technology.
We obtain this additional data directly via DB transfer or via manual
import using the KNIME20 workflow system. All this additional data
Figure 2. Development of the stored single dose measuremen
is again stored in a separate DB. The list currently contains more than
220 primary screens. A weekly update retrieves new single dose data
for the stored assays from the corporate database.

For the dose response data we retrieve all IC50, EC50, Ki, Kd, pEC50

and pIC50 values stored in the central database. Again, an auto-
mated weekly update process retrieves new data.
2.2. Data preparation and data storage

Preprocessing of the retrieved data is an essential part of the
whole process. Single dose data and dose response data are han-
dled separately.
2.2.1. PrimScreen-profile
Having retrieved all the POC values from the database, we re-

tain the minimum values for antagonistic screens and the maxi-
mum ones for agonistic screens if multiple measurements per
compound and method exist. The POC value of a compound is
needed to check whether it was above or below the hit threshold
in the regarded assay. There is no direct comparison of the values
between different assays to avoid problems of different screening
concentrations.

In this way, we generate approximately 20 million agonist and
150 million antagonist data points. Finally, we add the assay tech-
nology and target type information to each assay in the list, as
shown in Table 1. The preprocessed data are stored in a separate
database instance.
ts and dose response values in the BI corporate database.



Table 1
Classification of the target and technology types

Assay technology Target type

Absorption Enzyme
AlphaScreen21 GPCR
Delfia21 Ion channel
FlashPlate21 blue Kinase
FlashPlate21 red Nuclear receptor
FLINT (fluorescence intensity) Nucleic acid/protein binding
FP (fluorescence polarization) Phosphatase
FLIPR23 Polymerase/nuclease/

helicase
HTRF22 Protease
HCS (high-content screening) Protein binding
LANCE21 Transporter
Luminescence Other
SPA (scintillation proximity assay) blue
SPA (scintillation proximity assay) red
FRET (fluorescence resonance energy

transfer)
Other
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2.2.2. Dose response profile
The dose response data from the corporate database also need

some preprocessing. First of all, values are converted to lM. For
multiple measurements (without an operator) per compound per
method, we calculate the median value. This results in more than
Figure 3. Project DB form with
4.6 million data points from more than 4000 different assays. Again
this data is stored in our specialized DB.

3. Results and discussion

In this chapter we describe some of the possibilities to use and
analyze the BioProfile data currently available within BI.

3.1. Direct access via research project related databases

As the BioProfile data is stored in a database, it can be accessed
easily from different database frontends or workflow systems. One
of the most frequently used ways is via our so-called project dat-
abases. These are Oracle based data marts that include all relevant
data for a given research project. An example ISIS Form24 is shown
in Figure 3.

This view allows a quick analysis of the results for one com-
pound. In order to analyze the results for complete hit sets or for
clusters, we use the KNIME workflow system.20

In the following, results based on the primary screen data and
dose response data will be shown.

3.2. Analysis based on primary screen data

3.2.1. Frequent hitter analysis
For this purpose we defined a frequent hitter score that de-

pends on the number of screens participated and the number
BioProfile data in ISIS base.



Table 2
Example of a frequent hitter analysis result shown for 4 example structures. The list is ranked according to the frequent hitter score.

Sample
code

Structure Screens
participated

# Screens
found as
primary hits

Primary hit in #
different target
types

Primary hit in #
different target
types

Score NewScore

ID1 159 78 9 9 214.39 19294.89

ID2 204 79 10 10 193.33 19333.48

ID3 125 56 11 11 147.89 16268.10

ID4 135 56 8 8 142.45 10256.16

Table 3
Overlap of a given hit set with other assays sorted according to the overlap of the actual hit set with the hits from the shown assays

Assay Assay technology Assay target type Hitcrit. Hitcrit. OP Hits from hit set Hits assay Hit rate assay

Assay 24 AlphaScreen Protease 50 < 5362 41081 4.2
Assay 21 AlphaScreen Protein binding 50 <= 3556 99957 10.6
Assay 14 SPA red Transporter 50 <= 2542 91197 10.5
Assay 1 SPA red Kinase 50 < 1991 13090 2.1
Assay 100 AlphaScreen Kinase 50 < 1771 34970 4.3
Assay 34 FLINT Other 50 1512 31553 3.5
Assay 65 SPA red Kinase 50 < 1490 10194 1.7
Assay 87 Luminescence Kinase 50 < 1087 14726 1.7
Assay 213 FlashPlate blue Kinase 50 < 907 4914 0.7
Assay 17 SPA red Enzyme 20 < 804 26588 3.8
Assay 33 AlphaScreen Kinase 50 < 757 15001 2.5
Assay 45 FLINT Enzyme 50 < 588 8394 0.8
Assay 99 LANCE Kinase 50 < 526 15410 1.6
Assay156 Luminescence Protein binding 50 < 492 32521 5.5
Assay 108 AlphaScreen Protein binding 50 <= 436 14117 1.5
Assay 206 FLIPR GPCR 50 < 431 43197 4.4
Assay 38 AlphaScreen GPCR 180 > 196 18759 1.5
Assay 62 LANCE GPCR 150 > 193 5701 0.6
Assay59 SPA red Kinase 50 < 187 3465 0.6
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of screens where a compound is a primary hit. We aimed at iden-
tifying a simple, empirical score that allows us to rank com-
pounds with respect to their promiscuity, also in cases where
compounds where tested in a different number of assays. We
modeled a biological assay system as a biased coin that yields
‘hit’ or ‘non-hit’ with certain probabilities and the various assays
to which a compound is subjected as a sequence of independent
coin flips. Thus, we use a binomial distribution function to esti-
mate the relative probability of identifying a compound as a hit
n times in k independent assays by chance. The probability for
the events ‘hit’ and ‘non-hit’ were estimated empirically from a
set of assays.

The analysis is started by simply joining the precalculated
scores with the number of screens in which a compound has
participated and the count how often it was a primary hit. An
example output with some public domain structures is show in Ta-
ble 2. For each compound, it is reported how often the compound
was in a primary screen campaign, how often it was found as a hit
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and in how many different assay technologies and different target
types it was found as a hit.

During the discussion of the first results, it became clear that we
need an additional frequent hitter score that takes the number of
different technologies and target types for which a given
compound was found as a primary hit into account. For example,
a common kinase inhibitor that was tested in many kinase assays
will have a high frequent hitter score even if it was only found as
hit in kinase projects. This compound is not a real frequent hitter.
We therefore now also use a modified score ‘NewScore’ that in-
cludes this information. Using the NewScore instead of the normal
Score to rank the frequent hitters in our database leads to about
200 different structures in the top 1000 list.

A KNIME workflow will now be run regularly to update the fre-
quent hitter information stored in the database. This enables us to
check whether compounds in a given hit set are frequent hitters
and to mark them with an additional flag. The same analysis can
also be performed for each target/technology combination of inter-
est for a research project team.

3.2.2. Analysis of a hit set
In addition to the compound-based analysis of the data, such as

the frequent hitter analysis described above, we also use KNIME
workflows that allow us to check the overlap of a given hit set with
other primary screens. An example of the results obtained is shown
in Table 3 and Figure 4.

During the analysis we check how many of the compounds from
the current hit set are also found as primary hits in other assays.
For all these assays we retrieve the technology and target informa-
tion, the hit threshold, the number of hits, the hit rate of that par-
Figure 4. Overlap of the current hit set with other primary screens-—different target/tec
given target/technology combination. The size indicates the overlap of the hit sets of thes
low hit rate–dark red high hit rate).
ticular assay and of course the overlap of the hit sets. All this
information allows a fast check of the quality of the actual hits.
The appearance of many other assays with the same assay technol-
ogy with a high overlap of hits might suggest checking for assay
artifacts with a technology counterscreen. On the other hand, if
many assays with the same target type appear at the top of the list,
this is a hint for possible selectivity screens.

This information is visualized in a Spotfire plot25 in Figure 4.
Here, the different combinations of technology and target type
are plotted. The number of assays with a specific technology/target
combination is shown. The color coding is from green (assays with
a low hit rate) to red (assays with a high hit rate) and the size of the
circles indicates the overlap of the primary hit sets of a given
technology/target combination with the current project hits (sum
of overlapping hits). The pies are divided into segments according
to the hit rates of the assays included.

The same analysis can also be performed only for the main com-
pound classes of a project, to investigate class specific selectivity or
technology effect.

3.3. Analysis based on dose response data

As for the primary screen data there are several possibilities to
access and to analyze the data based on DR values. As shown in Fig-
ure 3, the easiest way to access the data is via our project DBs. In the
following, some additional examples for using the data are shown.

3.3.1. Compound-based profile
As for the primary screen data it is possible to perform a com-

pound-based analysis of the DR data. In this case, the activity in
hnology combinations are shown. The number indicates the count of assays with a
e assays with the current hit list. The color indicates the hit rate of the assays (green:



Figure 5. Compound based view based on DR data. In the back the view for the complete hit set analyzed. In the front a detailed view for one compound class is shown.
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the various assays is binned. In the example shown, we only count
assays in which the activity was below 1 lM and below 0.1 lM.
Also shown are the number of tests in which the activity was better
than in the current assay and we show the number of assays in
which the compounds have a reported DR value in the corporate
DB. The values are reported in a table or graphically, as shown in
Figure 5. Having this plot it is also possible to zoom in for classes
of compounds (see Fig. 5) or for single compounds if necessary.
In this way, it is possible to identify cross reactivities for com-
pounds, ADME/TOX issues, like CYP Inhibition or cytotoxicity is-
sues, and with the next version of the DR BioProfile technology
issues. The project teams can use this information to prioritize
compounds or compound classes.

3.3.2. Hit set profile
In order to gain a quick overview on potential selectivity issues

for a given hit set or for a compound class of interest, it is possible
to perform an analysis for the complete hit set of a project. Again,
the results can be delivered as a table or graphic, as shown in Fig-
ure 6.

In Figure 6a the complete plot is shown. Figure 6b shows a
zoomed in area of Figure 6a.

In the plot there are regions in which only a few values or only
values with ‘>’ operator (not plotted) can be found (e.g., around
assay ID 5850). We are not able to draw any conclusions in these
areas. On the other hand, there are several assays in which we
have a large overlap with the current hit set. This is not a prob-
lem if we mostly found green or yellow symbols (e.g., around as-
say ID 5550) which means that the compounds of the actual hit
set are not very active in this assays. If we find many red or dark
red compounds for an assay (e.g., assay IDs between 4550 and
4750 or assay ID 4890), we need to check the assay results more
closely. Many of the compounds of the given hit set are also ac-
tive in these targets and it needs to be checked if one or more
of these assays should be used as selectivity counterscreens in
the current project.

Analyzing the plot in more detail, for example for assay ID 4400
(red and yellow squares), one can already find compounds that are
selective against this target and therefore possibly obtain some
first hints about how to approach the cross reactivities.

3.4. Analysis of cytotoxicity data

The selection of compounds for a cellular assay serves as the fi-
nal example for the daily use of the BioProfile in Research. The task
was to select hits from the biochemical assay that have an activity
below 0.1 lM and show no cytotoxicity effect (>10 lM) in the as-
says available in the corporate DB. Since the assays are flagged as
cytotoxictiy tests in the preconditioned DR BioProfile it is a simple
DB query to retrieve the values for the compounds of interest. In
the case that several measurements per compound are available,
the assay with the lowest DR value is selected. Such an example
is shown in Figure 7. All compounds in the green rectangle were
selected for the cellular assay.



Figure 6. Analysis of the DR data for a compound class or complete hit set; it easily can be analyzed which other assays overlap with the given hits. The color coding is from
green (inactive) to dark red (very active) compounds. (a) The complete hit set is shown; (b) zoomed in area of (a).
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4. Conclusion

Over the last few years we have implemented a procedure that
automatically extracts and preprocesses assay data from the
corporate database. In order to increase the information content
of the data, we also collect additional information such as the tar-
get type and the technology type, from the HTS groups for all
screening campaigns. We join this information with the prepro-
cessed assay data and make it all available in a separate DB
instance.
There are different ways of accessing the data. Most frequently
used is the direct access via our project related databases and via
the KNIME workflow tool.

With our BioProfile approach we make it possible for our research
project teams to access information about cross reactivities within a
given hit set using the assay data stored in our corporate database
easily. The data are used to prioritize compounds or compound clas-
ses. They are also used to check for selectivity targets or counter as-
says and to identify assay artefacts. Identification of frequent hitters
in the screening collection is another example of use.



Figure 7. Plot of the activity of the target against cytotoxicity activity. The green rectangle indicates the interesting compounds.
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Currently, we are implementing a procedure also to obtain the
additional information for all assays with reported dose response
in the corporate database. For older assays, this was achieved by
manual annotation. For all newer assays, this info is stored in the
corporate database. In addition, we are currently including more
single dose measurements and therefore more assays from the cor-
porate database in the BioProfile system.
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