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Exploiting personalized information for
reagent selection in drug design

Jonas Bostrom”, jonas.bostrom@astrazeneca.com, Niklas Falk and Christian Tyrchan

Drug discovery is currently being industrialized. This fact is confusing, given that it is happening in
times when the rest of the world has entered the subsequent information age. Here, we introduce a
concept and an infrastructure for the now popular and well-known recommender systems in the context
of exploiting one of the cornerstones of drug design: chemical reagent selection. The goal is to create and
transfer information openly to facilitate intuition and serendipity in drug design. The system is tailored

to highlight reagents from our corporate reagent database; reagents that a chemist might not have
considered based purely on their own experience.

Introduction

The past decade has seen drug discovery
attempt to rely less on the unpredictable
nature of creative invention. Instead, sys-
tematic processes from other industries, such

as car manufacturing, have been adapted [1,2].

Such process optimizations combined with
timelines, ‘metrics’ and the abundant use of
rules are now the commonly accepted
approach to reducing attrition in drug dis-
covery. The frequent use of rules primarily
comes from the concept of rational design, and
one might speculate that the seminal rule-of-
five publication by Lipinski et al. [3] gave extra
fuel to this school of thought. Lipinski et al.
successfully correlated simple molecular
properties, such as molecular weight (MW) and
¢ Log P, with the increased risk of clinical failure
[4,5]. Many other derivative studies followed
and there have been numerous publications
over the past decade on rules that use simple
molecular descriptions that attempt to define
drug-like chemical space [6-17]. One of the

consequences of these rules is that the
synthesis of molecules not fulfilling certain
criteria is at best ill advised, and often com-
pletely restricted in most pharmaceutical
companies. Despite this profound paradigm
shift, the pharmaceutical industry shows no
sign of reversing the decline in productivity, in
terms of numbers of launched drugs. In truth,
there is no evidence that introduction of rules
(or any other technique for that matter) has
increased pharmaceutical productivity. An
ironic look at the number of approved drugs
per year against the number of Journal of
Medicinal Chemistry articles containing the
word ‘rule’ (or ‘rules’) per year reveals a striking
correlation (Fig. 1). Figure 1 should remind
readers that correlation does not imply cau-
sation; that is, correlation between two vari-
ables does not automatically imply that one
causes the other.

Despite their simplicity and the lack of sta-
tistical rigor underlying most drug-likeness
rules, they can be helpful. In essence, the

construction of most rules follows the medic-
inal chemistry mantra ‘reduce lipophilicity,
which is the near-universal response to any
evidence of a problem. Lipophilic compounds,
presumably owing to inadvertent effects on
other biological targets, are more prone to
side-effects than are hydrophilic compounds
[17,18]. However, there are also drawbacks to
following rules [19,20]. It increases the likeli-
hood of rejecting the essential along with the
inessential, or ‘throwing out the baby with the
bathwater' A different type of rule hysteria is
the use of results from experimental in vitro
assays to predict complex clinical side-effects.
For example, regulatory authorities require
hERG (human Ether-a-go-go Related Gene)
screening as a predictor of a compound pro-
ducing cardiac arrhythmic side-effects. How-
ever, there are drugs that exhibit these side-
effects with no evidence for any interaction
with the hERG receptor and, conversely, there
are many compounds known to interact with
hERG and yet there is no evidence that they
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The number of oral drugs approved per year worldwide from 1986 to 2006 (red squares) and the number of Journal of Medicinal Chemistry articles containing the
word ‘rule(s)’ per year over the same period (blue squares) reveals a striking correlation. The oral drugs data were taken from [9]. The advanced search option on
the American Chemical Society Publications homepage (http://pubs.acs.org/search/advanced/) was used to search for the frequency of occurrence for the

singular and plural form of the word ‘rule’ per year (the yearly intervals were specified by ‘Print Publication Date; only Journal of Medicinal Chemistry articles were
searched and the option field ‘Anywhere in Content/Website’ was used.

lead to cardiac complications [21]. The obvious
consequence of these rules is that entire
structural classes of chemistry have been
labeled as hERG active when, in reality, such
interactions tend to be compound specific.
Hence, these types of rule-based approach can
lead to detrimental restrictions on compound
design for drug discovery.

Perhaps even more importantly, the mere
existence of rules can stifle innovation and
creativity, leaving medicinal chemists with the
unlucky feeling of being stuck in corners of
chemical space. This new way of working is in
stark contrast to how drug discovery was per-
formed in the past, where chance and accidents
had important roles. For example, serendipity
had a role in the discovery of many drugs, such
as LSD, Thorazine®, Tofranil® and Viagra®, to
name a few [22-24]. Serendipity can be taken to
mean ‘the effect by which one accidentally

stumbles upon something fortunate, especially
while looking for something entirely unrelated. It
should be stressed that this does not mean
discovering something by sheer luck. Rather, it is
the ability to see significances and find values in
the chance discoveries. Without this ability,
accidents will not lead to discoveries, as Louis
Pasteur understood: ‘in the fields of observation,
chance favors the prepared mind.

Our primary aim here is to show a possible
way to increase the ‘odds for serendipity’ hap-
pening in drug discovery. This is done by using a
form of the familiar recommender systems [25].
We apply the Amazon.com philosophy to
develop a novel approach for recommending
chemical reagents. The technical term used is
‘item-to-item collaborative filtering’ [26], but it is
also commonly known as the ‘people who
bought .. .also bought..." of Amazon.com. Our
system is designed to enhance discovery, and

highlight chemical reagents in our corporate
reagent database; reagents that medicinal che-
mists, using only their own judgment, might not
have considered.

Recommender systems and item-to-item
collaborative filtering

Recommender systems commonly attempt to
recommend information about music, films,
books and so on that are likely to be of interest.
The most low-tech way to obtain recommen-
dations is to ask a small group of people; your
friends and family, for example. Statistical con-
clusions about the group can be drawn by
collecting their answers. However, the advan-
tage of the internet is that it enables large
statistical sampling. This is why personalization
and recommendation algorithms such as colla-
borative filtering were developed [27]. The
two biggest internet successes, Google and
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Amazon.com, serve as examples. There were
already several other search engines available
when Google started in 1998. However, Google
took a completely new approach in that it
ranked search results by using links on millions
of websites to decide which pages to recom-
mend. Google search results were so much
better than its competitors that, by 2004, it was
handling 85% of the searches on the internet.
The other success company, Amazon.com,
claims to know what you need. It ‘knows’ by
using cleverly designed recommendation algo-
rithms [26].

Recommender systems are usually classified
into two main categories: content-based
recommendations and collaborative recom-
mendations. Content-based recommendations
resemble conventional similarity searches to
identify recommended items. By contrast, col-
laborative filtering makes recommendations by
using learning algorithms based on the collec-
tive choices of individuals. Amazon.com intro-
duced item-to-item collaborative filtering
matching a given user’s purchase of items to
those purchased by other users. This analysis can
be used to build a dynamic similarity measure.
However, the idea of recommending items
existed long before Amazon.com; for example,
grocery stores have long put impulse buys on
the checkout racks. Linden et al. at Amazon.com
saw an opportunity to personalize impulse buys
[26]. As a metaphor, it is as if the rack examined
the grocery cart and magically rearranged the
checkout rack based on what was in the cart.

To the best of our knowledge, this work
represents the first example of using persona-
lized information in drug design. The technical
details of the implementation are described in
Box 1, and the generation of the data set of
reagents is explained in Box 2.

The dynamic nature of the
recommendations

Although reagents are selected for many rea-
sons, the motivation here is to present chemists
with options related to a given reagent that
might have proved a useful choice for molecular
design reasons. Clearly, some ‘expert’ review of
these choices is required, because not all
recommendations will be based on problems
relevant in making the current choice. This is
analogous to E-commerce recommendation
systems, where only a small fraction of recom-
mendations are acted upon. The expert review
ensures that recommendations are not treated
as rules, but rather uses the inter-relationships
built up between reagent selections, as a source
of serendipity in reagent selection.

BOX 1

Computational details

The reagent recommendation is based upon the Amazon.com implementation of item-to-
item collaborative filtering, and was implemented as follows. First, for each reagent, a vector
is defined whose length is determined by the number of chemists using the reagent access
system. In this case, the length was 193. The components of this vector represent whether a
given chemist has checked out the reagent, in which case the component is set to a value of
one, otherwise it is zero. It is then possible to compute a similarity matrix from these vectors,
representing whether reagents are alike based on their usage by chemists. In principle, this
matrix is large (13,292 x 13,292, Box 2). However, in practice, it is sparse, owing to the
functional groupings of reagents (Table 1).

We used the original cosine approach to measure similarity [26]. Thus, the elements of the
similarity matrix were computed using the cosine formula applied to vectors of arbitrary
length. Given two vectors of attributes (A and B) the cosine similarity (6) is represented using
a dot product and magnitude, as shown in Eqn (I):

S . A-B
similarity(A, B) = cos(A,B) = ————— ()
[A[l > [[B]]
For a given reagent selected by a chemist, a set of recommendations is made by choosing
the top ten most similar reagents from consideration of the similarity matrix. The

recommended list of reagents all belong to the same functional class as the query reagent.

There is a risk that collaborative approaches  implementation of collaborative learning cap-
simply capture only trivially popular reagent
selections, sometimes referred to as the ‘herd
behavior’ [28]. However, we take the more

positive view that medicinal chemists are con-

tures herd behaviors beyond the obvious. One
practical possibility for further avoiding bias in
our data produced by a herd-like effect is to
consider some type of normalization to be

tinuously solving a relatively narrow range of
related problems (e.g. modifying lipophilicity,
and solubility, avoiding off-target interactions,
such as hERG and cytochrome P450s, and opti-
mizing pharmacological processes, such as
clearance), by their choice of reagents. Solutions
to such issues are usually carefully considered,
and often represent skillful medicinal chemistry.
It is this type of thinking that the collaborative
filtering model is trying to capture. Although
there are anecdotal rules well known to med-
icinal chemists, we also anticipate that our

BOX 2
Data set

applied to the rank of a reagent based on its
existing ‘popularity. For example, popularity
could be derived from the historical use of the
reagent, such that the collaborative methods
seek reagents that are used with an unexpected
high frequency by medicinal chemists to solve
problems.

The calculated recommendations are dynamic
and, consequently, will change over time. Every
time a medicinal chemist uses (checks-out) a
chemical reagent, it will have an effect on the
similarity matrix, and thus provide the possibility

The data set of chemical reagents was generated as follows. All chemical reagents in the
AstraZeneca R&D Molndal stockroom flagged as being checked out at least once during
the past five years were extracted. The reagents were then pretreated: covalently

bonded salts were split; the smallest fragments were removed and canonical SMILES
calculated. A check was made of whether the reagent samples were available

(amount > 0.0), and unique IDs were assigned. This gave a number of 15,401 reagents. In a
subsequent step, all the reagents were assigned into 19 common functional classes (amines,
acids, alkylation reagents, etc) by SMARTS mapping (Table 1). Hence, by searching for
amines, the user only obtains amine recommendations. That is, recommending, say,
trifluoroborates would probably be too far off what the user was originally interested in
(amines). Of the total reagents available, 13,292 could be mapped onto the 19 functional
classes. A reagent with multiple functionalities will end up in multiple classes. Moreover, a
significant fraction of reagents include a counter-ion. It was decided that entries having
identical molecular structure, but with different counter-ions, should give the same
results. Hence, the checkout data for such pairs were merged. All the data extraction,
preparation and calculations were done using Pipeline Pilot v7.5.2 (Accelrys Software Inc.:

http://www.accelrys.com/).
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The top ten ‘Amazon.com’ recommendations are in all cases aliphatic amines (a), whereas the ten most similar reagents as defined by MDL Public Keys are all
aromatic amines (b), when querying our internal stockroom with the structure of aniline.

of new and hopefully improved recommenda-
tions. The dynamic nature of the system facil-
itates its ability to pick up new trends, and one
might speculate that the recommendations will
converge at some point. That is, in a problem-
solving manner this approach might pick up
possible solutions, and could then serve as a
guide to how to solve an existing problem.

To test the general advantage of using per-
sonalized information, and its inherent ability to
aid knowledge transfer, we investigated whether
our system could reveal solutions to the ‘banned
aniline’ issue. To clarify, anilines have, during the
past decade, been viewed as one of the most
unwanted fragments in drug-like molecules. The
reason for this obsession is that compounds
including this moiety are occasionally found to

induce genetic damage. Consequently, a com-
mon design strategy has been to steer clear of
any aromatic amine, and simply use aliphatic
amines as alternatives. This is probably the
reason why only aliphatic amines are recom-
mended using our method (Fig. 2). Interestingly,
the aniline moiety is present in numerous pre-
scribed drugs, notably Lipitor®; which is by far
the most lucrative pharmaceutical of the past
decade (Drug Information Online: http://
www.drugs.com/top200.html). The preferred
experiment to predict whether a compound is
genotoxic is the AMES test [29,30], which is
thought to have a high correlation with rodent
carcinogenicity. Figure 3 shows seven aromatic
amines that are structurally similar to aniline, and
yet were found to be negative in our internal

AMES assay, as curiously is aniline. None of these
reagents was recommended by our method. In
this respect, we acknowledge that this is pre-
sently a limitation of the collaborative learning
approach, arising because none or too few
chemists have made the association between
these particular AMES data and reagent selec-
tion. This could be improved by the method
being more sensitive to detecting ‘emerging’
herd behavior, by identifying reagents used with
unexpected frequency (in this case, when a few
medicinal chemists become aware of the
negative AMES data for the subset of aromatic
amines). By contrast, it also illustrates that,
although the method is useful for identifying
common reagent usage patterns, it is intended
to complement expert and insightful treatment
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FIGURE 3

Seven aromatic amines, structurally similar to aniline, which have been determined to be AMES negative.
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TABLE 1

The 13,292 reagents assigned onto the 19 functional classes by SMARTS mapping.

Class Reagents (no.)® Functional groups

01 4240 Primary and secondary amines

02 4445 Acids, acid halides, esters and anhydrides
03 1721 Aldehydes, ketones and acetals

04 1056 Aromatic halides

05 326 Sulfonic acids and sulfonic acid chlorides
06 1376 Aliphatic alcohols

07 2487 Alkyl halides

08 410 Boronic acids, boronic esters and trifluoroborates
09 183 Isocyanates and isothiocyanates

10 81 Alpha halide ketones

1 884 Aromatic alcohols

12 34 Hydrazines

13 48 Epoxides

14 736 Amino acids

15 110 Alkynes

16 51 Isocyanides

17 224 Aliphatic nitriles

18 464 Aromatic nitriles

19 302 Nitros

@Reagents with multiple functionalities were assigned to multiple classes.

of data by medicinal chemists.It is not our
intention that medicinal chemists follow the
herd behavior, but by ensuring awareness of
what it is, it can be a useful influence on their
thinking.

Comparisons between recommendations
and similarity-based fingerprint methods
To investigate whether our user-item (i.e. che-
mist-reagent) cosine-derived similarities differ
from traditional similarity measures, they were
compared to three frequently used fingerprints:
functional circular fingerprint 6 (FCFP6) (Pipeline
Pilot v7.5.2, Accelrys Software Inc.; http://
www.accelrys.com/), extended connectivity fin-
gerprint 6 (ECFP6) [31] and Molecular Design
Limited (MDL) public keys [32]. This was done by
generating ranked lists for each method, and
subsequently counting the number of structures

TABLE 2

in common within the top ten and top 20 ranked
lists. That is, the top x FP-hits compared with the
top x recommendations (Tables 1 and 2). The
results in Table 2 show that Amazon.com
recommendations differ significantly from simi-
larity searching fingerprint techniques (i.e.
FCFP6, ECFP6 and MDL public keys). The average
overlap among the top ten recommendations is
no more than 12-13% when comparing Ama-
zon.com recommendations with the corre-
sponding results for the three fingerprint-based
methods. The overlap is slightly higher when
comparing the top 20 recommendations and/or
hits (Table 2). The low degree of overlap is
expected because most similarity-based meth-
ods will give different hits [33-35]. As a com-
parison, the top 20 overlap between the two
fingerprint methods ECFP6 and MDL public keys
is 60%. This is significantly higher compared with

The percentage overlap between the top ten and top 20 recommended reagents and the
top ten and top 20 fingerprint similarities (ECFP6, FCFP6 and MDL public keys)

Recommended reagents

Overlap (%)

Fingerprint similarities

ECFP6 FCFP6 MDL public keys
10 12.3 127 134
20 213 219 23.1

the overlap for Amazon.com recommendations.
One might conclude that the degree of overlap
with other methods is likely to be low, and the
obtained recommendation will definitely add
novel suggestions, probably suggestions that
would not have been highly ranked by other
methods.

To illustrate, Fig. 3 shows the top ten structures
selected with the Amazon.com approach com-
pared with the corresponding MDL public keys,
using aniline as query reagent. This test case
serves as an example of the different reagents
recommended. It is striking that the recom-
mendations are, in all cases, aliphatic amines,
whereas the most similar reagents as defined by
MDL public keys are all aromatic amines.

As an aside, the components of the vectors
used to construct similarity are binary in our
current implementation. Other fingerprint
approaches for similarity, such as ECFP [31],
suggest that there is an advantage of explicitly
tracking the counts of reagent use in the vectors.
Initial experiments show that using such counts
does not provide appreciatively different
recommendations. Nevertheless, this is
an interesting track worth pursuing in
future work.

Technical limitations with the current
implementation

At AstraZeneca R&D MdIndal, the standard
database management system for searching and
displaying synthetic organic reaction structures
and their associated data is still ISIS/Base (MDL
ISIS™/Base 2.5 SP 4: http://www.symyx.com). ISIS
has a client-server architecture that enables
direct communication with Oracle databases.
Given that the technical infrastructure is

well known to us, and the query interfaces

are easily customizable, it enabled us to

build up quickly a prototype application for
interfacing the Amazon.com-based reagent
recommendations.

Given that we are familiar with the technical
infrastructure, the threshold for creating the new
ISIS/Base interface was low. The first working
prototype was finished within a fortnight, and
the production version is easy to maintain. Data
are readily updated on a weekly basis, but can be
updated more frequently if desired. Figure 4
depicts the stockroom ISIS/Base interface, where
the recommended reagents are listed to the
right.

Admittedly, the technical infrastructure and
information content used are not ideal for fully
exploiting the full force of recommender sys-
tems. For example, the strategy of tailored
problem-specific approaches is difficult to
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FIGURE 4

A view of the new ISIS/Base stockroom interface, including the recommended reagents.

implement in a straight-forward manner, if not
impossible. In the current version, we cannot
track the chemical reaction, or the purpose for
why a chemical was checked out (e.g. target
affinity increase, hERG decrease, solubility
increase, etc). Compound quality improvements
and demonstrating usage cannot be done
unambiguously, if measured by numbers and
metrics. Currently, we rely on soft information,
such as word-of-mouth feedback. We cannot
rule out tiresome prejudices, such as that the
recommendation lists are driven by synthetic
ease. The points just mentioned highlight the
use and necessity of high-quality annotations
and easy access to information in new and
improved technical infrastructures.

Summary

Drug discovery is facing an era of industrializa-
tion. Without a doubt, drug research is currently
being reduced to processes, and is subject to
analyses more fit to a car assembly line. This fact

is confusing, given that it is happening in times
when the rest of the world has entered the
subsequent information age. Certainly, a timelier
strategy for drug discovery is to focus more on
the ability of individuals to create and transfer
information instantly and freely. This latter
approach has advantages, such as instant access
to knowledge (knowledge that previously would
have been difficult to find) as well as being able
to share information, for example using social
media.

Here, we present a new application for the
well-known recommender systems in the con-
text of exploiting one of the cornerstones of
drug design: chemical reagents. The system uses
the item-to-item collaborative filtering techni-
que of Amazon.com. The system is designed to
assist medicinal chemists to discover chemical
reagents they might not have found by them-
selves, but are potentially attractive based on the
collective experience of many colleagues in
AstraZeneca.

£ I515/Base - [CIMS_RELATED.DB/simpie] W ‘_ [E=E=c|
uH File [dit Options Object Database Search List Window Help MO
] : <MOL> 1 of Un -
. | Forms I Query @ Update | Search Domain: All
Compound |
Structure Reagents with similar Cmp 1D
Ordering Profile
M, [
X 0003507 |
i \/\
NH,,
H.N— 0003709
=
HN \/@ 0003382
AURORA KA.7688
~
Mol Formula CoHgFN “'U 0001358
Mol Weight 630744
CAS - Number "O £0020013
MDL - Number MFCD00871203
o
Eniey Dale 2007-09-07 i Cos03708
Compound-ID
g C0042897 7’“" : 0000541
No of Chemists 6
Ho of Checkouts 12 HN _G C0003367
Quantity in Stock (G) 3210 -
N
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URORA KA-7668 D-61627
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The method is novel in itself and differs fun-
damentally from common similarity measures,
as it relies on user-item information and not
descriptions of molecular structures. Results
show that the recommendations are, more or
less, orthogonal to conventional similarity
methods.

One potential long-term advantage of using a
recommender system lies within its dynamic
nature, and the inherent possibility of trans-
ferring knowledge efficiently. At present, we
cannot prove (with numbers) that this is the
case. However, we were triggered to do this
work in an unpretentious wish for drug dis-
covery to leave industrialism behind, and enter
the information age, as well as attempting to put
previously successful approaches, such as
intuition and serendipity, back on the drug
discovery chart. If we can inspire one, and only
one, medicinal chemist to think in a new
direction, to focus less on processes, timelines
and metrics and rely on the unpredictable
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nature of creative invention, then we see that as

a success.
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