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ABSTRACT: Increasing the success rate and throughput of drug discovery will require efficiency improvements throughout the 
process that is currently used in the pharmaceutical community, including the crucial step of identifying hit compounds to act as 
drivers for subsequent optimization. Hit identification can be carried out through large compound collection screening and often 
involves the generation and testing of many hypotheses based on available knowledge. In practice, hypothesis generation can 
involve the selection of promising chemical structures from compound collections using predictive models built from previous 
screening/assay results. Available physical collections, typically used during hit identification, are of the order of 106 compounds 
but represent only a small fraction of the small molecule drug-like chemical space. In an effort to survey a larger portion of 
chemical space and eliminate inefficiencies during hit identification, we introduce a new process, termed Idea2Data (I2D) that 
tightly integrates computational and experimental components of the drug discovery process. I2D provides the ability to connect a 
vast virtual collection of compounds readily synthesizable on automated synthesis systems with computational predictive models 
for the identification of promising structures. This new paradigm enables researchers to process billions of virtual molecules and 
select structures which can be prepared on automated systems and made available for biological testing allowing for timely 
hypothesis testing and follow-up. Since its introduction, I2D has positively impacted several portfolio efforts through identification 
of new chemical scaffolds and functionalization of existing scaffolds. In this paper we describe the I2D process and present an 
application for the discovery of new ULK inhibitors. 

A key step in the small molecule drug discovery process 
involves the identification of so-called hit compounds, 
chemical structures with measurable although typically weak 
activity that can serve as tools for subsequent target specific 
exploration and optimization. The success of hit identification 
(HI) often relies on the availability of large, diverse, drug-like 
compound collections intensively searched against targets of 
interest. In this setting, it is only natural to conclude that the 
larger and more diverse the collection, the larger the coverage 
of the chemical space and therefore the higher the possibility 
of identifying a new, promising hit structure.

Drug discovery organizations maintain physical collections 
on the order of 105-106 compounds that are routinely used for 
primary screening campaigns and structure-activity 
relationship (SAR) elucidation. Maintaining such collections 
comes at significant cost (compound synthesis/acquisition, 
storage, distribution, plating, replenishment, etc.). Putting such 
collections to use in the form of physical screening requires 
substantial resources, time and, cost1. Accordingly, the time 
required to initiate a screening campaign and obtain results 
can range from a few days for small sets of e.g. 104 
compounds to three months for compound collections of 106 2. 
Time and cost requirements naturally limit the applicability of 
such methodologies to large, well-resourced organizations. In 
an effort to manage costs but also expedite the identification of 
hits from such collections, virtual screening (VS) approaches, 
the computational counterpart of experimental screening, may 
be used provided that enough knowledge and appropriate 
computational predictive models exist to guide compound 
selection3. VS may also be used to process virtual compound 

collections consisting of chemical structures that can be 
purchased from vendors or virtual compounds that are 
believed synthesizable using current means and synthetic 
knowledge. Such virtual collections are not only intended to 
lower the cost and speed-up the HI process but also provide 
access to larger sections of chemical space. Once virtual hits 
are identified and determined to be of interest follow up 
involves compound acquisition or synthesis, and experimental 
verification.

Recently we introduced the Proximal Lilly Collection 
(PLC), Eli Lilly’s version of a virtual, synthesizable 
compound collection4. In this work we lay out the Idea2Data 
(I2D) paradigm, a new approach to early discovery chemistry 
designed to provide holistic support spanning from chemical 
structure design to synthesis, purification and biological 
testing. I2D aspires to bridge the chemical synthesis design 
and experience in our organization, largely captured by the 
PLC, with automated synthesis capabilities and quantitative 
biology to meet the needs of ongoing discovery chemistry 
projects and thereby enable the exploitation of a larger 
chemical space. This new drug discovery paradigm is founded 
on the tight integration of computational methods for virtual 
hit identification, with experimental processes such as 
automated synthesis, purification and testing. Emphasis is 
placed on the integration of research efforts from distinct units 
of a discovery chemistry organization which render I2D 
implementation and use possible. We also present an 
application example of I2D to identify ULK1 kinase 
inhibitors.
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Hit Identification. Hit identification may be initiated in a 
number of ways depending on the type and availability of 
project related information. If known ligands exist, analog-
based methods, e.g. similarity search, may be used to select 
compounds5. Similarly, if a high quality target structure is 
available docking techniques can be used to predict the 
binding affinity of chemical structures6. In the case where no 
adequate information is available experimental high-
throughput screening (HTS) is often used to probe the target 
receptor and provide ideas for follow up2. Subsequent rounds 
of HI take advantage of data acquired during the process. In a 
typical scenario, following initial hit identification attempts 
through virtual and/or experimental screening, a project team 
reviews all available information and proposes one or more 
hypothesis with the support of computational techniques, 
expert knowledge and intuition. Synthetic chemists plan and 
execute the route to chemical structure synthesis. The resulting 
material is delivered to the analytical group for quality 
assessment and purification. If the reaction has been 
successful the purified sample is send for experimental 
screening. Upon completion of this process the screening 
results are provided to the project team for consideration in the 
next round of hypothesis generation. Data is thoroughly 
recorded during each step of this learning cycle and is 
frequently used to optimize future exploration. A significant 
number of learning cycles is often required before molecular 
design has matured to a stage where the compound 
characteristics meet project requirements for biological 
activity and selectivity together with favorable toxicology, 
formulation and pharmacokinetics. Due to the number of 
cycles required and the length of time for each cycle, the 
process can be both time and resource expensive.

The above learning cycle requires contributions from 
numerous highly specialized groups and involves multiple 
creativity and process-driven operations and data handoffs7. 
Each participating group has well established practices 
guiding its operations and ensuring high productivity and 
quality of work. The presence of many groups each with its 
own objectives, the diverse background of the scientists 
involved and, more often than not, the geographical isolation 
between groups impedes collaboration and information flow. 
Analysis of the steps of this process suggests that a sizable 
fraction of time to go from compound design to data 
generation is non-value added attributed to sample hand offs 
and the manipulation of compounds for the next step8. As well 
as increasing cycle time, typically ranging between 2 and 5 
weeks, inefficient sample handoffs also lead to greater sample 
consumption and higher material cost. The task of a process 
owner is to monitor progress, communicate information and 
ensure that obstacles are overcome timely. However, the 
complexity and scale of the process make efficient 
management challenging. New approaches are needed to 
streamline HI while enabling investigation of larger portions 
of chemical space especially given the interest in novel 
pharmaceutical targets for which, in all likelihood, current 
physical collections are not well suited4. A path forward, 
explored in this paper, is to integrate the various discovery 
tasks and expand technological frontiers as needed. 
Alternative promising approaches with similar goal have been 
reported in the literature. Interested readers are referred to 9-12.

Proximal Lilly Collection Implementation. Efforts to 
explore the diversity of the drug-like chemical space and 
identify structurally novel, potentially promising regions for 

pharmaceutical development have been hampered by the sheer 
number of theoretically feasible compounds and practical 
concerns on the synthesizability of the chemical structures 
proposed. In a typical setting, such virtual compounds are 
conceived through the enumeration of the products of 
chemical reactions when supplied building blocks appropriate 
to the specific reaction. Alternatively, virtual compounds may 
be proposed simply through the permutation of a set of atoms 
or fragments abiding to some rudimentary chemical structure 
rules. In either case the result is a large virtual collection of 
chemical structures of questionable synthesizability and, 
therefore, practical use. To address this problem we have 
implemented the Proximal Lilly Collection designed to bridge 
the chemical synthesis knowhow at Eli Lilly with the needs of 
ongoing discovery chemistry projects4. The PLC exploits the 
capabilities of our Automated Synthesis Lab (ASL) system13 
which served as the main motivation for this work. In practical 
terms the availability of PLC empowers Lilly Discovery 
Chemistry scientists to routinely access and investigate a 
chemical space in the order of 1011 compounds for the 
purposes of their daily pharmaceutical endeavors. The PLC 
design guarantees that synthesis can be attempted with high 
probability of success on any structure identified on internal 
robotic systems using available reactants. The confidence is 
crucial to user acceptance of the system and the success of the 
I2D initiative. A detailed description of the technology 
enabling PLC search and exploitation is provided in 4. An 
application of PLC for the discovery of RIO2 inhibitors can be 
found in 14.

Idea2Data Process. The Idea2Data process was developed 
by considering every interface between steps from molecular 
design to data generation. These steps include in silico design, 
chemical synthesis, purification/characterization, compound 
management and biological testing (see Figure 1).  In order to 
reduce the time and material transitioning from idea to data 
innovative automation and process optimization is utilized. 
Critical to this optimization is matching the required input 
sample format for each step to the output format of the 
previous step, thus avoiding additional sample reformatting. 
Another key activity is sample concentration determination at 
the time of characterization using quantitative NMR; aliquots 
from this characterized and quantified solution are 
subsequently used for all future testing thus removing time 
consuming steps of sample drying, manual weighing and 
reformatting.

Figure 1: Schematic representation of the I2D process

In addition to physical sample considerations, management 
of sample metadata is also important. The process is optimized 
for seamless data flow between each step avoiding manual 
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reformatting of information and multiple submission, tracking 
and result systems. Unlike several reported systems which 
fully integrate key steps of the learning cycle into one single 
closed platform, Idea2Data is designed to utilize the wide 
range of existing assays available to project teams within 
Lilly. Rapid access to a large number of assays, coupled with a 
wide range of chemistries available on the ASL and encoded 
in the PLC, provides scientists with flexibility to test 
hypotheses retrieved from a large, diverse chemical space. 
Overall, the process provides a project team with tools to 
perform a much higher number of design loops in a given 
timeframe, thereby increasing the quality and efficiency of 
hypothesis generation.

The first step of an I2D project involves the use of 
computational techniques to identify promising PLC 
compounds for synthesis. Utilities for near neighbor chemical 
structure search may be used if the project needs require the 
identification of similar compounds to a known ligand. If the 
goal is to explore the structure-activity relationship landscape 
of a compound or scaffold, tools to enumerate focused 
libraries based on the input structure may be used. More 
traditional virtual screening methods can be used when 
appropriate pharmacophore or docking models exist, to select 
structures from diverse PLC subsets. Once a candidate set of 
PLC compounds has been identified, synthetic profiling is 
performed to retrieve detailed information on the reaction 
needed to prepare each compound as well the reactants 
involved including source and structure. 

Research scientists can interact with PLC via multiple 
interfaces including custom command line tools, Knime15 
nodes and MD316 utilities to “grow” a scaffold with PLC 
reactions and building blocks. Exploiting PLC through 
traditional virtual screening techniques uses enumerated PLC 
structure sets prepared specifically for this purpose. The 
process involves the use of computational models as filters to 
search through large compound collections to identify virtual 
hits5-6. If properly designed, VS workflows can process very 
large compound collections in little time and, virtually, no 
cost. The PLC sets used for VS vary in size from a few million 
to several billion and may be sampled quasi-randomly from 
the entire PLC space or custom designed to satisfy certain user 
defined objectives4. While virtual screening is common-place 
in modern drug discovery efforts, VS workflows for PLC 
libraries typically need to process much larger numbers of 
compounds. For this purpose, custom computational 
infrastructure has been developed that exploits modern 
hardware to cope with very large databases in order to 
complete virtual screens in reasonable amount of time. For 
instance, the PLC infrastructure has been used to process 
datasets in the order 109 and successfully identify promising 
structures (vide infra). 

The list of virtual PLC hits identified, with synthetic 
profiling information included, is forwarded to the I2D 
chemical synthesis team. This team leads the effort to review, 
select and synthesize PLC structures using available in-house 
resources, primarily the Automated Synthesis Lab. The ASL is 
a state-of-the-art innovative central synthesis suite, which 
integrates synthesis, analysis, isolation, evaporation, 
information management, and automation technologies into 
one system13. The ASL has proven utility in minimizing the 
burden of repetitive, routine, rule-based operations, and 
delivering solutions in versatile synthetic transformations 

commonly used in drug discovery efforts, such as C-C bond 
cross coupling, C-N bond formation, oxidation, reduction, and 
heterocyclic formation. As the suite permits the synthesis to be 
designed, submitted, and manipulated under the direction of a 
remote user at his or her desktop in real-time, the ASL has 
become a valuable tool to address synthetic needs in the 
discovery value chain regardless of geographic location.  With 
demonstrated synthetic capabilities and workflow processes, 
the ASL is an integral part of the PLC initiative. Conversely 
PLC projects drive the enhancement of synthetic technologies 
and capabilities amenable to the ASL to augment applicability 
and user experiences.

Prior to synthesis, library size and quantity of materials to 
be prepared must be determined. In a typical I2D run, 50-150 
chemical structures are selected for synthesis on the ASL from 
100-300 PLC hits based on an overall desirability assessment. 
Based on this, chemists select the specific chemical reactions 
and conditions (solvent, concentration, temperature, duration 
of the reaction) to be used during synthesis. If multiple 
synthetic steps are required, development of a one pot 
synthetic sequence to increase the synthesis efficiency is often 
considered.  In addition, selection of a water miscible solvent 
for the reaction is desirable to facilitate purification with 
reverse phase chromatography without any additional work-
up. Targets to be prepared with the same reaction type are 
grouped together to achieve efficiencies in synthesis and 
purification.

Purification of products can be carried out using the 
Automated Purification Laboratory (APL). Samples from the 
ASL are typically received predissolved, and aliquots are 
dispensed to microtiter plates and prepared appropriately for 
the execution of purity analysis by e.g. LCMS and NMR. 
Preparative chromatography is also performed on each sample 
using the solvent system selected by the analyst. All run 
parameters as well as analysis of results at each step are 
recorded and used for sample assessment. Upon completion of 
the process the remainder of each sufficiently pure sample is 
plated in assay expected format and forwarded for 
experimental testing. 

Successfully synthesized and purified structures are sent to 
the collaborating quantitative biology team. The compounds 
may be subjected to any available biochemical assay to assess 
potency to the target of interest. Biophysical methods can also 
be used. The latter are particularly useful to measure weak 
potency or verify binding affinity to the appropriate receptor 
site especially when the biochemical assay resolution is low or 
the I2D design relies primarily on the use of virtual screening.

Integration Challenges. The pharmaceutical industry is 
organized similarly to most other modern industries involved 
in the research and development of complex, knowledge 
intensive products: clusters of highly specialized expert teams 
with clear objectives and priorities focus on specific tasks of 
the process under the supervision of a group head. As new 
requests for work are received they are assigned to the team 
queue and processed based on priority. Each of these expert 
teams plays a crucial role in the process. Together they form a 
drug discovery production line coordinated by a 
pharmaceutical project manager, typically a senior medicinal 
chemist with good understanding of the work performed by 
each group but little, if any, involvement in the management 
of any group. 
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The I2D approach promotes a radically different approach 
focusing on the tight integration of all teams to form a 
coherent project team. Recognizing that the teams involved 
have been functioning independently with limited coordination 
of operations at a managerial level, we placed emphasis on 
eliminating communication barriers and facilitating 
information flow. Central to these efforts has been the 
implementation of a management software tool to act as a 
central repository of project related information and a progress 
monitoring and management instrument. The tool captures the 
process from the in silico hypothesis generation step through 
to compound registration and has been accessible to all team 
members to ensure real time information flow. Figure 2 
provides an overview of the tool components and information 
flow.

Select for 
Synthesis?

Idea Generation

Structure 
Selection

Reactant 
Ordering Synthesis Purification/

Characterization Registration

Attrition 
Analysis

YES

Ready for 
Synthesis?

YES

Synthesis 
Success?

YES

Purification
Success?

YES

NO NO NO NO

Testing

Figure 2: Schematic representation of the I2D management tool. 
The purpose of the tool is to capture the I2D process and facilitate 
progress monitoring and exchange of information among 
stakeholders.

The idea generation step of the process includes the 
identification of virtual hits using the in silico discovery 
approach described above and the loading of those hits into the 
tool. A cross functional team meets to discuss the list of virtual 
hits and select which will move forward for synthesis. It is 
common to have more than one synthetic route to several 
virtual hits and repeated use of a specific building block. It is 
also common to have multiple choices for each building block 
and therefore the team needs to carefully select not only 
virtual hits but also synthetic routes to maximize the number 
of synthesis experiments and provide for all reactions from the 
best possible source. To support the selection process the tool 
provides information on the available synthetic routes for a 
given structure and current available reactant inventory. 
Reactants necessary for the candidates selected for synthesis 
are examined in detail and an automated vial selection process 
is used to order the optimal samples. For the purposes of this 
task attributes such as creation date, available analytical data 
and QC score (i.e. structure and purity confirmations), are 
collected and considered. ASL experts implement the 
appropriate synthesis workflow for each candidate and, upon 
reactant delivery, initiate synthesis. The products are 
forwarded to the APL laboratory for purification and 
characterization. Successfully synthesized candidates are 
registered, and forwarded to the quantitative biology team for 
experimental testing. An attrition analysis component prepares 
a visual representation of progression with statistics and notes 
on the outcome at each step of the process. The use of the tool 
allows the tracking of time for each phase of a given project 
and, thus, helps identify issues and inefficiencies in the 
process.

Idea2Data in Practice. The I2D platform provides access 
to the PLC space in numerous ways. In the remainder of this 
section we describe and discuss a virtual screening application 
using a large, diverse PLC subset. An analog search-based 
application utilizing PLC has been described in 14. 

Case Study: ULK1 Inhibitors. The PLC provides an 
excellent opportunity to access a large chemical space for 
biological active exploration. It also represents several 
challenges due to the sheer size of the chemical space 
available, currently upwards of 350 billion compounds. The 
size of this virtual library requires a well thought out virtual 
screening strategy in order for it to yield interesting active 
compounds. Considerations of the virtual screening methods 
must include elements of speed and accuracy to make use of 
the large virtual space. For example, in typical high 
throughput screening campaigns, the hit rate is 1 per 100000 
compounds screened for "easy" targets17. This level of hit rate 
is acceptable for screening large libraries, but significant 
enrichment is required for design of synthetic libraries on the 
order of 100's of compounds. Thus a hit rate enrichment on the 
order of 1000-fold or higher is required to find hits in 100-
member compound libraries. 

In order to prospectively examine the use of I2D for hit 
identification, we selected a target and modeling method that 
met the speed and accuracy requirements needed for PLC size 
space. To this end we chose a target with some existing 
screening data from which accurate models could be 
constructed, but also could benefit from identification of novel 
actives. ULK1, an oncology target involved in autophagy, fit 
all of these criteria. ULK1 and ULK2 or (unc)-51–like kinase 
1 and 2, have been shown to play a role in autophagy which is 
a critical process for cell survival mechanism in conditions of 
external nutrient deprivation18-19. Cancer cells are often 
operating in such stress conditions especially under treatment 
with other chemotherapeutic agents. As such, inhibitors of 
ULK1 are of interest for oncology applications20. There were 
very few reports of ULK1/2 inhibitors, thus strategies for 
inhibitor discovery must include screening of compound 
collections. Fortunately, Lilly has been engaged in routine 
compound profiling of kinases in order to identify inhibitors as 
well as for the generation of selectivity data21-22. Utilization of 
this data to build models has been shown previously to be 
highly effective in not only designing potent kinase inhibitors, 
but also showing very high accuracy in the prediction of active 
compounds23-24. The I2D prospective design strategy for 
ULK1 inhibitors is shown in figure 3. The outlined strategy 
begins with a haystack of compounds, in this case, generated 
by PLC subset enumeration (vida supra). Specifically, the PLC 
annotated reactions, were used to create a library with 
available reactants using a sampling approach taking into 
account reactant space4. In total, 950 million compounds were 
enumerated and served as the starting collection for the ULK1 
library design.

Library design: Iteration 1. In order to focus the PLC 
haystack to ULK1 actives, a staged protocol using various 
models was undertaken. Initial filtering was carried out to 
remove molecules with more than 40 non-hydrogen atoms and 
those more likely to be false positives according to a set of 
heuristics developed to identify promiscuous and reactive 
compounds25. Given the difficulty in identifying actives in 
such a large space, top priority was given to ULK1 binding. 
Additionally, solubility was considered a top criterion given 
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its importance in synthesis and testing. For both ULK1 and 
solubility, support-vector machine (SVM) predictive models 
were chosen due to their speed and accuracy. This was 
demonstrated previously in prospective virtual screening and 
library design efforts that yielded hit rates up to 84 and 92%, 
respectively24. In the current application, biochemical ULK1 
enzyme inhibition data26 gathered from a general profiling 
effort was used to train SVM models for use in selection of 
compounds. Specifically, the ULK1 activity model was 
trained on %inhibition data at 20 uM for 5620 compounds. 10-
fold cross validation studies using a random 25% of the set for 
training and the remainder as a test set, yielded an average 
cross-validated r2 and q2 of circa 0.5. A solubility model was 
also used to filter the PLC haystack. The latter model, also 
using the SVM methodology, was constructed on 20378 
internally measured data points to classify compounds into 
two classes, soluble and insoluble. A total of 6881 compounds 
in the training set were classified as soluble, at least 0.1mg per 
solvent mL at pH 6, with the remaining 13497 compounds 
forming the insoluble 
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Figure 3. I2D flow scheme used for ULK1 library design.

class. A training procedure similar to that of the inhibition 
model described above was followed with the final model 
yielding 79% accuracy, specificity of 89% and selectivity of 
74%. These two SVM predictive models and the heavy atom 
count filter reduced the PLC set to roughly 145K compounds. 
Additional filters for novelty and physical properties were also 
used (see Figure 3). In particular it was noticed that a number 
of compounds contained the familiar donor-acceptor of the 
amino-aromatic nitrogen hinge binding motif common to 
many known kinase inhibitors. It was decided to remove these 
molecules for increased novelty, therefore a substructure filter 
was applied reducing the PLC set to ~50K. A further 
restriction of the property space on size (35 heavy atoms), 
lipophilicity (clogP<5), flexibility (# of rotatable bonds<5) and 
the degree of aromaticity (percentage of sp3 carbon 
atoms>25%) was applied leaving ~10K compounds. 

Selection from this final set included maximizing the 
number of chemotypes.  This was accomplished by clustering 
the compounds into 249 groups based on chemical structure 
similarity27.  Since the ultimate goal was to synthesize 
approximately 100 total compounds, an expert driven cluster-
based selection of 285 was first made to maximize the number 
of clusters while balancing predicted activity and similarity to 
compounds already existing in the Lilly collection. A plot of 
the final selection of compounds with their respective cluster 
number versus similarity distance to the nearest neighbor in 
the Lilly collection and colored by predicted activity is shown 
in SI1(a). 179 of the 249 clusters making up the final focused 
10K library were represented. No more than 4 compounds 
were selected from any one cluster and near neighbor (NN) 
distances from existing compounds ranged from 0.12 to 0.34.

With the assurance of a spread in chemotype, the final set of 
76 compounds was selected from the 285 based on synthetic 
considerations, specifically predicted activity, reactivity, 
selectivity and available inventory of input reactants. 
Structures resulting from various PLC reaction types are 
represented including amide coupling, SnAr, reductive 
amination, and Buchwald cross coupling with products from 
the latter in the majority. The building blocks for each of the 

76 selected target compounds were retrieved from storage and 
each of the reactions was performed on the ASL. LCMS 
analysis was also performed on the ASL. Successful reaction 
mixtures were sent to APL for purification where samples 
were subjected to both LCMS and NMR analysis (see SI2 
section). Overall, of the 76 compounds targeted for synthesis 
23 were successfully made, purified and assayed in 
biochemical and NMR assays. 

In order to assess the compounds for ULK1 inhibition, a 
combination of biophysical and biochemical methods was 
employed. Specifically, the ULK1 enzyme inhibition assay, 
i.e. the transcreener ADP-FP (fluorescent polarization) assay26 
and an NMR assay (see SI2) were used. The results from the 
ULK1 biochemical FP assay showed activity for 2 of the 23 
compounds (17.6 and 18.2 uM IC50). In addition, another 3 
compounds showed evidence of binding in the NMR study. 
These results, a hit rate greater than 20%, are quite promising 
given the daunting size of the initial PLC database. The 23 
compounds made are quite diverse, representing 20 of the 179 
clusters, and show a range of similarity within the 10K initial 
haystack. The 5 actives, although somewhat weak binders, 
come from 5 different clusters. This is important to expand the 
range of ULK1 inhibitor scaffolds available for consideration 
in lead optimization, the main goal of this experiment. The 
position of the PLC compounds assayed with respect to the 
distance to the nearest compound in the Lilly collection and 
the cluster membership space is shown in SI1(b).
Library design: Iteration 2. In order to leverage the 5 ULK1 
actives a second iteration was performed. The PLC experiment 
is uniquely equipped for iterating on actives given the 
reactants and coupling reactions leading to the active 
compounds are already set up and available. In this case, the 
reactants making up the 3 NMR actives along with their near 
neighbors were used for PLC enumeration yielding a total of 
259 compounds (see ExpandSearch PLC search method in 4). 
Due to the low synthetic success rate in the first round, 
reaction workflows were further scrutinized. A total of 116 
compounds of the total 259 were selected based on synthetic 
feasibility, chemotype (compounds from 4 clusters) and 
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predicted activity (>50%Inh). Of the 116, 71 (61%) were 
successfully made, purified and tested. 

Figure 4. Plot of scaffold type vs the near neighbor distance to ULK1 actives reported in (a) the Chembl database and (b) the Lilly 
collection. ULK1 active compounds are in green, inactive in red.

Due to the weak binding of the novel compounds found in 
the first round, an initial biochemical screen was run at 
100uM. This high concentration biochemical data plus 
chemical diversity was used to select a subset of 24 
compounds to be examined in the NMR binding assay. Of the 
chosen 24, 12 showed binding in NMR assay. Figure 4 plots 
show that the actives arose from 3 scaffolds and represented 
novel and diverse chemical space compared to known ULK1 
actives. Figure 4(a) shows that the closest near neighbor 
distance to a known ULK1 active reported in the Chembl 
database28 of curated literature bioactive compounds is 0.34, 
well beyond typical high similarity cut-offs. Even compared to 
the in-house actives from screening, as shown in figure 4(b), 
most of these compounds represent new chemical space. One 
of the compounds made, however, was similar to previous 
actives with a near neighbor distance of 0.1. These expanded 
scaffolds along with those identified in the first PLC iteration 
were added to the compounds from general screening for 
consideration for lead optimization. An example of one of the 
scaffolds is a BenzoTriazoleCarboxamide (BTC) which is 
very unique for a kinase hinge-binding motif. In order to 
verify the binding mode the crystal structure of ULK1 in 
complex with BTC was determined and refined at 1.73 Å 
resolution (see Figure 5, SI 3). The high resolution permitted 
the unambiguous placement of all non-hydrogen ligand atoms 
further confirmed by calculating the final omit electron density 
map with only the ligand molecule excluded from the map 
calculation. All non-hydrogen ligand atoms with hydrogen 
bond donor or acceptor potential are involved in hydrogen 
bonds with good geometry (see SI3). 

The triazole moiety of BTC engages the ULK1 hinge 
binding site with two typical hydrogen bonds observed in 
many crystal structures from kinase inhibitors containing 5-
member heterocycles e.g. pyrazole. However, the orientation 
of the fused ring system is very unusual. While typical fused 
heterocycles binding to the kinase hinge do so alongside the 

hinge in a parallel fashion engaging the hinge with both rings, 
the benzotriazole binds perpendicular to the hinge. As a 
consequence the edge of the benzene ring packs tightly against 
the sulfur atom of the gate keeper methionine thereby 
excluding water from the hydrophobic pocket between the 
hinge and the gatekeeper. The amide moiety attached to the 
benzene ring is posi

Figure 5. X-ray crystal structure of BTC bound to ULK1.

tioned to accept the hydrogen bond from the catalytic lysine 
which in turn is engaged to the conserved glutamic acid of the 
so called C-helix, locking the kinase domain in an active 
conformation. A nearest neighbor found in the public domain, 
the CDK2 inhibitor structure PDB ID:3R8M, contains an 
indazole superimposing very well with the benzotriazole of 
BTC. However, the hydrazine amide attached to the pyrazole 
ring of the 3R8M inhibitor engages the CDK2 hinge in a third 
hydrogen bond resulting in the appearance of a classical hinge 
binder29. 

A member of scaffold 2, figure 4(a) and 4(b) show that this 
class of ULK1 inhibitors is very unique compared to both 
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literature and in-house scaffolds. This structure is also fairly 
unique within the manifold of kinase inhibitors with available 
bound X-ray structures. This is further highlighted by the near-
neighbor distance plot to kinase ligands from the PDB shown 
in figure 6. 

Figure 6. Plot of scaffold type vs the near neighbor distance to 
compounds with kinase bound X-ray structures in the PDB. 
ULK1 active compounds are in green, inactive in red.

It is worth noting the increase in synthesis success rate from 
30% in iteration 1 (23 made from 76 attempted) to 61% in 
iteration 2 (71 from 116). An attrition analysis following 
iteration 1 indicated that problems with reactant purity 
explained over 20% of the reaction failures. Lessons from the 
remaining failures were used to update PLC annotation rules 
to improve future synthesis attempts. The increase in iteration 
2 is attributed to the quality control of reactants and the use of 
combinations of reactants and reaction conditions similar to 
those successful in round 1. Similar attrition analyses are 
regularly performed to summarize learnings and improve the 
process. Iteration 2 also required noticeably less time since the 
experimental and computational infrastructure was already in 
place.

The goal of this proof of concept experiment was to 
investigate the feasibility of Idea2Data, a new, paradigm-
shifting process for early drug discovery process. The process 
combined cutting edge computational and automation 
technologies to answer the question: “Can novel biologically 
active molecules be designed, synthesized, tested and 
optimized in rapid development cycles using reaction 
informatics, virtual screening and automated synthesis 
platforms?” The application on ULK1 took approximately 3 
months to complete including experiment design, 
computational model preparation, virtual screening, compound 
synthesis, purification and testing for both iterations 
performed. This pilot study indicates the ability to both, 
identify novel hit compounds and significantly expedite the 
hypothesis generation to testing cycle. 

Conclusions. The last decade of the 20th century has 
marked a turn for the science of drug discovery. The 
traditional approach relying on leads from nature in the search 
for new medicinal agents30, complemented with human 
intuition and expert labor has been gradually transforming into 
a rationalized, data driven process following the introduction 
of several disruptive technologies. For the first time, 
unprecedented numbers of chemical structures could be 

delivered by combinatorial chemistry. High-throughput 
screening, enabled by robotic systems, provided the means to 
test such large collections to identify compounds of 
pharmaceutical interest. This was just the beginning as a 
revolution in biology and genomics was starting to elucidate 
the human genome fueling hopes for the identification of new 
targets for drug discovery. In such an environment, 
computational chemistry, bio- and chemo-informatics thrived 
and algorithms intended to address the needs of the evolving 
drug discovery process, including virtual screening, were 
introduced. 

The transformation has been gradual and not without 
setbacks. Once the initial enthusiasm for combinatorial 
chemistry settled researchers realized that the quality and 
diversity of the libraries produced was often not up to required 
standards for use30. Early HTS systems, although capable of 
handling very large collections of compounds produced results 
with considerable noise in the form of false positives and 
negatives31. Similarly, the conclusion of the human genome 
project did not immediately lead to the identification of 
multiple, readily druggable pharmaceutical targets; rather, as 
concluded early on due to the multitude of evidence, mere 
presence of a biological marker in a disease state (correlation) 
does not imply causation32. Such setbacks have proven 
temporary. Combinatorial chemistry concepts are resurfacing 
in e.g. DNA encoded libraries, now incorporating DNA tags to 
facilitate hit follow up efforts coupled with affinity-based 
screening for rapid identification of promising hit structures33. 
Investments in automation are resulting in much improved 
data quality of HTS2, automated synthesis systems such as the 
ASL13 and the Abbvie platform10, and lab-on-chip platforms 
for chemical synthesis and purification34. These technologies, 
combined with advancements in synthetic knowledge are 
providing practical access to sections of the chemical space 
much larger and more diverse than ever before4, 35. Custom 
chemoinformatics systems designed to manage and search 
chemical spaces of such dimensions enable in silico screening 
for the rapid identification of promising structures36-37. 
Overall, the technologies introduced seem to have reached a 
level of maturity to become indispensable tools in the search 
for new drugs. Alas, the drug discovery process has largely 
remained the same, centered on a sequential paradigm that 
progresses chemical structures from conception to assessment 
in steady, slow steps and, as a probable consequence, the 
average number of NME’s per year has not seen an analogous 
increase, an indication that may simply reflect the innovative 
capacity of the current R&D model38-39.

Idea2Data is an initiative aiming to disrupt the existing 
paradigm and increase the throughput of drug discovery 
efforts by exploiting technological advancements holistically. 
The early application presented herein has convinced us that 
such initiative is now well within our reach. The 
interdisciplinary team formed to support I2D completed two 
rounds of in silico design to compound preparation and testing 
resulting to novel hits for ULK in a timely manner. We expect 
that as I2D enters production the time required per cycle will 
be significantly reduced. The task is both complex and 
challenging as it requires the redesign of established discovery 
workflows to (i) allow close cross-department cooperation by 
stakeholders from the design, synthesis, purification and 
quantitative biology groups and, (ii) incorporate the use of 
advanced automation tools to streamline process-driven steps 
of the HI effort. This new paradigm, heavily relying on 
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establishing communication channels among researchers that 
often have few opportunities for interaction, can contribute to 
better coordination of activities and enable exploitation of 
modern, higher performance tools. It is the opinion of the 
authors that such steps are necessary to fully exploit the 
capabilities of modern tools and drastically improve the 
productivity of modern drug discovery.
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PLC set of 285 compounds and (b) the compounds prepared. The 
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of the methods used in the experimental section of the paper. SI3 
is the pdb file containing the crystal structure of the complex of 
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(https://www.rcsb.org/) under the access code 6MNH. The 
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