
42 Drug Discovery World Summer 2018

Business

Human civilisation has a never-ending
quest to make everything efficient, and
inevitable creative waste is generated in

the name of efficiency. Many of our everyday tech-
nologies and modern-day hi-tech inventions can be
traced back to the bygone era of the 1930s. Many
of the Silicon Valley start-ups that were based on
connecting buyers and sellers of goods/services

much more cheaply and efficiently derived their
inventive energy from the time-tested mechanical
systems. The unintended consequences of all the
efficiency that platform companies strove to
achieve generated short-term efficiency at the
expense of our ability to become more efficient in
the long run3. 
To overcome this disparity, human intuition must

work together with technological efficiency. Skilled
researchers can use search terms and arguments to
unlock the full power of the search engine to find
out what they are looking for by using ‘search intu-
ition’ and becoming ‘information athletes’. Such
information athleticism, based on robust algo-
rithms, can unearth connections between disparate
subjects that no one has imagined3.
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The staggering clinical trial failure rate of experimental drugs indicates that
despite huge investments in novel technologies over the years, productivity
gains in the pharmaceutical industry remained elusive. It is therefore generally
agreed that the current biopharma model is unsustainable and disruptive
approaches are needed to remedy the status quo. The biopharmaceutical
industry is looking towards artificial intelligence (AI) to speed up drug
discovery, cut R&D costs, decrease failure rates in drug trials and eventually
create improved medicines. At last count (May 2018), there are about 81 Start-
ups and 19 Pharma companies using AI for drug discovery2.

part II: Emergent intelligence, 
a new paradigm for drug discovery

“The whole is sometimes smarter than the sum of its
parts1.”

Steven Johnson, Media Theorist
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We evoke media theorist Steven Johnson’s
provocative, engaging and surprising examples of
feedback, self-organisation and adaptive learning
in influencing the evolution of ‘emerging systems’.
The power of self-organisation ushers in a revolu-
tion every bit as significant as the introduction of
electricity. In explaining why, the whole is some-
times smarter than the sum of its parts, Steven
Johnson places ‘self-organisation’ on the front lines
of this exciting upheaval in science and thought1. 
Let us think about this further. Every once in a

while, within a complex technical challenge, some
experiment or observation may yield a surprising,
transformational result. It may be good news, per-
haps in the form of a known drug-like entity show-
ing promise in treating a challenging phenotype, or
the finding could be a grave disappointment, such
as problematic toxic side-effects.
Whenever the unexpected happens, our instinc-

tive response is to seek clarity. What caused the
surprise? This can certainly lead to new experi-
ments, but wise researchers typically turn first to
prior data and careful review of existing literature.
In many cases, this informed re-examination of
prior records will suggest a very plausible and
rational explanation.
One might then ask, if information was already

in place to rationalise the surprise, why did we not
foresee it?
Perhaps hindsight is 20:20. Human brains are

better equipped to interpolate a known observa-
tion back to a set of prior contributing causes than
to extrapolate complex conditions ahead to an
eventual consequence. We can easily imagine that
striking a glass vase will produce a mess of shards,
but if we encounter only the shards without the
proper context, it is harder to visualise the original
vase that they once formed. By analogy, a mess of
non-contextual data rarely shout out ‘imminent
drug failure’, but once a drug has failed, the shards
of prior evidence can be seen everywhere.
That seems self-evident, but is it also artificially

self-limiting? Let us consider the following:
1) All information that once defined the vase
remains contained in the mess of shards. Similarly,
it is often true that key evidence to suggest a sur-
prising biomedical observation was already
known, just not put in the right context.
2) There are savants who can sift through a mess
of glass shards and posit the original shape and
pattern of the originating vase. Analogously, for
many surprising research discoveries, there later
prove to be people who, quite verifiably, can say:
“I told you so.”
3) Finally, while many AI algorithms demonstrate

pattern recognition powers to resemble or exceed
human savants, various classes of algorithms such
as Deep Learning (DL) and Analysis of Emergent
Behavior (AEB), have a capacity for assimilating
the relationships between disparate shards and
plausibly unifying such information toward impor-
tant real-world conclusions.
Knowing this, why must immensely capital-

intensive and labour-intensive drug design projects
still rely so heavily on luck and surprise? 
Part of the answer is cultural. Chief Scientific

Officers and programme directors may be comfort-
able making decisions based on flawed and incom-
plete data that they understand, but are often reti-
cent about making comparable decisions based on
complex reasoning whose subtleties exceed normal
human cognition. Thus, when it comes to advice
from savants and arcane algorithms, pharma execs
tend to be more skeptical than the average sports
gambler. One wonders who is more likely to hit the
big payoff?
That natural bias, however, is beginning to give

way in the face of success. As has been discussed in
a pair of recent editorials4,5, emerging algorithms
have demonstrable capacity for assimilating multi-
modal/multisource data via associations that
almost mimic human intuition. Just as the vase is
defined by shards of many sizes and shapes, DL can
extract information from diverse sources (data,
metadata, annotations, accompanying graphics,
text mining, etc). Just as the shattering process may
have scattered in directions that barely reflect the
original vase, DL recognises that the placement of
no individual shard dictates the vase, but rather
seeks to find ways to fit those shards together into
a harmonious, self-consistent originating behaviour.
In practice, DL6 and AEB7 are very useful addi-

tions to the biotech arsenal, yet DL in particular has

Figure 1
Predictive inference 
Intuitive: known condition
rationalised by many diagnostic
observations.
Challenging: diagnostic
observations predict
‘knowable’ condition
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already surfaced as the primary factor underlying
the success of Benevolent AI – a company that has
identified 24 drug candidates in only four years,
advancing two promising prospects for treatment
of the perennially intractable Alzheimer’s Disease8.
Detailed technical reviews of DL and AEB are avail-
able elsewhere6,7, but for the purposes of this arti-
cle it is important to focus on conditions by which
such methods may best excel. Specifically, algorith-
mic capacity for discriminative logic that mimics
human intuition requires access to extensive data
and information in the following classes:

Chemical: Comprehensive annotated databases of
bioactive chemical entities are essential for using
DL and AEB to discover new drug scaffolds and
optimise known ones. Such resources are available
and are growing, though they are not without
some flaws. For example, mineable structural rep-
resentations such as SMILES strings and finger-
prints contain chemical ambiguities that can cloud
predictions. Available bioactivity data in available
databases is sparser than need be, largely due to
proprietary restrictions on many assays. The latter
is unfortunate; while corporate entities remain jus-
tifiably hesitant to unmask promising leads, there
may be immense value to reporting data on mid- to
low-quality hits that have long-since fallen out of
consideration; such data can be very productively
applied to enhancing models for toxicity and off-
target effects, plus intuiting new target SAR.
Furthermore, valuable insight can be extracted
from just knowing the inactives from screens, with
implications for lead search efficiency and accurate
prediction of drug safety.

Biological: Molecular interrogation data (OMICS),
microscopy and many forms of sub-organismal
physiological data provide a wealth of insight suit-
able for algorithmic use in discovering biomedical
implications far broader than anticipated in the
original study. Again, the power of computational
predictions is magnified with greater data sharing,
although some bioanalyses produce prohibitively
large data sets. In the future, this hurdle may be
overcome through sandbox experiments that help
to strategically filter large data entries down to key
features of demonstrable value to physiology and
pharmacology.

Clinical: Anonymised data, meta data and unstruc-
tured annotations are immensely valuable to med-
ical insight when combined with chemical and bio-
logical data. A protocol for ensuring that all stud-
ies can be stripped of identifying information and

made centrally available would be a tremendous
boon to medicine, with potential benefits extend-
ing far beyond the original motivation in a given
clinical study. 

Literature: Collectively, scientific publications, 
e-books, patents, funding proposals, clinical
reports, blogs and social media comprise a wild
blend of fact, informed speculation, rigorously
attained errata, unverified information and unveri-
fiable conjecture. Nonetheless, modern data mod-
elling has demonstrated that, when mined proper-
ly, careful delineation of known truth versus con-
jecture is not crucial9. The mere fact that a given
chemical, for example, is being debated as a poten-
tial cancer therapeutic (proven or not) may inform
discussions of whether the broader chemotype
family may have prospective cytotoxicity. That
said, the predictive capacity of text mining does
grow most quickly through expanded access to the
most reliable information sources, such as high
impact journals. Thus, even if top publishers feel a
need to maintain pay-per-human-view access to,
there are synergistic benefits to opening their full
(non-quarantined) electronic holdings to text min-
ing. Mining access improves scientific AI inferences
for all, and such access tends to flag relevant
papers for actual human (ie paid) consumption.

AI in drug discovery
Recent expectations are that AI approaches can
play an important role in the future of drug discov-
ery, particularly for increasing productivity and
R&D innovation. For instance, AI will alleviate the
numbers barrier in drug development. According
to Mullard, 2017, there are 1,060 possible com-
pounds that have drug-like characteristics, which
gives rise to a problem of categorising the property
for each chemical10. The enormity of the data set
makes drug discovery even more expensive and
protracted; thus, researchers are hoping to reverse
this trend by combining the lessons learned from
previous drug discovery projects with the vast
amounts of experimental data that has already
been produced by the scientific community to drive
AI-powered drug design. 
It is expected that AI will enable predictions

towards molecular dynamics, resulting in:
(i) Focused sets of compounds for screening; or 
(ii) new uses for previously tested compounds
towards treating diseases; or 
(iii) the creation of therapeutics targeted towards
patients harbouring specific molecular markers,
such as harmful mutations which give phenotype
selective advantages; or 
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(iv) targeting the vulnerabilities of pathogens,
which often have background mutations that
reduce their viability.
(v) It is also expected that AI will tackle difficult
drug targets. Some of this thinking is based on pre-
liminary data with well-characterised targets such
as HER211 and RAS12.

Limitations in AI methodologies
The term ‘AI’ is used as an all-encompassing
umbrella that covers everything from machine
learning all the way to network architectures such
as Deep Learning (DL). All AI methodologies use
combinations of tools such as search, mathemati-
cal optimisation, neural networks, probability and
economics. The techniques used include Linear
Regression, K-means, Decision Trees, Random
Forest, PCA, SVM and finally Artificial Neural
Networks (ANN), giving rise to DL. Developing
machines approaching human level intelligence is
among the long-term goals of AI, termed as

Artificial General Intelligence (AGI). The promise
of DL, however, is that DL is more than just a col-
lection of multiple layers of ANN and has the
capacity to evolve into emergent intelligence which
is a property displayed by human intelligence. 
Clearly, AI is viewed as a transformative tech-

nology that can serve as a catalyst for a new
approach to drug development – but it is by no
means a ‘silver bullet’ for drug discovery and devel-
opment. The proverbial Achilles heel of AI is the
amount and the quality of data needed for con-
structing AI training sets. All AI approaches,
including AGI and DL require lots of data (big
data) and are not immune to the basic computing
rule – ‘garbage in, garbage out’ – which means that
neural networks trained on flawed data can be
highly error-prone.
AI is reliant on three things: high quality data,

high quantity data and data that are relevant to the
research question being asked. These data must
already be known. AI is great at distilling value
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from large amounts of information; however, by
itself it struggles to provide value when the infor-
mation is sparse. This can be readily seen by our
inability to model rare orphan diseases that lack
well-known information that is relevant to the
research question being asked. AI applications
require creation of training data which requires
human experts for interpreting lots of data to build
complex views of the problem. Since getting the
right input data is for the right job is expensive,
real-world data are frequently replaced with
machine-created data that tend to be error-prone.
The best approach for constructing these train-

ing sets (supervised learning) requires human
experts who can interpret lots of data for building
complex views of problem and intention spaces to
be solved13. Adding complexity to this task, these
experts would need to consider how changes in
environments affect emergent causalities and
behaviour14. Misrepresentation of these cause-
effect relationships in training set construction will
create cascading negative consequences15.
Considering these complexities, it is not surprising
that most examples of emergent systems analysis
use models that are hardly ever found in real life
and are not scalable15,16.

SystaMedic Inc’s innovative Emergent
Intelligence (EI) technology
Emergent Behavior Analysis (EBA)
We believe that AI’s success will depend on its abil-
ity to model behaviour of biological systems that
inherently display emergent properties17.
Emergence refers to the ability of low-level compo-
nents of a system or community to self-organise
into a higher-level system of sophistication and
awareness1. However, emergent behaviour cannot
be computed by summing up the workings of a sin-

gle cell and isolated molecular circuits1. Biological
systems are made up of integrated networks of
organelles which form cell networks which again
form organ networks and so on18-20. For regulat-
ing systems behaviour, these interconnected net-
work layers are in constant dialogue and this, in
turn, makes and breaks connections between net-
work layers21. 
This paper introduces a cutting-edge approach

for the Analysis of Emergent Behavior of complex
biological systems. This novel methodology identi-
fies, amongst infinite number of combinations of
protein interactions, network connectivity that is
important for regulating information flows
through networks of networks controlling the
body’s response to diseases and drug treatments.
Overcoming the barriers of probabilistic data ana-
lytics, EBA’s information theory-based approach is
especially useful for drug repositioning, bio-
prospecting of plants, herbs, traditional medicines,
identification of efficacy and safety biomarkers
and the design of ‘smart and targeted’ clinical trials
and toxicological studies. Moreover, EBA has been
shown to be a powerful technology for developing
targeted product profiles, competitive analysis of
drugs and therapeutic areas, and the prediction of
drug-drug interactions. We describe its use as a
cognition enhancement approach for identifying
novel agents that can modulate resistance of bacte-
ria to antibiotics. 

Analysis of emergent behaviour in 
complex biological systems
Emergent behaviour is any behaviour of a system
that is not a property of any of the components of
that system. That is, a property that emerges due to
interactions among the components of a system, as
mentioned below. For example, flocking is not the

Figure 2
Emergent behaviour
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behaviour of an individual bird (Figure 2).
Likewise, Emergent Intelligence (EI) is a global
property and surpasses the scope of traditional AI,
in that AI is a probabilistic approach requiring
large amounts of comparable observations as
training sets. Since biological systems are non-lin-
ear, there is a general lack of information which AI
cannot compensate for. 
While emergent properties of AGI have been

studied for nearly half a century, very few methods
for their identification and analysis exist15. Most of
the methods developed using these strategies resort
to oversimplification and are not scalable15.
Computational and data intense DL methods
approach this problem by using modular building
blocks such as fully-connected layers, convolutional
layers and recurrent layers of networks which are
often combined in task-specific ways18. However,
the components of biological network layers are
not always known and even more ambiguity arises
with defining the connections between components
since edges in these networks are inducible in a
cause and environment specific manner. Thus, con-
ventional approaches for DL training sets may be
neither physically or economically feasible.
In contrast, the methodology introduced in this

paper uses an unsupervised learning approach and
examines emergent systems behaviour by determin-
ing the routing of information flows induced by
pharmacological agents through molecular net-
works with overlapping topologies without making
assumptions on network links22. Using disease or
physiological networks as topological constraints,
this methodology identifies the router level connec-
tivity linking molecular processes across network
layers without making any a priori assumptions on
network connectivity or module functions.
Enabling this methodology are techniques used in
communication network technology topological
data analysis and big data analytics23,24. This unsu-
pervised learning strategy provides classifications of

pharmacological probes and links between molecu-
lar processes associated with system-wide pharma-
cology observations. Yielding interdependent cause
and effect classifications, this methodology pro-
vides self-validating results. Working with informa-
tion characteristics instead of content interpreta-
tion, this methodology addresses key problems
encountered in emergent system analysis. 
Why does causal emergence matter? Experience

shows that universal reductionism is false when it
comes to thinking about causation, and that some-
times higher scale reality has more causal influence
(and associated information) than whatever under-
lies them.

Emergent Behavior Analysis (EBA)
SystaMedic Inc’s EBA platform is a novel EI tech-
nology to determine data relationships by compar-
ing directions of stimuli-induced information flows
in dynamic interaction-network systems. This cog-
nition enhancement technology uses information
characteristics, requires fewer data points, is insen-
sitive to noise and reduces system complexity25,26.

Physiology and pathology are regulated
by information flows
Starting at the body’s smallest scale, the routing of
information through the body’s network systems is
mediated by proteins which act as environmental
sensors27. Detecting changes in local and distant
environments (causes), proteins transmit the infor-
mation received (effects) by affecting directly or
indirectly properties of neighbour proteins (net-
work nodes) which, in turn, affect properties of
other proteins resulting in protein-protein interac-
tion networks that distribute information through-
out the body28 (Figure 3). 
The body’s ability to adapt to changes in environ-

ments relies on the capacity to instantly change the
connectivity between sub-networks (topology) con-
ducting information flows across all scales of the

Figure 3
EBA platform for analysis 
of information flows in
biological systems
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body29. In this context, the term network connec-
tivity refers to the transfer of information from one
network node to another, and the term network
node refers to a connection point or redistribution
point (eg, protein, process, function, organ, tissue,
cell type, etc) for the propagation of information.
Likewise, the term information transfer refers to the
relative gain or loss of information experienced at
various system levels when a set of input signals
(regardless of their nature or origin) change. 
Directions of information flows in these dynam-

ic network systems depend on topologies of sub-
network systems adapting to characteristics of
input signals30. Affecting this non-linear regulato-
ry scheme are gender differences, age, gene vari-

ance, environment and many other conditions31.
While this information processing machinery
effortlessly instructs the body how to respond to
heterogenous simultaneous input signals, the plas-
ticity of this non-linear complex system creates
formidable challenges for data analytics. An illus-
tration of the power of this disruptive methodolo-
gy is provided in the application of EBA technolo-
gy for identifying drug candidates capable of
reversing antibiotic resistance of bacteria.

Antibiotic resistance – an 
imminent health threat
Antibiotic resistance emerges naturally, but misuse
of antibiotics in humans and animals is accelerat-
ing the process. A growing number of infections –
such as pneumonia, tuberculosis, gonorrhoea and
salmonellosis – are becoming harder to treat as the
antibiotics used to treat them become less effective
and present a key limitation for treatment of vari-
ous life-threatening infections. The World Health
Organization (WHO) has compiled a list of antibi-
otic resistant bacteria (including Escherichia coli,
Klebsiella pneumoniae and Staphylococcus
aureus) for addressing this global health problem.
Innovative strategies to mitigate the crisis of
antimicrobial drug resistance include the identifi-
cation of new therapies, chemo-sensitising modu-
lators, as wells as approved drugs that can be
repurposed for an alternate therapeutic indication
(drug repurposing).

Application of EBA platform for discovery of
drugs targeting multi-drug resistant bacteria
We have used EBA to identify:

l Shared mechanisms of drug resistance to multiple
antibiotics across a broad range of bacterial strains.
l Mode of action (including biomarkers) that can
be used for targeting multi-drug resistance either as
reversing agents or as direct-acting antibacterials.
l Substances capable of targeting drug resistant
bacterial phenotypes.

The first step was to construct a protein interac-
tion network that links the pharmacologies of a
broad range of antibiotics to molecular mecha-
nisms involved in drug resistance of bacteria listed
as prime candidates for the global health crisis by
WHO. Figure 4 shows the results of a network
overlap analysis involving network comparisons of
2,800 bacteria, most antibiotics and the drug-resis-
tant strains listed by WHO. 
The second step was to partition the primary

network (described in Figure 4), consisting of 290

Figure 4
Application of EBA in the

identification of mechanisms
involved in multi-drug

resistance across bacterial
strains
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proteins, with all known Gene Ontology molecular
process networks. This analysis resulted in 558
overlapping and cause-effect constraint sub-net-
works of varying sizes and topologies. These frag-
ments were then used in high volume data transfor-
mation to identify information densities (network
reachability information)of >22,000 drugs, natural
products, herbs, bacteria and antibiotics (stimuli). 
Hierarchical clustering of this network reacha-

bility information identified stimuli-induced routes
of information transfer between the 558 sub-net-
works and groups of substances inducing similar
cross-linking patterns of the 558 molecular pro-
cesses (sub-networks). Phenotypes containing 17
drug-resistant strains listed by the WHO are
shown in Figure 5.
The cross-linking of 558 molecular processes

involves modification of protein-protein interac-
tions. Consequently, substances grouped in specific
phenotypes modulate similar protein-protein inter-
actions. As shown in Figure 6, stimuli residing in
well-defined phenotypes, such as Phenotype A,
modulate similar protein-protein interactions and
are hence anticipated to interact with each other.
Examples of molecular processes modulated by
substances in Phenotype A include chemotaxis,
DNA replication, regulation of cell death, etc.
The network prediction of whether stimuli (bac-

teria, herbs, drugs) in Phenotype A are indeed
capable of targeting bacteria was validated by
review of published articles. A summary of these

findings is listed in Table 1. As shown, 10 out of 15
substances in phenotype A have direct antibacterial
activities, five have been shown to modify bacterial
resistance and one of these, 5-androstenediol has
been shown to modify bacterial virulence.
Of significance for drug repositioning is the

interaction of polidocanol with antibiotics.
Polidocanol has been shown to reduce the mini-
mum inhibitory concentration (MIC) of methi-
cillin, oxacillin, penicillin G and ampicillin against
drug-resistant Staphylococci. The authors suggest
that the inhibition by polidocanol involves more
general resistance mechanisms since it was not
inhibitory as a single agent for Staphylococci and
did not inhibit beta-lactamase activity32.
EBA-based identification of herbs sharing

Phenotype A characteristics suggests that these
plants are prime candidates for bioprospecting and
discovery of potentially novel anti-bacterial agents
to overcome multi-drug resistance. 
Experimental validation of EBA findings for

seeking drug repositioning candidates was pursued
by us via in vitro studies to measure increased sus-
ceptibility of E. coli, S. aureus and MRSA strains
to known antibiotics in presence of compounds
identified by EBA screening. Our preliminary find-
ings (data not shown) indicate that in situ screen-
ing by EBA has identified several marketed drugs
that can be readily positioned as modulators of
bacterial multi-drug resistance. Efforts are ongoing
to confirm these findings in vivo.

Figure 5
Clustering of network
reachability information:
Identification of groups of
substances containing 17 drug
resistant bacterial strains
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Conclusion
As the stagnation of medical and pharmacological
technology practice verges toward social and eco-
nomic crisis, greater attention is being paid to a
mindset that facilitates access to a tremendous vol-
ume of available scientific and clinical data, as well
as advanced algorithms that can exploit that infor-
mation. This two-part series of papers initiates dis-
cussions about the complexities facing drug discov-
ery and development.
In Part I, we articulated, among other disrup-

tive innovation platforms, the significance and
importance of ‘Core Model’, an economic and
organisational paradigm for drug discovery and
development, that was elucidated through the
story-case of the development of the anti-cancer
drug bortezomib33. In the current pharmaceutical
and health care scenarios, drug leads that may
otherwise languish in the laboratory could be
fully capitalised via the use of ‘Core Model’
approaches to make it to the patient, saving time,
labour and capital.
Here in Part II, we introduce a novel EI tech-

nology, namely EBA, a cognition enhancement
technology, that determines data relationships by
comparing directions of stimuli-induced informa-
tion flows (cause-effect relationships) in dynamic
interaction-network systems. In doing so, EBA
translates vast amounts of data into actionable
insights. This information-theory based method-
ology uses information characteristics, and unlike

AI approaches, it requires fewer data points, is
insensitive to noise and reduces system complexi-
ty. The inherent logic of the application EBA
methodology in analysis of life science data is
based on the premise that behaviour of biological
systems is founded on emergent properties. We
propose innovative network science that address-
es the general need for improved applications and
advanced algorithms in translational chemical
biology.
Also discussed is the capability of the EBA plat-

form for identifying substances (botanicals and
small molecules) that can modulate resistance of
many bacterial strains (gram positive and gram
negative) to a wide array of antibiotics. The utility
of this approach is demonstrated in the discovery
of drug combinations that promise to overcome
the menacing resistance of deadly bacteria against
multiple antibiotics. Notably, this information
theory-based topological data analysis methodolo-
gy reduces systems complexity, data noise and
scaling issues which are key problems in life sci-
ence’s Big Data analytics. The ability to ascertain
complex data relationships without the need for
supercomputers and human supervision for creat-
ing training sets makes this technology particular-
ly useful for application in devices, robotics and
mobile applications. Thus, SystaMedic Inc’s EBA
platform has the potential to become a key tech-
nology for identifying efficacious and well-tolerat-
ed, differentiated medicines, and is applicable for

Figure 6
Protein-protein interactions

targeted by substances in
Phenotype A
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all stages of drug discovery and development,
including clinical studies and competitive analysis
and due diligence. Moreover, the use of our EBA
platform can be extended beyond life sciences to
industries requiring rapid feedback on impact of
environmental or physiological changes in emer-
gent systems.

We reiterate that the survival of the pharmaceu-
tical industry and of the world’s healthcare systems
will ultimately depend on innovation, on a better
understanding of disease, on the efficient develop-
ment of novel drugs and on preventive measures
coupled to an efficient use of our limited societal
resources33.

SUBSTANCES AND
BACTERIA IN
PHENOTYPE A

CONFIRMED
ACTIVITY

AGAINST DRUG
RESISTANT
BACTERIA
(INCLUDING
PHENOTYPE A
BACTERIA)

CONFIRMED
ANTIBACTERIAL

ACTIVITY
(INCLUDING
PHENOTYPE A
BACTERIA)

SYNERGIES WITH
ANTIBIOTICS

PROTECTS
AGAINST
BACTERIAL
INFECTIONS
(INCLUDING
PHENOTYPE A
BACTERIA)

Drug resistant 
N. gonorrhoea

NA NA NA NA

Drug resistant 
S. epidermidis

NA NA NA NA

Melaleuca leucadendra* yes yes

Amomum villosum* yes

Sodium tetradecyl sulfate** yes yes yes

Trabectedin** yes

5-androstenediol** yes

AZD2014**

Corymbia maculata* yes yes yes

Elymus lanceolatus*

Lathyrus ochrus* yes

Melaleuca quinquenervia* yes yes yes

Parthenocissus henryana* yes

Polidocanol** Reverses resistance yes

Sinningia speciosa* yes

Sorbitan monopalmitate** yes yes

Sorbitan tristearate** yes

NA = not applicable, blank cells = no information could be found; * = Herbs; ** = Small molecules; Literature references not shown due to size limitations

Table 1: Summary of literature findings for substances identified in Phenotype A
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Property development and business strategies at
SystaMedic Inc. palaniyandi.manivasakam@sys-
tamedic.com.

Dr Shama Kajiji is a co-founder of SystaMedic Inc.
She received her PhD in Pharmacology and
Experimental Pathology (Cancer Biology) from
Brown University and completed her post-doctoral
training in Immunology at Scripps Clinic and
Research Foundation, La Jolla, CA where she dis-
covered alpha 6 beta 4 integrin. She also earned an
Executive MBA from the University of Rhode
Island and is a graduate of the Strategic Leadership
Programs offered by Harvard and Stanford
Universities. Shama spent ~20 years at Pfizer in
various positions of responsibilities including
Global Head of Attrition Analysis Office. She
holds multiple patents and her successful R&D
contributions include Tarceva, a marketed drug
and Tremelimumab, a monoclonal antibody. In
addition to Pfizer, Shama has contributed to the

management and analysis of Global R&D
pipelines of Merck Research Labs and Janssen
Pharmaceuticals. As CEO of SystaMedic Inc, she is
leading the strategic planning and operational
objectives of the company. shama.kajiji@sys-
tamedic.com.

Dr Gerald Lushington is a co-founder, Chief
Scientific Officer and Executive Vice-President of
TheraPeptics, LLC – a biotech company focused
on designing peptide-based therapeutics for neu-
rodegenerative disorders, microbial infections and
cancer. With more than 180 publications and five
US and international patents, his studies entail sim-
ulations, visualisation and data analysis techniques
for extracting insight from in vitro and in vivo
studies in the health and life sciences. He has devel-
oped and licensed technology for commercial
development to Centaur Animal Health, Inc and
supports R&D and commercialisation efforts for a
diverse array of clients in academia, government
and the pharmaceutical and biotechnology indus-
tries. Dr Lushington is an adjunct professor in the
Department of Food, Nutrition, Dietetics and
Health at Kansas State University. He serves as
Editor-in-Chief for the journal Combinatorial
Chemistry & High Throughput Screening,
Bioinformatics Editor for WebMedCentral and is
on editorial boards for Current Bioactive
Compounds, Current Enzymology and the Annals
of Biotechnology. lushington_insilico@yahoo.com.

Dr Rathnam Chaguturu is the Innovation Czar,
Founder & CEO of iDD Partners (Princeton
Junction, NJ, USA), a non-profit think-tank focused
on pharmaceutical innovation and, most recently,
Deputy Site Head, Center for Advanced Drug
Research, SRI International. He has more than 35
years of experience in academia and industry, man-
aging new lead discovery projects and forging col-
laborative partnerships with academia, disease
foundations, non-profits and government agencies.
He is the Founding President of the International
Chemical Biology Society, a Founding Member of
the Society for Biomolecular Sciences and Editor-in-
Chief-Emeritus of the journal Combinatorial
Chemistry & High Throughput Screening. Rathnam
passionately advocates the need for innovation and
entrepreneurship and the virtues of collaborative
partnerships in addressing the pharmaceutical inno-
vation crisis, and aggressively warns the threat of
scientific misconduct in biomedical sciences. He
received his PhD with an award-winning thesis from
Sri Venkateswara University, Tirupati, India. 
mchaguturu@gmail.com.
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