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Abstract
Responding to the aggravating shortage of potent antibiotics, pharmaceutical research is constantly looking for new ideas to combat and contain perilous microorganisms. As a result of persistent selective pressure, evolution has bestowed
a powerful arsenal of antimicrobial survival strategies upon plants, bacteria and
fungi.
Screening of natural product libraries is an obvious and promising ﬁrst step in antimicrobial research. We followed that approach by investigating the antimicrobial
bioactivity of a set of abietane derivatives. To accommodate for the data that resulted from that screening, we then developed a tool to automate and integrate
the data analysis and presentation into the screening workﬂow. In an attempt to
further streamline the process, we evaluated identiﬁcation techniques for microorganisms growing in co-cultures based on machine learning. Including the right
material in the screening is a key element for a successful campaign. In our last
study, we analyzed user-generated online sources to search for potential leads for
new anti-infectious drugs.
The screening resulted in a potential new compound active against Staphylococcus aureus with moderate cytotoxicity. The abietane derivative showed a minimal
inhibitory concentration of 60 μg/ml against S. aureus and 8 μg/ml against multiresistant S. aureus. Machine learning is used more and more in natural product
research, and our study suggested that random forest classiﬁers and support vector machines are eﬃcient tools to identify micro-organisms from polymicrobial
cultures. The proposed models had prediction rates >90% in the determination
of growth for microbes in polymicrobial cultures. The Internet is an immense and
ever-growing resource of information, and we sketched a possible way for how
this data can complement the search of antimicrobial plant preparations. In three
examples, we showed correlations between mentions of plants and medical terms.
Centered on antimicrobial screening, this thesis studies diﬀerent strategies to enhance the screening process through the help of bioinformatics. We developed,
tested and used diﬀerent tools and methods to support and facilitate library design, detection techniques, and data management. These are only small pieces
in the search of new antimicrobial compounds, but they show that there are still
many possible approaches to follow.
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Introduction
Vienna, late 1940’s: Investigating the murder of his childhood friend, writer Holly
Martins gets dragged into a ﬂourishing drug smuggling ring. The contraband in
question: penicillin. Thus begins the plot of the 1949 ﬁlm-noir “The Third Man”.
Set during the post-war era, the movie takes place in a time when this new miracle
drug was so scarce and sought after that it was traﬃcked and traded on the black
market.
Since then, the price of penicillin has plummeted. More antibiotics have entered the market and became so abundant that nowadays, it is hard to imagine that
bacterial infections were once serious diseases, often ending in death or disability.
In recent years, however, the situation started to change again, and the demand
for potent antibiotics is growing stronger. Years of imprudent use and neglected
research for novel compounds have taken their toll and led to the emergence of
resistant strains diﬃcult to treat [1].
While the discovery of penicillin was a rather serendipitous event, which has
inspired many young students to leave their laboratory benches in disarray in the
hope of a similar revelation, antibiotic research nowadays is a serious and multifaceted venture. From widespread screening of known chemicals to the discovery
of mechanisms that disarm, attenuate and undermine infectious agents, everything
is undertaken to avert a shortage of potent anti-infectives.
In the meantime, antibiotic resistance is growing, and a serious threat arises
from multiresistant gram-negative species: In the countries of the European Union,
for example, Klebsiella pneumoniæ with combined resistance against ﬂuoroquinolones, third-generation cephalosporins and aminoglycosides is observed at a growing
rate [2]. In contrast, only 16 out of the 41 antibiotics currently under development,
show signiﬁcant activity against gram-negative bacteria [3]. The fact that during
the past 50 years, only two new classes of antibiotics (ﬂuoroquinolones and oxazolidinones) have entered the market, underscores the gravity of the situation
[4].
This thesis describes certain elements of the discovery process for novel antibiotics and outlines the development of tools that facilitate that procedure. Starting
9
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from the popular yet crude hit-and-miss approach of natural product screening, it
further illustrates the potential of computer-aided methods like machine learning
and information retrieval for the reﬁnement and enrichment of that data.
The present work is but a puzzle piece in the ﬁght against infectious diseases. It
presents strategies and tools that can be used in the search for novel antibiotics and
highlights the importance of natural products and bioinformatics in drug discovery.

Literature Review
2.1

Natural products as drugs

Historical background
In pharmaceutical sciences, the term “natural products (NP)” describes secondary
metabolites from organisms such as plants, fungi and bacteria [5] – these are
molecules that provide an evolutionary beneﬁt, which goes beyond simply sustaining life. The roles of NP are many, but often involve interaction with biological
systems, for example to combat parasites or facilitate reproduction [6]. This makes
NP an interesting subject for biomedical research.
Throughout the history of medicine, NP have always occupied a prominent
spot: For centuries, antique herbals, like Dioscorides’ De materia medica, were
used to collect the knowledge of the time and are testimonies of an age when
plants were the main source of remedies [7]. Many plants and herbs were readily
available and easy to gather and cultivate. As such, they were used in virtually
all civilizations around the globe and strongly inﬂuenced the art of curing and
healing. Certain sources even assert that the word “drug” itself is derived from the
Old Dutch word for “dry”, indicating dried herbs and spices [8].

From plants to synthetic drugs
For most of the time, plants were used as whole parts – for example as leaves,
ﬂowers or roots. It was not until the 18th and 19th century, when extensive studies
on plant extracts led to the isolation and identiﬁcation of pure active compounds.
The discovery of digoxin from foxglove (Digitalis) in 1785, morphine from poppies
(Papaver somniferum L.) in 1806 and salicylic acid from willow bark (Salix) in 1897
introduced the concept of dose-controlled and deﬁned therapy and marked the
inception of plant-based rational drug discovery [9, 10]. Technological advances
and the progress of chemistry paved the way for the ﬁrst synthetically produced
medicine, salicylic acid. Digoxin, morphine and acetylsalicylic acid are still on
11
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the market today and are a great example of the impact plants have on modern
medicine in our society.
Thanks to their macroscopic size and the ease of investigating, cultivating and
harvesting, plants have for a long time been the center of attention in drug discovery. It was not until 1928, when penicillin was discovered as a by-product of
mold, that fungi became interesting. During the subsequent years, fungi became a
popular subject of research. They constitute a particularly rich source of bioactive
secondary metabolites, which led to the discovery of many nowadays indispensable
drugs – e.g. cephalosporins, cyclosporine, fusidin and griseofulvin [11].
NP also enjoy wide support from the general public and are regularly praised as
preferable alternatives to “chemical” drugs. The reason behind this, however, is not
always because of scientiﬁc reasons. Natural products often play important roles
as ﬂagship remedies in rousseauesque alternative therapies, inspired by naïve and
even esoterical foundations. While this attitude has introduced a certain skepticism
towards NP in the scientiﬁc community, one must not forget that up to this day, NP
are an important source for new drugs [12].
From a chemical perspective, NP are interesting for several reasons: Organisms
have developed ﬁnely-tuned machineries, which are able to synthesize structures,
whose complexity is unmatched by synthetically produced molecules. Due to their
stereochemistry, many NP are diﬃcult to replicate in a laboratory. Taxol (Fig. 2.1),
for example has in total 11 chiral centers, and its total synthesis includes around
20 steps [13].
Bacteria and fungi are still the most
promising source for new antibiotics.
OH
O
Yet large-scale production of microO
organism-based compounds is disproO
portionately more diﬃcult than it is
O
HN
O
with their plant-based counterparts.
O
Since ab initio chemical synthesis is ofHO
OH O
ten unfeasible, they are almost excluO
sively produced through fermentation.
O
This process is still relatively simple on
O
O
research lab scale; an economically viable scale-up proves to be much more
Figure 2.1: Taxol, an example of the complex- challenging. Since the puriﬁcation and
ity of secondary metabolites found in plants.
isolation processes are relatively diﬃcult to optimize, this usually involves
the generation of a highly optimized strains to produce higher yield [14]. Once
isolated, the compounds can be used as-is, or serve as a scaﬀold for optimized
molecules, which lead to a large number of NP derivatives.
Despite their strong bioactivity, many NP surprisingly are not compliant with
Lipinski’s rule of ﬁve (Ro5) for drug-likeness. In synthetic drugs, this would hint
towards lower bioavailability. The structure of NP is, however, similar to endogenous metabolites and hence can be a substrate to cellular transporters [15]. An-

2.2 Antibiotics

13

other property of NP is their notoriously low bioavailability. Recent attempts to
overcome this issue includes the use of nanoparticles, in which the molecules are
incorporated [16].

Outlook
Most NP-based drugs fall into the antimicrobial category (with the noteable exception of immunosuppressors and statins) [5]. During the post-war period, and
following the discovery of penicillin, a wide variety of antibiotic substances were
isolated from natural sources. Due to the intensive research in this ﬁeld, most
low-hanging fruits have now been harvested [5], and ﬁnding novel antibiotics has
become more diﬃcult. The rapid emergence of resistant bacterial strains dictates
the exploitation of new resources, so researcher can keep successfully ﬁghting infections.

2.2

Antibiotics

The Golden Age of antibiotics
The history of antibiotics is closely intertwined with the history of natural products.
Bacteria populate virtually every niche on this planet, and other organisms have
adapted to their omnipresence by developing survival strategies to ward oﬀ the
pathogens. The antimicrobial repertoire of plants, fungi and bacteria is immense,
and since the discovery of penicillin in 1928 (which was rewarded with the Nobel
prize in medicine in 1945), humans have taken inspiration from natural sources
for the development of most major classes of antibiotics.
Antibiotics entered clinical use in the 1930’s. A few years later, the Golden
Age of antibiotics began: Between the 1940’s and 1970’s, many new compounds
were discovered, developed and optimized (Table 2.1). Fatal bacterial infections
seemed to become a thing of the past. But after 1970, very few new antibiotics
were introduced, and most of them were only slight modiﬁcations of known structures. The traditional channels of antibiotic discovery seemed exhausted, and the
development of novel antibiotics was stagnating [17, 18]. Bacteria, on the other
hand, kept ﬁghting back, and the emergence of resistant strains threatened to render known antibiotics ineﬀective. Researchers needed to look for a new source of
antibiotics if they wanted to maintain their dominance.

Antimicrobial resistance
The year 1995 marked the beginning of the genomic era. The sequencing of the
genome revealed new potential targets for antibiotics, and this new technique
looked like the good news antibiotic research was waiting for. Pharmaceutical companies began to run high-throughput screening (HTS) campaigns to screen against

2 Literature Review
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1932
1928
1943
1946
1948
1944
1957
1953
1961
1963
1955
1986
1948
1997

Discovered

1936
1938
1946
1948
1951
1952
1958
1958
1968
1998
2000
2003
2011
2012

Introduced

1942
1945
1946
1950
1955
1950
1962
1960
1968
1964
2001
1987
1977
2006

Resistance

Inhibition of dihydropteroate synthetase
Inhibition of cell wall biosynthesis
Binding of 30S ribosomal subunit
Binding of 50S ribosomal subunit
Binding of 50S ribosomal subunit
Binding of 30S ribosomal subunit
Binding of RNA polymerase β-subunit
Inhibition of cell wall biosynthesis
Inhibition of DNA synthesis
Binding of 50S ribosomal subunit
Binding of 50S ribosomal subunit
Depolarization of cell membrane
Inhibition of RNA polymerase
Inhibition of F1FO-ATPase

Mechanism of action

Table 2.1: Year of discovery for diﬀerent antibiotics, including the year resistance was ﬁrst observed. Source: Lewis [4]

Antibiotic class; example
Sulfadrugs; prontosil
β-lactams; penicillin
Aminoglycosides; streptomycin
Chloramphenicols; chloramphenicol
Macrolides; erythromycin
Tetracyclines; chlortetracycline
Rifamycins; rifampicin
Glycopeptides; vancomycin
Quinolones; ciproﬂoxacin
Streptogramins; streptogramin B
Oxazolidinones; linezolid
Lipopetides; daptomycin
Fidaxomicin (targeting Clostridium diﬃcile)
Diarylquinolines; bedaquiline

2.2 Antibiotics
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newly identiﬁed essential targets. Setting up assays was relatively easy, and companies such as GSK had libraries with 260 000–530 000 compounds readily at their
disposal. Despite the optimistic outlook, hit and lead rate from those assays were
uncommonly low, up to 4-5 times lower than for other therapeutic targets. The reasons behind this distortion can be found in the genomes of bacteria. On one hand,
the gene sequences that encoded essential targets in laboratory strains were often
diﬀerent from the ones in wild-type strains, which were therefore not targeted by
the same compounds. The search for broad-spectrum antibiotics was diﬃcult, as
the genomes of two bacterial species are further apart from each other than they
are from humans. The used whole-cell assays made a subsequent detection of the
mode of action (MoA) necessary, and the results were easily tainted by nuisance
compounds. More than 125 screening campaigns, run by 34 companies on 60 targets, resulted in no new mechanism, and no new structure was discovered from
the companies’ existing libraries [19, 20].
As a consequence, people lost interest in antibiotic research. Success rates were
low, and antibiotics generate relatively little revenue compared to other therapeutic
areas, so many pharmaceutical companies steered clear from antibiotic research
[21].
Shortly after the ﬁrst antibiotic was introduced, bacteria started to develop
resistance against the new threat, and new resistant strains kept emerging even
though antibiotic development was slowing down. The huge initial success of antibiotics also seemed to be their downfall. The widespread – and often wrong –
prescription and bad patient compliance, together with its inconsiderate use in
livestock breeding, led to the emergence of multi-resistant strains, or strains that
are immune to several classes of antibiotics. Traveling and shipping of agricultural
goods helped to spread the resistant strains quickly around the globe.
Among multi-resistant strains, special attention should be directed to the ESKAPE strains, which are responsible for the largest contribution to nosocomial infections. The acronym ESKAPE stands for Enterococcus faecium, Staphylococcus
aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa,
Enterobacter spp, and hints to their ability to escape most antibiotic treatments
[18].

Outlook
Modern antibiotic research employs diﬀerent strategies to reduce the emergence of
resistant strains. Drugs with new MoA’s can help to circumvent existing resistance
mechanisms. For that reason, screening companies use libraries that cover a large
chemical space, preferably including samples from innovative novel resources.
Oceans and seas harbor huge biodiversity, spanning from algae, fungi and bacteria to marine animals. On account of their secluded habitat, marine organisms
have for a long time been neglected as a source of bioactive compounds. During
the last decades, however, they have become the focus of several studies, which
underscore the potential of marine products as novel antibiotic leads [22, 23].
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The majority of known antibiotics has been discovered by examining soil microorganisms, but only a small fraction of them can be cultivated in laboratory conditions. A new device, called “iChip”, allowed researchers to screen these microbes
and ultimately led to the discovery of teixobactin, a novel compound active against
Gram-positive bacteria. For the screening, around 10 000 previously uncultured
strains were planted on a chip, which was then put back into the soil, where the
bacteria could grow in their natural habitat. Teixobactin inhibits cell wall synthesis by binding to a peptidoglycan pre-cursor, and no resistance has been observed
so far [24, 25].
Ethnobotanics, or the study of folk medicine, can support the search for lead
compounds through scientiﬁc analysis of traditional medicines [26, 7]. Kisameet
clay, for example, was used by certain North American aboriginal tribes for its
therapeutic properties. Its antibiotic activity against a broad spectrum of bacteria,
including the ESKAPE-strains, was conﬁrmed in scientiﬁc studies. The antimicrobial eﬀect stems from the many micro-organisms to which the clay is a habitat
[27].
Not only exotic places hide medical treasures: Leaf extracts from the European chestnut (Castanea sativa), used in Italian folk medicine for the treatment
of skin infections, has shown potential in the ﬁght against Staphylococcus aureus.
Many of S. aureus’ virulence factors are controlled through a cell-density quorum
sensing mechanism. Components of the extract are able to quench this mechanism, thus suppressing the virulence factors without putting the microbes under
selective stress [28].
Preventing or attenuating infections does not always involve killing the pathogen.
Several other approaches exist and are being developed, for example the encapsulation of bacterial endotoxins with liposomes [29]. A study by Czaplewski et al.
[30] lists further approaches for non-bactericidal infection control:
• Antibodies that bind and deactivate virulence factors or toxins;
• Probiotics, i.e. non-pathogenic bacterial cultures, against Clostridium diﬃcile
infection;
• Phage lysins that destroy the cell wall of Gram-positive bacteria, possibly also
in bioﬁlms;
• Bacteriophages, either wild-type or genetically engineered;
• Stimulation of the immune system and vaccines;
• Antibacterial or antibioﬁlm peptides.
Without the selective pressure exercised through ‘traditional’ antibiotics, nonbactericidal approaches are less likely to cause resistance.
The low output of the antibiotics pipeline, coupled with the soaring amount of
multidrug-resistant germs, have provoked alarming predictions about an imminent
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post-antibiotic era [31]. As a consequence, the ﬁeld has attracted attention from
academia and healthcare practitioners. Other recent studies paint a more optimistic picture and reveal new strategies, resources and ﬁrst successes in the development of new antibiotic structures [32]. If we can overcome the lack of funding
for new projects, the disinterest of Big Pharma and careless antibiotic stewardship,
hopefully future generations will continue to successfully combat infections.

2.3

High-throughput screening

Miniaturization and automation
The slump in the antibiotics pipeline during the 1990’s prompted pharmaceutical
companies to rethink their R&D process. HTS was not as much a sudden revelation,
as it was rather the result of continuous improvement. Little has been published
about its origins, as it progressed gradually and many companies were working towards miniaturization and rationalization simultaneously. An example from Pﬁzer
suggests that – once again – antibiotics and natural products were the main driving
force behind this process. The screening procedure used at Pﬁzer at the time used
reaction tubes of 1 ml and permitted to screen between 20 and 50 compounds per
week. The higher throughput was achieved with mainly two modiﬁcations: The
storage of compounds in dimethyl sulfoxide (DMSO) and the transfer of the experiments into (initially 24-well) microtiter plates. This led to further miniaturization
and moving towards smaller volumes [33].
Modern HTS facilities currently screen between 10 000 and 100 000 compounds
per day; for higher numbers, the term ultra-HTS (uHTS) is used [34]. While the
massive improvements in miniaturization and automation permitted this rapid advancement on one hand, it was also fueled by the advances in genomics, which
produced a large number of new targets to be tested. From its humble beginnings,
HTS has evolved and is now a mature discipline and a crucial starting point in
modern drug discovery, both in industry and in academia [34, 35]. But despite the
increasing amount of screened compounds, the number of targets for which leads
were developed only increased by 45-55% [36, 37], a success rate that barely justiﬁes the ﬁnancial investment.
The optimization of HTS can occur at three points: time, cost, and quality.
During the early years, development mainly focused on the ﬁrst two aspects by
pushing miniaturization and automation to their limits. Nowadays, the throughput
rate is reaching its ceiling, and the relevance and quality of the results are getting
more attention than the bare quantity [34].
The design of the assay and its implementation have a direct impact on the
quality of the results. Early HTS used almost exclusively target-based assays, i.e.
assays that ﬁnd molecules targeting a speciﬁc isolated protein. Thanks to their
simplicity, they are relatively easy to implement in HTS format, but oﬀer only
a limited view on the biological eﬀect of the screened samples. An alternative
methodology are phenotypic assays, which observe the eﬀect a compound has on
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a biological system (such as a cell, tissue, or a whole organism). Phenotypic assays
are more challenging to conceive in a HTS-ready format, as they require more
complex setups, and subsequent target identiﬁcation. An intermediate approach
includes the screening of targets in a more natural environment, such as cell lysate
[35, 38].
The development of reliable detection techniques is a further key element in
assay development. The commonly used ﬂuorescence, for example, is prone to produce false positives. Through technological advancement, methods such as mass
spectrometry (MS) [35] or label-free microarrays [39] can nowadays be utilized
in HTS environments.

Quality issues
With advances being made in HTS assay design, the measurement of the improved
quality is not trivial. Statistical surveillance is important and necessary to quickly
evaluate screens of tens of thousands of compounds. False positives, or samples
erroneously recognized as hits, can lead to unnecessary expenses for follow-up
experiments on a useless compound. False negatives, on the other hand, eliminate
potential drug candidates. The variables used to describe a screen are mean μ
and standard deviation σ of positive control, sample and negative control. Several
metrics have been developed to estimate an assay’s performance, the most simple
being Signal-to-Noise ratio (S/N) and Signal-to-Background ratio (S/B).
2
, describes the ratio between the diﬀerence of
The S/N, deﬁned as S/N = μ1σ−μ
2
positive and negative response μ1 and μ2 and the standard deviation of the negative
response (or noise) μ2 . Similarly, S/B is deﬁned as S/B = μμ12 and describes the ratio
between positive and negative response.
Both coeﬃcients are intuitive to understand and simple to calculate, but S/B
does not take into account variability (or σ), and S/N only accounts for variability
in one group (usually the negative control). In order to measure the dynamic range
of the signal and the variability of both sample and background, the Z-factor was
3(σ +σ )
introduced [40]. The Z-factor Z = 1 − |μpp−μnn| estimates statistical eﬀect size
between groups; where it is used to compare positive and negative controls in
HTS, it is usually referred to as Z’. The Z’ combines the advantages of S/N and S/B
and serves as an indicator for how big the chances are that a measurement is a false
positive or negative for normally distributed data points. With Z  = 0.0, positive
and negative response are separated by 6 standard deviations, i.e. 99.87% of the
samples will be attributed correctly. For a higher value Z  = 0.5, the separation
band is 12 standard deviations wide and the correct classiﬁcation is 99.99966%.
Extrapolated to a screening campaign with 1 000 000 samples, this would result
in 3.4 false positives and 3.4 false negatives. HTS assays with a Z  > 0.5 are
considered excellent [40].
The cut-oﬀ values for Z’ are mainly empirical, and its probability meaning is not
evident. The strictly standardized mean diﬀerence (SSMD) has been introduced
2
, indicates the
to compensate for these shortcomings. The SSMD, β = √μ1 −μ
2
2
σ1 +σ1
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width of the separation band between positive and negative control. For an assay
with Z  = 0.5 (i.e. separation of 2 × 6σ), the SSMD would be 6 [41].
Not only the how, but also the what is important when setting up a screening
campaign, and library design has received more and more attention during recent
years. There is no general consensus on library design, but diﬀerent approaches are
pursued. Some steps for improving a library are simple, such as storing the samples at higher concentrations or selecting only a promising subset for a screening
campaign. It was discovered that often, not the size of the library was responsible for a successful screening campaign, but the chemical space it covered [15].
Access to open-source or pooled and shared libraries allows for improved subset
selection. The preliminary identiﬁcation and elimination of pan-assay interference
compounds (PAINS) can help to reduce the number of false-positive hits, and in
silico absorption, distribution, metabolism, excretion, toxicity (ADMET) predictions prevent the development of hits with small chances of becoming a lead [42].
Libraries usually contain drug-like molecules that comply with the Ro5. When developing those compounds into leads, the necessary downstream chemistry usually
results in an increase in molecular weight and size and renders them unﬁt as drug
candidates. The introduction of adapted criteria for “candidate-likeness”, like a
rule of four for leads or rule of three for fragments, could prevent that [36].

Different approaches
Some companies have turned their back on HTS and instead experimented with
fragment-based drug design (FBDD). This approach does not screen entire druglike compounds, but fragments of low molecular weight <250-300 Da. Good fragment libraries include interesting pharmacophores or privileged structures. Active fragments need to undergo extensive downstream chemistry, and fragment–
target interactions are much weaker and more challenging to measure. Commonly
used detection techniques are biophysical methods like surface plasmon resonance
(SPR) or nuclear magnetic resonance (NMR), which are not sensitive to systemic
interactions. The better hit rate of FBDD makes it in some cases preferred over
HTS [43, 35, 36, 44].
A typical FBDD campaign contains around 10 000 fragments. The limiting factor for higher throughput is the detection by NMR, which takes too long to screen
entire HTS libraries. HTS by NMR is an attempt to reconcile the two techniques
and combine their strengths. At its core lays a combination of protein NMR and
combinatorial chemistry. Instead of testing all possible combinations of fragments,
it measures how a certain fragment at a given position inﬂuences the binding, and
then the best fragments are combined. With x positions and n fragments, it does
not require nx mixtures, but only x × n [35, 44].
It is no coincidence that the ﬂourishing of HTS and the turning away from NP
chronologically coincide. Due to their chemical complexity, NP were diﬃcult to
implement into early-day HTS libraries and assays [9, 15]. The advances made
through twenty years of practicing HTS has brought the technology to a point
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where NP can play to their strengths. Phenotypic assays are more NP-friendly
than target-based ones. Advances in NMR technology makes the elucidation of
structures easier, and research was done on successful pre-fractionation, or the
cleaning of extracts by ﬁltering out compounds that are susceptible lead to false
results. NP libraries intrinsically cover a wider chemical space than combinatorially
produced libraries.
The construction of NP libraries still remains a challenge with many open questions. An interesting approach is proposed with the “one strain – many compounds” design, which screens the metabolites from only a limited number of
bacterial strains. The bacteria are cultured in diﬀerent conditions in order to beneﬁt from their entire metabolic potential. This approach might include diﬀerent
growth conditions or the supplementation of chemical inducers which alter the
expression proﬁle of the bacteria [14].
HTS and NP are not per se incompatible. Like any new technology, it ﬁrst needs
to mature in order to show its full potential. NP libraries have already shown
their superiority in terms of screening success [9], and it looks like the large-scale
screening of NP is growing in feasibility and popularity.

2.4

Machine learning in drug discovery

The data ﬂood
The mid-1990’s marked a turning point in biomedical research: The freshly decoded genome promised to be a cornucopia of novel pharmaceutical targets and
gave access to a whole new dimension of information. Knowing the code for the
secret of life on earth, so was the general consensus, would fuel scientiﬁc progress
in an unprecedented manner. While it took roughly 10 years to decode the ﬁrst
genome [45], technological advances kept up the pace and soon permitted to increase the speed of the process while simultaneously lowering its cost. Modern
next-generation sequencing (NGS) platforms are now able to sequence millions of
DNA molecules in a short time and at an aﬀordable price [46, 47]. The genetic information, however, – and with it the monumental breakthroughs scientists were
waiting for – was not easy to obtain: The amount of data produced through “omics” research and NGS, coupled with automatized high-throughput workﬂows,
was so extensive that the research bottleneck shifted form the generation of data
towards its processing [48, 49]. In some cases, the expenses for storage, security
and analysis of the data even exceeded the costs of its generation [50].
This shift towards data-driven research presented scientists with a new challenge. Data mining, modeling and analysis became such a prominent element of
the research pipeline that it gave rise to the new ﬁeld of bioinformatics [51, 52].
Situated at the interface of computer science and biology, bioinformatics comprises
the handling, management and processing of biological and clinical data, with applications in virtual screening, epidemiology or personalized medicine [47, 52].
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An important and often indispensable tool in bioinformatics is machine learning (ML), a sub-ﬁeld of computer science. ML is an umbrella term used to describe
algorithms that automatize a decision, classiﬁcation or prediction process by inferring rules and ﬁnding patterns from a given data set, rather than following explicit
instructions [51, 53, 54, 55].
Machine learning algorithms (MLA) are very diverse. They can roughly be
divided into two groups: supervised and non-supervised (and the intermediate
semi-supervised) learning. Unsupervised learning is label-free, and the algorithm
tries to classify the data based on their features. This includes dimension-reduction
methods such as principal component analysis (PCA), t-Distributed Stochastic Neighbor Embedding (t-SNE), certain types of artiﬁcial neural networks (ANN), such as
self-organizing maps (SOM), or clustering methods like k-means. In supervised
learning, every sample is labeled, and the algorithm looks for a way to map the
sample to its label. Examples for supervised methods are certain ANN, supportvector machines (SVM), naïve Bayes estimators (NB), and genetic algorithms (GA).
ML is particularly useful when it is used to solve data-intensive problems. Common applications for ML outside biomedical applications include facial recognition,
credit card fraud detection, speech and text recognition, personalized advertisement or Spam detection. In bio- and medtech, it has proved useful in the ﬁelds of
genomics and genetics research [56], drug screening [57], virtual screening (VS)
[58, 59, 60, 61], and image analysis in the context of high-throughput analysis or
high-content screening [54, 62], to name a few.
Microbiologists and doctors rely on the correct identiﬁcation of bacteria for
both research and the correct treatment of infections. Established identiﬁcation
methods exist, but their usefulness can be compromised through constraints in
money, time, or the accuracy they provide. ML has been used to enhance existing, and develop new, methods for bacterial identiﬁcation, both at genus and
strain level. A common data source for bacterial identiﬁcation is their fatty acid
methyl ester (FAME) proﬁle. FAME-based bacterial identiﬁcation has been proposed in conjunction with ANN [63, 64, 65], random forest (RF)[65], and supportvector machines (SVM)[65]. In a similar fashion, the FT-IR spectra served as raw
data for analysis with ANN [66, 67]. Identiﬁcation through Matrix-assisted laser
desorption/ionization-time of ﬂight (MALDI-TOF) is a routine analysis in hospitals,
which is usually done by comparing the measured data directly to a database. This
method can be improved by incorporating SVM or RF [68]. A further possibility is
the investigation of Raman forward scattering data with the help of NB [69] and
SVM [69, 70]. The identiﬁcation rates of the diﬀerent methods vary and are in
general between 80 and 99.2 %.

Data analysis with machine learning
Not every algorithm is adequate for every problem, and selecting an appropriate
technique is the ﬁrst step towards building a useful model. Properties of the original data, like the proportion of samples to features, the frequency of outliers or the
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presence of strong noise inﬂuence the choice of algorithm. A good understanding
of both the technique and the data is key for the development of a useful model.
Especially in screening, the problem of class imbalance deserves particular attention. This phenomenon describes failure of the model due to one class being much
larger than the other, for instance during a screening campaign with a low hit rate.
The evaluation of a model is usually done by measuring its overall prediction, even
when either false positives or false negatives should be penalized stronger [71].
Once the right algorithm is chosen, its application follows three steps 1) preprocessing; 2) training; 3) application (the training step is skipped with unsupervised methods) [54].
1. Pre-processing is often the most diﬃcult, but at the same time a crucial step.
The raw data has to be formatted and transformed to make important features accessible to the MLA. This step also condenses the information and
improves the signal-to-noise ratio. In image analysis, pre-processing might
include the extraction of gradient vectors, while VS for example relies on
proper representation of chemical properties or binding parameters.
2. During the training step, the MLA tries to build a model, by trying to ﬁnd the
best way to map the features to the pre-deﬁned labels. The learning process
can only be as good as the chosen training set. The set has to be large enough
to compensate for inconsistencies and representative for the data for which
the model will be used. Since that data is usually unknown, preparing a
good training set can be diﬃcult. Predictions about unknown samples are
always aﬄicted with an uncertainty. A good, consistent training set is key
to counteract under- or overﬁtting of the model or inconsistency of the data
[55].
3. Once a model is built, conﬁgured and trained, it can be applied to unknown
samples. Unsupervised methods get trained during use and may get more
and more accurate throughout time.
ML can easily be used even in smaller labs and research facilities. Most algorithms are freely available through many language implementations such as
Python [72], Matlab [73] and R [74] and come with extensive documentation.
Even though they are computationally more intensive than simple biostatistics, a
modern desktop computer is capable of performing the calculations in reasonable
time.
The need for new, potent antibiotics is undeniable and remains one of the big
challenges in pharmaceutical research today. Plants, fungi and bacteria have always been, and continue to be, an incredibly rich source for antimicrobial substances. While the research on natural products was put on hold with the introduction of HTS, this technology nowadays oﬀers a platform to investigate natural
products more extensively. The large amount of data that results from this combination might pose a challenge. Machine learning is a promising approach to
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tackle this problem and hopefully helps to protect future generations from deadly
infections.
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Figure 2.2: Decision tree for ﬁnding an adequate machine learning algorithm.
Source: http://scikit-learn.org/stable/tutorial/machine_learning_map/

Aims of the Study
The thesis centers on data generation, analysis and management in bioactivity
screening. It includes the search of novel antimicrobial compounds from natural
products and derivatives, and the development of bioinformatics tools to support
that eﬀort.
In particular, this includes the screening of a library of natural product-derived
compounds for antimicrobial activity and the evaluation of the actives for their
potential as candidates for novel antimicrobials (I). To facilitate the process, we
establish a data management tool around a central database (II).
Relying on state-of-the-art data analysis tools, we aspired to develop a machine learning-based approach to antimicrobial screening permitting to work with
polymicrobial cultures (III), as well as an information retrieval tool to analyze
medical data from blog posts (IV).
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Methods
The drug discovery process is long and non-linear. In this thesis we highlight diﬀerent steps of the process, focusing on the screening element for new antimicrobials
supported with bioinformatic tools. Study I describes the screening assay using
an NP-based library. In study II, we present a solution for the eﬃcient handling
of the generated data. Study III discusses data mining and analysis techniques
to mine the screening results for concealed information. Finally, in study IV, we
developed and used a tool to analyze user-generated data for potential screening
candidates. Those steps cover diﬀerent aspects of the life cycle of screening data,
starting from either de novo generation (I) or retrieval and re-purposing of publicly
available data (IV) over management (II) to analysis (III).

4.1

Data generation

Study I describes the antimicrobial screening of NP-derived compounds. The compounds were based on abietic acid (AA) and dehydroabietic acid (DAA) scaﬀolds
and modiﬁed and optimized to increase antimicrobial activity. Follow-up studies
concerning cytotoxicity completed the analysis.

4.1.1

Compounds

Abietic acid and derivatives
The bioactivity proﬁle of AA and DAA includes antimicrobial [75, 76, 77, 78, 79],
anti-protozoan [80, 81], and anti-tumor [82, 83, 84] activity. Antimicrobial properties of a novel set of AA and DAA derivatives were investigated in study I.
In total, a set of 10 compounds was screened against Escherichia coli, S. aureus,
and Candida albicans (see also Table 4.1). The compounds were synthesized by the
division of pharmaceutical chemistry and technology, University of Helsinki, based
on AA and DAA with conjugated amino acids.
The compounds were aliquoted and stored in stock solutions in DMSO at 10 mM
and -80 °C.
27
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(a) Abietic acid

(b) Dehydroabietic acid

Figure 4.1: Abietic acid and dehydroabietic acid, starting compounds for study I. Their derivatives showed antimicrobial properties against gram-positive bacteria. Source: ChEMBL

4.1.2

Microbial strains

The microbial strains were selected to cover the main classes of micro-organisms:
Gram-positive and Gram-negative bacteria as well as fungi. We chose to only include strains that could be handled in a BSL-2 class laboratory. All bacteria and
fungi were stored as glycerol stocks at -80 °C. Table 4.1 summarizes the strains
used in the experiment.
Table 4.1: List of bacterial and fungal strains used in studies I- III.
Strain

ATCC

Type

Used in

Growth media

Control antibiotic

E. coli
S. aureus
S. aureus
C. albicans

25922
29213
25923
90028

Gram-negative
Gram-positive
Gram-positive
Fungus

I, III
I
III
I, III

Müller-Hinton broth (MHB)
MHB
MHB
Sabouraud dextrose agar (SDA)

Gentamicin 8 μg/ml
Ciproﬂoxacin 1 μg/ml
Ciproﬂoxacin 1 μg/ml
Amphotericin B 16 μg/ml

4.1.3

Screening assay

The screening assays used in study I were carried out according to the clinical &
laboratory standards institute (CLSI) protocol for broth microdilution assay [85].
The screening was divided into primary and secondary screening.
The primary screening was designed to quickly screen the compound library
and identify hits. All the compounds were tested in triplicate at a concentration
of 50 μM. Inhibition of growth was deﬁned as the ratio of absorbance at 620 nm
(Abs620 ) of the sample to Abs620 of the negative control and calculated according
to equation (4.2). Samples that caused an inhibition > 75% were considered as a
hit and proceeded to the secondary screening.
In the secondary screening, hits were conﬁrmed in a dose–response relationship study. For most compounds, the screening covered a range from 6.25 to 50 μM
in a two-fold dilution series. Where it seemed necessary and adequate, other concentrations were also tested.
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Inhibition(%) =

Abssample − AbsBG
1−
Absneg − AbsBG


× 100

Figure 4.2: Inhibition calculation for bacterial growth. Abs denotes measured absorbance of
sample, background BG and negative control neg.

All screening assays were carried out on 96-well microtiter plates, and bacterial
growth was measured photometrically at a wavelength of 620 nm.
Bacteria were incubated for 24 h at 37 °C, fungi for 48 h at 30 °C. During incubation, the plates were shaken in order to minimize aggregation and the formation
of bioﬁlms.
For the analysis of smaller datasets, we used Microsoft Excel. Larger datasets
were analyzed with Python. The quality of the assay was assured through Z’ and
a minimum growth requirement for the untreated (negative) control.

4.1.4

Web search

In order to conﬁrm the novelty of the results from study I, as well as to ﬁnd similar
compounds with a possibly related MoA, we compared the chemical structure of
the hits with existing databases.
We searched ChEMBL and PubChem for compounds with similar molecular
ﬁngerprints using ChEMBL web services and RDKit.
ChEMBL and PubChem are both databases of bioactive molecules; ChEMBL
is maintained by the European Bioinformatics Institute, and PubChem by the National Center for Biotechnology Information of the U.S. National Library of Medicine.

4.2

Data management

In study II, we describe the development of a simple Python module called screening_mgmt: A tool to handle routine data management tasks from the screening
assay including analysis, annotation and sharing. The module can serve as an interface between the raw data and an SQL database. It automatically treats the
read-out data, analyzes it and stores it to the database, from where it can be retrieved later for follow-up analysis or graphic representation.
The design goals for the module were:
• To use only freely accessible tools;
• To keep the module ﬂexible for any kind of screening data;
• To facilitate the use of the module for any user, also outside our lab.
By fully relying on Python and MySQL, all components are platform-independent
and freely available. Other databases such as sqlite are equally supported.
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The two-layer architecture assures that the module is both user-friendly and
ﬂexible at the same time. The simple high-level graphical user interface (GUI)
gives access to the most common operations such as database querying and data
retrieval and presentation. The low-level layer provides a framework for ﬁle input
and output (I/O) and database communication. Its import and export hooks permit
the integration of user scripts and thus provides high ﬂexibility and customization.
The module screening_mgmt is hosted on GitHub1 and documented on readthedocs.org2 . Unit test coverage is momentarily limited to critical key elements and
lies at 15%.

4.3

Data analysis

In study III, we compared 5 diﬀerent MLA for their ability to determine growth in
polymicrobial suspensions. The goal of this study was the development of a cheap
and simple growth determination procedure that relies on a simple data gathering
step and a more sophisticated analysis step.

4.3.1

Raw data

Micro-organisms were incubated overnight in media described in Table 4.1. After
that, they were transferred into Sabouraud dextrose broth (SDB) for the co-culture
in the plate and incubated for 24 h. The ﬁrst set consisted of a total of 8 diﬀerent plates containing none, one or several microbial strains (E. coli E,S. aureus S,
C. albicans C, ES, EC, SC, ESC, 0). The second set contained the polymicrobial ESC
suspension and a selection of reference antibiotics.
Absorbance spectra were measured from a range of 230-800 nm in 2 nm steps.
The dataset used for the analysis included 4 sets × 8 plates × 60 wells × 286 measurements = 549 120 data points. After exclusion of machine-dependent errors,
the ﬁnal dataset contained 514 800 data points (286 features × 1800 samples).
Absorbance data was collected on Multiskan GO (Thermo Fisher Scientiﬁc, Vantaa,
FI).

4.3.2

Nested cross-validation

For the comparison of the algorithms, model selection followed nested cross-validation.
In this procedure, the best hyper-parameters for an algorithm are established through
a 3-fold cross-validation, i.e. the dataset was split into training and validation set
in 3 ways. Based on these predictions, the best model and its hyperparameters can
be determined.
1
2

https://github.com/a-hel/screening_mgmt
http://screening-mgmt.readthedocs.org/en/latest/
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Machine learning algorithms

For the analysis of the data, we used 5 diﬀerent supervised MLA presented here.
In preliminary studies, the datasets were pre-processed with principal component
analysis (PCA) and t-Distributed Stochastic Neighbor Embedding (t-SNE), a step
that did not improve the overall performance.

4.3.4

Principal component analysis

Background
PCA is a dimension reduction technique that projects a high-dimensional dataset
based on the directions of the highest variances. Dimension reduction describes
processes that project high-dimensional data in a lower-dimensional space (usually
2 or 3), for the scope of making them easier to understand. In a good dimension
reduction technique, the transformed data still contains all or most relevant information, while noise variables get eliminated. The ﬁrst principal component is the
vector (or direction), along which the highest variance in the dataset can be found.
The following principal components are orthogonal to each other and indicate the
directions of the second, third etc. largest variance. From each dataset, maximum
n principal components can be extracted, where n is the number of dimensions of
the original dataset.
In order to calculate the principal components, the original dataset X is usually
ﬁrst centered and normalized. The components can then be calculated either using
single-value decomposition (SVD) or eigenvalue decomposition (EVD).
PCA is a simple, rapid and useful technique and as such very popular in many
ﬁelds dealing with high-dimensional data. It preserves the global structure of the
dataset and provides a good overview over characteristic variances within that
data. As a downside, the technique is outlier-sensitive, as one value can skew the
principal components in its direction [86, 87, 88].
Implementation
We used scikit’s PCA function, which calculates the principal components using
SVD.
As a simple transformation, PCA is non-parametric. It can be applied to any
dataset, and the interpretation is up to the researcher.

4.3.5

t-SNE

Background
While PCA provides useful results in many applications, local structure of a dataset
can be lost by focusing only on variances. T-SNE, a dimension reduction technique
based on Stochastic Neighbor Embedding [89] addresses this issue, as well as some
other shortcomings of popular dimension reduction and visualization techniques.
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While in PCA, data points far away from each other will be mapped far away, in tSNE, the projection also conserves local structure, in a way that similar data points
will remain in proximity. Nonetheless, the global structure remains visible. The
use of a t-stochastic distribution instead of a Gaussian distribution prevents strong
crowding or the accumulation of clusters in the middle in the map. While the originally proposed algorithm became slow for datasets exceeding 10 000 datapoints,
modern implementations successfully removed that cap [90, 91].
T-SNE can be used to visualize any kind of high-dimensional data, with examples including Single Nucleotide Polymorphisms [92] or breast cancer screening
data [93].
Implementation
A t-SNE implementation for Python is available from scikit-learn.
In order to accelerate the calculation, it is recommended to preprocess and
reduce datasets with more than 50 dimensions with another dimension reduction
technique ﬁrst, and in our case we used PCA. The perplexity, or the number of
nearest neighbors used by the algorithm, was – following the recommendations in
the user guide – set to 50.

4.3.6

Artiﬁcial neural networks

Background
The process of learning is inherently
linked to our brain, and it is not surprising that artiﬁcial intelligence and machine learning have tried to imitate the
x1
human learning process. From the simx2
ple abstraction proposed by Rosenblatt
Output
in 1958 to the ambitious Blue Brain
x3
Project [94], the digital representation
x4
of the brain has always fascinated scientists. Nowadays, artiﬁcial neural network (ANN) have evolved to a stage
Figure 4.3: Schematic of an ANN with one hidwhere they help in guiding self-driving
den layer.
cars [95] and play (and win) complex
games like chess and Go [96].
In its simplest form, an ANN has at least three layers, each layer consisting
of a number of neurons or nodes: The input layer, where nnodes = nfeatures , one
or more hidden layers, and an output layer with nnodes = nclasses . The layers
are connected with edges (the axons). Upon initialization, all edges are assigned a
random weight, which is adjusted and optimized during each training cycle. When
the network is given a certain input, the node values at the input layers are then
multiplied with the connected edge weights, and the values are propagated to the
Input
layer

Hidden
layer

Output
layer
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next layer. At the nodes of the next layers, the signals pass an activation function
(usually the sigmoid function is used). The signal thus traverses all layers until it
reaches the output layer [97].
There are diﬀerent possibilities to train an ANN [98], the most commonly used
is the backpropagation algorithm [99].
Owing to their ﬂexible architecture, ANN are a very powerful and versatile
tool in machine learning and are capable of ﬁnding non-linear relationships in a
wide variety of scenarios [100]. This means, on the other hand, that they are
not an out-of-the-box solution. To fully beneﬁt from its capabilities, the learning
problem needs to be thoroughly examined, and optimization and ﬁne-tuning of
the hyperparameters has to be done carefully.
Implementation
There is a multitude of available Python implementations for ANN. We used PyBrain [101], as it is easy to use, well documented and freely available.
We used a simple network with one hidden layer with 143 nodes and a sigmoid
activation function. The network was trained with a backpropagation algorithm
until convergence. During the optimization, we tested it with 1 000 and 10 000
training cycles.

4.3.7

Naïve Bayes classiﬁer

Background
A naïve Bayes (NB) classiﬁer is a probabilistic classiﬁer, which calculates the probability of a sample belonging to a certain class following Bayes’ theorem. Developed
by Thomas Bayes in the 10th century, the theorem – shown in (4.4) – describes the
posterior probability of an event in function of a prior state.
In a NB, all features are assumed to be independent from each other. While
this assumption is hardly true for most real-live examples and had coined the classiﬁer’s “naïve” attribute, it makes the model scalable for large datasets without
compromises in speed and accuracy [102].
The assumptions that lay the foundation for a NB classiﬁer are simple and,
more often than not, inaccurate if not to say wrong. It is hence surprising that the
classiﬁer works well in many real-life applications like text classiﬁcation or Spam
ﬁltering [103, 104]. This phenomenon has been subject to research, and it was
postulated that NB works best if the features are either completely independent or
completely dependent, while mixed cases lead to worse results [105].
NB is useful in medical diagnosis to evaluate the interplay of diﬀerent risk
factors like in cancer detection [106] or childhood obesity [107], but has also been
applied to other problems such as predicting protein-protein interaction [108] or
drug toxicity [48].
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P (A|B) =

P (B|A)P (A)
P (B)

Figure 4.4: Bayes’ theorem. P (A) and P (B) describe the probability of the events A and B,
and P (A|B) the probability of A given B.

Implementation
There is not just one single NB, but it is rather a term for several classiﬁers based
on the same theorem. In our case, we settled for a Gaussian NB, which assumes
that all features are normally distributed, as it is safe to say for large datasets.
The model needs to know the class priors, i.e. the probability of each class. If
this is not the same in the training set as in the real application, this value must be
changed (and estimated) accordingly.

4.3.8

Support-vector machines

Background
Like a line can divide an area or an area can split a cube, any n-dimensional object
can be split by an object (or hyperplane) of (n−1) dimensions. SVM are algorithms
that attempt to ﬁnd such a hyperplane which separates a high-dimensional dataset
in a way that all samples of one class lie on one side of the hyperplane, and all
others on the other side, ideally with a maximal margin between the two sets.
If no optimal hyperplane can be found, the soft-margin implementation of the
algorithm ﬁnds the best possible solution.
In order to ﬁnd the best separating hyperplane, only the datapoints closest to
it (the so-called support vectors) need to be considered for the calculation. As a
result, SVM are relatively light-weight and hence suitable for big data sets. Since
all other datapoints are ignored, the method is also resilient against outliers [109,
110].
Conﬁguring an SVM is not as intricate as, for example, an ANN, but it still holds
some pitfalls for inexperienced researchers. Available step-by-step guidelines can
help the construction of a successful model [111]. While this cookbook approach
does not necessarily lead to the best possible solution, it is a helpful starting point
for researchers less experienced with SVM.
Implementation
There are two popular kernels to use with SVM: Linear and gaussian (or radial
basis function, RBF). A kernel is a function that determines how similarity between
two vectors is measured. Linear kernels are most useful if the number of features
n exceeds the number of training vectors k. In the opposite case, where n  k, a
Gaussian kernel usually gives better results. As in our case, n = 286 and k = 1800,
a Gaussian kernel is preferable [109]. We also considered a polynomial kernel in
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the optimization (of degrees 3, 5, and 7) and penalty parameter C at 1, 10, 100
and 1 000.

4.3.9

Decision trees and random forests

Background
RF owe their somewhat cryptic name
to the fact that they are, in principle,
x > 0.5
a combination of several random decision trees. The algorithm was ﬁrst
...
x > 1.2
described by Breiman [112], when he
tried to solve the random tree’s overﬁtting problem by introducing the con...
x > 0.7
cept of bagging.
A decision tree is a hierarchical sys...
x > 1.4
tem of nodes and edges. At each level,
the sample is evaluated according to
y = E.coli
this node’s criteria until it has reached
the bottom of the tree. The lowest
Figure 4.5: Schematic of a decision tree. The
nodes correspond to the label. If the
input advances from node to node until it ends
tree is large enough to involve most feaat a prediction.
tures in the decision process, the tree
tends to overﬁt. In order to counteract
this behavior, RF considers at each node only a random subset of the features for
the splitting, a behavior that is called feature bagging. Each subset is forwarded
to an individual tree with a deﬁned maximum depth. The ﬁnal prediction of the
forest is based on the highest occurrence of predictions of the individual trees.
Two methods are predominantly used when deciding how to split a dataset:
Information gain (also called entropy), where the splitting criteria is based on
which split best classiﬁes the samples, or Gini impurity.
RF are to a certain level resiliant against noise, robust, and, if enough strong
features are present, of formidable accuracy [112, 113].
01

20

13

20

Implementation
RF is a very popular classiﬁer and many implementations exist. We again used
scikit-learn.
The main parameter of a RF is the number of trees it contains. We used forests
with 10, 25 and 50 trees, split based on entropy or Gini criterion, with maximum
number of features set to auto or log2 and a maximum depth of 50, 100 or None.
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i=n
Feat


|li − xi |

i=1

Figure 4.6: Evaluation function used for the genetic algorithm. Here, l denotes the label (1 or
0), and x the prediction generated by the individual.

4.3.10

Genetic Algorithm

Background
Nature has always been a source of inspiration for many researchers, engineers
and designers, the aforementioned ANN being just one example. Concepts found
in nature have passed the test of time, and have matured and been optimized
throughout the evolutionary process.
The genetic algorithm (GA), which was proposed by Holland [114], aims to
imitate this evolutionary optimization strategy for everyday problems. The terminology borrows heavily from natural selection: The algorithm starts with a population of individuals (set of functions), whose ﬁtness (performance) is evaluated
before they evolve (are modiﬁed) to the next generation (training cycle).
With this method, a classiﬁcation function is continuously built and optimized.
The researcher deﬁnes a pool of node functions and a population size. For each
individual in the population, a node function is then randomly mapped to the
input variables. The results of these individuals are analyzed using an evaluation
function to calculate their ‘ﬁtness’. Individuals with a better ﬁtness have a higher
probability to advance to the next generation, where a new node function is added.
Consistent with the biological evolution, the algorithm also has provisions for crossover and random mutations [115, 116]. The algorithm is described in more detail
by Whitley [117].
GA provide a stochastic approach to problem solving. This means, it does not
necessarily produce an optimal solution, but rather the best one it found with the
given parameters. GA are good for problems with many local minima [115], such
as docking studies [118] or protein and peptide structure prediction [119, 120].

Implementation
For the GA, we used the module pyevolve [121], which provided all necessary features.
Node functions contained basic arithmetic operations, namely (+), (−), (×),
(÷), and ( x2 ). The initial population size was 100 or 500, and they evolved for
100, 300 or 500 generations. Maximum depth was set at 5 or 7, i.e. an individual
is a concatenation of maximum 5 resp. 7 node functions.
The ﬁtness function is shown in (4.6).
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In study IV we describe the development of a tool that analyzes blog posts as
an instance of modern ethnopharmacological knowledge. The tool scans posts for
medically relevant terms and analyzes their occurrences and correlations, with the
goal to ﬁnd correlations between mentions of plants or plant material and diseases
or symptoms. The workﬂow is divided into three submodules:
The ﬁrst submodule, the Scraper, is a wrapper for the application programming
interface (API) of blog platforms. It crawls the web and ﬁnds blog posts indexed
with user-deﬁned tags. The basic functionality allows to search WordPress entries,
but other sources can be added if needed.
The second submodule, the Indexer, performs a look-up of the words in the
posts in the current medical subject headings (MeSH) terminology. The search is
implemented as a character-based search tree, where each letter of the MeSH term
is a node of its preceding letter. The words are then compared character-wise, and
as soon as a character is not found, the search is aborted. Otherwise, the preferred
term and its MeSH tree number is returned (Figure 4.7).
In the last submodule, the Grapher, co-occurrences of the MeSH terms are
counted and represented in a network graph. During this step, terms and categories can be ﬁltered, excluded or highlighted in order to easily see the desired
result.
The tool is written in Python and available on GitHub3 ; extensive documentation can be found on readthedocs4 . MeSH terms have to be downloaded separately
from the NLM Website5 .

3

https://github.com/a-hel/medcrawler
medcrawler.readthedocs.org
5
https://www.nlm.nih.gov/mesh/download_mesh.html
4
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Figure 4.7: Principle of the search tree. Given the MeSH terms grape, grapefruit and growth,
the algorithm advances character-wise. If the last character falls on a node with a tree number,
that number is returned. In any other case, the search is aborted.

Results and Discussion
5.1

Antimicrobial activity of abietic acid derivatives

In study I, we investigated the use of NP as a scaﬀold for novel antimicrobial
lead compounds, starting from a small set of AA derivatives called compounds
1-8. These compounds were then screened against three micro-organisms E. coli,
S. aureus and C. albicans. In the ﬁrst round of screening, compound 8 showed the
strongest eﬀect on microbial growth, inhibiting growth of S. aureus by 76% and
C. albicans by 39%. A second set of analogues was synthesized with the aim to
improve the stability of compound 8, resulting in compounds 9 and 10.
The minimum inhibitory concentration (MIC90 ) of compound 10 agains S. aureus
was 60μg/ml and hence comparable to 8, yet the MIC90 of 9 was >125 μg/ml,
indicating a less potent antibiotic eﬀect.
Cytotoxicity, which was assessed by means of lactate dehydrogenase (LDH)
leakage in non-cancerous balb/c 3T3 cells, placed the compounds in the intermediate spectra of reported cytotoxicities of AA derivatives [81]. While this is
not a knock-out criterion, cytotoxicity against mammalian cells can be a serious
unwanted eﬀect which has to be monitored closely during further development.
Cytotoxicity is expressed as EC50 and was measured to be 36 μg/ml for compound
8; compound 9, 48 μg/ml for compound 9 and 45 μg/ml for compound 10.
For compounds 1-10 we then performed a similarity search to ﬁnd related
chemical structures. A survey of available web databases – namely ChEMBL, PubChem and ChemSpider – did not reveal any reports of the investigated compounds.
Furthermore, a similarity search on ChEMBL yielded no results on antimicrobial effects of similar compounds. This search compared, however, only the entire structures and not the potential pharmacophores.
The growth inhibition of 76%, which was found for compound 8 against S. aureus,
is not strong enough to qualify the compound itself as a drug candidate, especially
since this value was achieved with the test concentration of 50 μM. Nonetheless,
it is high enough to justify a deeper investigation. While the pharmacological action is the most important aspect for a successful drug candidate, it is judicious to
39
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evaluate key properties, such as cytotoxicity, in parallel, as they might become a
disqualifying factor later in the drug development process.
By evaluating the properties of similar chemical structures, this study also
provides data about the structure-activity relationship (SAR) of AA-derived compounds. This can be used to further optimize the compounds and increase bioactivity and stability, while reducing cytotoxicity.
Antimicrobial activity of AA has been studied for over 20 years [122], and
its antimicrobial eﬀect, as well as that from its derivatives, has been investigated
extensively. Nonetheless, and as it is customary in scientiﬁc publications, most
studies conclude that “further studies are necessary” [78, 79]. Being one of these
further studies, study I complements the knowledge about antimicrobial activity
of AA derivatives. Even though the number of compounds is small for a screening
assay, the results are, thanks to the use of promising starting material, encouraging.
The systematic modiﬁcation with diﬀerent amino acid side chains can furthermore
help future SAR studies and lead the way for further optimization of the AA- and
DAA-derived compounds.

5.2

Development of a data management solution

Automation and miniaturization have helped to generate scientiﬁc data faster, and
the development of powerful microchips permits to analyze that data. Scientiﬁc
research is a highly international discipline and data can be distributed and shared
around the globe. Data transfer requires, however, that the data is well structured,
annotated and understandable. Funding bodies more and more request a data
management plan as part of the grant application, and courses about the data
lifecycle are gaining popularity in the researcher’s curriculum.
The core principle of a screening assay is to quickly measure a certain parameter for a large group of samples. This approach inevitably leads to the generation of
large amounts of data, which need to be administered and maintained. Data management can be divided into three parts: Infrastructure, data representation and
data analysis [123]. While biocuration – or the art of extracting, storing and maintaining of biological data – is a veritable interdisciplinary ﬁeld of science [124], the
management of our screening data required only a light-weight tool to handle data
representation and analysis.
Management of large datasets can be a challenge, and the ﬁnancial burden for
small research labs can be considerable [125]. The amount of data, the speed of access and the heterogeneous nature of data are often identiﬁed as main challenges
in data management. While the former two things can be addressed with appropriate use of existing technology, the latter requires expertise and in-depth knowledge
and prohibits a one-size-ﬁts-all solution [126]. An ideal data management strategy therefore takes into account the structure of the data, but is extendable to ﬁt
future purposes.
Our dataset comprised results from diﬀerent assays, which all served to de-
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scribe a given set of compounds. That means that each compound record is related
to several diﬀerent assay-speciﬁc records, and new assays may be introduced later.
This structure motivated our choice for a relational database. We used MS SQL, as
it was available through the university’s IT services.
Besides the good representation of our data structure, SQL databases have the
advantage to allow parallel access from diﬀerent collaborators, which sets them
apart from e.g. HDF5 (another common ﬁle format for large scientiﬁc datasets)[127].
HDF5 is, on the other hand, better suited to annotate the data, a shortcoming we
solved by introducing a speciﬁc metadata table in our database.
We developed a Python module, which was on the one hand tailor-made for the
storage of our own results, but at the same time ﬂexible enough to be suitable for a
wide range of applications. Furthermore, it runs platform-independently and can
easily be maintained and developed further. The graphical user interface made it
easy to use for those not versed in Python. It was used in the data management of
the results from paper I and similar experiments.
Centralized storage in an SQL database proved to be an asset in future consultations of the data. Through consistent use of the module, the records were well
ordered, indexed and annotated, as well as accessible through SQL-compatible
software (including Excel or MySQL Workbench).

5.3

Use of machine learning in microbial growth determination

Biological systems are complex and can hardly ever be described with only one
parameter. Hence, many biological measurements are feature-rich, with features
such as chemical descriptors, pixels of a microscopy image or diﬀerent frequencies. Unfortunately, our human brains are not able to process that multitude of
information at once, and data representations that exceed 3 dimensions are often
counter-intuitive. ML is one approach to investigate enigmatic data and turn it
into human-readable (or understandable) information.
Study III compared ﬁve MLA for determination of bacterial growth from polymicrobial cultures. We used absorbance data, which is particularly noise-rich yet easy
and fast to obtain. Diﬀerent MLA are useful for diﬀerent classiﬁcation problems; a
fact clearly mirrored in our research. Overall, the prediction rates of the diﬀerent
algorithms spanned from 39% for ANN to 98% for RF and SVM.
RF is a robust multi-purpose algorithm, but despite its popularity, its mechanistics are not very well understood. The good performance on the test set can be
traced to the fact that RF handles noise variables well and have a built-in mechanism against overﬁtting. SVM is another outlier-resistant technique, since it ignores datapoints that are not support vectors. The absorbance spectra were particularly noise-rich due to the interplay of absorption, light scattering, and bacterial
and fungal concentrations.
The trained model was also applied to a test set with reference antibiotics,
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where it showed large variations between individual plates. This shows that the
training set needs to reﬂect the test set well in order to achieve good results. Accounting for class imbalance is a further key element to prevent an ill-ﬁtting model.
The prediction values of the diﬀerent algorithms somewhat correspond to how
diﬃcult it is to optimize them. RF, with its built-in protection from overﬁtting,
performs far better than the notoriously intricate ANN. One has to assume that
experts in the ﬁeld are able to reach better results by not only relying on standard values for the hyperparameters. Nonetheless, our results still indicate that in
the given circumstances, RF is a solid classiﬁer that does not require an in-depth
understanding of the underlying mechanism.
ML is an interesting asset for enhancing low-quality data sources and extracting
important features from noise-rich data. It oﬀers a versatile toolbox for many datarelated problems in biological applications. While new technologies often have the
reputation to be expensive and only aﬀordable for large buyers, the opposite is
true for many software examples. All algorithms and modules used in study III
are open-source and freely available to the public, and the scripts could run on a
40-euro Raspberry Pi. Our study highlighted that at least some algorithms provide
solid predictions even without time-consuming ﬁne-tuning.
Previously, ML has been used as an additional layer in the identiﬁcation of
micro-organisms. It has been used to enhance existing identiﬁcation techniques
based on ﬁngerprinting methods like Raman and FT-IR spectra [128], FAME proﬁles, or directly genome sequences, Maldi-TOF [129] (Table 5.1). Due to their high
noise level and strong variability, absorbance spectra, as we used in our study, are
not suitable for simple identiﬁcation. RF are therefore an integral and necessary
part of the identiﬁcation process, and not just another data preparation step.
Table 5.1: Example uses of machine learning in microbiological detection techniques
Strain

Level of discrimination

Data collection

Method

Success rate

Reference

E. faecalis, E. faecius etc
Marine strains
Campylobacter sp
Leuconostoc, Fructobacillus, Lactococcus
Leuconostoc, Fructobacillus, Lactococcus
UTI Species
E. coli, C. freudii, E. cloacae
Burkholderia

Species
Genus
Subspecies
Species
Species
Species
Genus
Species

FT-IR
(GC/LC) FAME
FT-IR (Cell)
MALDI-TOF
MALDI-TOF
Raman
Forward scattering
Raman

ANN
ANN
ANN (MLP)
SVM
RF
SVM
NB/SVM
SVM

90%
99.16%
98.40%
94.10%
92.00%
80.00%
91.30%

Goodacre et al. [66]
Giacomini et al. [63]
Mouwen et al. [67]
De Bruyne et al. [68]
De Bruyne et al. [68]
Kloß et al. [130]
Marcoux et al. [69]
Stöckel et al., 2015

5.4

The role of user-generated content in drug discovery

In study IV, we developed a tool to retrieve blog entries from the Internet and
analyze them for medically interesting concepts. Dealing with a large amount of
data, speed and responsible memory usage were main design goals.
In benchmark tests, retrieval of 5 000 posts took 1 134 ± 589 s or roughly
20 min. The overhead due to the search tree construction accounted for 32 s for
∼27 000 MeSH terms; cumulative look-up time for the 5 000 posts clocked in at
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∼4 s.
In order to evaluate the tool’s performance, we produced three examples. Since
the data retrieval is fully automated, caution and common sense are necessary
during the analysis of the results. Semantic context, current events and motivation
of the writer have to be taken into account. The inclusion of large datasets is
advised to rule out outliers and social phenomena that can inﬂuence the results.
Example 1: Anti-infective plants In the ﬁrst example, we retrieved 8 450 posts
for the keywords virus, bacteria, infection, ﬂu, inﬂuenza, common cold, and fever.
Most notable connections were found between inﬂuenza and Echinacea, bacillus
and garlic as well as solanum, and viruses and Eucalyptus (Figure 5.1).
Example 2: Sleep and insomnia The second example investigated sleep disorders using the keywords insomnia, sleepless, and sleep disorder. In the 1 122 posts,
we found connections between sleep and lavender, chamomile and valerian.
Example 3: Headache and migraine Subject of the third example were headaches
and migraine. The keywords headache, pain, and migraine yielded 5 730 posts,
which related migraine to caﬀeine, peppermint, lavender, and citrus.

Figure 5.1: Example network plot generated by MedCrawler. The size of the nodes corresponds
to the total number of mentions, and the width of the edges to the co-occurrences of two MeSH
terms.

A literature analysis of the found associations produced records for most of
them. The level of evidence ranged from meta-analyses over original research papers to sole mentions of traditional uses. This shows that the tool ﬁnds a wide
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variety of information. Some associations are well-known and scientiﬁcally validated, others are rather speculative and need to be subject to in-depth analysis.
The value of new media – and blogs in particular – for the scientiﬁc community
has been recognized. Blogs have been appraised as a real-time vehicle for scientists
to share their views and ideas, a platform for doctor-patient interaction or various
educational purposes [131, 132, 133]. In all those cases, only contributions from
knowledgeable peers – scientists, doctors, patients – were included, while the bulk
of available data has been ignored or excluded. As one man’s trash is another
man’s treasure, our tool digs through the raw, unvalidated data to extract and
distill interesting concepts and ideas for scientiﬁc analysis.

Conclusions
Drug discovery is a long, complex and dynamic process, spiked with creativity,
hard work and, more often than not, a handful of serendipity. This thesis tries to
shine a light on certain aspects of the antimicrobial discovery process, particularly
the screening of natural products and their derivatives, as well as data analysis.
NP have traditionally played an important role as starting material for novel antimicrobial leads, and a review of the literature and our experiences with NP from
AA, elaborated in study I, show that there are still many untapped resources that
harbor antimicrobial compounds. While for a long time technological shortcomings prohibited the widespread use of NP in HTS, advances in assay development
and detection techniques paved new ways to analyze the NP’s bioactivities in large
numbers.
A bottleneck in HTS is the management, curation and analysis of the huge
amount of generated data. While information technology is capable of handling
the data eﬃciently, the importance of data-related strategies, expertise or tools is
often underestimated. In study II, we present a simple data management tool to
show that, even for small-scale research labs, it is feasible and cheap to develop
a tailor-made data solution. In particular, we highlight the integration of many
freely available open-source resources in our assay pipeline.
Following the open source movement, a large part of software, algorithms and
programming tools have been made freely available and are shared and improved
by the community. Their implementation into the data analysis process is hence
an obvious option. In study III, we make the case for the use of machine learning
to retrieve extra information from screening data. The results show that those
techniques are not a magic bullet, but can play a signiﬁcant role in the reﬁnement
of the data if used judiciously, with a negligible impact on the research budget.
NP have been at the origin of many antibiotics, and it is conceivable that plants
have developed certain survival strategies that have not been discovered yet. However, the crude, large-scale screening of available material has not delivered the
expected success. One popular strategy analyzes traditionally used plants in order
to construct more targeted screening libraries. The tool we present in study IV
45
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analyzes user-generated online content as a modern vector of traditional knowledge and helps to gain access to a new layer of information concerning use and
potential eﬀect of plant-based remedies.
Whenever treated with antibiotics, micro-organisms responded with the development of resistance mechanisms, and in a struggle for survival they will continue to do so. In reaction, some scientists alarmingly invoked the idea of a postantibiotic era where all antibiotics will fall short. But science is not standing still,
and innovative researchers work hard to ﬁnd new solutions. If the subject gets
the attention it needs – from physicians, researchers, foundations and companies
– there is a good chance humans will keep the upper hand in the ﬁght against
infections for the time to come. With the work presented in this thesis, I hope to
have provided a small contribution towards the containment of bacterial diseases.
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