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Abstract  

 

Clustering of binding solutions for computer aided drug design 

 

Alejandro Cuello-Rodriguez 

 

Amyotrophic lateral sclerosis (ALS) is a disease presenting with severe, progressive 

neurodegeneration. Binding of the retinoic acid receptors (RAR) and retinoic X receptors 

(RXR) with retinoids may promote neuroprotection and neurite outgrowth. With potential 

applications in ALS in mind, a method for screening potential synthetic retinoid drug 

candidates was developed in which binding complexes for the candidates are predicted in a 

statistical manner.  

 

In this thesis, the statistical method of binding prediction is called clustering. Drug candidates 

were docked in silico and a python script was developed to group the multiple geometric 

solutions from docking into clusters of similar looking solutions.   

 

The python script could reproduce the binding poses of synthetic retinoids, for which binding 

structures have already been resolved, with good accuracy and consistency. This new tool can 

be used to predict probable geometries of ligands in binding domains that have not yet been 

solved crystolographically, thus establishing a rapid understanding of how interactions may 

occur in such complexes without even entering a laboratory.  
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Abbreviations Used:  

  

- ALS Amyotrophic lateral sclerosis 

- AMPA hydroxy-5-methyl-4-isoxazolepropionic acid 

- ATRA All-trans retinoic acid 

- CRABP Cellular retinoic acid binding protein 

- C9ORF72 chromosome 9 open reading frame 72 

- DNA Deoxyribonucleic acid 

- FTD Fronto-temporal dementia 

- LBD Ligand binding domain 

- LBHB low-barrier hydrogen bonding 

- LMN Lower motor neuron 

- MM2 molecular mechanics 2 

- PDB Protein data bank 

- POW Prisoner of war 

- RAR Retinoic acid receptor 

- RMSD root-mean squared deviation 

- RNA Ribonucleic Acid 

- ROS Reactive oxygen species 

- RXR Retinoic X receptor 

- SOD1 Superoxide dismutase 1 

- TARDBP Transactive response DNA binding protein (gene) 

- TDP-43 Transactive response DNA binding protein 43 

- TNF Tumor necrosis factor 

- UMN Upper motor neuron 
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1. INTRODUCTION TO ALS 

Amyotrophic Lateral Sclerosis (ALS) is a rare subset of neurodegenerative disease  but the most 

common of motor neuron diseases1. It was first described in 1874 by Jean-Martin Charcot but 

received major attention in the U.S. in 1939 when the American baseball player Lou Gehrig, 

after whom it is sometimes referred, was diagnosed with the condition2. It has a prevalence of 

up to 5 cases per 100,000 people and over 30,000 people in the U.S. are estimated to currently 

be affected3.  

 

Diagnosis of this universally fatal disease is difficult in the early stages. A lack of biomarkers, in 

addition to the many other diseases that can often masquerade as ALS, lends ambiguity to the 

symptoms4. A confirmed diagnosis often takes between 10-18 months after symptomatic onset 

and proceeds by the elimination of other possibilities5. Death usually follows 3-5 years of 

cognitive and motor decline, with 50% of deaths occurring within 30 months of diagnosis, 

usually by asphyxiation4, 5.  

 

ALS presents mostly as limbic onset which affects both upper and lower motor neurons (UMN, 

LMN)6. Bulbar onset, the next most common presentation, affects breathing and causes 

dysphagia, with limbic decline in the later stages4. It can also present as primary lateral sclerosis 

and progressive muscular atrophy, with pure UMN and LMN involvement respectively. 

 

There are two subtypes to the disease, familial (fALS) which makes up 10% of cases and 

sporadic (sALS) which makes up the other 90%6. The only difference between the subtypes 

being the inheritance of mutations and the propensity for each gene to mutate and cause ALS. 

For example, superoxide-dismutase-1 (sod1) was the first gene linked to ALS7 and mutations 

here account for 20% of familial cases but only 1-2% of the sporadic kind6. Both fALS and 

sALS are clinically identical and share common points of mechanistic convergence . Motor 

neuron death is universal.  It is for this reason that a rodent model of mutant sod1 (msod1), while 

only accounting for 4% of all incidences of ALS, is the most widely used disease model in 

research8. Mutated sod1 is a reliable initiator of most classical features of ALS, common among 

its other progenitors and aggressors. 
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Extensive efforts in search of genetic instigators and propagators of ALS have been high 

yielding (Fig.1). Yet the drugs approved for treatment to date, i.e. riluzole and Edaravone, only 

slow the progression and extend life modestly9. The effects from edaravone, which are still 

entirely theoretical and not understood, didn’t reach significance in its first trial and only did so 

in its second when the population sample size was halved to 60 10. There is no cure.  

 

The varied and interdependent mechanisms which span the disease horizon are vast and so the 

pathogenesis is poorly understood. One notable shift in clinical trials is the growing emphasis 

on treatments which target more than one pathway and in the decades since the discovery of 

SOD1 in 1993, research into the mechanisms underlying ALS has shed light and contributed to 

the global understanding of other neurological disorders encompassed by dementia, the 

definitions and borders between which are becoming more synthetic.  

 

Neurodegeneration in its many forms presents a genre of pathologies which remain stubbornly 

resistant to a relentless procession of scientific effort. This work presents ALS as a disease for 

which a significant advancement in treatment is long overdue and introduces a novel approach 

to computational analysis by which the process of lead candidate drug discovery can be eased. 

But, the approach to drug candidate simulation presented here is not limited to ALS. Instead, 

this work aims to produce a case study for the potential use of computational analysis to the 

benefit of any and all protein-target based therapies.  

 

The hypothesis investigated here is the potential targets for ALS are the retinoic acid receptors 

(RARs). A group of human proteins from the family of nuclear receptors, these targets present 

a potential therapeutic direction that fills a gap in the current clinical landscape. As directors of 

gene expression, these ligand-activated targets could potentially impact on multiple aspects of 

ALS. Yet, they have gone largely unnoticed in the realm of neurodegeneration for some time 

despite their implementation in a wide range of other diseases including cancers11. 

 

Recent scientific research reports the anti-apoptotic benefits produced by the activation of these 

nuclear receptors as well as the thrilling potential for neurite outgrowth12, 13. If so, the retinoic 

acid receptors could be important targets for neuro-regenerative drugs, which would mark an 
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important advancement in ALS and for other neurodegenerative diseases, enabling a move away 

from merely managing symptoms, to disease reversal.  
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i. Genetic mutations and mechanisms of neurodegeneration in 
ALS 

The exact causes of ALS, though well studied, are still poorly understood. How can the disease 

progress from one of many possible mutations14-16, to a cascade of mini cellular events and 

critical motoneuron loss? It is perhaps easier to imagine the disease onset as the result of 

reaching a tipping point of a delicate balance between pro- and anti-apoptotic processes which 

underpin cellular homeostasis, rather than a single point event. It is certainly a disease with high 

collateral damage, that affects all aspects of the cell. Transcription, gene expression, cellular 

signalling, axonal transport and energetic malfunctions are all present, but initiated in a 

multitude of ways16-19.  

 

ii. Superoxide dismutase 1: 

Superoxide dismutase 1 (SOD1) is a free radical scavenger whose function is to convert 

superoxide radicals to the less reactive dioxygen and dihydrogen peroxide. Since mutations of 

the sod1 gene were first discovered in 1993, over 180 different mutations in sod1 have been 

recorded, the most common being D90A, A4V and G93A. A4V alone is responsible for 50% 

of the ALS causing SOD1 mutations20.  

 

Mutations in SOD1 result in the misfolding and subsequent aggregation of the protein7, 14, 19, 20. 

Early thinking on SOD1 toxicity was that their folding would result in loss of function, leading 

to unchecked production of harmful reactive oxygen species (ROS) that go on to damage 

motoneurons.19 While the concentration of ROS increases concurrently with disease 

progression,  retains its role in scavenging radicals to near-usual capacity, instead lending toxicity 

by instigating an increase in radical production and by physical obstruction of sub-cellular and 

extra-cellular processes21, 22.  

 

Glial cells and astrocytes with SOD1 pathology show a marked decrease in glutamate 

transporter activity14, 21. These transporters are responsible for the removal of glutamate, a 

neurotransmitter, from the postsynaptic neuron. Normal reception of glutamate activates the 

calcium permeable AMPA receptors, resulting in an influx of Ca 2+ and the initiation of an action 

potential. Excess glutamate, however, overwhelms the glutamate receptors. One of the 
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mechanisms by which this process, known as excitotoxicity, causes neuronal death is the 

subsequent impact on mitochondria23.  

 

An increased influx of calcium quickly overwhelms the calcium buffering capacity of 

mitochondria and when the mitochondrial buffering capacity is exceeded, mitochondria react 

by releasing aberrant amounts of ROS. Neighbouring mitochondria, affected by this surge in 

ROS production, react to the oxidative insult with the collapse of their membrane potential and 

subsequent pore opening and further release of these toxic species in a process called ROS-

induced-ROS17, 24. In addition to their aggregation in glial cells, sod1 may actually aggregate on 

the mitochondria21, directly inhibiting their calcium buffering capacity. In a positive feedback 

loop, the large increase in ROS further directs sod1 aggregation which may occur as a result of 

oxidative stress.  

 

Mitochondrial dysfunction is a significant point in disease progression that deserves special 

attention and is not limited to sod1 pathology. Motor neurons, because of their comparatively 

great size, are energetically demanding. The dysfunction of mitochondria impacts heavily on 

other mechanisms such as the expensive process of axonal transport, which in itself therefore 

cannot participate in the renewal and removal of healthy and damaged mitochondria 

respectively as it does under usual physiological conditions. As well as the harmful production 

of ROS by these important organelles, they actively participate in the activation of caspase 

mediated apoptosis.  

 

 

iii. TAR DNA-binding protein 43 (TDP-43): 

Among the most common of characteristics in ALS is the nuclear depletion and subsequent 

aggregation of the transactive response DNA binding protein 43, or TAR-DNA binding 

protein-4325(TDP-43) . TDP-43 is encoded by the gene tardbp and is expressed in nearly all 

tissues. It resides in the nucleus of the cell where it is involved with the splicing of over 1500 

RNAs, synaptic function and RNA stability. Its presence is critical for nuclear function25, 26.  
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The interruption of usual TDP-43 activity is not limited to ALS. The group of diseases related 

to abnormal TDP-43 being referred to as TDP-43 proteinopathies and include frontotemporal 

lobar degeneration27. Its influence in so many areas of neurodegeneration are a consequence of 

its involvement in many downstream cellular processes.  

 

ALS TDP-43 is recognized by tau-negative TDP-43 inclusions28. That being aggregates of TDP-

43, and its subsequent depletion, in the absence of aggregated tau proteins which are also 

associated with neurodegenerative diseases such as Alzheimer’s and Parkinson’s . Ubiquitinated 

TDP-43 is found in the cytoplasm where it is misfolded, forming aggregates affecting the 

mitochondria and endoplasmic reticulum, interfering in their interactions25, 26. The mitochondria 

of cells with TDP-43 pathology are malformed and enlarged, massively inhibiting their proper 

function and is thought to be the result of diminished interaction between TDP-43 and histone 

deacetylase 6 (HDAC6), a protein involved in the clearance of misfolded proteins29. The 

energetic depletion from dysfunctional mitochondria, as in sod1 pathology, affects the 

energetically demanding processes of motoneurons. In addition, the presence of aggregates in 

the cytoplasm initiate endoplasmic reticular stress30, which when prolonged results in neuronal 

cell death and the loss of nuclear signalling by the reduction of nuclear TDP-43 leaves cells 

helpless to respond to insult.  

  

Mutations in the tardbp gene can occur but this itself is rarely the cause for TDP-43 related ALS. 

Mutations in tardbp make up for 3-5% of TDP-43 related ALS pathology; 97% of people with 

aberrant TDP-43 related ALS do not have this mutation31. The movement of TDP-43 to the 

cytoplasm is reported to be as a result of reduced solubility arising from ROS induced disulphide 

bond formation. Studies report that when exposed to ROS, TDP-43 was quickly localized to 

stress granules and lost their vital nuclear function32. Loss of TDP-43 from the nucleus then 

prevents its usual function in neuronal maintenance and protection from the ROS that has 

caused it’s expulsion, furthering neurodegeneration.  

 

iv. C9orf72 Gene:  

Mutations resulting in repeat expansion sections of the c9orf72 gene are the widest reported in 

ALS (C9-ALS) and also occurs in a subset of fronto-temporal dementia (C9-FTD) cases33. The 
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length of the repeat sections corresponds to disease severity, although with varying and disputed 

thresholds for disease initiation, ranging from tens to thousands of repeats. Rare cases of C9-

ALS and C9-FTD have reported little to no repeat sections in people with neurodegeneration 

and conversely people with large repeat sections but no neurodegeneration15 and no TDP-43 

aggregation, which is an almost universal feature of C9-ALS.  

 

C9-related toxicity is still poorly understood but two mechanisms are thought to be at play. 

Dipeptide repeat proteins (DPRs) are a product of repeat-associated translation of repeat 

transcripts like the expansion sections in c9orf72 and form toxic cytoplasmic inclusions in a 

manner similar to TDP-4333. RNA foci are also the product of repeat expansions but occur 

mostly in the nucleus. They result in the formation of abnormal protein structures which 

sequester RNA binding proteins and become toxic33, 34. Like TDP-43, the loss of RNA binding 

proteins leaves the cell helpless against further insult and render it unable to maintain 

homeostasis.  

 

Flaws with both mechanisms are reported, though. Some studies observe little to no connection 

between RNA foci and the clinical features of C9-ALS and others indicate the absence of a 

relationship between DPRs and neurodegeneration severity33. The only strong predictor of 

neurodegeneration in C9-ALS is the nuclear depletion of TDP-43, which arises sequentially 

after the appearance of RNA foci and DPRs. The relationship between the three is inconsistent, 

but TDP-43 offers a target in C9-related therapies.  

      

 

v. Glia, Inflammation and Neuroprotection 

Glia encompass a family of cells including astrocytes, microglia and oligodendrocytes. One of 

the main roles of glial cells is the protection and maintenance of neuronal and synaptic 

homeostasis by the production and release of neurotrophic factors21, 35. In response to cellular 

insults such as reactive oxygen species, glia take-on activated states that may lead to the 

production of pro-inflammatory species. The action of activated microglia depends on their 

activation state. M1 activation is characterised by the production of inflammatory cytokines 
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such as IL-1 and TNF-. The M2 state instead drives anti-inflammatory neurotrophic factor 

release and promotes phagocytosis to clear abnormal aggregates and misfolded proteins 36.  

 

Neuronal loss from activated glial cells is likely a combination of loss of homeostatic support 

and toxic gain of function mechanisms. Astrocytes have been shown to be activated by both 

sod1 and TDP-43 and degenerate in their presence21, 37. Astrocytes with sod1 pathology 

demonstrate reduced glutamate transporter activity and fail to support the postsynaptic neuron 

from excitotoxic death. When activated, their release of pro-inflammatory molecules is initially 

neuroprotective, but prolonged upregulation of these compounds becomes toxic. INF- 

directly induces motoneuron death and TNF- is involved in necroptosis, a form of cell death, 

by interaction with specific kinases. TNF- also increases the number of AMPA receptors in 

the postsynaptic neuron and their sensitivity to glutamate38, contributing to an environment 

favouring excitotoxic neuronal death.  

 

Therapies related to the glial mediated mechanisms of ALS alternate between the replacement 

of toxic, faulty astrocytes with mesenchymal stem cell replacements and the production of 

neurotrophic factors such as Bcl-2, demonstrated to improve mitochondrial function39. ALS 

mice demonstrate much reduced levels of neurotrophic factors which maintain the structural 

integrity of motoneurons and their synapses. Improving the production of these factors delays 

neurodegeneration and is a highly pursued avenue of therapy. Although, relative to other 

avenues of investigation, biological therapies are much fewer in number and none have been 

approved.  

 

vi. Axonal Transport: 

Altered axonal transport is a feature common among all forms of ALS. Microtubules, an 

essential component of neurons, exist in a state of constant equilibrium between assembly and 

disassembly known as dynamic instability18. The transport of materials is necessary for the 

survival of neurons, but axons are highly sensitive to cellular insult such as increased ROS and 

toxic aggregates40. Transport occurs in the intermission between assembly and disassembly but, 

in response to insult, the rest period is reduced and the switch between both processes is 

accelerated and known as hypertubule dynamics.  
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The energy required to move material by active transport across the distances spanned by 

motoneurons is massive. For this reason, mitochondrial dysfunction was primarily suspected to 

dramatically affect axonal transport, and while loss of energy from this damaged organelle will 

of course impact on transport, recent evidence shows altered transport before the onset of 

mitochondrial dysfunction in ALS18. Nevertheless, loss of energy production and dysfunctional 

mitochondria do produce large amounts of ROS which is known to instigate hypertubule 

dynamics. The reduction of this hyperactivity is the objective of therapies related to axonal 

transport.  
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2. CLINICAL LANDSCAPE 

Clinical data surveying the different neurodegenerative diseases and therapeutics used to treat 

them, past, present and planned is available from numerous databases41. Understanding the 

current clinical landscape is important for anyone wishing to contribute to it, but no extensive 

reviews of ALS therapies exist to date. Here we present a brief overview of ALS from the review 

of one such database, which provides information on the varying stages of clinical trials in 

therapies aimed at ALS. The range of progress in these endeavours ranged from early discovery 

all the way to Phase III clinical trials.  

 

 

i. Disease Overview: 

The mechanisms related to disease progression in ALS are abundant and highly complex 

Lending to the complexity is the way these so-called mechanisms impact on each other and 

compound progression. While there are many ways in which ALS may be initiated, the 

mechanisms derived from these routes frequently converge. Endoplasmic reticular stress, the 

mis-localisation of nuclear substrates and their subsequent aggregation, loss of neurotrophic 

support, mitochondrial dysfunction and diminished axonal transport are just some of these 

consistent points of convergence. 
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Figure 1 Neuroprotective trials are most consistent in terms of frequency over time. C9orf72 and TDP-43 

related trials increased from 2010. sod1 therapies relate to those targeting the clearance of the misfolded 

protein and stimulation of the gene.  Biological therapeutics consist mostly of methods of replenishing the 

function of glial cells by using mesenchymal stem cells.  

 

 

 

Simplistically, the mechanistic targets of trials for the treatment of ALS fall under 6 broad 

categories, neuroprotection, sod1, c9orf72, TDP-43, glia and biological therapeutics. However, 

as must be stressed, the mechanisms in pathology and therefore in treatment constantly overlap 

and it is not possible in most of the trials in the database to designate the therapy or treatment 

to a single pathological mechanism. It is therefore entirely possible that the mechanisms the 

trials are associated with, as declared by the authors of the therapy, may alter as understanding 

of the disease mechanisms increases with time.  

 

A general trend may be observed, nethertheless, that the number of trials relating to ALS is 

increasing. Between the years 1997 and 2009, there were 14 trials recorded for ALS directed 

therapies, whereas, between the years 2010 and 2011, 17 such trials were initiated. However, 

considering that in this time only two therapies (edaravone and riluzole, chapter 1) have been 

approved, the urgent need for new ideas and therapies becomes apparent.  

0

2

4

6

8

10

12

14

16

18
Trials over time by each mode of  action

Neuroprotection SOD1 C9ORF72 TDP-43 Glia Biological Therapeutics



18 

 

ii. Types of Therapies 

 

As all of the therapies relating to ALS at some point all desire to reduce the damage to 

motoneurons, they could all be considered “neuroprotective”. However, the term 

neuroprotective therapies refers specifically to the stimulation or upregulation of 

neuroprotective growth factors such as the brain-derived neurotrophic factor or the insulin-like 

growth factor-1, which both exhibit neurotrophic properties42.  

 

 

Figure 2 Despite the initial increase in trials, the pace of new trials has leveled off and no increase has 

occurred for the last 10 years. Very few efforts have reached phase III overall and none have reached phase 

III in the last 6 years . 

 

Neuroprotective therapies are the most frequently undertaken and a good portion reach phase 

II and III clinical trials.  

 

sod1 related therapies vary, with some targeting the aggregates by stimulating aggregate clearance 

mechanisms. Others seek to improve mitochondrial health or stimulate the sod1 gene to produce 

more of the protein to counter abberant ROS production. These therapies have the greatest 

success of reaching Phase III clinical trials but also have the most terminations at discovery.  
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C9orf72 trials havent reached Phase III. These therapies mostly target the C9 gene. TDP-43 

trials, however, have much greater success at reaching Phases II and III and aim to prevent 

mitochndrial damage, and reduce mislocalisation and aggregation.  

 

Glial therapies and biological therapeutics mostly overlap, but biological therapeutics refer to 

the attempted replacement of glial cells by neutrotrophic-factor-rich stem cells. Glial therapies 

in comparison refer to the attempted reduction of pro-inflammatory compounds and the 

attempted stimulation of neurotrophic factor release by astrocytes.  

 

 

Figure 3 sod1 has the most at discovery and the most to reach phase III. No C9 related therapies have 

reached phase III yet.  

 

While some of the therapies and trials for ALS succeed in the manipulation of one disease 

mechanism, the therapies fail at dramatically reducing the progression of disease or amelioration 

of symptoms to the benefit of remaining quality of life for patients. The ideal therapy must 

target the disease on multiple fronts, however, multiple drug treatments carry the risks 

associated with polypharmacy and lend further complexity to an already complex, multifaceted 

disease. Hence, there is a major unmet need for a single therapy which simultaneously targets 

many of the pathological junctions which when crossed, rapidly progress the disease 

0 5 10 15 20 25 30
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3. RETINOIC ACID RECEPTORS  

 

i. Vitamin A and nuclear receptors 

Historically, retinoids have been used for the treatment of a wide-range of diseases. Their use 

dates back thousands of years but, with the discovery of vitamin A, boomed in the early 20 th 

century and later in World War II when in POW camps, hens were kept so that their eggs, a 

concentrated source of vitamin A, could be used to prevent and treat night blindness 43. More 

recently, retinoids are used to treat a variety of cancers and skin conditions such as photoaging 

and acne44. 

 

Vitamin A (retinol) and its derivatives exert their biological effects through binding to their 

complimentary retinoic acid receptors (RARs) and retinoic X receptors (RXRs) 45. For both the 

RARs and RXRs, there are three different isotypes, ,  and , so there are 6 receptors in total. 

The RARs consist of 6 sections, A-F and the RXRs 5, A-E. Section E contains the ligand 

binding domain (LBD) for both receptor types and this domain is where interactions occur 

between the retinoid and the protein45. It is also the site at which these proteins form dimers 

before binding to promotor regions on DNA, which occurs at section C. The structures of the 

two nuclear receptor types are quite well conserved but their LBDs vary significantly in shape. 

The RARs assume a more linear cavity whereas the RXRs are shorter and have a bend in the 

LBD mid-section46. This uniqueness in LBD brings about the opportunity to design compounds 

selective for a specific receptor that can direct different biological outcomes.  
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Figure 4 Image of a synthetic retinoid in retinoic acid receptor beta. Visualized with UCSF chimera . 

 

As their name suggests, these nuclear receptors reside in the nucleus of the cell where they exert 

their influence on cellular processes such as differentiation, homeostasis and apoptosis, through 

transcriptional processes. Before binding to DNA-response elements, RARs must form 

heterodimers with an RXR and for this to happen, both the RAR and RXR must already be 

complexed with a retinoid ligand47. The necessity of ligand binding is due to the structural 

changes retinoids exert on their receptors.  

 

Retinoids are drawn towards polar clusters at the base of the LBD in these proteins. Once the 

retinoid is secured by the interaction of its carboxylate group with this cluster, a hinge at section 

D swings across to encapsulate the ligand inside the binding pocket48. Images produced of 

bound RARs by X-ray diffraction show the ligands completely buried in the protein. It is this 

conformational change, i.e. the closing of the binding pocket, that produces a geometry 

favourable to dimerisation and subsequent association with DNA.  
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Figure 5 Interactions between the carboxylate group and the polar cluster at the bottom of the binding 

surface in RAR (PDB: 3KMR). 

 

 

It has been repeatedly shown, by selectivity, that distinct retinoids can exert potently different 

downstream biological effects49.The unique shape of a ligand can in-turn bring about a unique 

folded shape of the receptor. If two receptors with distinct shape influenced by this ligand then 

dimerize, the resulting heterodimer can be uniquely different to that of the same two monomers 

complexed with a different ligand. The Whiting-Pohl group believes that these small and subtle 

changes in ligand geometry, size and shape may encourage larger, more amplified changes in 

the resulting dimer and ultimately increase or decrease the biological response exerted by its 

subsequent transcription.  

 

This adds further complexity to understanding the interplay between selectivity and strength of 

activity. In this way, it is not only important to activate a specific retinoic receptor to achieve a 

desired response, but the receptor must also be activated in such a way that its subsequent 

heterodimer is shaped in a manner conducive to a specific activity. This can be taken one step 

further if more than one retinoid is introduced to the system in a competitive ratio. The 

existence of two compounds in equal proportions can yield 15 distinct heterodimer 

combinations and shapes across all six of the RARs and RXRs.  
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This theory can account for the phenomena of the different activities resulting from two ligands 

selective for the same receptor. Nuclear receptors in this sense can be thought of as generic 

enough in shape to influence a vast variety of processes, but with the careful curation of 

heterodimers, they can be made more specific and potent.  

 

 

 

 

 

 

ii. Role in Neurodegeneration 

 

 

Retinoic acid is associated with neurodegenerative disease via numerous cell signalling 

pathways. In addition to enhancing sod1 levels and promoting the transcription levels of 

numerous growth factors, it was discovered that retinoic acid has the ability to generate neurite 

outgrowth12, 50.  

 

This outgrowth is seemingly dependent upon the upregulation and activation of RAR12, 

although RAR is implicated in the regulation of neuronal survival. In mouse models, increases 

in RAR in the spinal cord induces increased neuronal survival, whereas mice fed a retinoid-

free diet undergo similar pathology to ALS. The induction of neurite outgrowth, so desired in 

ALS since it could mimic neural regeneration, can only be achieved, however, by the activation 

of both genomic and non-genomic activities by retinoids51.  

 

Among the transcriptional effects of retinoid signalling, data from the Whiting-Pohl group has 

found the downregulation of pro-inflammatory elements TNF- and IL-1 by the novel 

synthetic retinoid DC64552. In addition, the same retinoid strongly upregulated the gene 

ADAM10, a prerequisite for myelination and when upregulated, critical to axonal outgrowth53.  
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Retinoids then present a treatment option which, by activation and regulation of their receptors, 

can direct large amounts of biological influence and transcriptional action. If the survival and 

regrowth of axons possible in rodent models is transferrable to humans, retinoids may represent 

a dramatic and highly impactful step in a new direction for not just ALS, but all 

neurodegenerative diseases.  

 

Considering the significant implications of a retinoid mediated approaches to 

neurodegeneration and ALS, the chapters herein illustrate the potential influence and 

advancement of retinoid design by computational aid methods.  
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4. AN INTRODUCTION TO COMPUTATIONAL 

SIMULATION 

Retinoic acid receptors (RARs) are targets for drug design, and therefore, it is necessary to 

design drugs aimed at eliciting a strong therapeutic response by way of strong interactions with 

the different RAR binding sites. For a drug to be effective, it must form a protein-ligand 

complex after entering the protein and finding a suitable binding position that is energetically 

favourable. This favourable state is denoted by the Gibbs free energy of the complex and is the 

product of the energy of the complex, enthalpy and distribution of this enthalpy and entropy, 

across the whole complex between the drug and the protein target. While enthalpy and entropy 

can be seen as directors of binding, commonly the strength of binding can also experimentally 

determined and its magnitude estimated, through the direct measurement of either the binding 

constant (Kb) (also known as the association constant (Ka)) or the inverse of this, the 

dissociation (Kd) constant, from which gibbs free energy can be derived54.  

 

∆𝐺 = ∆𝐻− 𝑇∆𝑠 

                                                                  ΔG° = −RTlnKb 

 

Figure 6 Change in Gibbs free energy is a determiner of binding and is calculated by considering the 

change in enthalpy and entropy. Bottom equation shows relationship between Gibbs free energy and 

binding constant. 

i. Molecular Dynamics  

 

The Gibbs free energy of a system can also be computationally calculated with high level 

Molecular Dynamics (MD) simulations, albeit exact values are still unattainable55. These 

calculations deliver energetic profiles of the protein ligand complex informing on aspects such 

as their binding energy and contributions to that energy like water, solvents, hydrogen bonding 

and conformational explorations of the protein and ligand during binding. Proteins and ligands 

possess multiple degrees of structural freedom and consequently move during binding56. 
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Structural changes in proteins like the RARs can be initiated by the binding ligand, and the 

ligand itself can undergo conformational dynamics through rotation about its bonds within the 

protein to adopt different binding modes, known as conformers55, 56. Each conformer of the 

same compound will have differing interactions with the protein binding surface, the energy of 

each must be calculated to determine the optimum binding mode.  

 

Advances in MD simulations correlate with the exponential progression in available computing 

power57 and, in great part, with the conception of force-fields replacing more complex quantum 

mechanics in the calculation of, firstly small and then larger biological systems and chemical 

reactions. The latter winning a Nobel prize58. With appropriate power, simulations of systems 

containing 500,000 atoms are nowadays achievable56. 

 

While experimental methods can offer accurate binding information, the investigation of this is 

lengthy and not appropriate for screening masses of compounds55. Each ligand is the product 

of days, weeks and even months of design and synthesis; a process which is very expensive both 

in terms of time and resources. Computational analysis offers the potential of being able to 

simulate the interactions of thousands of compounds without ever having to synthesise 

anything. However, high-level MD analysis of the ligand-protein interactions is computationally 

intense and requires some of the largest computational facilities available to undertake 

effectively and on scale. Researchers rarely have access to the type computing power required 

to perform such analysis, and even when facilities are available, booking access at such facilities 

involves lengthy facilities applications rounds and time and resources allocating systems.  

 

 

ii.  Desktop Docking 

 

Fortunately, MD simulations are not the only computational options available. Desktop binding 

software such as GOLD and AUTODOCK59 are much more accessible, offering visualisation 

of ligand-protein interactions within minutes along with binding modes, ranked with fitness 

scores attributed to their relationship57, 59. However, computational analysis is a trade-off 

between speed and accuracy. MD simulations study the ligand protein complex as a whole, 
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dynamic system and calculate the corresponding energies for each compound and probe 

temporal, conformational and orientation effects, whereas desktop docking software will 

consider both the ligand and binding pocket as relatively rigid objects57, i.e. there is no 

conformational or dynamic exploration of either the ligand, or the protein, or the protein by 

the ligand, and the protein remains in the same geometry as derived from its crystal structure, 

accessed from the Protein Data Bank (PDB). Hence, the process involves the ligands being 

'placed' inside the binding domain of the protein structure from the PDB, and is then 'docked' 

with the protein in a two-step process of searching for orientations followed by comparing and 

scoring of the results57, 59.  

 

The searching process investigates the possible conformers of the ligand within the binding site 

typically using a genetic algorithm, which builds a user defined population. The members of 

this population consist of the same compound with varying differences in conformation and 

each member is assigned a fitness score based upon its interactions with the binding site of the 

protein. The members of this population are then progressively optimised47 by the “mating” of 

members and the offspring can spontaneously “mutate” to develop geometrical changes and 

hence, produce new conformers with their own fitness scores. The result of this, is that for each 

compound inserted into a ligand binding domain or site, the combined structural input file is 

run by the software and a series of solutions are calculated as a result. Each solution consists of 

a possible way in which the compound might interact with the protein receptor or binding site, 

and they differ often by only small rotational changes to the conformation of the compound 

and orientation within the binding site. A fitness score is then also calculated for each solution, 

as a measure of how strong the interactions of the ligand, in that conformation and orientation, 

are with the protein binding domain.  
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Figure 7 Image of a synthetic retinoid within binding site of RAR-alpha. Hydrophilic sections marked in 

blue and lipophilic in red. This is a single  solution from a docking run, for any given run there can be as 

few as 3 solutions and as many as over 100. 

 

One limitation to such software is the accuracy of the fitness score 55.  A compromise for 

accessibility is reached in which simplifications, like protein and ligand rigidity, reduce the 

reliability of the score. Crystal structures of proteins from X-ray diffraction come with bound 

ligands. A test of the accuracy of fitness scores is the redocking of the ligand which came with 

the protein to see if the same conformation is adopted by the solutions. Although a 

conformation consistent with the crystal structure is usually produced, this solution is often not 

the highest scoring one. If the objective of computational analysis is to determine the candidacy 

of drugs for investigation, the software needs to inform the user of the most likely way the drug 

might interact with the protein. Desktop analysis may offer an array of possible interactions 

with the protein, but manually inspecting each of the many conformations and orientations 

explored by the solutions is time consuming and discrimination between potentially good-

looking candidates is difficult when many possible conformers are obscured by a number of 

both good and bad interactions with no indication as to which could actually be useful 

predictions or mimics of real ligand-receptor interactions and therefore of use for ongoing 

studies and potential use in drug design and development.  
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iii. Clustering  

 

One useful approach to analysing these many docking solutions may lie in their grouping into 

structurally closely related conformations. Usually in a docking run, a user would upload one 

structure file for the compound in question and up to 10 solutions would usually be given by 

the software, in this case GOLD. A study by the Whiting-Pohl group has suggested that instead 

of docking one geometric instance of a compound, the user should dock multiple structure files 

of the same compound, i.e. in different starting conformations. We theorised that if a 

compound is docked with a protein using a large array of unique starting conformers and one 

conformation predicted by the docking programme is adopted by 90% of all solutions, whilst 

other conformers make up the remaining 10%, it is reasonable to suggest that this dominant, 

or “key” conformation warrants investigation and considering as the most preferred solution 

and potentially a real-world solution as well. Although not all compounds exhibit such extreme 

preferences for a single key conformation over others, the study by Whiting-Pohl group 

consistently established dominant key conformers for a series of synthetic retinoids with their 

complimentary retinoic acid receptors, many of which corresponded to the types of ligand-

protein structures found from X-ray analysis.   

 

Building on this work done by the Whiting-Pohl group, a clustering algorithm using Python, 

18ct.py60, was developed, automating the grouping process which was manually undertaken 

before. The automation is potentially important for numerous reasons, however, perhaps the 

primary being that automating the process offloads the laborious and tedious work of manually 

clustering the solutions, and is therefore much faster than the somewhat involved process of 

viewing each one by eye. Hence, the clustering approach can be queued overnight, or run quite 

reasonably in a matter of minutes and hours rather than days, as before. Secondly, with a specific 

computational threshold for similarity, discrimination between all conformers is accurate and 

repeatable, i.e.  the consistency and reliability of the resulting analysis can be assured. 
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Figure 8 Two generic solutions are superimposed by the algorithm and their root -mean-squared-

deviation is calculated as a measure of their similarity. 

 

The score for similarity is calculated by a root-mean-squared-deviation equation (RMSD) 

between solutions. RMSD is a frequently used approach for structural comparison but is 

sometimes criticised because of algorithmic subtleties with structural superimposition, i.e. 

compounds with flipped symmetrical rings can be deemed to be structurally different despite 

being actually geometrically identical. The algorithm uses the RMSD python module from PyPi, 

created by Jimmy Kormann and Lars Bratholm, and their module utilises the Kabsch and 

Quaternion algorithm for superimposition and RMSD calculation. The Hungarian algorithm is 

also used for atom reordering and adaptations, which was used in order to identify flipped rings 

and minimise computational errors in the RMSD calculation. The algorithm was then optimised 

for use with GOLD but is nevertheless still quite compatible with other docking software. 

 

 

Figure 9 RMSD algorithm incorporated into the python script. 

 

 

The code itself works by looping through all solutions from a docking experiment in an iterative 

pairwise fashion such that every possible combination of pairs is considered. In a list of 
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solutions a-z, solutions b-z are compared with a one-by-one. If the RMSD between the two 

solutions is within the user defined threshold, the two solutions are considered the same 

conformer and a cluster for a grows by 1. The process then repeats for b and c and so on until 

all solutions are assigned to a distinct conformer cluster. The largest conformer cluster at the 

end is the one with the most members of solutions. This is the Key conformer.  
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5. METHODS 

i. Ligand preparation 

All compounds (retinoid and synthetic retinoids) in this work were drawn in 2D using ChemDraw 

Prime and opened as 3D compounds with Spartan 18. Equilibrium geometries were calculated, for 

all compounds, using semi-empirical methods (AM1, gas-phase calculations). A conformer 

distribution was created from each equilibrium structure with MM2 methods. The number of 

conformers was limited to 50. The resulting lists of conformers were saved as .mol2 files and 

subsequently edited to exhibit carboxylate moieties rather than their carboxylic acid derivatives, 

which was necessary for compatibility with the next process, i.e. docking.  

 

 

ii. Docking 

Suitable protein structures were identified from the protein data bank and downloaded as PDB files  

(RAR, RAR, RAR files were  3KMR61, 1XAP62 and 2LBD63 respectively. CRABPII files were 

2FR364 and 2G7865). The protein structure files were then opened using the Hermes client from 

GOLD, the docking software programme with which all retinoid ligands were to be examined for 

their binding capabilities with the different protein receptor structures. The protein structures were 

protonated and water and existing bound ligands were removed to create the unbound receptor 

protein model. The original bound ligand resident in the PDB structure was noted as a positional 

reference to enable identification of the binding domain and hence, all atoms and residues within 8 

Å (6 Å for CRABPII to limit the actionable surface in an otherwise large cavity) were selected to 

create a model to represent the binding cavity. Chemscore (within GOLD) was selected as the target 

analysis function, with a search efficiency of 200% and each retinoid was then docked into these 

binding domains. The number of solutions for each retinoid ligand was not limited and they were 

allowed full flexibility.  

 

iii. Clustering and visualisation 
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Solution files from docking were collected and sorted using the clustering algorithm 18ct.py written 

by me. An RMSD value of 1.20 was used as a balance between speed and accuracy for the clustering 

process. A lower threshold RMSD value corresponds to a stricter regimen for grouping, resulting 

in a greater number of unique conformers, which is not necessarily useful as the difference 

energetically between the conformers decreases to the point that their interaction with the binding 

domain may be considered congruent and hence a higher threshold would be equally suitable and 

computationally faster as there are fewer total conformations to compute. The Key (most frequently 

occurring) conformer was then examined within the ligand binding domain (LBD) through 

visualisation using UCSF Chimera. The interaction pocket and relevant residues involved in the 

complex were identified using chimera’s standard surface identification. Polar residues within 5A 

were kept in order to observe any hydrogen bond interactions.  

 

 

 

 

 

 

Figure 10 schema of process. The most frequently occurring conformer is known as the key conformer.  
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6. CLUSTERING VS CHEMSCORE ONLY 

To validate this method, ligands were removed from the x-ray crystallographic .pdb files and 

redocked into their respective proteins using the methods in 6i-iii. This was done to compare 

the reliability of the Key conformer (most frequent solution derived from clustering) and 

highest scoring solution (from GOLD) in predicting the known bound conformation from the 

x-ray crystallography. The best method would give a prediction which matches the known 

ligand geometry with the highest accuracy.  

 

The scoring function from GOLD, Chemscore, was chosen for it’s complex considerations, 

such as hydrophobic-hydrophobic contact areas, hydrogen bonding and ligand flexibility, but 

also its speed66. 

 

If the key conformer can reliably predict the known bound conformation of ligands in their 

respective PDB structures,  then the predicted key conformer for compounds with no known 

bound solution can be considered a reliable and reasonable starting place for further research. 

In this validation step, the accuracy of the predicted conformer was determined by the 

superimposition of the key conformer with the known binding conformer.  

 

Here, the bound ligands from crystallographic structures on the pdb are put through the generic 

process detailed in part i. The names and chemistry of the ligands are deliberately omitted, they 

exert no influence on the function of the algorithm, instead the name of the whole complex 

from the PDB is given. What is noteworthy here is the ability of the algorithm to take solutions 

of any ligand, regardless of shape size or chemistry, and identify the most frequently occurring 

geometry from the solutions of a docking run. It is this most frequently occurring geometry, or 

Key conformer, that is then compared to the geometry of the same ligand from the original 

crystallographic image. If the two are in agreement then the theory that the most frequently 

occurring solution is a reliable prediction starts to accrue merit.  

 

According to GOLD, the highest scoring solution from a docking run should be the best 

possible solution for that ligand in the target protein. As mentioned before, this is more often 

not the case. The purpose of this chapter is to compare the methods of highest score and 
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highest frequency in RAR and RAR and determine which is the best predictor of ligand 

geometry.  

 

RAR: 

 In RAR, both the key conformer and highest scoring solution were in agreement with the 

bound ligand fig.11. A good overlap was consistent across the entire length of the compound. 

But the compound itself doesn’t have many points around which it can rotate and so has few 

degrees of freedom. The conformer distribution graph from the clustering of solutions shows 

only 2 conformers.  
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Figure 11 Only 2 conformers were produced by docking (top). Conformer 1 occured  the most and is the 

"Key" conformer. The most frequently occuring conformer (blue, bottom left) and the highest scoring 

solution (pink, bottom right), both replicated the known binding mode (beige)  
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Figure 12 Most frequently occurring  conformer (blue) is in excellent agreement with bound structure in 

RAR (PDB: 2LBD). The double ring system from the highest scoring solution (pink) is not consistent with 

the bound geometry (beige). 

 

 

 

The difference between the clustering algorithm and scoring function is better exemplified in 

the docking of the ligand from RAR (2LBD)  fig.12. Here, 5 conformations were identified in 

the solutions fig.13. The key conformer (conformer 1) was once again in excellent agreement 

with the bound position, and it was the most prominent conformer by a wide and comfortable 

margin. Excellent overlap was consistent across the length of the docked solution fig.12 left. 

The highest scoring solution, although in good agreement with the polar end of the bound 

structure, adopted a rotation about the middle of the compound and, more relevantly, was not 

in agreement with the known geometry fig.12 right.  
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Figure 13 The solutions from the docking of the ligand in in RAR-gamma adopted one of 5 conformations. 

Conformer 1 was the most frequently adopted and is consistent with the bound position from the crystal 

structure. 

 

 

The statistical distributions of conformers of each compound is useful not just in predicting a 

likely interaction complex, but in describing the behavior of the interaction itself. Such limited 

exploration of conformations in RAR, as seen in fig.11, is a visual representation of the limited 

freedom the compound has within the cavity. Although in this case the propensity of the 

compound to explore different binding modes is visibly sterically hindered by the ligand binding 

domain in RAR, in cases such as RAR, it isn’t so easy to tell. The total number of conformers 
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is therefore an important indicator of the behaviour of the ligand-protein complex. In RAR, it 

is clear that a number of binding modes are likely, but that one is definitively preferred. In 

RAR, only one is probable and others extremely unlikely.  

 

Figure 14 Again the Key conformers in both CRABP proteins (CRABPI left, CRABPII right) were in 

excellent agreement with the known binding position.  

 

In CRABPII (6HKR), only one conformer was found among the solutions which was an exact 

replication of the bound compound fig.14-left. As another structure was available for CRABPII 

(2G78), this too was redocked. Here the key conformer among the solutions was once again in 

good agreement with the bound conformer fig.14-right, with consistent stereochemistry along 

the compound and correct orientation and overlap of the benzene ring. Analysis of the 

frequency distribution produced by the algorithm shows that the correct binding mode was 

more frequent and by an even greater margin than in RAR despite there being far more 

conformations found in the solutions fig.13 . The greater number of conformations is a result 

of the much larger and open cavity in CRABPII and suggests more frequent interconversion 

between binding modes but that one is preferred among the 11 discovered.  

 

Such consistent replication by the Key conformer in the RAR’s and CRABPs of the known 

binding modes is important. Whereas the score assigned to each solution from Chemscore uses 

an algorithmic simplification, the clustering algorithm uses only frequency to derive the most 

probable interaction. In all proteins examined so far the algorithm has correctly identified a key 

conformer, identical to the one procured from the protein crystal structure.  
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Chemscore too was able to replicate the known binding modes with good accuracy in most 

cases. But its precision was poor. To test it, a library of 50 starting files was generated of the 

bound ligand from 2G78 according to the procedure in chapter 5 part i . These solutions were 

docked according to the same procedure. The highest scoring solution for these 50 files only 

replicated the known binding mode in 44% of cases.  

 

When accuracy is so vital for informing the prospective researcher, relying on a scoring system 

that is capable of 44% accuracy in some cases is risky. The clustering method proposed then 

offers a statement of the relative probabilities between solutions. Instead of a single score, the 

researcher is equipped with a statistical distribution that describes the overall scope of available 

ligand-protein complexes. Additionally, as this small accuracy experiment shows, GOLD can 

give different solutions for any given run of a compound. Its variation is both excellent and 

problematic. Excellent because it rules out the influence of the initial geometry on the final 

solution, but a hindrance in practice because the lack of repeatability. But this variation doesn’t 

affect the clustering pipeline. Although there is small variation in the resulting conformers, the 

overall picture is consistent from run to run. It becomes a reliable and repeatable process.  

 

Figure 15 Solutions from docking with CRABPII had 11 possible conformations. The one dominant 

conformation, 5,  was a good replication of the bound orientation and is shown in fig14-right.. 
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The interactions computed using GOLD may not be as accurate when compared to the 

modelling using Molecular Dynamics (MD) simulations. But they are accurate enough to derive 

valid and probable interactions and weigh them against each other as competing forces to arrive 

at solutions using the genetic algorithm. Each solution is the result of competing forces driving 

the geometry of a ligand to a point of rest. By pushing multiple starting points into the docking 

software, you’re effectively maximizing the number of times that ligand is put through the wash 

cycle of interactions to arrive at a local energy minimum. Dominant forces will win-out over a 

large sample range, regardless of which initial geometry is presented. The clustering algorithm, 

therefore, is a statistical distribution of the probability that a ligand, once in the binding domain, 

will find that particular point of rest.  

 

The proposed method, then, is an extension of the existing scoring function. The scoring 

function drives the optimisation of the conformers before arriving at a solution and so each 

solution is the product of multiple progressive iterations of interactions between the drug and 

protein. Clustering these solutions is a numerical representation of the number of agreed 

endpoints from the scoring function and should be considered an additional level of theory to 

scoring.  

 

If the score given to solutions is not consistently an accurate predictor of binding, then the use 

of that score alone to compare multiple compounds with one another may not be the most 

reliable way to discriminate between good and bad compounds. A good way to begin might be 

by the clustering of a large sample of solutions and visual inspection of the key conformer for 

each compound and cross comparison, where available, using compounds with known binding 

data.  

 

Thanks to decades of research and discovery, thousands of protein structures with bound 

ligands are available on the protein data bank. The bound structures, along with ligands known 

to interact with that target offer a good starting point for drug design and now, any research 

group can produce a large database of drug candidates and run a high throughput docking and 

clustering analysis to investigate the best looking ligands. Docking of known agonists is 

invaluable to discovery as they give useful information on what to look for in potential 

candidates.  
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7. A NEW PIPELINE 

Computational investigation is not routinely employed in synthetic laboratory environments by 

synthetic chemists and access to high level computation is extremely limited. The much simpler 

docking processes presented here, if accurate, would mean that actionable computational 

prediction would be accessible to anyone regardless of computational expertise  and with any 

budget. Synthetic chemists would be able to dock, cluster and derive the best looking 

compounds from a database to corroborate binding data for compounds already made and 

inform on what to adjust for future ones. Such efficient feedback between compound behavior 

and understanding is out of reach for the time being.  

 

But docking could potentially go one step further. Knowing how a compound may spatially 

occupy a binding domain is useful, but more useful still is knowing if that compound is bet ter 

or worse than another in any one protein. Using GOLD as instructed enables docking of a 

compound in a protein, the result of which is a score which indicates the suitability of that given 

compound for that given protein. In the same way, scores from different compounds can be 

used to create a ranked order of the compounds by comparing the highest scores achieved by 

each and ordering them accordingly.  

 

This is the current way in which GOLD might be used in a high-throughput screening 

experiment. Although, as demonstrated in the previous chapter, the highest scoring solution is 

not necessarily accurate in terms of how a compound interacts with the target  and so ranking 

in this way may not be accurate.  

 

In this chapter, the clustering process described in chapter 6 is compared with the existing 

GOLD process to predict the order ranking for a series of compounds with known binding 

data to identify which, if either, is accurate in this way.     
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i. Methods 

The following methods are repeated for each of the compounds in fig.16-17 

a. GOLD only method  

 

Docking was as described in 6i-ii.  

 

After docking, the conformer with the highest fitness score (given by GOLD) is treated as the 

best solution. Repeat for each compound and order scores to achieve a rank order.  

 

b. Clustering  GOLD solutions (experimental) 

 

This method was as described in 6i-iii for each compound. The chemscore value for the key 

conformer is used to rank the compounds.  
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Figure 16 Structures of synthetic retinoids A112067, Acitretin68, AH6169, Adapalene70, AM58071, 

Bexarotene72, C28673,  CD266574, Fenretinide75, HX60069, Tazarotene76, TTNN69, TTNPB69 and Trifarotene76. 

 

Synthetic and natural retinoids  
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Novel synthetic retinoids 
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Figure 17 Synthetic retinoids created by the Whiting group (unpublished).  
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ii.       New pipeline results  

For each experimentally determined binding data, the predicted rank orders from the two 

pipeline processed were compared using the Kendal Tau correlation algorithm. This correlation 

calculation determines concordance of order, ranging in values from completely negatively 

correlated (-1), to completely positively correlated (1) and no correlation at all (0).  

 

 

 

Figure 18 Table showing binding affinity for a series of synthetic retinoids. Pohl, Tomlinson et al 

(unpublished). 
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Figure 19 Experimentally determined rank order of synthetic retinoids in RAR -alpha and RAR-gamma 

Those with better binding are further left .  

 

This series of ligands exhibited a wide range of experimentally determined binding affinities. 

This is useful. If affinites were too similar, it would have been difficult to determine the accuracy 

of any kind of predictive method. Their values would overlap and any number of predicted rank 

orders would have been equally valid.  

 

Instead, here we have affinites that range from ligands that are completely cemented to the 

binding domain, to those which are relatively indifferent to any interaction.  

 

a. GOLD only method 

The rank order as determined using Chemscore demonstrated mixed results. In RARa, it 

succeeded in identifying DC667 as a high affinity compound, but DC540, with the highest 

experimentally determined affinity, was predicted to be one of the worst compounds.  
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Figure 20 Predicted order from GOLD only method. 

When compared with the experimentally determined rank order, it gave a low correlation score 

of 0.169 and did not reach statistical significance. Although the exact order as proposed by the 

data produces a low correlation, other rank orders are allowed within the error margins of the 

experimental data, suggesting that in reality, the exact value for Kd may differ in such a way that 

the rank order could move to either improve or decrease the correlation. Although this is true 

for all the pipelines and does not affect their intercomparison.  

 

In RAR, the order for this pipeline had much improved correlation. The Kendal Tau 

Correlation algorithm gave a correlation of 0.325, and reached statistical significance (P<0.05).  

 

b. Clustering pipeline 

In this pipeline, the rank orders were best correlated with the experimentally determined order 

in both RAR isotypes. In RAR the correlation score was 0.229, but didn’t reach statistical 

significance. But in RAR,  it exhibited the best correlation with a score of 0.429 and achieving 

excellent significance (P<0.005). 
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Figure 21 Predicted order from clustering pipeline 
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8. UNDERSTANDING BINDING AND 

SELECTIVITY 

There are a large number of conformations available to all-trans-retinoic-acid (tretinoin). The 

poly-ene chain delivers multiple degrees of freedom within the compound, compromising its 

specificity to the RARs by allowing it to adopt geometries compatible with other receptors.  

Efforts to develop synthetic retinoids have therefore adopted the approach of restricting the 

flexibility of tretinoin. It is thought that the key to potency and selectivity between the RARs 

lies in the attainment of a specific rigid geometry for each isotype.  

 

Achieving selectivity in the RARs would not only achieve specificity in terms of downstream 

activation of effects, such as the previously discussed neurite outgrowth, but also limit the well-

known side effects of retinoids, namely their teratogenicity. To this end, a number of synthetic 

retinoids with selectivity between RAR isotypes and RXR proteins have been developed over 

the past few decades. Early efforts aimed at RAR selectivity built on the premise that the 

serine residue mid-cavity which is absent in RAR and RAR, would be available for hydrogen 

bonding. Alpha selectivity was achieved to great success before the turn of the century with the 

synthesis of AM580 and similar compounds. Amide linking groups made use of the serine 

residue and achieved stability in RAR while destabilizing the same compound in the highly 

lipophilic mid-sections of RAR and RAR.  

 

The assumption from the clustering algorithm is that if a compound is reported to have 

particularly strong or weak interactions with a target, computational binding could reveal why. 

The key conformer, if the most accurate prediction of binding, would be best to demonstrate 

the particular attributes of that complex and therefore understand the behaviour of the 

complex. 

 

It has already been established that the clustering of solutions yields a good prediction of the 

likely binding mode of a compound. Now we can use what are reliable predictive images of 

protein ligand binding and infer a positive strong, or weak and negative relationship. 

Additionally, it has now been shown that the chemscore score of the Key conformer derived 
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from clustering is a good useful predictor of rank order for a series of compounds. Together, 

this can be taken to mean that the clustering pipeline, previously tested, is a good qualitative 

method of ligand binding analysis.   

 

In this chapter, influencers of binding are first summarized. Then, compounds with known 

selectivity, which have been docked in their preferred receptor, are clustered and the resulting 

Key conformer analysed to determine, if any, observable reasons for selectivity.  

i. Influencers of binding 

 

During visual inspection of the selective retinoids, a simplified overview of considerations are 

here summarized and were considered when the visual inspection was performed. 

 

 

a. Enthalpy and entropy  

 

The affinity for a target protein describes the strength of attraction to that target from the ligand. 

Enthalpy and entropy direct this affinity and make up the binding free energy of the ligand-

protein complex given by the equation below.  

 

∆𝐺 = ∆𝐻 − 𝑇∆𝑆 

 

Better binding, simplistically, is denoted by a more negative value of ∆𝐺 and is the product of 

both enthalpy and entropy. These terms in turn are directed by ligand-protein interactions such 

as Van Der Waals forces, hydrogen bonding, the hydrophobic effect and the displacement of 

water molecules in the binding cavity by the introduction of the ligand itself. One major hurdle 

in drug design is optimization of these forces. Usually efforts to increase the favorability of 

enthalpy is met with a corresponding decrease in entropy, known as the entropic penalty77.  
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Entropy in this context is the measure of disorder in a given compound. A greater degree of 

entropy is observed in larger ligands with more rotational degrees of freedom and more 

branched chains. A greater level of entropy would favor binding, but a significant decrease in 

entropy is observed by the loss of ligand freedom, and therefore disorder, when bound to a 

protein77. It is this loss in entropy that harms the affinity of the compound78. Minimizing this 

entropic loss is achieved by the reduction of the entropy of the ligand in its pre-bound state so 

the overall decrease in entropy when binding, ∆𝑆, is reduced. Favorable enthalpic gains are 

made by the introduction of hydrogen bonds and good spatial occupation of the binding 

domain.  

 

Computational algorithmic considerations have been introduced to reflect these influences. But 

the underlying physics in computation is still in development. In the desktop docking used here, 

the protein is kept rigid and so global entropic changes of the protein-ligand complex can’t be 

considered and the pre-existing waters are removed before docking and so can’t be considered 

either.  

 

However a few entropic statements should be observed. Firstly multiple studies have noted no 

trend with respect to ligand size and conformational entropy in binding and, secondly, most of 

the entropy loss during binding is due to a loss in vibrational freedom and not loss of accessible 

conformers. In fact, a computational study calculating entropic loss of the same ligand in 

complex with different receptor and the same ligand in different conformations within the same 

target found no correlation between the number of rotatable bonds and entropy change78.  

 

It is impossible to identify and quantify the entropic loss of a ligand from visual inspection only, 

but these observations taken together suggest that actually, for a database of ligands of similar 

size, as is presented here, the entropic loss upon binding should be similar, regardless of size 

and conformational exploration. Instead, the only observable differences between the ligands 

should be of an enthalpic nature, i.e. the number and strength of hydrogen bonds and the special 

occupation of the binding cavity. In this way, entropy can be dismissed during the visual 

inspection of the selective retinoids.  
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Figure 22b Category B. Minor perforation of the binding pocket by one or two 
hydrogen atoms that could reasonably occur with relatively limited harm to the 
overall binding complex. . 

Figure 22a Category A. Minor perforation of the binding pocket by one or two 
hydrogen atoms that could reasonably occur with relatively limited harm to the 
overall binding complex. . 

b. Steric Effects 
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Figure 22c Category A. Good and reasonably balanced exploration of the binding domain with no 

perforation of the pocket. 

 

 

Accordingly, binding data from a series of displacement assays show that compounds which fit 

poorly with the cavity unsurprisingly reveal much hindered affinities towards that target. 

Compounds exhibited dramatically poor binding when perforating the binding pocket. This 

information can applied to the observation of key conformers and the suitability of their 

interactions inferred and scored as one of three categories fig.22.  

 

 

 

c. Hydrogen Bonding 

 

Hydrogen bonds occur when a donor atom shares their bonded hydrogen bond with an 

acceptor atom. The distance between the donor atom and the hydrogen atom is usually shorter 

than the distance between the hydrogen atom and the acceptor. The bond distance is measured 

from donor atom to acceptor atom.  

 

Although a lot of the bond distances quoted from Chimera in this investigation are below 2.0A, 

general wisdom indicates that intermolecular hydrogen bonds of this length are not realistic. 
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The crystal structures from the protien data bank come with varying degrees of coordinate error 

denoted by their resolution. In addition the protein is held rigid in the docking performed here 

whereas it would be able to move with the ligand in vivo. The unrealistic distances desrcibed in 

some instances therefore are most likely a defect resulting from these two limitations. Instead 

the shortest bond length will be considered at 2.2Å 

 

Bond lengths are separated based on their strengths into three distance categories, 2.2 -2.5Å, 

2.5-3.2Å and 3.2-4.0Å with energies  40-15kcal/mol, 15-4kcal/mol and <4kcal/mol 

respectively.. A graph showing the relationship between bond energies and intermolecular 

distance is shown in fig.23. 

 

Figure 23 Bond energy variation with bond length.  

 

The relationship between bond length and energy is not linear. The prompt increase in energy 

and subsequent plateu in fig.23 for bonds shorter than 2.5Å denotes a state known as low-

barrier hydrogen bonding (LBHB). Simplistically, this occurs when the hydrogen atom interacts 

with equal energy by both the donor and acceptor atoms and becomes equidistant from both.  
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Instead of referring to the hydrogen bonds of ligands by their distances with varying accuracy, 

the mean hydrogen bond length for a ligand was placed in categories of either 

STRONG(<2.50Å), MEDIUM(2.6-3.2Å) WEAK (3.3-4Å)or N/A for bonds of negligible 

energy ( >4Å).  

 

ii. Inspection of selective compounds 

 

Figure 24  Selective Compounds79 73, 80 
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a. Alpha  selective compounds 

 

Compounds that are reported to have alpha selectivity are shown in fig.24 . These compounds were 

drawn and docked according to the procedure in (whatever section it was), the solutions from 

docking were run through the algorithm and the key conformers selected for inspection with UCSF 

chimera. The binding pocket for RARa was identified and the rest of the protein hidden. Polar 

groups within 5A of the bound ligand were retained and all other atoms hidden for clarity and 

hydrogen bonds meeting Chimera’s standard criteria were highlighted and interaction distance 

measured.  
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Figure 25 The conformer distribution and frequency of AM580 across the RARs. Fewer conformers explored 

in RARa indicating either some dominant and preferred solutions or some barrier to other conformers.  
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Both  selective compounds make use of the hydroxyl group from the serine residue in RAR 

to form hydrogen bonds, as reported. The number of hydrogen bonds vary between all 

compounds but all have more hydrogen bonds in RAR than in the other isotypes. The number 

of hydrogen bonds alone isn’t conclusive but what makes a difference in RAR is the 

positioning of the Serine group mid-cavity, absent in the other isotypes. This polar group, lends 

a degree of stability to the compound by the formation of hydrogen bonds79, fixing its geometry 

as seen by the much fewer conformations explored in  by both AM58079 and compound 5680.  

 

Hydrogen bond distances vary between isotypes. For all compounds, the mean hydrogen bond 

distance is much less and therefore stronger in RAR, than for RAR. This is likely due to the 

slightly longer cavity in RAR and the action of the double ring system acting as a steric anchor 

in the hydrophobic section, limiting the distance between the polar section and the carboxylate 

group. If the H-bonds are stronger in RAR than RAR, how is it their affinity for  is greater 

than for .  Sterically, the two receptors aren’t offended by these compounds, the only difference 

between them is the quantity, strength and positioning of H-bonds. Subsequently, a 

consideration must be made here as to what is more important when considering selectivity 

towards RAR, the potential for an extra hydrogen bond, or the position of those bonds.  

 

Compounds selective for the other two isotypes,  and  appear to avoid this mid-cavity 

interaction by either making the polar linkage inaccessible or removing the polar linking groups 

altogether. Compound 2779 avoids the interaction by the inclusion of a hugely bulky ring system. 

The only way the ring system fits within the pocket is by angling the polar section away from 

the serine group and although rotation and interconversion is possible for other compounds, 

rotating such a bulky group would be too hindered. It’s too wide to rotate within the pocket. 

One of its solutions does in fact make use of the polar mid-section by adopting a geometry like 

that within RAR, rudely perforating the binding pocket in a manner consistent with extremely 

poor or completely inactive binding.   
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Figure 26 Compound 56 exhibits many more conformations in RAR-beta. This is a common observation and 

relates to the far larger biding pocket compared to the other isotypes 
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b.       Beta Selective Compounds: 

 

Hydrogen bonding doesn’t seem as dominant for beta selective comounds as it was observed 

to be in alpha. C28673 actually forms more hydrogen bonds in alpha, consistent with alpha 

selective compounds. 

 

Compound 27 has more hydrogen bonds in RAR than in RAR, but fewer than in RAR. 

The mean distance of those bonds is less in gamma than in beta. So the shorter and closer 

distance of the hydrogen bonds alone can’t be directing selectivity .  

 

But selectivity becomes obvious when it is observed that these compounds perforate the LBD 

in RAR and RAR. Compound 27 maintains a flexible ester linkage and so is able to just about 

fit in the RAR cavity, but with poor hydrogen bonding. Other conformations which produce 

better hydrogen bonding involve a completely unrealistic binding mode, violating the pocket 

surface. This is true also for RAR.  

 

It seems that unlike RAR selectivity, which is achieved through the introduction of an 

especially strong interaction specific to that isotype, RAR selectivity is achieved by making 

binding with the other isotypes sterically impractical.  

 

c. Gamma Selective Compounds: 

  

Gamma selective compounds CD153081 and compound 2879 avoid forming interactions with 

the serine group in RAR, much like the beta selective compounds. CD1530 consists of a bulky 

and lipophilic linking ring system. It fits all three isotypes reasonably well with very minor 

perforation of the binding pockets and it forms 4 hydrogen bonds in all RARs. The only 

distinguishing feature is the mean bond lengths of 2.87A, 3.15A and 2.02A for RARs ,  and 

 reepctively.  

 

Compound 28 does actually possess a polar group capable of forming interactions with the 

serine in the alpha isotype, but much like compound 27, the only way it fits in RAR is by 
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angling this polar group away from the serine. It could form the mid-cavity interaction by 

shifting much further to the left of the LBD, but presumably at the expense of the hydrogen 

bonds at the polar cluster at the end of the cavity, which is why this binding mode wasn’t even 

explored by any of the solutions. What’s interesting about this compound is its selectivity 

towards RAR despite actually achieving fewer hydrogen bonds than in the other two isotypes. 

The strength of the bonds alone must be sufficient to establish a preference for this isotype. 

This is quite likely as the mean bond length for this compound in RAR is 1.73A, making it the 

third lowest mean bond length observed across all isotypes of all 66 compounds docked.  
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Figure 27 Compound C286 a compound with reported beta selectivity, interestingly forms the same mid -

cavity hydrogen bond in RAR-alpha 
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Figure 28 Compound 27 perforates the pocket surface in RAR and, to a greater extent in RAR. Its 

selectivity for  is therefore the product of a process of elimination rather than raw affinity.  
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Figure 29 CD1530 perforates the binding surface in both RAR- and , but is still  -selective.  
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Figure 30 Compound 28 only fits in RAR  by angling the only group that can form the mid-section  h bond 

away from the serine group. 
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iii. Summary of Selective Compounds: 

 

Despite being members of the same family of nuclear receptors, the retinoic acid receptors are 

quite unique in their characteristics and preferences for a ligand. RAR has a much larger LBD 

that can accommodate correspondingly larger compounds, whereas RAR, narrow and shorter 

than the others, limits the variety of compounds with which it is compatible , all the while 

optimizing hydrogen bond distance with the well conserved terminal polar cluster. RAR, being 

of intermediate width and length, is unique in its polar midsection.  

 

From the observations made so far of interactions with their corresponding selective ligands, it 

is quite clear that each receptor has its penchants and foibles and that the likely reasons for 

selectivity can be observed reasonably well using images of the key conformers produced by 

the clustering algorithm.  

 

There is competing equilibrium between the number of hydrogen bonds accessible to a ligand, 

the mean distance of such bonds and the positioning of a particular bond. Most compounds 

with RAR selectivity produce much shorter and stronger interactions with RAR and yet have 

a higher affinity for alpha. The only observable reason for such selectivity is the use of the mid-

cavity serine residue. The idea of this interaction acting as a potent override for seemingly 

weaker overall energetics than in RAR is bolstered by the observation that compounds seeking 

selectivity with the other isotypes, in one way or another, avoid this interaction.  

 

Beta selective compounds, as previously commented upon, aren’t necessarily of high beta 

affinity, just of lesser affinity for the others. These compounds aren’t tailored for beta binding, 

instead characteristics appropriate for the other two are removed. If these compounds only fit 

in beta then they are beta selective. While this may be an oversimplification, one should note 

that this conclusion is derived from repeated qualitative observation alone.  
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A similar approach for gamma selective compounds is observed in which the compounds are 

made devoid of mid-section polarity or augmented in such a way that this group is positioned 

to minimise this interaction with RAR.  

 

In this manner, the receptors are observed to prioritise their ligands in terms of mid-section 

polarity, sterics and a lack of either combined with optimal bond distance for RAR, RAR 

and RAR respectively. 
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9. FINAL PREDICTION 

With the ability of the algorithm to rank a series of compounds with good accuracy established, all 

compounds currently under investigation by the Whiting-Pohl group and others are here docked in 

each of the retinoic acid receptors and their resulting solutions clustered and scored for ranking. 

The top 30 compounds for each isotype are shown below. 

  

Table 1 Predicted ranking of binding affinity derived from the chemscore score of the key conformer from 

each compound. 

RAR RAR RAR 

Compound Score Compound Score Compound Score 

Adapalene 63.13 CD2665 64.5 CD2665 65.46 

CD2665 61.28 Adapalene 63.26 Adapalene 64.45 

TTNPB 61.08 Trifarotene 61.9 TTNPB 63.56 

TTNN 61.06 TTNN 60.55 DC271 61.87 

DC667 58.83 TTNPB 58.33 DC673 61.46 

Trifarotene 58.49 DC271 58.18 DC667 61.16 

DC656 58.24 DC559 57.78 TTNN 61.12 

EC23 58.19 DC567 57.63 DC559 60.34 

DC271 58.15 DC667 57.63 DC646 60.14 

DC4672 58.02 DC673 57.28 EC23 60.04 

DC559 57.9 DC661 57.26 DC564 59.99 

Fenretinide 57.44 DC479 57.22 DC547 59.78 

AM580 57.39 DC564 57.19 DC479 59.68 

DC686 57.1 DC318 57.11 DC525 59.55 

DC525 57.04 GZ25 57.02 Bexarotene 59.47 

DC360 56.94 Bexarotene 56.9 DC567 59.14 

DC128 56.77 DC686 56.73 DC661 58.98 

DC527 56.71 DC360 56.62 DC360 58.95 

DC479 56.27 EC23 56.2 DC444 58.83 

DC567 56.05 DC656 56.14 DC128 58.46 

DC528 56.02 EC19 56.01 AH61 58.42 
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DC564 55.96 DC525 55.94 DC656 58.39 

DC716 55.92 EC23Al 55.92 GZ25 58.18 

EC23Al 55.89 DC646 55.72 EC23Al 58.17 

DC673 55.76 DC547 55.51 DC528 58.02 

DC122 55.73 DC526 55.26 AM580 57.87 

Tazarotene 55.71 DC540 55.25 DC540 57.8 

DC646 55.69 DC657 55.25 EC19 57.75 

DC661 55.55 DC716 55.16 DC526 57.48 

DC526 55.48 DC128 54.85 DC527 57.42 

 

 

Interestingly, all-trans-retinoic-acid and its other stereoisomers did not make it into the top 30 

compounds in any of the retinoic acid receptor isotypes. The implication being that each of 

these compounds that are in the top are predicted to demonstrate better binding than ATRA.  

 

The alpha selective AM580 is much higher up the rank order in RAR than in RAR and did 

not make it into the top 30 in RAR, corresponding to its observed higher selectivity over  

than . Interestingly, the score given to AM580 in RAR is higher than in RAR despite its 

lower rank. What is significant here is that, as concluded in the previous chapter, the score given 

to these compounds by GOLD across the proteins cannot be used to derive selectivity, but it 

seems that when put into perspective by a large group of  retinoids, it may be possible for 

selectivity to be hinted at by the relative rank position of a compound in each of the proteins. 

Albeit with varying and probably random success. 

 

Some compounds are indicated to be strong candidates consistently. CD2665, adapalene and 

TTNPB are all in the top 5 across all the receptor isotypes. With the algorithm pipeline indicated 

to be a potential predictor of rank order, it is expected that these compounds would have better 

binding interactions than, for example, the corresponding bottom 5 compounds for each of the 

respective isotypes.  

 

The synthetic retinoids developed by this group are in good competition with other 

commercially available compounds according to this prediction. A good next step would be the 
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experimental determination of binding constants for all the compounds presented here to 

corroborate or disprove the rank order given by the algorithmic pipeline.  
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10. CONCLUSIONS 

i. A new docking pipeline 

Here was presented a new method of analysing the output from a computational simulation 

using by way of clustering the results. The clustering algorithm was used as a way of 

summarising the output from docking in a statistical manner and it was shown that this method 

is valid and useful in a variety of applications.  

 

The algorithm works by the pairwise comparison of two solutions, finding their root-mean-

squared-deviation of atomic positions. In doing so it can organise the solutions from a simulated 

docking into groups of like-compounds. But this data alone is limited and it is with the 

contributions from the Chemscore system employed by GOLD that this data becomes 

actionable. 

 

In this study, the clustering alrogithm was introduced as a novel pipeline process. Instead of the 

docking of a single input file for each compound, as suggested by GOLD, multiple unique 

starting points of the same compound were docked. The resulting many solutions were 

therefore collectively exposed to as many interactions as possible, giving dominant forces the 

opportunity to win out in the resulting Key conformer. 

 

ii. Replicating the geometry of bound compounds 

The algorithm was shown to successfully predict the geometries of known bound compounds 

in their respective crystal structures. In all cases, the geometry was accurately predicted and was 

more accurate than simply taking the highest scoring solution from GOLD. It was also shown 

that the highest scoring solution from GOLD alone only replicated the highest occuring 

conformer in some cases with an accuracy of 40%. 

 

The implication of this alone is meaningful. Researchers in a lab setting can quickly dock a series 

of compounds and know with confidence that the resulting Key conformer is the most accurate 

prediction available with desktop docking software. This information is invaluable to such 
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researchers. An extra layer of understanding is now cheaply available and exceedingly accessible. 

The entire process from start to finish is possible on a single desktop or laptop.  

 

This new tool is also essential for understanding the biology of compounds already made. The 

ability to pair biological data confidently with an image of the very interaction is impactful.  

 

 

 

 

iii. Predicting affinity ranking 

The pipeline process suggested here suggests two major extra steps in computational docking, 

the creation of a library of starting compounds and the clustering of final solutions. The addition 

of steps is in itself a mark against this process. However, the results are incredibly useful and 

surprisingly accurate. This pipeline was consistently a good indicator of rank order of binding 

affinity for a series of compounds. In rar expecially, the pipeline yielded good correlation with 

experimental data and reached excellent statistical significance.  

 

These results were not achieved alone, though. It must be emphasized that this pipeline would 

not exist without a scoring system such as Chemscore. It is not built as a replacement to the 

GOLD scoring system. Rather, it was built to maximise the use of Chemscore by running it as 

many times as possible and taking the score from the endpoint which Chemscore arrived at 

most often. These two pieces work together as pieces of a puzzle to derive the overall landscape 

of interactions available to a given compound-protein complex.  

 

iv. Selectivity 

Limitations of this pipeline were reached when it was applied to deriving selectivity. It is out of 

the remit of desktop software to predict and compare interactions from a single compound 

with several proteins and so any quantitative prediction of selectivity is not possible.  
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But while this data alone cannot be used to predict selectivity, it was shown that visual analysis 

of key conformers is still useful. By visual inspection, logical reasons for selectivity, consistent 

with the literature were possible to derive in RAR. Combined with additional biological data, 

the Key conformer can assist in the discovery of features necessary for selectivity.  

 

Additionally, when large banks of compounds were ranked by score for each isotype , the 

changing rank for each compound in each of the receptors could be indicative of selectivity. 

However the repeatability of this observation and accuracy requires further investigation.  

 

 

v. Future work 

 

Having shown the ability of the python script to succesfully cluster solutions, further studies 

into the significance of cluster sizes should take place. Regression analyses to investigate 

association between cluster size and the correct geometry could be performed, as well as 

regression analyses of clustering and native chemscore to investigate the relative association 

between the two predictive methods and the correct solutions.  

 

The python script, 18ct.py, itself will be adapted and converted into a jupyter notebook and a 

google collab notebook for ease of use and access. When adapted, it will be made available on 

github under the page https://github.com/alexrodri01 . 

 

 

 

 

 

 

 

 

 

https://github.com/alexrodri01
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