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ABSTRACT

The drug discovery process is complex, time consuming and very expensive. Typically, the time to develop a candidate drug is
about 5 years, while the clinical phases leading, possibly, to the commercial availability of the drug are even longer (>7 years) for
a total cost of more than 700 Million dollars. Declining pharmaceutical industry productivity is well recognized by drug
developers, regulatory authorities and patient groups. A key part of the problem is that clinical studies are increasingly expensive,
driven by the rising costs of conducting Phase II and III trials. It is therefore crucial to ensure that these phases of drug
development are conducted more efficiently and cost-effectively, and that attrition rates are reduced.In this paper, a neuro-fuzzy
framework is presented for finding clinical trials in the drug discovery process. The proposed framework was developed based on
the combination of two artificial intelligence techniques known as artificial neural networks and fuzzy logic.

Keywords: Clinical Trial, Drug Discovery, Preclinical, Drug Target, Placebo.

1. INTRODUCTION

Pharmaceutical innovation is increasingly risky, costly and at times inefficient, which has led to decreased industry productivity
(Booth et al, 2004; Gilbert et al, 2003; Kola et al, 2004). Estimates for the average cost of bringing a new drug to market range
between $800 million and $2 billion, in which late-stage failures and the rising costs of Phase II and III trials represent key
components (Budget US Gov., 1993-2003; Adams et al, 2009). Conducting these phases of development more effectively and
reducing attrition rates are therefore major goals. The traditional approach to drug development separates clinical development
into sequential, distinct phases, in which progress is measured at discrete milestones, separated by 'white space'. It is argued that
the effectiveness of the clinical development can be improved by adopting a more integrated model that increases flexibility and
maximizes the use of accumulated knowledge. In this model, broader, more flexible phases leading to submission for approval
are designated 'exploratory' and 'confirmatory'. This model is adaptive, parallel and data-led, and allows all available knowledge
to be appropriately shared across the breadth of development studies to improve the quality, timeliness and efficiency of the
process (Orlof, 2009).

In recent years, there have been important advances to help ensure that therapies for serious conditions are approved and
available to patients as soon as there are sufficient data to show that the therapies’ benefits outweigh their risks. Despite this
progress, there is much more work to be done. Many scientific discoveries still need to be translated into treatments for patients
in need of new lifesaving therapies (Woodcock, 2014). Modeling and simulation approaches can be used to represent dose—
response and time-response behaviour of safety and efficacy endpoints. Furthermore, these approaches can be combined with
Bayesian methods to provide a continuous flow of information across different phases of development. For example, preclinical
data can be used to construct models and to provide prior information on model parameters. Likewise, the results from a proof-
of-concept (PoC) study can be used to form prior distributions for a similar model to be used in a subsequent dose-finding study
(Sheiner et al, 2000; Lalonde et al, 2007). An additional benefit of modeling in early development is that it allows the use of
external information (for example, baseline values for safety endpoints) to estimate characteristics of interest about the
population. Given the vast quantity of data from other development programmes that are available in most pharmaceutical
companies, as well as current discussions within the industry about sharing placebo data across companies, this has huge
potential for improving the efficiency of investigation in early development (Orlof, 2009).

The rate of late stage clinical trial failures is the single biggest determinant of returns on pharmaceutical Research and
Development. The lion’s share of discovery and development costs come at the end of the process, and if those trials fail
(whether for safety or lack of efficacy), all the capital invested up to that point is lost (Grainger, 2015). Clinical trials constitute
only a small part of the research that is involved in developing a new treatment. Potential drugs, first have to be discovered,
purified, characterized, and tested in labs (in cell and animal studies) before ever undergoing clinical trials. In all, about 1,000
potential drugs are tested before just one reaches the point of being tested in a clinical trial.

In this paper, the proposed framework for finding clinical trials in the drug discovery process was developed using both neural
networks and fuzzy logic which are artificial intelligence techniques.
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2. RELATED WORKS

2.1 Bayesian Modelling Combined With Use Of External Baseline Data To Improve Efficacy and Safety Signal Detection
In Early Development

Early development studies for establishing PoC often use small patient cohorts (10-20 subjects). These patients are typically

observed for a relatively short period of time (several weeks) to evaluate early efficacy and safety signals, which are frequently

measured on a continuous scale and observed several times over the duration of the study. However, the endpoints for the

decision to proceed with development or not are typically based on a single time point (for example, change from baseline at the

end of the study) and use dichotomized versions of the original variables to characterize responder and non-responder behaviour.

An example of the latter is the transformation of continuous liver function test measurements (for example, alanine
aminotransferase (ALT) and aspartate aminotransferase (AST)) into binary indicators (for instance, exceeding three times the
upper limit of normal (ULN)). There are, therefore, two types of information loss that often occur in PoC studies: the
dichotomization of continuous endpoints and a failure to use all of the available longitudinal measurements collected in the study
(Berry, 2006).

2.2 Adaptive Trial Designs In Early Development

The core concept of adaptive trial design (also known as flexible design) is that it uses accumulating data to decide on how to
modify aspects of the study mid-trial, in a pre-planned manner, without undermining the validity or integrity of the study (Berry,
2007; Gallo et al, 2006). Possible adaptations include adjustments to sample size, allocation of treatments, the addition or
deletion of treatment arms, inclusion and exclusion criteria for the study population, adjusting statistical hypotheses (such as non-
inferiority or superiority), and combining trials or treatment phases. Adaptive trials have the potential to translate into more
ethical treatment of patients within trials, more efficient drug development and better use of available resources.

2.3 The Coactive Neuro-Fuzzy Expert System (Canfes) Model

The motivation for approximating fuzzy systems by neural networks is based upon the inherent capability of neural networks to
perform massive parallel processing of information. This is important in the fuzzy controllers or more generally fuzzy expert
systems that are required to process large numbers of fuzzy inference rules in real time. When the neural network representing a
given fuzzy expert system is implemented all relevant fuzzy inference rules are processed in parallel. This results in high
computational efficiency, which is crucial in many applications such as diagnosis, prediction and so on.

Moreover, the neural network representation is eminently fitted for introducing suitable adaptive capabilities into the system.
This is due to the inherent learning capabilities of neural networks which can be used for modifying fuzzy inference rules of the
system on the basis of experience. Learning ability is another strength of neural networks. Among the three classes of learning
schemes as reported in Hinton (1989), the unsupervised procedures which construct internal models that capture regularities in
their input vectors without receiving any additional information (Kosko, 1991), are suitable to find clusters of data indicating the
presence of fuzzy rules. The supervised procedures which require a teacher to specify the desired output vector, and the
reinforcement procedures which only require a single scaler evaluation of the output are good to adapt the ruling of membership
functions for the desired output in fuzzy logic systems.

Hence, a hybrid learning algorithm is being used for the CANFES model. The learning algorithm for this model combines
unsupervised learning and supervised learning procedures to build the rule nodes and train the membership functions. The hybrid
learning algorithm performs superiorly to the purely supervised learning algorithm such as, back propagation or learning
algorithm (Rumelhart et al, 1986), due to the prior classification of training data through an overlapping receptive field before the
supervised learning. The learning rate of the original back propagation learning algorithm is limited by the fact that all layers of
weights in the network are determined by the minimization of an error signal which is specified only as a function of the output,
and a substantial fraction of the learning time is spent in the discovery of internal representation.

This observation was also reported in the two papers (Moody et al, 1989; and Huang et al, 1988). The hybrid learning rule being
used for the CANFES model combines both the back propagation (BP) and Kohonen Self Organizing Features Map (KSOFM).
While BP is a supervised learning algorithm, KSOFM is an unsupervised learning algorithm. The CANFES model also maintains
the concept of human thinking and reasoning as in fuzzy inference systems. So, experts’ knowledge can easily be incorporated
into the structure. The CANFES structure also saves the rule-matching time of the inference engine in the traditional fuzzy
inference system (Oladele et al, 2014, Oladele et al, 2015).
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3. METHODOLOGY

The term Neuro-Fuzzy modeling refers to the way of applying various learning techniques developed in the Neural Network
literature to fuzzy inference systems. The essential part of Neuro-Fuzzy synergisms comes from a common framework called
adaptive networks, which unifies both neural networks and fuzzy models (Jang et al, 1995). An adaptive network is a network
structure consisting of a number of nodes connected through directional links. All or part of the nodes is adaptive, which means
the outputs of these nodes depend on modifiable parameters pertaining to these nodes. Hence, an adaptive network is used for
system identification.

A class of adaptive networks that are functionally equivalent to Fuzzy Inference Systems are known as Adaptive Network Fuzzy
Inference System (ANFIS) or Adaptive Neuro-Fuzzy Inference System. ANFIS possesses certain advantages over neural
networks (Sugeno et al, 1988; Tagaki et al, 1985). The ANFIS architecture represents both the Sugeno and Tsukamoto fuzzy
models. It is basically used in control systems. It has been applied to a wide range of areas such as: nonlinear or function
modeling (Jang, 1991; Jang, 1993 (b)), time series prediction (Jang, 1993), online parameter identification of control systems
(Jang, 1993) and fuzzy controller design (Jang, 1991; Jang, 1992).

A generalized ANFIS, which extends the characteristics of a more fused neuro-fuzzy system that enjoys many of the advantages
claimed for neural networks and the linguistic interpretability of FIS, is called CANFIS (Takagi et al, 1985). CANFIS stands for
Co-active Neuro-Fuzzy Inference System, where in both NN and FIS play active roles in an effort to reach a specific goal (Jang,
1991). CANFIS has extended the notion of a single-output system as found in ANFIS, to produce multiple outputs.

In this paper, a hybrid learning algorithm comprising of both supervised learning (such as back propagation network) and
unsupervised learning (such as Kohonen self organizing feature map) were employed in order to enhance the adaptive capability
of the expert system and make it handle fresh cases that have not been predefined in the knowledge base.

The Coactive Neuro-Fuzzy Expert System (CANFES) model is being used in the proposed framework (Oladele et al, 2014). The
model was adopted from the Coactive neuro-fuzzy inference system (CANFIS) which is basically used for the development and
simulation of controllers. The Coactive neuro-fuzzy expert system aims at capturing both the linguistic and numeric parameters
in order to be able to adequately represent the human expert’s reasoning and decision making capability in the process of finding
clinical trials in the drug discovery process. The CANFES model is shown in Figure 1 (a) and architecture of the Back
Propagation Network is shown in Figure 1 (b).

ANy Mormalization

i T {multiplication)

Inputs
Fuzzw Mambership
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Figure 1 (a): The CANFES Model
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Figure 1 (b): Architecture of the Back Propagation Network.

Normally, clinical data on the relationship between activity of the therapeutic targets, markers of inflammation and remission of
symptoms are captured using mathematical models which are continuously adjusted to fit emerging data. Simulation is then used
to propose a suitable dose and dosing regimen to achieve the desired response for the majority of patients. In this instance, an
80% probability that 90% of patients would remain flare-free for 2 months. The data derived from this modeling exercise
normally allows for selection of a dosing regimen being investigated and confirmed in a Phase III trial.

4. CLINICAL TRIALS
Experimental studies carried out on human subjects with the aim of evaluating an intervention are often referred to as clinical
trials. These are research studies that involve testing drugs on patients. Biotechnology companies use clinical trials to assess the

efficacy and safety of new therapies and to answer specific health-related questions. Typically, there are three phases during a
clinical trial.
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These are:

1. Phase I — designed to evaluate the safety of the product in humans.
2. Phase II — analyses the effects of dose escalation

3. Phase III — evaluates the clinical efficacy of the product.

Clinical trials that involve new drugs are commonly classified into four phases. The drug development process will normally
proceed through all the four phases over many years. If the drug successfully passes through phases I, II and III, it will usually be
approved by the national regulatory authority for use in the general population.

The four phases of clinical trial are as follows and also depicted in table 1:

1. Phase I trial: clinical pharmacology and toxicity. It is designed to evaluate the safety rather than the effectiveness of the
drug.

2.  Phase II trial: initial clinical investigation for treatment effect. This is to establish the preliminary information or
effectiveness or potential promise of the drug for more intensive testing. It also aims to assess the side effects of the drug.

3. Phase III trial: full-scale evaluation of treatment. This is to compare a new drug to an available treatment regimen.

4. Phase IV trial: post-marketing surveillance. The main purpose of phase IV trial is to investigate the long term effects of a
drug. After the drug has been approved for marketing, research needs to be undertaken for monitoring for adverse effects on
the human populace.

Table 1: Phases of a Clinical Trial (Antonisamy et al., 2010).

Phase 1 Phase 11 Phase III Phase IV
Purpose To determine safety To evaluate the To evaluate clinical To evaluate the long-
and dosage effectiveness efficacy term effects of the drug
Test Population 10 — 30 subjects 20 - 50 subjects 100 — 1000 subjects >1000 subjects

4.1 Study Design

It is very important that clinical trial be designed so that its result are unbiased and valid conclusions are drawn. Clinical trials to
introduce a new drug or other therapy are based on the concept of the randomized, placebo-controlled clinical trial which is also
called the gold standard of research studies. The study sample which represents the population is divided at random, into two
groups, which are equal in every way. One which is the experimental group is given the drug and the other which is the control
group is given either a placebo or an existing treatment (comparator).

4.2 Control Group

In most clinical trials, subjects are grouped into one group which receives the drug under investigation and a second group which
receives either standard treatment for the illness or a placebo. The latter set is the control group which provides the researcher
with a base from which results can be compared and the effects of the test drug can be interpreted. The control group explains the
nature of what would have happened to patients if they had not received the test treatment or if they had received a different
treatment known to be effective. Hence, a control is the standard by which experimental observations are evaluated. A Schematic
Presentation of a Clinical Trial is shown in Figure 2.
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Figure 2: Schematic Presentation of a Clinical Trial (Antonisamy et al., 2010).

4.3 Randomization

Randomization is a term that refers to the process or mechanism that allocates the study subjects to different treatment groups by
chance (Altman D. G. 1991). Random allocation means that each and every person has a known chance or probability, generally
an equal chance of being given each treatment (i.e. either intervention or control). Randomization introduces an element of
chance into the assignment of treatment to subjects in a clinical trial. The simplest version is tossing a coin to decide the
allocation of a subject to a study group. The primary aim of randomization is to remove the potential of bias in assignment to one
intervention over another.

4.4 Drug Discovery Process

The drug discovery process is a critical issue in the pharmaceutical industry since it is a very cost-effective and time consuming
process to produce new drugs. Drug target identification which is the first phase in drug discovery is becoming an extremely time
consuming process (Rao and Srinivas, 2011). An important goal of a drug development programme is the selection of a dose and
dosing regimen that achieves the target clinical benefit while minimizing undesirable adverse effects. Biological and
pharmacological modeling can be very useful in this context. Simulation can be used to propose a suitable dose and dosing
regimen to achieve the desired response for the majority of patients.

4.4.1 Algorithm

Start

Identify the drug

Evaluate the population

Random selection of participants into two groups (Treatment Group and Placebo Group)
Selection of appropriate dose to be administered over a period of time to test for treatment effect
Participants in each group are evaluated for outcome of treatment by using statistical methods
Evaluate the long-term effect of the drug on the participants

Stop

PNAN B LD
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4.4.2 Flowchart

The proposed framework for finding clinical trials in the drug discovery process is depicted in Figure 3. The stages of the drug
discovery process which include identification of target, validation of target, hit and lead identification and pre-clinical are shown
sequentially. The four phases of clinical trial and approval by Regulatory Agency are also depicted in the framework.

/7"\
( Start )

274
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h

Validate Target

|
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|

Preclinical

|

Screening for
Safety

|

Drug Efficacy
Evaluation

|

Clinical Efficacy

|

Post Marketing
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|

Approval by
Regulatory Agency

'
( Stop)

Figure 3: Schematic Flowchart

5. CONCLUSION

A key challenge for the implementation of tools and techniques which advance the quality, timeliness and efficiency of drug
development is the ability to work across disciplines and amongst stakeholders to understand how and when to apply these
solutions. To address this challenge, we make the following recommendations. First, a common vocabulary and a common
understanding of the value of modern trial designs to all stakeholders needs to be defined and disseminated. Second, at the same
time, guidelines and case studies for assessing situations in which tools should be applied, as well as for those scenarios when
they should not be utilized, should be developed and disseminated. Third, there is a need to create a methodology for dialogue
with regulatory authorities to facilitate discussion of clinical strategies which utilize these tools and address potential constraints
and issues. Finally, it will be crucial to identify specific solutions to address all mindset obstacles and factual objections that
inhibit the adoption of modern tools and adaptive study designs.
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