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Abstract
Attrition is a major contributor to the cost of new drug development. Therefore, the
ability to predict drug approval could improve R&D efficiency. The success of drug
development programs is governed both by scientific factors and by “external” factors,
such as intellectual property, company characteristics, and economics. Incorporating
these external factors into predictions of drug approval could help to improve decision-

making.

We postulated that patents might represent a particularly under-used information
source in this context. However, in reviewing the academic patent literature, it was
apparent that improvements in the quality of available evidence were needed before
patent landscapes, a common form of patent analysis, could be useful. To examine the
extent and severity of this problem, we conducted a systematic review of the reporting
quality of patent landscape articles. Finding evidence that reporting was insufficient,
we developed the Reporting Items for Patent Landscapes (RIPL) statement, a reporting

guideline which aims to improve it.

Subsequently, we focussed on predicting approval and failure of drug candidates. A
systematic review identified only three papers developing multivariable models to
predict approval on the basis of analysis of approved and failed drugs. These models
are of limited utility due to methodological and reporting quality issues. Therefore, we
developed and internally validated two models to predict approval: one incorporating
candidate predictor variables to represent the external factors previously mentioned, as
well as physicochemical parameters, and the second including only physicochemical
parameters. Performance was modest but positive and further work is needed to

externally validate the models.
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Chapter 1: Introduction

1 Introduction

Biomedical research has resulted in considerable advancement of human health. People
live longer than ever before, there are more treatments for more indications, and there
is an exponentially growing knowledge base from which to develop new medicines or
otherwise improve health. Despite this, there is evidence suggesting that the efficiency
of biomedical research has been consistently falling over the last 50 years. Health
outcomes have not kept pace with research outputs?, the cost per new molecular entity
(NME) brought to market has increased dramatically?2, the financial performance of
the biotechnology sector is poor and declining®, and the sustainability of biomedical
innovation has been called into question®. There is widespread concern over the
reproducibility of®, as well as the truth of claims in”, much published research literature.
Here, we aim to identify contributors to this inefficiency and develop approaches to

improve it.

Reducing attrition in drug development is a natural starting point for efforts to reduce
wastage. Recent estimates indicate success rates of 13.8% for NMEs first entering
man®, and the cost of drug development is therefore dominated by the cost of failures.
The ability to better identify and prioritise those compounds which are eventually
approved would therefore be of considerable value. A huge body of research exists
which aims to in some way address this (e.g. high throughput screening, genomics,
computer aided drug design) but the majority focusses solely on biological, chemical
or physical factors. In reality, the success of drug development programs is not only

governed by scientific factors, but also a wide variety of “external” factors, including
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intellectual property, the economic environment, funding, and many others.
Incorporating such factors into analysis during drug development could help to

improve decision-making.

Intellectual property, specifically patents, represents a particularly rich and accessible
source of data®. Patents are an essential component of biomedical product development,
are freely available, and are published in comparable numbers to academic research
papers. In 2013, for example, 2.2 million patent applications®® and 2.4 million academic
articles'* were published. Despite the remarkably similar numbers, in some cases there
is little overlap: in an analysis of 2 million compounds extracted from journals and
patents, just 6% of compounds in patents also appeared in journal articles'?. Large scale
attempts to mine this data for a variety of purposes exist (e.g. $*4), but within academia

the prevalence of any analysis incorporating patents is very low®.

Patent landscaping is an example of patent analysis that has, however, proliferated
somewhat in academia. It is a methodology for analysing multiple patent documents
for a variety of purposes such as uncovering technological trends'® or examining
opportunities for innovation'®. The process for conducting a patent landscape is
analogous to that of conducting a systematic review, but rather than academic literature,
patent documents are identified and analysed. The process typically comprises four
main stages: i) defining the purpose and scope, ii) designing and conducting searches,
iii) data cleaning and curation, and iv) data analysis and interpretation!’ (Figure 1.1
illustrates this in more detail). The results of such analyses may be used for decision
making in academia, industry and government, and, given the importance of patents in

the drug development process, could be useful in efforts to reduce attrition.



Chapter 1: Introduction

Define purpose and scope of landscape

Design and conduct search
* ldentify database(s)
» Develop search algorithm(s)

Data cleaning and curation

* Merge datasets

» Define degree of error tolerated
» Remove irrelevant documents

l

Augment dataset with additional fields or
manual coding

» Categorizing assignees

»  Grouping similar documents

l

Data analysis and interpretation
» Various methods

v v
Descriptive Visualisation Advanced analytics
statistics of trends *  Network analysis

»  Thematic map generation
+ Bibliometric analysis

Figure 1.1: Patent landscaping process

The typical process for conducting patent landscape analysis. In blue boxes are steps necessary
for all patent landscapes, steps in the orange box are optional and the green boxes are example

outputs. Adapted from®’.

When originally planning the research in this thesis, we therefore postulated that patent
landscaping might represent an under-exploited approach to help to address the attrition
problem. In reviewing the academic literature focussed on patent landscaping,
however, it became apparent that improvements in the quality of available evidence

were needed before such analyses could be useful. In particular, it was generally not
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possible to discern the exact methods used such that they could be replicated. To
examine the extent and severity of this problem, we conducted a systematic review of
the reporting quality of patent landscape articles, and, on the basis of the results,
developed a guideline which aimed to improve it. The resulting work comprises

Chapters 2 and 3.

Subsequently, we focussed attention more directly on the problem of reducing attrition
during drug development. Despite dramatic increases in knowledge and throughput for
techniques used in drug discovery, gains in output have not been realised, and many
consider that an over-emphasis on reductionist approaches might be at least partly
responsible'®®. We hypothesised that empirical approaches, incorporating external
factors mentioned above in some way, might assist in identification of promising drug
candidates. Regulatory approval is the “gold standard” reference point for drug
development programs?é, so we aimed to develop approaches that could predict it. We
systematically reviewed and assessed the quality and performance of existing
approaches to do this in Chapter 4. Finding that only a narrow range of predictors had
been explored and numerous methodological issues, we then developed models to

predict approval in Chapter 5.

1.1 Structure of the Thesis
This thesis is structured as a set of largely self-contained chapters, each with

independent introductions and discussions, followed by a general discussion chapter.
Chapters 2 and 3 (with some modifications) are published or are accepted for

publication. For Chapter 4, a protocol is published on PROSPERO and the work is
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complete. For Chapter 5, some minor additional work is suggested and potential future

directions are provided. Chapter 6 is the general discussion chapter.

More specifically, the content of each chapter is as follows:

Chapter 2 is a systematic review of reporting quality in academic patent
landscape articles. The systematic review showed that reporting quality was
insufficient and that methods were generally too poorly reported to allow
reproducibility. The findings provided justification for the development of a
reporting guideline. The majority of this chapter is published in Nature

Biotechnology?.

Chapter 3 reports and describes the development of the Reporting Items for
Patent Landscapes (RIPL) statement. The statement lists the essential items that
should be reported in a patent landscape article. It is focussed on and developed
for academic articles, though may also have utility for industry and government.
It was developed via a consensus process involving input from patent
landscaping and reporting quality experts. A paper resulting from this work has
been accepted for publication in Nature Biotechnology and will appear in the

November issue in 2018.

Chapter 4 returns to the question of predicting regulatory approval by
conducting a systematic review of existing attempts to do so. Only three
relevant papers were identified. Methodological issues in two papers result in a
very high likelihood of bias and a lack of reporting of the final model in the

third means that the model cannot be used. A variety of predictor variables are
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included in the models, but none include physicochemical parameters of the
drug candidates themselves. A systematic review protocol for this chapter is

registered on PROSPERO?Z,

e Chapter 5 presents the development and internal validation of two multivariable
predictive models of regulatory approval for small molecules. The first includes
a wide range of candidate predictor variables, including those related to
literature (patents and academic), economics, the usage of the drug, and its
physicochemical parameters. The second model includes fewer predictors, all
of which are simple physicochemical descriptors, which allows a larger number
of observations to be included in the dataset. The performance of both models
is modest (area under the receiver operating characteristics curve, AUC~0.6),
though the latter is marginally better. The model performs better than Lipinski’s

rule-of-5 in our dataset.

e Chapter 6 provides a general discussion and summary of key themes. We
review reporting quality literature and some suggestions for future research in
this area are made. The use of patents as an additional literature source in
academia is then discussed. General criticisms that may be raised over our
attempts to predict regulatory approval are then addressed and followed by a
brief discussion of potential future work. We conclude with an overview of

several themes that have emerged across the thesis.
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2 Evidence of Insufficient Quality of
Reporting in Patent Landscapes in the Life
Sciences: A Systematic Review

Major components of this chapter first appeared in the following paper: “Smith JA,
Arshad Z, Thomas H, Carr AJ, Brindley DA: Evidence of insufficient quality of
reporting in patent landscapes in the life sciences. Nature Biotechnology, 210-214,
2017 by Springer Nature. Additional analysis of inaccessible articles and reporting
quality over time is included, a new abstract and new figures are included, minor
changes to content and typography have been made throughout and the document has

been restructured.

2.1 Abstract

Patenting is an important part of the commercialisation process for life science and
healthcare technologies. As a result, patent landscaping has emerged as a methodology
to allow analysis and measurement of patent documents and patent activity, potentially
leading to insights regarding research, innovation and development in technology
areas. Despite the potentially important uses of such analyses, in this chapter we show
that generally the quality of reporting in patent landscapes published in academic
journals is low. A systematic review identified 81 patent landscaping papers which
were evaluated against a checklist of items that should be reported in those papers. No
papers complied with all of the checklist items, and very few (10%) complied with

what we consider to be essential methodological items. Reporting quality improved
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significantly over time but remains suboptimal. Impact factor was not correlated with
reporting quality and research articles were marginally but significantly better reported
than other article types. These findings identify a need for improved reporting in patent
landscaping which we propose to address through the development of a reporting

guideline.

2.2 Introduction

Patents in the life sciences are a critical metric of innovation and a cornerstone of the
commercialisation of new life science and healthcare technologies. Patent landscaping
has emerged as a methodology for analysing multiple patent documents in order to
uncover technological trends®®, geographic distributions of patents'®, patenting trends
and scope??, highly cited patents?, and a number of other uses'’. Many such analyses
are published in high impact journals?*-2¢, potentially gaining high visibility amongst
academic, industry and government stakeholders. They may be used to inform
decision-making, for example, prioritisation of funding areas, identification of
commercial competition and therefore strategy development, or implementation of
policy to encourage innovation or ensure responsible technology licensing. Patent
landscaping may also provide a means for answering fundamental questions regarding
the benefits and drawbacks of patenting in the life sciences, a subject on which there is

considerable debate?’-2°, but limited empirical evidence.

The aim of the patent landscaping process is to capture a set of pre-defined patent
documents and to analyse them in some manner (definition: Box 2.1). The landscaping

process (summarised in Figure 1.1) is analogous to the process for conducting
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systematic reviews of academic literature; however, in patent landscapes, the patent
documents replace academic articles. Like systematic reviews, patent landscapes are
important in allowing higher level insights to be drawn that could not be achieved by
analysis of documents in isolation. Unlike systematic reviews, however, patent
landscapes are often published under different guises than original research articles,
possibly leading to a lack of emphasis on disclosing key information underpinning

analyses and conclusions.

Box 2.1: Definition of a patent landscape

A landscape is an analysis of the relationships between multiple sets of indicators or
of those indicators measured against temporal, technical or spatial dimensions. At
least one of the indicators, in the case of a patent landscape, is patent publications or
some aspect thereof. A landscape seeks to encompass an entire population of relevant

data, rather than a random sample drawn from that population (adapted from?*’).

As in any research, to allow for reproducibility and effective evaluation of accuracy
and quality, it is essential that studies are reported adequately. The specific
methodologies used and results generated must be reported; clear justification and aims
of investigations need to be provided in order to assess the validity of any conclusions;
any funding or conflicts of interest should be disclosed to assess potential biases. The
importance of adequate reporting has been heavily emphasised and policed in health
research®-32, including in systematic reviews®*; however, outside of health research,

discussion has been more limited. Despite the important potential implications of patent
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landscapes from a scientific, commercial and political perspective, criticism has
emerged over a lack of standardisation, transparency and clear justification of

methodology®®=¢.

The purpose of this chapter is to provide the first systematic assessment of the quality
of reporting in patent landscapes in the life sciences published in academic journals.
Given the heterogeneous nature of methodologies used for, and questions addressed
by, patent landscaping®®, consistent methodological practice may not be practical or
useful, and could indeed stifle innovative methodologies from emerging. Clarity of
reporting, on the other hand, is essential regardless of the approach taken and question
investigated, and its assessment should represent a significant component of the peer
review process and should be expected in scientific articles. Patent landscapes are
published in a variety of journal types of various impact factors, and as various different
article types (e.g. review articles and original research articles). The relationship

between these indicators and reporting quality is also explored.

2.3 Methods

We follow the preferred reporting items for systematic reviews and meta-analyses
(PRISMA) statement recommendations33* for methodology and reporting, where

appropriate. No review protocol was registered.

2.3.1 Eligibility Criteria

Inclusion criteria for relevant articles were determined prior to any searches being
conducted (summarised in Table 2.1). Articles were included if they stated somewhere

in the article that a search for patent records was conducted, though were not included
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if they were purely a review of selected patent records not explicitly identified through
a search. Some analysis of the included patents had to be conducted: for example,
graphical or statistical; a list of patents could not simply be provided. The purpose of
these criteria was to distinguish those studies that are landscapes (i.e. those including a
search), and those which could be considered more similar to a narrative review (i.e.
those not including a search). Only articles focussed on the life sciences were included,
which was defined as “the sciences concerned with the study of living organisms,
including biology, botany, zoology, microbiology, physiology, biochemistry, and
related subjects™3” with the addition of all medical sciences. Any article type or format
which met the eligibility criteria and was published in a journal was considered
relevant. This did not include book chapters or reports. No language restrictions or
publication date restrictions were applied, though if an article could not be obtained in

an English translation it was not included.

Table 2.1: Summary of eligibility criteria
All eligibility criteria had to be met for a study to be included

Eligibility Criteria

1 The article included a statement that a search for patent records was
conducted
2 The article included at least some analysis or interpretation of the

identified patents, and was not simply a list of patent records

3 The subject matter of the article was the life sciences, which was taken to
include the medical sciences

2.3.2 Search Strategy and Sources of Information

Search terms used to identify papers for screening are detailed in Supplementary Table
8.1. MEDLINE and EMBASE (via Ovid), PubMed, Scopus, and Science Direct were

searched from their respective start dates until 16" March 2016. PubMed and Ovid
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were chosen because of their broad coverage, topically and geographically, of medical
and life sciences research. Scopus and Science Direct were searched, in addition, to
capture additional potentially relevant papers which scoping searches revealed did not
appear in journals indexed by PubMed and Ovid; both databases are considerable in
scope, including social science and humanities research outputs, in which it is possible

that patent landscapes focussed on life sciences areas could be published.

2.3.3 Study Selection

Three stages of selection were applied: automatic duplicate removal, manual screening
of abstracts and manual screening of full text papers. Duplicates were removed
automatically using Mendeley Desktop (v1.16.3) software, and the resulting records
were manually screened for relevance. At least two authors (JS, ZA and/or HT),
independently screened abstracts of identified articles to determine relevancy. At the
initial screening phase, articles for which there were discrepancies were included for
full text evaluation. If discrepancies arose during full text screening, consensus was
reached by discussion between the authors. Only articles which were available via one
of the authors’ institutions as full text articles were included for evaluation of reporting

quality.

2.3.4 Reporting Quality Criteria and General Article Information

A data extraction sheet was developed for evaluation of reporting quality and collection
of general article information. Criteria were selected for evaluating the quality of
reporting based initially on the PRISMA checklist3*, which is a checklist developed for

reporting of systematic reviews and meta-analyses. Some criteria were removed as they
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were not deemed relevant to patent landscapes. The authors then discussed and added
additional criteria which might be required for transparency and reproducibility and
updated the list. Apart from those criteria stated as being in “Title” and “Abstract”
sections (Table 2.2) items were considered to have been reported regardless of the
location in which they were reported, including supplementary material. This was

because a number of papers (e.g. review articles) did not follow a structured format.

In addition, data were extracted on the type of analysis conducted, technology area
under investigation, the article type, the SCImago Journal Rank (SJR) of the journal in
which the paper was published, and general bibliographic information to allow
summaries and trends to be determined (full list of items extracted in Table 2.2). The
SJR was chosen rather than impact factor because historical data is readily available
for SJR, and it is a ranking so corrections for time dependent trends in citations do not

need to be made.

Table 2.2: Information extraction form

For all items other than the general article information, papers were coded in a binary system

according to whether or not that item was reported (1 = reported, 0 = not reported).

Section Item # Item
General A Full bibliographic information
article .
information Type of analysis conducted
C Technology area of investigation
D Acrticle type
E SClmago Journal Rank (SJR) of the journal in which the article is
published for the year in which it is published
Title 1 Acrticle identified as a patent landscape

13
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Section Item # Item
Abstract 2 Obijective overview of aims, methods and findings provided
Introduction 3 Aims and rationale of the investigation are clearly stated
Methods 4 Clear description of the patent records aiming to be collected is
provided
5 Databases used to collect patent records are disclosed
6 Date ranges for any searches conducted are provided
7 Patent offices searched are specified
8 Component of patents searched is stated (e.g. claims, abstract, title)
9 Full electronic search strategy for at least one database searched is
given
10 Process for selecting relevant patents is outlined
11 Software used for any analysis of data is detailed
12 Details of any data analysis is provided
13 Patent selection and/or data extraction, if applicable, is blindly
reproduced
Results 14 Summary statistics for the dataset (e.g. in its simplest form, number
of patents included in analysis)
15 If data is extracted from individual patents, the data is included with
the relevant patent citations
16 Results of any statistical analysis conducted is included
17 Patent records included in the study are listed, or a means to access
them is provided (e.g. reference to supplementary material
containing the list)
Discussion 18 The main findings of the study are discussed
19 The limitations of the study are discussed
Conflicts of 20 Any conflicts of interest are stated, and sources of funding are
interest disclosed

Table 2.3: Definitions of types of analysis used in extraction sheet

Analysis Type

Definition

Temporal

Any analysis that analyses patent records temporally
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Analysis Type Definition

Assignee Identification or analysis of the assignees of at least some patent records
in a dataset

Inventor Identification or analysis of the inventors of at least some patent records
in a dataset

Geographical  Any analysis that breaks down a dataset of patent records by geographical
location

Citation Analysis of forward and/ or backward patent record citations

Classification

Cluster
mapping

Patentability

Freedom to
operate

Patent watch

Validity

Active/
inactive

Application/
granted

Claims
analysis

Coding of patent documents according to the technical features of their
content, as per generally recognised coding systems such as the
Cooperative Patent Classification (CPC) system

The use of visual display to highlight recurring themes and key words
within patent documents and their relationships

An analysis into the patentability of certain subject matter

An analysis that aims to identify potential freedom to operate issues, which
was taken to include any assessment of potential “blocks” to innovation,
invention, etc

A summary or analysis of newly issued patent records, usually
applications

An analysis into the validity of patent claim(s)

An analysis of the patent status (active or inactive) for one or more patent
records

An analysis of application status (application or granted) of patent records

Any detailed analysis of claims, when stated in the context of being a
claims analysis
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2.3.5 Data Extraction
At least two authors (JS, ZA and/or HT), independently extracted data from full text

articles using the information extraction form (Table 2.2). For all items apart those in
the section general article information, items were assigned a binary outcome variable
of compliance (1) or non-compliance (0) for each article. To ensure objectivity, an
article was considered to be compliant if any attempt whatsoever was made to report
relevant information; for example, in the discussion section, if any limitation was
mentioned, the article was considered compliant with that criterion. Any discrepancies
in scoring were discussed and resolved amongst the authors. To assess SJR, a search
for the relevant journal was carried out on the SJR website (www.scimagojr.com) and
SJR was recorded for the year of article publication. Definitions used to determine
analysis type are provided in Table 2.3. Article type was determined based on the
category in which the journal placed the article. If this was unavailable, articles were
allocated to a category based on their internal identification, e.g. if it was stated that the
article was a review of the literature, it was considered a review. If this was in turn
unavailable, the authors discussed the category into which they believed it most closely
fitted and allocated it once consensus was achieved. The Thomson Reuters’ life science
definitions were wused for categorisation of articles into different areas
(http://mjl.clarivate.com/scope/scope_ccls/) though the definition of “Animal and Plant
Sciences” was expanded to include husbandry. Any discrepancies in opinion were

discussed between two authors until consensus was reached.
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2.3.6 Statistical Analysis

Some items included in the extraction form were not relevant to every paper (e.g. item
13), so for each paper a percentage compliance was calculated based on the number of
compliant items and total number of relevant items to allow comparability between
papers. Statistical tests were conducted in R (v3.3.1) and graphs were generated in R
or Microsoft Excel (v16.17). Comparisons were made between mean article
compliance by article and journal type. Spearman’s rank correlation coefficient and
associated significance test was calculated in R to test for correlation between impact
factor and percentage compliance and impact factor and year of publication. An alpha
of 0.05 was used and a Bonferroni correction applied to account for multiple

comparisons. Therefore, results were considered significant when p < 0.0125.

2.4 Results

2.4.1 Search Results, Study Inclusion and Study Characteristics
Searches and screening resulted in a total of 81 full text studies for inclusion in this
systematic review (Figure 2.1; citations in Supplementary Table 8.2). After removal of
duplicate records, the abstracts of 3,348 articles were screened for relevance, and 577
records remained which could not be excluded based purely on review of abstracts and
titles and which were assessed as full texts, where available. 380 articles were excluded
because upon deeper examination they were not patent landscapes or reviews (n = 201),
there was no mention of a search for patents (n = 78), or they were not life science
focussed (n =100). A further potentially relevant 116 articles were identified which we
were unable to exclude based purely on abstract or title, but for which the full text was

not available at the time of analysis.
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Full text papers included for analysis conducted a broad range of analyses (Figure
2.2A) and examined a number of different research areas (Figure 2.2C). The most
common forms of analyses were temporal, assignee, and geographical, with each type
of analysis appearing in 75% or more papers. Nearly half of the papers included in the
study were research papers (49%), followed by reviews (29%), and other article types
(22%; Figure 2.2B). The majority (73%) of papers were published in scientific journals,
with the rest falling into other categories (23%) such as legal or business journals

(Figure 2.2D).
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Figure 2.1: PRISMA flow diagram

PRISMA flow diagram®* detailing number of studies included at each stage and reasons for

removal.
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Figure 2.2: Characteristics of included papers

A) Types of analysis: percentage of patent landscaping articles conducting different types of
analysis in studies included in this systematic review (n = 81 for all). Each article could be
assigned more than one type of analysis (definitions: Table 2.3). B) Article type: article types
for included papers. C) Technology area: technology areas focussed on in the articles included
in this systematic review. Each article was assigned to a single technology area. D) Journal
type: type of journal in which patent landscapes were published: scientific or other, which

included journals primarily focussed on legal, business, or other topics.
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2.4.2 Quality of Reporting

In 81 articles assessed for compliance against 20 items considered together to represent
an adequately reported study, no articles reported all of the items included in our
checklist that were relevant to them. Mean compliance across all articles was 64%

(SD+15%). Table 2.4 lists the number and percentage of articles reporting each item.

Percentage compliance was not normally distributed (Shapiro-Wilk test of normality,
W =0.93392, p < 0.001) and normality could not be achieved through transformation
of the data. Therefore, Kruskal-Wallis tests were used for comparisons of compliance
against article and journal type, and Spearman’s rank correlation coefficient was
calculated for compliance against SJR and year. No correlation between SJR and
compliance was seen (Spearman’s Rho, rs = 0.085, p = 0.475; Figure 2.3A). Mean
compliance in research, review and “other” articles were 70% (SD+8), 55% (SD+16)
and 60% (SD=17), respectively (Figure 2.3B). A significant effect of article type on
compliance was observed (Kruskal-Wallis Test, H = 20.5, p < 0.001). Mean
compliance in scientific and “other” journals was 64% (SDx16) and 63% (SD+11,
Figure 2.3C), respectively, which did not differ significantly (Kruskal-Wallis Test, H
=0.114, p = 0.736). A significant positive relationship between year of publication and

compliance was seen (Spearman’s Rho, rs= 0.409, p < 0.001; Figure 2.3D).
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Table 2.4: Number and percentage of articles reporting items in the reporting

quality checklist (n = 81)

Section Item# Item Articles
Reporting (%)
General A Full bibliographic information N/A
article .
information B Type of analysis conducted N/A
C Technology area of investigation N/A
D Acrticle type N/A
E SClmago Journal Rank of the journal in  N/A
which the article is published for the year
in which it is published
Title 1 Avrticle identified as a patent landscape 46 (56.1)
Abstract 2 Overview of aims, methods and findings 36 (43.9)
provided
Introduction 3 Aims and rationale of the investigation 81 (100)
are stated
Methods 4 Description of the patent records aiming 78 (95.1)
to be collected is provided
5 Databases used to collect patent records 75 (91.5)
are disclosed
6 Date ranges for any searches conducted 61 (74.4)
are provided
7 Patent offices searched are specified 65 (79.3)
8 Component of patents searched is stated 43 (52.4)
(e.g. claims, abstract, title)
9 Full electronic search strategy for at least 35 (42.7)
one database searched is given
10 Process for selecting relevant patents is 39 (55.7)*
outlined, if applicable
11 Software used for any analysis of data is 50 (61.0)
detailed
12 Details of any data analysis are provided 73 (89.0)
13 Patent selection and/or data extraction, if 1 (1.4)*
applicable, is blindly reproduced
Results 14 Summary statistics for the dataset (e.g. in 66 (80.5)

its simplest form, number of patents
included in analysis)
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Section Item# Item Avrticles
Reporting (%0)
15 If data is extracted from individual 45 (54.9)
patents, the data is included with the
relevant patent citations
16 Results of any statistical analysis 68 (82.9)
conducted are included
17 Patent records included in the study are 20 (24.4)
listed, or a means to access them is
provided (e.0. reference to
supplementary material containing the
list)
Discussion 18 The main findings of the study are 78 (95.1)
discussed
19 The limitations of the study are discussed 38 (46.3)
Conflicts of 20 Any conflicts of interest are stated and 37 (45.1)
interest sources of funding are disclosed
*n=70
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Figure 2.3: Reporting quality by journal ranking, article type, journal type and

year of publication (n = 81)

Compliance with reporting checklist vs. A) SClmago Journal Ranking: no relationship

between SJR and percentage compliance to the reporting item checklist (Spearman’s Rho, rs=
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0.085, p = 0.475); B) Article type: significant effect of article type on compliance (error bars
+95% Cl; n=81; H=20.5, p<0.001); C) Journal type: no relationship between article type,
(scientific journals and “other” journal types, such as legal or business journals) and
percentage compliance (error bars £ 95% CI; Kruskal-Wallis Test, H = 0.114, p = 0.736). D)
Year: significant positive correlation between year and percentage compliance (Spearman’s

Rho, rs=0.409, p < 0.001).

2.4.3 Inaccessible Articles
We were not able to include 116 potentially relevant articles due to lack of availability

of the full text articles. For these articles, we collected the year of publication and
journal type. Year of publication was similar in the inaccessible articles (median =
2011, IQR [2008, 2013]) to those in the included sample (median = 2012, IQR [2009,
2014). The majority (85%) of inaccessible articles, however, were from journals of type
“other”, whereas in the included sample the majority (77%) were “science” (Figure
2.2D). Our analysis of included articles showed a significant relationship between year
of publication and reporting quality (Figure 2.3D) and no effect of journal type on
reporting quality (Figure 2.3C), so we do not have reason to believe that the
inaccessible articles would differ considerably in their reporting quality to accessible

articles.

2.5 Discussion
The final step in conducting academic research is not the analysis of data, but the

communication and dissemination of the research in a manner that allows the approach
taken to be determined and reproduced, and the validity of the findings to be assessed®®.

The primary mechanism of this dissemination and communication within academia is
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via journal publications, which represent the means by which the quality of a study is
assessed. Our analysis provides evidence that the quality of reporting in patent

landscapes in the life sciences in such publications is insufficient.

2.5.1 Reporting of Methods and Results

Many articles do not report critical methodological items. Without full reporting of the
following methodological items: eligibility criteria of patents to be included; search
strategy; databases, dates, patent offices and components of patents searched; software
used; patent selection process; and details of analysis conducted (items 9 to 17, Table
2.4), reproducing and validating a patent landscape methodology is, in our opinion, not
possible. Eight articles (9.9%) reported all of these methodological items that were
applicable to them. Just one article (1.4%) reported that patent selection was blindly
reproduced, and 24% of articles list the patents included in the study: the dataset upon

which conclusions and analyses are based.

The lack of reporting of key methodological and results items challenges interpretation
of conclusions and renders reproduction or updating of studies impossible in many
cases. A patent landscape represents a considerable investment of effort and time, and
without clarity over its methods and results, the impact of this effort can be significantly
reduced. Greater clarity would allow additional analysis to be conducted by future
researchers, maximising the potential benefit of the research®. Improvements in
methods and results reporting might allow for meta-analyses of patent landscaping
papers and allow independent researchers to use results in their own investigations for

other purposes.
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2.5.2 Potential for Conflict of Interests

Conflicts of interest and funding sources is also a relatively poorly reported item (45%).
Patents are inherently linked to commercial interests and, therefore, the declaration of
conflicts of interest and any funding sources is important in the evaluation of potential
biases. In clinical trials, lower reporting quality has been associated with increased
effect sizes*. While there is no effect size, as such, to evaluate in patent landscaping
articles, incentives for the portrayal of inaccurate information by authors or funders
could easily be conceived, and improved transparency over conflicts of interest and
funding should therefore be encouraged. This issue is compounded by the fact that
reporting of methods and results often challenges the ability to determine accuracy of

information.

2.5.3 Explaining Reporting Quality

Our findings are not limited to lower quality journals. It is generally assumed that the
higher the quality of, and therefore the quality of reporting in, an article, the higher is
the likelihood that it will published in a high-impact journal®®4l. However, no
statistically significant correlation was observed between SCImago Journal Rank and
the quality of reporting in patent landscaping articles (Figure 2.3A) suggesting that
reporting quality is not currently an important determinant in the publication of patent
landscapes in high quality journals. This is unlike other areas, in which a number of
studies conducting similar analyses have found significant relationships between
impact factor and reporting quality*>#3, and may be due to the fact that there are a

limited number of well reported patent landscapes on which to model reporting.
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Small but significant differences in reporting quality are associated with different
article types. Perhaps unsurprisingly, reviews are less well reported than research
articles (Figure 2.3B), which indicates that structured paper formats might be more
conducive to complete reporting. Given that patent landscapes may just be one
component of an otherwise narrative review, structured reporting, as in many research
articles, is unlikely to be practical for all papers. However, emphasising that the patent
landscaping component of any paper represents research that others may wish to rely
on for further analysis could help to improve reporting, and details could be reported

in supplementary materials.

A significant increase in reporting quality with year of publication was seen (Figure
2.3D), a promising finding consistent with research in other areas** 6. This
improvement may reflect a general trend of greater emphasis on transparency and
disclosure*’#8 or the efforts of other analyses and critiques of patent landscape
articles'”¢, Though promising, recent papers still do not report many essential items

and reporting quality overall remains suboptimal.

2.5.4 Analysis Types
Patent landscaping has previously been described, in the most part, as relatively

simplistict’, and much analysis recorded and observed herein supports this. A large
proportion of papers present numbers of patents over time, patents per geographical
region, patents per assignee or inventor, or other count data (Figure 2.2C). There is no
inherent problem in the use of such analyses; however, patent numbers and other such

measures cannot alone portray all of the information that may be useful or required by
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the reader for appropriate interpretation*®. For example, it is possible that within one
research area, there are a large number of patents focussing on a very narrow set of
inventions; another research area may have very few patents of broad scope. Without
some consideration of the information within the patent documents, discerning these
differences would be challenging. With appropriate discussion of limitations, these
issues could be allayed; however, limitations were discussed in less than half of the

included papers (46%).

More advanced analytical approaches are employed in some cases to interrogate patent
documents in more detail, though these still raise some concerns. Software is used to
thematically cluster patent documents and present the outcome visually in “cluster
maps” (28%). From such data, areas of high patent activity are often identified (e.g.
15,2250y "and may be used to identify “gaps” in the technology or research landscape®?.
Other papers similarly mention the use of patents to identify gaps, though not through
an explicit methodology®?53. Proprietary software is often used to generate cluster
maps, but the algorithms underpinning such software are rarely discussed or detailed
in the papers using them, and in some cases do not appear to be publicly available at
all. Without detailed analysis of patent claims by an expert, the identification of gaps
in research or technologies is difficult to ascertain with existing methods. However,
very few papers conducted any form of claims analysis (2%). As above, appropriate

discussion of limitations would go some way to addressing these concerns.

29



Chapter 2: Evidence of Insufficient Quality of Reporting in Patent Landscapes in the Life Sciences: A

Systematic Review

2.5.5 Outlook

The findings of this systematic review are congruent with similar investigations that
have been conducted in other fields which report omissions in methods®>**, including
statistical methods®®, incomplete presentation of data preventing later analysis®’, and
inadequate conflict of interest reporting®®. The findings also provide empirical evidence
for statements previously made in relation to the quality of patent landscapes!’. To
address reporting issues in other fields, a great number of reporting guidelines have
been developed which provide checklists of items that should generally be reported and
which together represent an adequately reported study. Introduction and endorsement®®
of guidelines has been associated with improved reporting quality of clinical trials. This
chapter provides the empirical justification for the development of a guideline to
improve the quality of reporting in patent landscaping articles, which is registered on
the Equator Network website (www.equator-network.org), and which is reported in the
following chapter. The purpose of the guideline is to improve transparency and
standardisation of reporting, in order to allow reproducibility, comparability, and

accurate evaluation of patent landscapes.

2.5.6 Limitations

This systematic review focussed solely on the reporting quality of patent landscapes in
academic journals. It should be noted that patent landscapes are commonly reported
outside of academic journals, such as in those conducted by government bodies or
industry. The quality of reporting in available government publications (e.g. ), in
general, appears to be quite good, perhaps due to the lack of limitation with regards to

document length in comparison to academic papers. However, even seemingly detailed
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landscapes lack full disclosure of search terms®:%2 and contain only superficial
explanations of the algorithms employed®. The findings of this study may still,
therefore, be useful in the context of reporting studies outside of academia. We do not
have access to proprietary patent landscapes conducted in industry, so cannot comment

on the relevance of these findings to that audience.

Additionally, we were unable to access the full texts of 116 potentially relevant articles
which could not be excluded based on abstract alone. Year of publication was similar
for inaccessible and included articles, though the proportion of different journal types
was different. Reporting quality in included articles varied with year of publication but
not journal type, so we do not think that inclusion of these articles would have

significantly changed the reported results.

2.5.7 Conclusion

Patent documents are an exceptionally rich source of information which can and should
be mined and analysed for a number of purposes. The breadth of possibilities for
analysis of patent documents may preclude the development of standardised
methodologies, and as such this may not be possible. However, without adequate
reporting, the full value of such analyses will not be realised, and even the most
rigorous and elegant investigations may be limited in reach because they simply cannot

be reproduced and critically evaluated.
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3 Reporting Items for Patent Landscapes: The
RIPL Statement

Major components of this chapter have been accepted for publication in Nature
Biotechnology, by Springer Nature, and will appear in the November issue in 2018.
The author list for the accepted publication is: Smith JA, Arshad A, Trippe A, Collins
GS, Brindley DA, Carr AJ. A major additional section (Section 3.5.2, Explanation of
Reporting Items) has been added to this chapter. It has also been restructured in
comparison to the paper, several figures have been reformatted, a new abstract has

been written and minor typographical changes have been made throughout.

3.1 Abstract

Reporting quality in academic patent landscapes is not sufficient to allow reproduction,
validation or synthesis of existing work. The findings of patent landscapes could have
implications for academia, industry, and government, so it is important to address this
deficiency. We therefore developed a reporting guideline: the Reporting Items for
Patent Landscapes (RIPL) statement. A two-round modified Delphi study was
conducted via web survey to reach consensus on a minimal list of items to be reported.
Participants had academic or commercial experience with patent landscape articles or
had previously been involved in the development of guidelines for reporting of
research. Following the study, reported items were consolidated by the authors into a
21 item checklist, considered essential to report in any academic patent landscape
article. Explanation of these items is provided. Though the checklist is aimed at

academic articles, it may also be useful for those produced by government or industry.
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3.2 Introduction
Patent landscapes collate and analyse information from patent publications for a variety

of purposes, such as analysing technological progress*®, identifying innovation gaps®?,
or studying patenting practices®. They are a resource increasingly available to
researchers and decision-makers in the life sciences (Figure 3.1). Many patent
landscapes gain widespread attention through publication in high impact journals?*-
26,6566 notentially viewed by key stakeholders in academia, government and industry.
Despite their potential importance, we have shown that the quality of reporting in patent
landscape articles is generally insufficient?, potentially leading to an inability to
critically appraise, interpret, and synthesise findings. Other studies have called for
greater harmonisation in standards of disclosure® and establishment of consistent

practices and reporting criterial’.
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Figure 3.1: Number of patent landscape articles in academic journals increases

Number of patent landscapes published in academic journals per year is increasing steadily.
Data are from the full text articles included in our systematic review in Chapter 2 (n = 80,

2016 paper removed due to incomplete data for that year).
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Inadequate reporting has been widely reported in publications of health research467:68,
including economic assessments® and preclinical research™, and a large number of
reporting guidelines have been developed to improve reporting quality therein (e.g.
30347172) Reporting guidelines have also been developed for specific methodologies,
including microarrays’® and data analysis in metabolomics’, though such guidelines
are much less prevalent. These and other guidelines can be found in the EQUATOR
Network library of reporting guidelines (www.equator-network.org), where the

development of this guideline was also registered.

Evidence suggests that the introduction of reporting guidelines can improve reporting
quality in health research. For example, a systematic review of the impact of the
Consolidated Standards for Reporting Trials (CONSORT) statement concluded that
journal adoption of the statement is associated with improved reporting of randomised
controlled trials’. A Cochrane review of the same subject similarly concluded that
journal endorsement of the CONSORT statement may improve completeness of

reporting®°.

To address the deficiencies in reporting quality of patent landscapes, we have
developed a reporting guideline detailing minimal information that should be included
in patent landscaping articles: the Reporting Items for Patent Landscapes (RIPL)
statement. The guideline was developed using a modified Delphi protocol with input

from experts in patent landscaping internationally.

3.3 Methods

A modified Delphi study was conducted to achieve consensus on a checklist of items

to be included in a reporting guideline for patent landscapes. We did not, a priori, limit
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the number of rounds of the Delphi study; rather, it continued until one of the stopping
criteria was met (detailed below). The modified Delphi study was followed by a phase

in which the items selected for inclusion were consolidated into a final checklist.

3.3.1 The Delphi Process

The Delphi process can be described as an “exercise in group communication that
brings together and synthesises the knowledge of a group of geographically scattered
participants who never meet”’®. The aim is to achieve consensus on a topic or series of
questions through structured communication between a panel of experts’’. Successive
rounds of questioning are used, with information gathered from each round
communicated back to participants in a standardised format. The process ends when

consensus is achieved, or opinion fails to change between rounds.

3.3.2 Sample Identification and Selection

During the systematic review of patent landscapes described in Chapter 2, email
addresses of first and senior authors of included manuscripts were noted where
available, creating an initial list of experts suitable for inclusion. The authors also
suggested potential experts for inclusion in the study and supplementary internet
searches were conducted for individuals with relevant expertise. Individuals were

contacted if they met the inclusion criteria (Table 3.1).
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Table 3.1: List of inclusion criteria applied to select experts for inclusion in

Delphi study

Participants had to meet at least one criterion

Inclusion Criteria

1 Author on a published patent landscape study
2 Involved in production of patent landscapes in a commercial setting

3 Previous experience in development of guidelines for the reporting of research

Consensus on the number of individuals that should be recruited to a Delphi study is
lacking’®; however, the minimum number is generally around ten”, and the median
number of participants involved in developing reporting guidelines is approximately
22 (ref: 89). Given that we expected the number of experts available to be lower than in
some other areas of guideline development, and in anticipation of response rates
between Delphi rounds of approximately 90% (ref: 76), we aimed to recruit 20
participants. Once 20 participants had been recruited, the Delphi study was

commenced.

Identified experts were invited to participate through a standardised email template,
which included a study information sheet and participant consent form. Individuals
were sent reminder emails one and two weeks after initial invitation; if they failed to

respond, there was no further communication.
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3.3.3 Questionnaire Production and Structure

The initial survey round represented an over inclusive list of reporting items that could
theoretically be reported in a patent landscaping study (Supplementary Table 8.3).
These were agreed upon through searches of the extant literature, including other
reporting guidelines (in particular the PRISMA statement®*), results of our previous
systematic review, and consultation with experts. Questionnaires were pre-tested by an
individual not involved in the initial production of the questionnaire prior to final

distribution to ensure face validity and flow?8.82,

Each questionnaire consisted of seven themed sections based on the format of a
standard research paper to facilitate the placement of items into appropriate categories
in the final reporting guideline. These themes were: title, summary/abstract,
introduction, methods, results, discussion and other. Each question consisted of a
potential item for inclusion in the guidelines. Respondents were asked to rate the item
on a ten-point Likert scale; ten and one denoted the participant strongly agreed or
strongly disagreed with the item’s inclusion, respectively. An answer of 1-4 or 7-10
indicated that the item should be excluded or included in the guidelines, respectively.

An answer of 5 or 6 denoted that the respondent was unsure.

To gather qualitative data, space for free text responses was provided at the end of each
section. Suggestions for new items to be added to the survey, and reasoning for specific
responses, could be provided here. Participant occupation and location were also

recorded.
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3.3.4 Data Collection

The purpose of each round of the survey was to reach consensus on proposed items and
to gather qualitative responses to determine if any additional items should be

considered for the following round.

Once an individual agreed to participate, an email, including a link to complete the
survey, was sent in which they were asked to complete the survey within two weeks. If
they failed to complete the survey in the allocated time they were sent two reminders.
Failure to respond within a fortnight of the initial reminder resulted in exclusion. There
was a minimum five-week period planned between each survey round to allow time for

data analysis, survey construction, and pre-testing.

When consensus was reached on an item, it was removed from the subsequent round
of the questionnaire. In the subsequent round, items on which consensus was achieved
were fed-back to respondents as were descriptive statistics for items on which stability
and/or consensus had not been reached (see Section 3.3.5). This process was repeated
until stability and/or consensus was reached on all items, until response rates fell below
the critical value of ten individuals, or until the number of items on which consensus
was not reached became impractically low (less than five). Questionnaires were

delivered and responses collected in SurveyMonkey (www.surveymonkey.com).

3.3.5 Data Analysis
We considered consensus to be achieved when item responses had an inter quartile

range of two on a ten-point Likert scale in one round of the survey®384. For an item to

be included in or excluded from the checklist, greater than 75% of experts had to agree
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that it should be included (a value of 1-4) or excluded (a value of 7-10). When question

items met these criteria, they were not included in the next Delphi round.

Stability between rounds was assessed using the kappa test. Moderate consensus (0.41
or above) represented stability, based on Cohen’s suggested interpretation®. If
responses were stable between two rounds and consensus had not been reached, the

authors discussed the items and determined whether or not they should be included.

Descriptive statistics (the mean, mode, median, range, standard deviation, and
interquartile ranges) were calculated for each item in each round. The mean, standard
deviation, median, and range were reported back to respondents. These parameters
were chosen as they are universally understandable and provide a means for
respondents to quickly assess the results of survey rounds. Free text responses were
manually reviewed and if additional reporting items were suggested they were included

in the following round. All statistical analyses were carried out on R (v3.2.1).

3.3.6 Round One
The initial survey round represented an over inclusive list of 57 reporting items that

could theoretically be reported in a patent landscaping study (Supplementary Table
8.3). These were agreed upon through searches of the extant literature, including the
PRISMA statement®*, results of our previous systematic review?°, and discussion

amongst the authors.
3.3.7 Subsequent Rounds

Subsequent rounds presented to participants any items on which consensus had not

been reached, and any new items which had been suggested in the previous round.
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3.3.8 Consolidation of Consensus Items

Upon completion of the Delphi study, we consolidated the reporting items on which
consensus had been achieved into a checklist. Because having a large number of
reporting items in a checklist is likely to reduce its practicality and usability, and
because reporting guidelines include a median of 21 checklist items®, we aimed to
generate an approximately 20 item checklist, grouping related reporting items into
single checklist items. The final checklist was checked for comprehension and

unambiguity by co-authors and revised where required.

3.3.9 Ethical Approval
The Central University Research Ethics Committee (CUREC) granted ethical approval

to carry out the modified Delphi study under reference R46326/RE00L.

3.4 Results
The modified Delphi study was conducted in late 2016 and early 2017, resulting in 48

items to be included in a consolidated reporting guideline for patent landscapes (Figure

3.2). The criteria for ending the Delphi study were met after two rounds.
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Included in survey Modified Delphi Study
Round One (57)
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i inclusion (38) { with other item (1)
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Round Two round (18)

New items based on
< round one responses

4)

____________ Consensus reached on

| Consensus reached on | _{ exclusion (8); failed to
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outcome unclear (2)
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items (38) items (10)
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of meaning (1),
redundancy (1)

New items added
following suggestions
from authors (2)
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Figure 3.2: RIPL checklist development flow diagram

The checklist development was split into two main stages: a two-round modified Delphi study
which aimed to achieve consensus on a number of proposed checklist items; and a subsequent
stage where those items on which consensus was achieved were consolidated into a practical

checklist. Number of items is given in brackets.
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3.4.1 Participants

Twenty participants agreed to participate in the first round of the Delphi study,

representing a participation rate of 29%. Of the remaining experts who were contacted,

11 declined to participate and 39 failed to respond. One respondent agreed to participate

in the study but did not complete the first round, and another completed the first round

but did not complete the second round (Figure 3.3). Participants were of a range of

geographical locations, backgrounds and ages (Supplementary Figure 8.1) and both

male and female.

Recruitment
Invited (70)
Failed to respond (39)
Declined to participate
(11)
A4
Agreed to
participate (20)
Delpht Study Failed to complete round
one (1)
A4
Completed round
one (19)
Failed to complete round
two (1)
\4
Completed round
two (18)

Figure 3.3: Participant recruitment and participation

Number of experts is given in brackets.
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3.4.2 Round One

In round one, consensus was reached on the inclusion of 38 items so these items were
not included in the subsequent round, and one item was removed due to similarity in
meaning to another item. No items were excluded. Consensus was not reached on 18

candidate items and these were included in the second round.

3.4.3 Round Two
During round one, it was noted by some participants that, although we listed each item

within a certain section (e.g. abstract, introduction, etc.), in some cases it may be more
appropriate to include information in supplementary material (e.g. item no. 15, list of
patent numbers). Some participants also noted that patent landscapes are not always
written as structured research papers. We therefore clarified at the beginning of round
two that the sections are provided for the purpose of providing structure to the reporting
guideline, and that in practice most items could be included in any part of the paper, or

alternatively in the supplementary material.

The second round included the 18 candidate items on which consensus was not reached
in the first round, in addition to four new candidate items added as a result of qualitative
responses provided by survey participants during round one, leading to a total of 22
candidate items. The group mean, standard deviation, median, and range of scores for
each item also present in round one were reported back to respondents. Consensus was
reached on the inclusion of ten items and the exclusion of eight items. For two items,
consensus was reached but the inclusion or exclusion criteria were not met, and thus

the outcome was unclear. For two further items, consensus could not be achieved but
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responses were stable between rounds. As there were only two items on which

consensus was not reached, no further Delphi rounds were completed.

In addition, based on comments received during the first round of the Delphi study, we
proposed a definition for a patent landscape in the second round which was assessed
for agreement and consensus in the same manner as reporting items, and on which

consensus and agreement was reached.

3.4.4 Consolidation of Consensus Items

At the end of round two, consensus had been reached on the inclusion of 48 items in
the reporting guideline. We consolidated the consensus items into a 19 item checklist,
grouping related items into single items. 46 of the 48 items on which consensus was
reached are represented in the final checklist; two items were removed due to ambiguity
of meaning. The two items for which the outcome was unclear and the two for which
consensus was not reached were excluded. Two additional items were added in the
consolidation phase following suggestion by co-authors, resulting in a final 21 item
checklist. The final checklist was checked for comprehension and unambiguity by all

authors and revised where required.

3.4.5 Final Checklist
The final checklist of recommended reporting items is presented in Table 3.2.

Explanation of each reporting item is provided in Section 3.5.2.
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Table 3.2: Checklist of items to be reported in a patent landscaping article

Item # Topic Checklist Item

Section

Title

1 Title Identify that the article includes a patent landscape and state
the subject matter under investigation (e.g. gene editing
technologies)

Summary/Abstract

2 Abstract Provide a summary which includes the background, rationale,

results and main findings in the context of the aims

Introduction

3 Rationale Describe the rationale for the study, including relevant
background information and the potential impact of the
investigation

4 Aims Describe the aims of the study

Methods

5 Search State the databases and patent offices searched, the dates on
which the searches were conducted, and the components of the
patents searched. Include the search terms used for all
databases searched

6 Selection Include details of the selection criteria of patents to be included

criteria in the patent landscape, including the subject matter of those
patents

7 Identification  If applicable, state how patents identified in searches were

of relevant sorted for relevance
patents

8 Data List and define all information that was collected from the

extraction patent documents in the patent landscape (e.g. technical area,
date of publication), any software used to extract the data, and
the protocol if the information sought from a patent document
was not available

9 Analysis Describe any analysis and synthesis of results

10 Patent family  State the source of patent family designations (e.g. Derwent or

designation INPADOC) if any analysis incorporated patent families

Results

11 Patent State the number of patents (or patent families) assessed for

selection eligibility, the number included in the study, and the reasons
for exclusion at each stage of the process. A flow diagram may
be useful

12 Data Provide details of any steps taken to standardise or normalise

standardisation

the data. Examples would typically include correcting
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Item # Topic Checklist Item

Section
misspellings, and discussion of assumptions associated with
licensing or mergers and acquisitions

13 Summary Summarise the patents included in the study (e.g. with
reference to the data extracted from them, geographical
distribution, temporal distribution)

14 Analysis Present and explain the results of any analysis (statistical or
otherwise) conducted. Include details of settings used for any
analyses (e.g. spatial concept maps). For any temporal
analysis, include details of what year convention was used (e.g.
earliest priority year, application year, publication year)

15 List of patent  List the patent publication numbers for any patents included in

numbers the study (the supplementary material will often be a suitable
location for this)

Discussion

16 Summary Summarise the main findings, how they relate to the aims, and
to whom they may be relevant

17 Limitations Discuss any limitations of the work in the context of the
reliability of the conclusions; include discussion of limitations
related to the methodology and software. If applicable, include
information relating to how sources of error were reduced

18 Context Explain how the findings relate to other studies in the field,
how the study builds upon previous work, its potential impact,
and implications for future research

19 Conclusions Provide a conclusion which gives a general interpretation of
the results in the context of other evidence

Other

20 Conflict of Disclose any potential conflicts of interest

Interest
21 Funding Disclose any sources of funding for the study and the role of

the funder in the study, and any other support received during
the study (e.g. supply of data)
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3.4.6 Definition of a Patent Landscape

Consensus was achieved on the definition of a patent landscape to be the following

(adapted from ref: ¥ and previously published in ref: 20):

“A landscape is an analysis of the relationships between multiple sets of
indicators or of those indicators measured against temporal, technical or
spatial dimensions. At least one of the indicators, in the case of a patent
landscape, are patent publications or some aspect thereof. A landscape
seeks to encompass an entire population of relevant data, rather than a

random sample drawn from that population”.

3.5 Discussion

Patent landscapes have been published focussing on a broad range of topics, including
inhalers®’, RNA interference®®, antibody therapeutics®, transgenic cotton®, and many
others. They have been used in attempts to identify innovation drivers®, predict product
development®, analyse patent practices®*, and assess technological progress®. Clearly,
therefore, their findings could underpin important decision-making and analysis by
academics, industry and government. Despite this, there is evidence that the quality of

reporting in patent landscape articles in the life sciences is insufficient.

We noted in the previous chapter that the process of conducting a systematic review is
analogous to that of conducting a patent landscape. However, in many cases, patent
landscape articles are published as article types other than “original research” and may
avoid the close methodological scrutiny that would accompany the publication of a
systematic review. For systematic reviews, and many other areas of health research,

reporting checklists, flowcharts, or other guidance documents have been developed to
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improve reporting quality, and there is evidence suggesting that they have done

5044,59,75.

The vast majority of reporting guidelines developed to date focus on health research
reporting. Outside of specifically health research, however, the development and
implementation of reporting guidelines has been much more limited. It is plausible that
the reason for this is related to the direct impact on physician decision-making elicited
by published health research, which in turn directly impacts patient care. For example,
the findings of a systematic review comparing the efficacy of two interventions may
directly influence the choice of therapeutic prescribed by a physician. Therefore, the
ability of both the physician and the publisher of the research to evaluate the
methodology, results, and other aspects of the paper is of paramount importance, and

reporting guidelines to facilitate this have resulted.

Patent landscapes, by contrast, are more influential in the innovation process, and may
thus have considerable weight in determining technology development. Largely,
decision-making based on patent landscaping will occur at the system-level (such as in
strategic decisions in government or companies) and therefore have broad reaching
impact. For example, given the UK government’s investment in a number of patent
landscape reports which, among other things aim to help people “to consider the
direction of future funding”®, it is apparent that patent landscapes are expected to be
relied on for such purposes. At the other end of the spectrum, individual researchers or
research groups may rely on the findings of patent landscape articles to determine
research focus (e.g. if a patent landscape indicates that there are challenges with

freedom-to-operate in an area, that area may be avoided by researchers). In both cases,
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the eventual impact on society could be significant, and, therefore, the ability to
evaluate, synthesise and reproduce such work is significant. For these reasons, we have

developed a reporting checklist: RIPL.

3.5.1 Scope

The RIPL checklist is intended for patent landscape articles, as defined above, that are
published in academic journals. The literature that provided the justification for this
checklist development focussed on the life sciences; however, the checklist is not
specific to the life sciences and can be applied uniformly regardless of the discipline.
In particular, authors and reviewers of patent landscape articles, as well as journal
editors who publish them, could benefit from its use. For authors, consulting the
checklist prior to and during the development of a manuscript will help to ensure that
it is well reported, facilitating fair evaluation of the manuscript by peer reviewers,
reproducibility, and improving the feasibility of evidence synthesis. For reviewers and
journal editors, the checklist provides a straightforward means to assess compliance to
a consensus-based set of minimal criteria that should be reported in a patent landscape
article. Journal endorsement of these guidelines could improve the quality of patent

landscape articles accepted for publication.

While this checklist is intended primarily for use in academic research, reporting the
recommended items in any patent landscape may improve the quality of the report and
facilitate its assessment by others. Analysts or researchers in industry, government, or
other organisations producing patent landscape reports for internal or external

publication may therefore benefit from following the checklist.
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It should be stressed that this guidance does not extend to recommendations regarding
methodologies; rather, it focusses specifically on reporting. For information on
conducting patent landscapes, useful resources are available from the World
Intellectual Property Office (WIPO)%, In particular, when planning a patent
landscape, we recommend consulting, in conjunction with this work, the “Guidelines
for Preparing Patent Landscape Reports”®, which provides more granular
methodological considerations for conducting patent landscapes, in comparison to this
chapter which provides recommended items for reporting. Papers highlighting the need

for methodological standardisation may also be useful®’2¢.

3.5.2 Explanation of Reporting Items

Reporting items are grouped according to the typical structure of research articles
(Table 3.2). We recognise that, in some cases, reporting in this format may not be
appropriate and information may need to be included in the supplementary materials
or elsewhere in the manuscript. However, this format provides a useful framework for
discussing the items. Additionally, recognising that patent landscapes represent
original research that others may wish to scrutinise or replicate may improve reporting
quality and, therefore, reporting in a structured, research article format may be
preferable when possible. In our systematic review (Chapter 2), research articles were
reported marginally but significantly better than review articles. Here, we briefly
explain the rationale for each item in the checklist. Where there is overlap with items

in other guidance, similar rationale is provided here33.9+-%,
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3.5.2.1 Title
Item 1, Title: Identify that the article includes a patent landscape and state the subject

matter under investigation (e.g. gene editing technologies)

Information or insight in patent landscapes can only be used if the papers reporting
them can be identified. Given the increasing number of research articles published??,
identifying relevant literature is challenging and lack of ability to identify papers may
lead to wastage and duplication of effort. Stating that an article is a patent landscape in
the title is therefore important. For the same reasons, the subject matter should be
included in the title. Delphi participants did not think that the main conclusion of the
article should be stated in the title, possibly mirroring other concerns that doing so can

exaggerate findings®.

3.5.2.2 Summary/Abstract
Item 2, Abstract: Provide a summary which includes the background, rationale, results

and main findings in the context of the aims

Abstracts provide important information that allows the reader to determine whether
the full article should be read, and, with the title, may be the only information available
to readers®3 (e.g. if articles are behind a paywall). As a minimum, the reader should be
able to understand the background and rationale of the study, the results and the main
findings in the context of the aims. If journal policy permits, including methodological
information is also useful; however, key journals publishing patent landscapes permit

only short abstracts for patent articles (e.g. >°’) so this may not always be possible.
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3.5.2.3 Introduction
Item 3, Rationale: Describe the rationale for the study, including relevant background

information and the potential impact of the investigation

Patent landscapes may be conducted for a number of reasons already outlined.
Therefore, it is important to understand the specific rationale for the reported study to
allow readers to determine relevance. This would typically include briefly discussing
current evidence or work in the field and its limitations, along with what the patent

landscape hopes to add to this work and why that is useful.

Item 4, Aims: Describe the aims of the study

Providing an explicit statement of the question being addressed by the patent landscape
is essential. The aims should allow the reader to understand the article’s scope and
therefore applicability. Explicit aims are particularly important because they assist in
determination of methodological elements® (e.g. patent eligibility criteria and analysis)
and facilitate critical appraisal of the study®®. Stating that the aim was “to review the
patent landscape of X is not sufficient because the term “patent landscape” does not
represent a single methodology and patent landscapes can be conducted for many
reasons. A statement describing what the patent landscape aims to achieve is more
useful, such as: “Our objective in this paper is to shed light on the use of primary and
secondary patents by multinational originator companies in Chile and to gauge their
effect on creating and maintaining exclusivity”®8. In some cases, it may be useful to
report aspects of Item 3 with the aims, such as in the following example: “The

information resulting from this study may be of value to both R&D managers and
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researchers in the field by identifying the most relevant technologies and giving an

overview of the tFVIII inventions in the last 20 years™%’.

3.5.2.4 Methods
Item 5, Search: State the databases and patent offices searched, the dates on which

searches were conducted, and the components of the patents searched. Include the

search terms used for all databases searched

Depending on the aims of the patent landscape and availability of resources, different
databases and patent offices may be searched. Searching different databases and patent
offices leads to different results (e.g. European patents vs. US patents) so the details
must be disclosed for the purposes of reproducibility and determination of applicability.
Similarly, the dates for searches (including any prior date restrictions) and components
of patents searched (e.qg. title, abstract, whole text, inventors, classifications) influence
the retrieved patents and must be reported. Developing search terms is a time
consuming process requiring subject matter expert input®’, and search terms, therefore,
represent a valuable resource. Reporting the full search terms, including specifying for
which databases they were used, allows searches to be re-run simply. This is useful for
critically appraising articles, reproducing findings, and updating landscapes. If
possible, the dates and components of the patents searched should be incorporated into
the search terms. Using patent classification codes, such as international patent
classification (IPC) or cooperative patent classification (CPC) codes, to narrow search
results is often useful; details should again be included in the reported search terms.

Supplementary materials are often an appropriate location for search terms given their
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complexity and potential size. Useful guidance on quality control for patent search

strategies is available®.

Item 6, Selection criteria: Include details of the selection criteria of patents to be

included in the patent landscape, including the subject matter of those patents

There are a large number of published patents, and the perceived relevance of a patent
to a particular research question could vary between researchers. Reporting the
selection criteria for patents included in the landscape is, therefore, important for
understanding the landscape’s comprehensiveness, validity and applicability. If any
sorting of patent documents is conducted the selection criteria are also essential for
reproducibility. Selection criteria should include information such as: language
restrictions, jurisdiction(s) of interest, patent status (e.g. applications, grants, all), and,
importantly, subject matter. Subject matter should include the general field of interest
(e.g. small molecule therapeutics for melanoma) but also, if applicable, which patents

within that area are relevant (e.g. product, manufacturing, all).

Item 7, Identification of relevant patents: If applicable, state how patents identified in

searches were sorted for relevance

Patent search results often require sorting to remove irrelevant documents, either
computationally, through manual review, or both. If applicable, details of this process
should be reported to allow reproducibility and assessment of the likely levels of noise
in the data. Reported information should include which parts of the patents were used
in sorting for relevance (e.g. title, abstract and claims were reviewed to exclude

irrelevant patents), who conducted the sorting or which software was used, and any
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measures taken to enhance objectivity, such as repetition of part or all of the process
by an independent investigator. If input from experts, such as subject matter experts or
patent agents was sought, this should be stated. If identified patents were not sorted,
for example because the number of documents was impractically large, this should be

reported.

Item 8, Data extraction: List and define all information that was collected from the
patent documents in the patent landscape (e.g. technical area, date of publication), any
software used to extract the data, and the protocol if the information sought from a

patent document was not available

In almost all forms of patent landscape, some information is extracted from patents and
defining it is essential to understand later analysis. Examples include the date of patent
publication, the technical area of the patent, inventor or assignee names, patent
classification codes and number of claims. Details of the information extracted from
each patent should be reported and if software was used for extraction, information
such as name and version should be given. If an information extraction sheet was used,
providing it may be useful. As in Item 7, if applicable, any measures to enhance
objectivity and input from experts should be reported. Information sought from patents
may not be available from every patent; the protocol employed in this scenario should
be stated as treatment of missing data, or assumptions relating to it, might influence

results.
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Item 9, Analysis: Describe any analysis and synthesis of results

All patent landscapes, by definition, include analysis of patent documents. This
analysis provides the central means by which the aims of the landscape are addressed
and is critical to report. Examples of analyses include counts of patents applications or
grants over time, citation network analysis, assignee network analysis, thematic
clustering, geographical analysis and text-mining®”1%0101 all of which differ in the
specific procedures. Details of the methods for analysis and synthesis of patent
documents should be given that are sufficient to allow reproducibility. This should
include details of the software and software version used, any assumptions made about
the data, any statistical analysis conducted, and which information was included in
which analysis (for example, a subset of patent documents may be used for certain
analyses). Preferably, analysis should be planned in advance®, and noting which

analyses were planned post-data collection would be useful.

This item has overlap with Item 12 (data standardisation) in the results section, details
of which could optionally be reported in the methods section. Reporting data
standardisation in the methods section may be more appropriate if uncommon methods
which require explanation are used, such as custom programming scripts. Some aspects
of Item 14 (analysis) might also be reported in this section, depending on the details of
the analysis. For example, if multiple spatial concept maps are generated, each with
different settings, reporting the specific settings alongside the results might be
preferred; if multiple thematic spatial concept maps are generated using the same

settings, reporting those settings once in the methods may be more efficient.
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Item 10, Patent family designation: State the source of patent family designations (e.g.

DWPI or INPADOC) if any analysis incorporated patent families

It is often useful to analyse patent families as well as or instead of individual patent
documents. Patent families generally represent distinct inventions, whereas there can
be many patent documents associated with a single invention (e.g. multiple national
filings). However, there are multiple definitions of patent families and different
methods available for generating them, all of which will influence results of analysis
and are associated with different limitations®>. Common patent family designations
include Derwent World Patent Index (DWPI), International Patent Documentation
(INPADOC), or European Patent Office simple patent families, but other options are
also available. If patent families are used in analysis, their source and definition should

be reported.

3.5.2.5 Results
Item 11, Patent selection: State the number of patents (or patent families) assessed for

eligibility, the number included in the study, and the reasons for exclusion at each stage

of the process. A flow diagram may be useful

It is helpful for readers to understand how the data collection process resulted in the
final patent documents included in the landscape. As a minimum, the initial number of
patents returned from searches, the final number of patents included in the landscape,
and the reasons for exclusion should be reported (if applicable). Reporting reasons for
exclusion is important to assess how the selection criteria were applied. Ideally, the
total number of patents retrieved from each search (e.g. of different patent offices or

databases) should be stated separately and the effect of combining, collapsing and
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cleaning the data on the number of documents provided. Flow diagrams are often
recommended for similar dataflows in other fields®3, and may be useful to summarise

the steps taken between original searches and arrival at the final dataset(s).

Item 12, Data standardisation: Provide details of any steps taken to standardise or
normalise the data. Examples would typically include correcting misspellings, and

discussion of assumptions associated with licensing or mergers and acquisitions

Raw patent data is often “messy” and may require cleaning before analysis®. For
example, if analysing patent assignees, a single commercial entity may be represented
by different suffixes (e.g. Inc. vs. Ltd.), or the same suffix presented differently (e.g.
Limited vs. Ltd.) and it may be necessary to combine these. There are often
misspellings in assignee and inventor names which require cleaning for accurate
results. Mergers and acquisitions may need to be considered and acquired companies
combined with their now parent companies. These cleaning steps can be done using
automated or manual methods, and details should be provided. As stated in the
explanation for Item 9, this information may alternatively be reported in the methods

section.

Item 13, Summary: Summarise the patents included in the study (e.g. with reference to

the data extracted from them, geographical distribution, temporal distribution)

A summary of the patent dataset is needed to understand its scope and
comprehensiveness. As well as number of patents (Item 11), other useful and common

summaries include geographical distribution, temporal distribution (noting details as
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per Item 14) and summarisation of any data extracted from patents (e.g. number of

process vs. number of product patents).

Item 14, Analysis: Present and explain the results of any analysis (statistical or
otherwise) conducted. Include details of settings used for any analyses (e.g. spatial
concept maps). For any temporal analysis, include details of what year convention was

used (e.g. earliest priority year, application year, publication year)

The results should be presented and explained such that any decisions made with
respect to treatment of the data and details of the analysis are transparent. Many
automated analyses have a large variety of settings for customisation, and details of
these should be included so that the analysis could be reproduced with the same data.
For spatial concept maps, any manual adjustment, such as grouping or exclusion of
terms, should be described. For temporal analysis, it is important to state which year
convention is used, as year conventions influence results and their interpretation. If
different data are used for different analyses, this should be stated and the differences
in the data explained. Whether patent documents or families are used for analysis

should be stated.

Item 15, List of patent numbers: List the patent publication numbers for any patents
included in the study (the supplementary material will often be a suitable location for

this)

The patent publications included in the landscape are the data for analysis and underpin
the findings of the study. As all of the documents will be available in the public domain,

providing a list of the patent numbers included in analysis allows other researchers to

59



Chapter 3: Reporting Items for Patent Landscapes: The RIPL Statement

repeat or check any analysis without the need to repeat searches and time-consuming
sorting steps, and also to directly assess the relevance of data to their interests. In most
cases, supplementary material will be a suitable location for this information. Some
landscapes include very large numbers of patents so providing a link to a data

repository with the information may be preferred.

3.5.2.6 Discussion
Item 16, Summary: Summarise the main findings, how they relate to the aims, and to

whom they may be relevant

A summary of the main findings, how they relate to the original aims, and the
applicability of the findings to different stakeholders should be provided, as is common

in most research.

Item 17, Limitations: Discuss any limitations of the work in the context of the reliability
of the conclusions; include discussion of limitations related to the methodology and
software. If applicable, include information relating to how sources of error were

reduced

All patent landscape studies are likely to have limitations, and these should be
discussed. Methodological limitations can include those related to the data or to the
analysis. Often, relatively simplistic analyses are performed which aim to address
complex questions. For example, spatial concept maps may be used to identify gaps in
technology development. If readers are not closely familiar with the patent landscaping
process and the methods for generating Spatial concept maps, “gaps” may be
misinterpreted as areas where there is no patent activity. However, without specific

analysis of claims such inference cannot be made. Similarly, counts of patents are a
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common form of analysis but are known to provide little insight*®. Limitations in
analyses should therefore be discussed so the reader is not misled. Discussing
limitations in the data is important to allow assessment of the generalisability of the
findings. For example, geographical or language restrictions, or changes in institutional
regimes that may influence the observed trends®®, would be useful to highlight.
Software used in analysis of patent documents also has limitations which should be
discussed: for example, automated data cleaning may be imperfect. If sources of error

were reduced, for example by manual cleaning, this information should be included.

Item 18, Context: Explain how the findings relate to other studies in the field, how the
study builds upon previous work, its potential impact, and implications for future

research

If previous work has been conducted in the same or a similar area, a more detailed
discussion of the differences between that work and the authors’ work is useful at this
stage. This should include how the work builds on previous studies, what the impact of

the study is and what implications might be for future research.

Item 19, Conclusions: Provide a conclusion which gives a general interpretation of the

results in the context of other evidence

A conclusion summarising and providing a general interpretation of the results in the

context of the work discussed in Item 18 should be provided.
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3.5.2.7 Other
Item 20, Conflicts of interest: Disclose any potential conflicts of interest

The subject matter of patents is inherently of commercial interest. It is therefore
essential that any potential conflicts of interest are disclosed so that readers can assess
likelihood of bias. Conflicts of interest should be reported in accordance with journal
policy. If no policy is available, guidance is available for medical research reporting

that could be used in this context192,

Item 21, Funding: Disclose any sources of funding for the study and the role of the
funder in the study, and any other support received during the study (e.g. supply of

data)

Commercial funding has been associated with increased likelihood of reporting
favourable results in other research areas'®'%, Disclosing sources of funding is
therefore important to allow assessment of credibility and bias, particularly because
patent landscapes may be concerned with strategic questions with commercial value.
For the same reasons, the role of the funder and any support received during the study

should also be reported.

3.5.3 Limitations

Numerous methods have been used to develop reporting guidelines, though it is
generally agreed that a consensus process should be incorporated as a central element
of the methodology®. The only guidance available for development of reporting
guidelines assumes that a face-to-face meeting is conducted®®; however, nearly 50%
of guideline development processes do not include one®é. Given the desire to include

international participants in our consensus process, and the extensive additional
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resources required to conduct face-to-face meetings, we judged that a Delphi study,
followed by finalisation of the checklist by the authors, represented the most reasonable
methodology. It could be argued that some opportunity for discussion was lost because
of this. Using a Delphi study as the method for achieving consensus, however, allows
anonymity and confidentiality to be maintained, reducing known negative

characteristics of group dynamics such as the influence of dominant individuals°®.

The outcome of a modified Delphi study, and any other consensus methodology, is
influenced to some degree by the quality and expertise of the participants. We identified
experts through a number of methods, some of which could introduce bias to the study
(e.g. authors recommending participants for the study). Though such sampling is not
ideal, it is common practice in the development of reporting guidelines and it was felt
necessary to ensure a sufficient sample size was recruited. To mitigate any bias that
may have been introduced in this way, we welcome further comment and feedback on
the reporting checklist. As practices evolve over time, or indeed become better
understood, so too may the requirements for reporting. Updates to this checklist may,
therefore, be conducted in the light of feedback received from the readership of the

paper resulting from this chapter.

3.5.4 Endorsement

Journals publishing patent landscape articles may benefit from endorsing and
encouraging adherence to the proposed checklist for reasons already outlined. A
uniform endorsement policy across journals may help to ensure optimal uptake and
ensure that the requirements for authors are the same across multiple outlets, thus

reducing the burden of compliance. We therefore propose that journals publishing
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patent landscapes adopt the following text in endorsing this guideline, for example in

the “Instructions for Authors” (adapted from the PRISMA-P 2015 statement%7):

“[This journal/organisation] endorses reporting according to the Reporting Items for
Patent Landscapes (RIPL) checklist. We recommend that, while preparing an article
incorporating a patent landscape, all items in the RIPL checklist that are applicable to
your study are reported. Ensuring that these minimal items are reported will improve

the manuscript and potentially improve its chances of eventual acceptance.”

3.5.5 Conclusion
Reporting checklists have been widely developed and deployed in health research,

though outside of specifically health research are far less prevalent. Patents are a rich
source of information that can be analysed for a variety of purposes via patent
landscapes, and the resulting publications may be relied on for significant decisions.
The checklist presented aims to improve the quality of reporting in such publications,
but also highlights the importance of reporting quality beyond those areas in which it
has traditionally been a focus. Through the implementation, evaluation and continuous
improvement of these recommendations, all stakeholders associated with patent

landscaping, from authors to reviewers and editors to innovators, could benefit.
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4 Quality and Performance of Algorithms for
Predicting Drug Approval: A Systematic
Review

A protocol for this systematic review is registered on PROSPERO
(www.crd.york.ac.uk/prospero/) with ID: CRD42018093735. Citation: “Smith JA, Van
Velthoven M, Halioua C, Meinart E, Carr AJ, Brindley DB. Performance and quality
of algorithms for prediction of therapeutic market authorisation: systematic review

protocol. PROSPERO, CRD42018093735, 2018.”

4.1 Abstract

High attrition during drug development is a major driver of the cost of new medicinal
drugs. The ability to predict or prioritise drug candidates that are eventually approved
could therefore be of considerable value, though at present, it is not clear what attempts
to do so exist and how well they perform. We therefore conducted a systematic review
of papers developing or validating multivariable computational algorithms for the
prediction of drug approval, with the aim of describing their methodologies and
assessing their quality and performance. Three studies representing four distinct
models were identified. Reported events per variable were very low (less than five) in
all models, and two of the papers exhibited further methodological issues that are likely
to result in very biased models. One paper used generally appropriate methodology and
reported potentially useful predictive performance (~0.8 area under the receiver
operating characteristics curve [AUC] from the end of phase 2 and phase 3) but did not

report the final model in a usable way. A brief review of other relevant drug success
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literature is also provided. In conclusion, there is limited utility to any existing
published predictive models of regulatory approval, though there is evidence that

prediction of approval is feasible to some extent.

4.2 Introduction
The consistently increasing cost of bringing new drugs to market is so pronounced that

it has been dubbed “Eroom’s Law” (Moore’s Law, backwards)'%; the capitalised cost
of bringing a new molecular entity (NME) to market is estimated to be as high as $2.6
billion®. A major driver of this cost is the attrition rate during drug development.
Estimates vary, though it is generally believed that only around 10-15% of drugs that
enter first-in-human trials are eventually approved!®®-11, Not only is this an inefficient
use of capital, but it also results in patients receiving treatments in clinical trials that
ultimately prove ineffective. Therefore, efforts to predict which drug candidates are
likely to be successful could be of considerable value, both in improved capital

efficiency, and improved and expedited outcomes for patients.

In vitro and in vivo experimentation has traditionally been, and remains, one of the key
drivers of decision-making for early stage compounds. However, flawed preclinical
research'? and inherent limitations in extrapolation from animal models to humans?!3
have led many to doubt the suitability of these models alone to predict which molecules

will eventually succeed. In vitro and in vivo research is also time consuming and costly.

In parallel to traditional laboratory-based experimental approaches, therefore, a number
of rules to assist in the identification of promising molecules in drug discovery have
arisen. A classic example of this is Lipinski’s “Rule of 57, which predicts poor

absorption or permeation for oral drugs when several physicochemical parameters are
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outside of certain ranges'** (molecular weight < 500, logP < 5, H-bond donors < 5, H-
bond acceptors < 10). Compounds within these ranges are considered more “drug-like”
than those outside of them. Since Lipinski’s publication, the concept of drug-likeness
has developed considerably, and different rule-based criteria have been proposed for
drugs delivered via other means or used for specific indications, and have been
extended outside of specifically drugs to leads and tools!>. They have been developed
in numerous ways, many relying on analysis of historical data using counting, machine
learning, statistical models and other computational approaches and have been

extensively reviewed!6-119,

Much less common are efforts to predict directly, from either discovery or development
stages, which molecules will eventually receive market approval: the ultimate aim of
any drug research and development program. With improved computational power and
approaches such as machine learning, attempts to do so may be becoming more

feasible, and improved availability of relevant historical data may compound this.

However, at present, to our knowledge, no systematic synthesis of the attempts made
through computational methods to predict marketing approval exist. Such a synthesis
would be useful for several reasons: i) identification of models available for the benefit
of potential users of those models; ii) comparison and critical appraisal of the methods
used in developing and validating models to evaluate their relative performance; iii)
identification of promising characteristics of existing approaches, such as aspects of
the design, analysis, or predictor variables, for integration and further development in

future approaches.
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For these reasons, this chapter details a systematic review for identification,
description, and assessment of multivariable computational algorithms to predict
marketing approval of therapeutic candidates at any time point during discovery and
development prior to market authorisation. Note that the terms model and algorithm
are used in interchangeably in this chapter. Specifically, the systematic review has the

following aims:

1. Identifying studies developing algorithms for prediction of marketing approval

of therapeutic candidates

2. Describing the methodological approaches taken to develop the algorithms and

describing the algorithms themselves

3. Assessing the performance of those algorithms in light of their methodological

quality.

4.3 Methods

A protocol for this systematic review was registered on PROSPERO?L. This systematic
review is reported, where applicable, in accordance with the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) checklist3*. The Cochrane
Collaboration and Centre for Review and Dissemination (CRD) methodology for

conducting systematic reviews is followed where appropriate!2012L,

4.3.1 Eligibility Criteria

The Critical Appraisal and Data Extraction for Systematic Reviews of Prediction

Modelling Studies (CHARMS) checklist was used to inform the development of the
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eligibility criteria'?2. Though it is aimed largely at clinical prediction studies, many of

the considerations raised are applicable.

4.3.1.1 Study Design and Scope
Studies developing or validating computational algorithms to predict approval of

therapeutic candidates were included. Studies had to include at least two groups, of
which one is approved drugs, and another is abandoned drug candidates no longer
under development. In addition, an attempt to differentiate between those two groups
based on data that would be available before approval was required (i.e. the study had
to be prognostic rather than diagnostic). Only algorithms developed based on
computational analysis of multiple predictor variables were included. Qualitative
studies, or studies incorporating patients as the primary unit of analysis rather than

drugs, were not eligible for inclusion: for example, clinical studies.

4.3.1.2 Population to which Predictive Model Applies
Studies analysing multiple failed drug candidates and multiple approved drugs were

included. There were no limitations with respect to the types of drugs included in the
models: models developed using biological and/or small molecule drugs were
applicable. Studies focussed on devices, diagnostics, or other non-drug medical

interventions were excluded.

4.3.1.3 Type of Prediction Modelling Study
Studies developing and/or validating prognostic models were included.

4.3.1.4 Outcome to be Predicted
Studies had to aim to predict regulatory approval (also known as marketing approval,

regulatory success, market authorisation and others) and failure during drug

69



Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

development. This failure could occur any time prior to market approval. Prediction of

failure could be implicit; for example, the prediction of a low probability of approval.

4.3.1.5 Intended Moment of the Model
The intended moment of the model had to be any point prior to approval. For example,

studies aiming to predict approval from preclinical stages or clinical phases would both

be eligible. Any timespan of prediction is therefore appropriate.

4.3.1.6 Comparators
Comparators in the context of this review were defined as methods or techniques

against which the performance of the algorithm developed is compared: for example,
other models to predict approval, or expert opinion. Studies with any or no comparators

were eligible for inclusion.

4.3.1.7 Report Characteristics
Only English language articles were eligible for inclusion due to resource constraints.

Articles published at the time of conducting the search and pre-publication prints, if
available online, were included. Summaries or abstracts from conferences were

excluded.

4.3.2 Information Sources

Electronic database searching was the primary means of identifying relevant articles.
Articles meeting our eligibility criteria could potentially be published in journals
indexed in a number of different subject areas, depending, for example, on the variables
used to develop the algorithm. Therefore, scoping searches were conducted in the
Scopus database, which includes titles in the following four areas in which most, if not

all, relevant articles would likely fall: life sciences, physical sciences, health sciences,
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and social sciences & humanities. We also searched PubMed, EMBASE (1974 to
present) and MEDLINE (the latter two via the Ovid interface), three databases

commonly used for biomedical literature searching.

Authors of potentially relevant studies were contacted to request full text articles if the
full text article could not be freely accessed by one of the authors of our systematic

review.

The electronic database search was supplemented by screening of the references of
articles identified as relevant. Grey literature was not systematically searched, though

if relevant material was identified it was noted and referred to.

4.3.3 Search Strategy

We developed a search strategy for use in Scopus which was published in the
systematic review protocol?* and which was not modified (Supplementary Table 8.5).
The search strategy was developed by the authors of the systematic review protocol
who have previous experience in conducting systematic reviews, including in the
development of search terms?°12, Search strategies for PubMed, MEDLINE and
EMBASE were subsequently developed (Supplementary Table 8.5, Supplementary
Table 8.6). There were no prior date restrictions on any of the searches and dates of

search are provided in the relevant tables.

4.3.4 Data Management and Article Selection
Search results were imported into RefWorks (www.refworks.com), where duplicate

entries were removed using an automatic function and through manual screening of

closely related articles. Titles and, where available, abstracts of the remaining articles
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were screened against the eligibility criteria by two independent reviewers; if it was
unclear based on the title and abstract whether a study should be included, it was not
excluded at this stage. The remaining articles were screened as full text articles against
the inclusion criteria, and the reasons for exclusion from this stage onwards were
recorded. Full text articles that could be accessed freely by one of the authors of our
systematic review were included; if the full text article was not accessible, we agreed
to email an author with a request to provide the full text article. If the full text article
was still not available, we agreed to record the article as potentially relevant. No article

information was blinded or masked from the reviewers.

The selection process was piloted by two reviewers on a random sample of 10% of
retrieved articles of the first database searched. The article order was randomised for
each reviewer. Differences in results were discussed by the authors to determine
whether they should be attributed to inadequately defined inclusion criteria or to
misunderstanding of appropriately defined criteria. It was agreed that if the pilot
demonstrated that the inclusion criteria were inadequate for consistent application, they
would be refined and the pilot study repeated with a new random sample of the
retrieved articles. This process would be repeated until consensus was achieved, at
which point the reviewers would continue to assess the remaining articles, and those
retrieved from searches of additional databases. Consensus was defined as >95%
agreement with respect to inclusion or exclusion of articles, following discussion to

resolve differences.

The independent reviewers compared and discussed discrepancies following the title

and abstract screening stage to agree on a single set of full text articles to review. When
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we disagreed over the inclusion of an article at this stage, it was included. In the
subsequent full text review, any differences in opinion relating to inclusion or exclusion
of articles were resolved through discussion between the reviewers or, if unsuccessful,

consultation with a third reviewer.

The same study or studies examining the same dataset may be reported in several
articles. To determine if this was the case, we compared the author lists of identified
papers for overlap and compared the summary statistics of reported datasets. In the case
that two articles reported the same model and met the inclusion criteria, both studies
were included for data extraction, but at that stage were consolidated and treated as

though reported in a single article.

4.3.5 Data Extraction
Standardised data extraction forms were used to extract data from relevant studies.

These were based on items from the CHARMS checklist??, adapted to be suitable for
non-clinical modelling (Supplementary Table 8.7). We planned to pilot a draft of the
data extraction form to ensure relevant information was consistently captured. Because
so few papers were identified (see Results), a second author instead checked all data
extraction. Not all data detailed in the data extraction form was expected to be relevant

to all articles; where the data was not reported, this was noted.

4.3.6 Quality Assessment
The extracted data were compared to the methodological recommendations in the

CHARMS checklist!?? and Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis (TRIPOD) statement?* and explanation and

elaboration®® (TRIPOD provides more detailed recommendations but is aimed at model
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developers). We focussed on items that might influence the risk of bias for each study.
Risk of bias refers to “the extent that flaws in the design, conduct, and analysis of the
primary prediction modelling study lead to biased, often overly optimistic, estimates of
predictive performance measures”'??, Both documents focus on clinical prediction
modelling but the methodological considerations should apply more generally. Because

so few papers were identified, only qualitative data synthesis and analysis are provided.

4.4 Results

4.4.1 Search Results and Study Inclusion

We identified three papers relevant for inclusion in this review (Figure 4.1). The pilot
study indicated that the article selection process was acceptable. In the full study,
following duplicate removal, the titles and abstracts of 1,617 articles were screened for
relevance, and 1,564 articles were excluded. The remaining 53 articles were assessed
as full-texts against the eligibility criteria and 51 were excluded: seventeen did not
present a computational algorithm, 32 did not predict approval, 19 did not develop a
model from a dataset of approved and discontinued drugs, five did not use multiple
predictor variables, and 17 were the incorrect study type (note that each article was
excluded for at least one reason, but the reasons for exclusion are not necessarily
exhaustive for each article). Two of the included articles were identified through this
search method and were published in journalst?>1%, An additional article for inclusion
was identified?” through general internet searching (Google) using key words from the
database search strings. The additional article was a pre-print or working paper, and
therefore may not represent the final work. This should be considered in the following

analyses.
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Duplicates removed (n = 943):
Exact duplicates (n = 160)
Close duplicates manually scanned (n =
783)

Records excluded from title and abstract
screen (n = 1,564)

Full-text articles excluded, with reasons*
(n=51):

No computational algorithm (n = 17)
Did not predict approval (n = 32)
Did not have approved and discontinued
drugs (n = 19)

Not multiple predictors (n = 5)
Wrong study type (n = 17)

Identified by general internet searching
(n=1)

Records identified through database
= searching (n = 2,560):
£ Scopus (n = 918)
g MEDLINE (n = 191)
£ PubMed (n = 776)
g EMBASE (n = 675)
=
%‘0 \ 4
= Records for screening (n = 1,617)
3
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7
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Full-text articles assessed for eligibility
(n=53)
£
2
=2 >
=
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i Articles included in systematic review
S (n=3)
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Figure 4.1: PRISMA flow of articles

PRISMA flow diagram®* detailing number of studies included at each stage and reasons for

removal. *Full text articles were excluded for at least one reason, so the sum of individual

reasons is not equal to the number of articles excluded.
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4.4.2 Dataset Characteristics

The characteristics of the datasets used to develop the predictive models are shown in
Table 4.1. All articles include both large (biological) and small molecule compounds,
with DiMasi et al. (2015) and Heinemann et al. (2016) focussing exclusively on
oncology*?>1?6 and Lo et al. (2017) including a wide range of indications?’. All models
aim to predict approval, though the geographical location of approval varied. DiMasi
et al. develop one primary model, which aims to predict approval from completion of
phase 1l testing (the “DiMasi model”). Lo et al. develop two models for predicting
approval: one from completion of phase Il testing (the “Lo P2APP model”) and one
from completion of phase Il testing (the “Lo P3APP model”) from two different
datasets. In our results tables, differences between the models are stated. Heinemann et
al. do not specify a particular time point for prediction; rather, they predict approval
from a number of specific time points prior to the outcome (approval or failure),
therefore generating a different model for each time point. Detail is not provided on
each individual model and the methods are the same for the different models, so we

refer to them collectively (the “Heinemann model”).

4.4.2.1 Sample Size and Events per Variable
Sample sizes vary greatly across models, as do the number of candidate predictor

variables (Table 4.1; detailed discussion of candidate predictors in Section 4.4.2.2). In
all cases, events per variable (EPV) are much lower than recommended (at least 10 are
usually recommended, but often many more)%>122128  The DiMasi et al. dataset
comprises 98 drugs; however, in several cases it is not clear how many of these drugs
are used in each analysis. Their final scoring algorithm is developed on 62 compounds,

though methods used to inform the predictors used in this final algorithm may have
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used more or fewer compounds. In calculating EPV, we therefore make the optimistic
assumption that all events are included in the development data (21 approved drugs).
Twenty-three candidate predictors are presented, resulting in an EPV of 0.9. Lo et al.
use considerably larger datasets (Lo P2APP, 4,812 drug-indication pairs, 13.2%
approved; Lo P3APP, 1,610 drug-indication pairs, 40.9% approved) but include a much
larger number of candidate predictors (at least 147), leading to maximum EPV of 4.3
and 4.5 respectively. The Heinemann model contains 42 approved drugs and lists nine
predictor “classes”, which are further subdivided into a total of 33 predictors. It is

assumed that all 33 are considered as candidate predictors, leading to an EPV of 1.3.

4.4.2.2 Details of Candidate Predictors
A wide range of predictor variables are used across the three papers. DiMasi et al. list

23 candidate predictor variables for which data was collected across the following
groups: drug characteristics, commercial and company, trial design, and trial outcomes.
There is considerable overlap with Lo et al., who list 147 example predictors divided
into drug and trial predictor variables. However, Lo et al. also state “transforming
multi-label parent predictors into binary child predictors (1 or 0), there were over 3,000
drug and trial categories in total” and that near-zero variance predictors were removed.
The exact number of predictors considered for modelling is not stated. Heinemann et
al. use a very different collection of predictors, focussing on academic publication
patterns for target-indication pairs of drugs. These can broadly be classified as
publication counts, information on authors, article indexing terms, and keyword term

counts.
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Table 4.1: Dataset characteristics of included papers

Iltem

DiMasi et al., 2015

Lo etal., 2017 (P2APP)* Lo etal., 2017 (P3APP)*

Heinemann et al., 2016°

Drug population

Source of data

Date ranges for
included drugs

Indications covered

Positive outcome
definition

Negative outcome
definition

Large or small compounds from
top 50 biopharma companies

Public domain and Tufts Center
for the Study of Drug
Development

First entered clinical testing
from 1997 - 2007

Oncology

Approval in the United States,
Europe, or Japan

Termination after phase 11 or 111
testing

Drug-indication pairs including biologics and small
molecules

Pharmaprojects and Trialtrove (Informa®, London,
UK)

Aug 8™, 1990 - Dec 15™,
2015

Jan 1%, 1988 - Nov 1%,
2015

Alimentary, anti-infective, anti-parasitic, blood and
clotting, cardiovascular, dermatological, genitourinary,
hormonal, immunological, musculoskeletal,
neurological, anti-cancer, rare diseases, respiratory,
and sensory products.

Approval in any market

Suspension, termination, or lack of development

Targeted biologics and targeted small
molecules

Approved: National Cancer Institute
website and FDA website. Failed:
Pharmaprojects and Trialtrove (Informa,
London, UK), clinicaltrials.gov,
Publication information: MEDLINE
using the text mining system I2E

Approved drugs (1995 - 2014), failed
drugs (2001 - 2014)

Oncology

FDA approval

Failure in P1I/111 clinical trials

78



Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

Item DiMasi et al., 2015 Loetal., 2017 (P2APP)* Loetal., 2017 (P3APP)* Heinemann et al., 20167
Moment of Completion of phase Il Completion of phase Il Completion of phase IlI Various time points defined by years
prediction before outcome event
Dataset size 98 drugs (21.4% approved) 4,812 drug-indication 1,610 drug-indication 116 drugs (36.2% approved)

pairs (13.2 % approved) pairs (40.9% approved)
Candidate 23 candidate predictors in the 147 example predictors listed, divided into drug and 9 predictor classes listed with 33
predictor variables following groups: drug trial predictors. Does not appear to be the full list of predictor variables in total, all related to
characteristics, commercial and candidate predictors academic literature
company, trial design, trial
outcomes

Events per variable 0.9 4.3 4.5 1.3
(EPV)*

% of entries with 85% For unique drugs: 36%  Unclear (reported only for  Not specified but likely to be zero given
missing data, by approved, 71% failed. For predictor groups or data collection methods
outcome if unigue trials: 78% graphically)

available approved, 40% failed

* Lo et al. present two models meeting our inclusion criteria, each making predictions from a different moment of prediction. P2APP = phase 2 to approval,
P3APP = phase 3 to approval.
7 Heinemann et al. do not specify a particular time point for prediction, rather, they predict approval from a number of specific time points prior to the outcome

(approval or failure), therefore generating a different model for each time point. Detail is not provided on each individual model, so we refer to them collectively

79



Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

7 The number of events corresponds to the number of occurrences of the rarer of the two outcomes (approval in all cases). The number of variables is the

number of candidate predictor variables considered for input into the multivariable prediction model. Highest plausible EPV presented.

80



Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

4.4.3 Missing Data

Reported levels (Table 4.1) and treatment (Table 4.2) of missing data across the three
studies differed considerably. DiMasi et al. report that 15 of 98 observations had
complete data. Complete case-analysis is used, though the number of complete-cases
varies because different combinations of predictor variables are used for different
analyses. There were 62 compounds with all predictors selected for use in the final
model. This approach is both inefficient and likely to lead to biased results®.
Heinemann et al. do not report any missing data and based on their data collection
methodology it is likely that there was none. Lo et al. report graphically and in tabular
form the levels of missing data, though number of observations with missing data
cannot be extracted for P3APP. For P2APP, levels of missing data are provided for
unique trials and unique drugs, but not in an overall summary showing missingness per
drug-indication pair (the unit used for prediction). However, they use a suitable
approach for dealing with the missing data, evaluating a number of methods
experimentally (listwise deletion, unconditional mean imputation, k-nearest neighbour
imputation [k-NN], multiple imputation, and decision tree algorithms), and select 5-

NN imputation as the preferred approach.

4.4.4 Modelling Approaches

Across all three papers, model development consists of an initial stage in which several
machine learning or regression approaches are evaluated to select an approach for the
final model (Table 4.2). Both Lo et al. and Heinemann et al. use the random forests
algorithm for the final model, and do not appear to use predictor selection methods

before or during modelling, apart from removal of near-zero variance predictors by Lo
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et al. Both models also treat continuous variables as continuous, which is generally
recommended®. DiMasi et al., by contrast, use machine learning methods, logistic
regression and univariate analysis to identify important predictor variables and optimal
cut-points for continuous variables, and use the results to develop a simple scoring
algorithm that can be used manually. The scoring system comprises four originally
continuous variables, each split into 3 levels. Such an approach is known to be

inefficient and can lead to optimistic performance estimates®.

Methods for measurement of performance varied, though no paper provides an
assessment of model calibration, an important component of performance for
probabilistic models®. For discrimination, both DiMasi et al. and Lo et al. report the
commonly used area under the receiver operator curve (AUC). Heinemann et al. report
the F-measure as their primary performance measure for internal validation and provide
no measure of discrimination. For validation on an independently collected dataset,
they provide a graphical assessment of discrimination via correspondence between the
rank of the model predictions and the frequency of approvals. Because a different
measure is used for internal and external validation, they cannot be compared. DiMasi
et al. also report sensitivity and specificity of their algorithm at various scoring cut-

offs.

Performance evaluation is again varied and suboptimal (Table 4.2). Though DiMasi et
al. incorporate bootstrapping and cross-validation into some of the machine learning
methods used to select predictors for inclusion in the final model, only the apparent
performance (i.e. the performance on the data on which it is developed) of the final

model is provided. Lo et al. use split-sample validation (70% training, 30% testing) as
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the primary means to assess performance as well as conducting a preliminary
evaluation of the model on independent data for which the outcomes are not yet known,
the results of which are presented graphically. A comparison in performance to a slight
variation (due to uncertainty in predictor variable definition) of the DiMasi model is
also provided. Heinemann et al. evaluate performance using 10-fold cross validation
as well as externally validating the model in independent data for which the outcomes

were recently released.
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Table 4.2: Modelling approaches: development, performance, and evaluation of included papers

Item DiMasi et al., 2015 Loetal., 2017 Loetal., 2017 Heinemann et al., 2016
(P2APP)* (P3APP)*

Type of study Development Development, internal Development and Development, internal
validation, external internal validation validation and external
validation of DiMasi validation

model
Development
Handling of missing Complete-case analysis Evaluation of several imputation methods, N/A

data

Description of
modelling method

Final modelling
method

Random forest with recursive feature
elimination, classification and regression tree
analysis (to optimise cut-offs for continuous
variables), tests for statistical significance of

univariate associations and some multivariable
logistic regression. Results used to select
important predictors and optimal cut-points for
continuous variables in a scoring algorithm

Scoring algorithm based on several analyses

ultimately using 5-NN approach

Several models evaluated and optimised for
best performance using 10-fold cross-
validation: penalised logistic regression,
random forests, support vector machine with

radial basis functions, and decision trees C5.0.

Random forests algorithm

Several models trained and
evaluated using 10-fold cross
validation: naive Bayes,
decision trees, random
forests, support vector
machines and binary logistic
regression.

Random forests algorithm
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ltem

DiMasi et al., 2015

Loetal., 2017
(P2APP)*

Loetal., 2017
(P3APP)*

Heinemann et al., 2016

Methods for selecting
predictors for inclusion
in multivariable
modelling

Methods for selecting
predictors during

Final algorithm based on predictor importance
from other methods. Predictor input into those
methods is based on data availability

Recursive feature elimination in the machine
learning methods but not in the final model

Near-zero variance predictors removed

Full model approach assumed

Not explicitly stated; all
appear to be included

Full model approach assumed

multivariable which is defined by cut-points for the pre-

modelling specified variables

Treatment of Categorised in final model Standardised prior to experiments and assumed Assumed to be kept as

continuous variables to be kept as continuous continuous

Performance

Calibration measures Not provided Not provided Not provided

Discrimination AUC AUC In external test set, graphical

measures comparison of rank vs.
frequency of approval

Classification Sensitivity and specificity at various cut-offs Not provided F-measure vs. baseline F-

measures

measure given a-priori
distribution of data
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Item DiMasi et al., 2015 Loetal., 2017 Loetal., 2017 Heinemann et al., 2016
(P2APP)* (P3APP)*

Evaluation

Methods for testing Apparent performance is provided for final Testing on held-out test data (30%) and 10-fold cross validation plus

model performance model preliminary external validation on a dataset external validation on dataset

(e.g. cross-validation,
bootstrapping, external
validation)

Comparison to other Not provided
approaches

without known outcomes’

Compared to DiMasi et al. 2015

collected at a later date

Not provided

* P2APP = phase 2 to approval, P3APP = phase 3 to approval.

7 It is slightly unclear whether a single test on held-out data is used or whether the hold-out method is repeated in what is called random sub-sampling. The

paper states that they begin by: “first splitting each into a training set... and a testing set... Subsequently, we train 5NN-RF models for each scenario according

to the methodology outlined above. We repeat this experiment 100 times for robustness” and also “We split each dataset ... into two disjoint sets, one training

set and one testing set... The testing sets are meant to be out-of-sample datasets to evaluate our models. Therefore, we mask their outcomes (that is, we treat

them as unknown) and will access them only at the very end to check our performance.” We believe the latter statement clarifies ambiguity in the former and

indicates that a single held-out dataset is used per model evaluation.
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4.4.5 Reported Results

Different performance measures, methods of evaluation and moments for prediction
were used, so comparing performance across models is challenging (Table 4.3). DiMasi
et al. report an apparent AUC of 0.92 (95% CI [0.81, 1.00]) for their scoring tool which
predicts approval from conclusion of phase Il to approval. In the only directly
comparable result between included papers, the Lo P2APP model reports a lower AUC
of 0.78 (95% CI [0.75, 0.81]) from split-sample validation. Although DiMasi model
reports a higher AUC than LoP2APP, Lo et al. attempt to provide a direct comparison
between the models, modifying the DiMasi model slightly due to uncertainty in
predictor variable definitions. The analysis shows that the model development
approach of Lo et al. results in superior performance and that the modified DiMasi
model achieves a much lower AUC of 0.69 (95% CI [0.58, 0.80]) in held-out data,
indicating high levels of overfitting in the original model. The Lo P3APP model
achieves an AUC of 0.81 (95% CI [0.78, 0.83]), again on held out data. A single
performance measure cannot be extracted from Heinemann et al. and instead
performance depends on the time point at which the prediction is made, varying from
F = 0.45 + 0.08 (mean * standard error of mean) at 10 years ahead of the decision

(approval or failure) to F = 0.67 = 0.05 one year before.

In both the LoP2APP and LoP3APP models, a binary predictor variable: “trial outcome
— completed, positive outcome or primary endpoint(s) met” is the most important
predictor variable. This is followed by “trial status” (whether the trial was completed
or terminated). In the DiMasi model, a variable termed “activity” was by far the most
important predictor based on p-values from univariate association tests and odds ratios

from univariate logistic regression. The definition of activity is slightly ambiguous but
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appears to include whether the results of a randomised trial were positive or negative
and, if the trial was non-randomised, a score based on the tumour response rate. At least
for randomised trials, this variable therefore appears to be quite similar to the important
predictors in the Lo models. For the Heinemann model, “a combination of relatively
high values for normalised publication count, commitment and occurrence of MeSH
terms “drug therapy” and “therapeutic use” are reported as having the highest
correlation with success, based on an associated rule learning process (not the process

used to develop the final model).

Of the three papers, only DiMasi et al. present their final model, including listing the
required predictors (Table 4.4). Lo et al. and Heinemann et al. both use the random
forests algorithm in their final (or best performing) models, but details of any
hyperparameter tuning, or code that allows the reader to make predictions using the
model, are not presented; in both cases, the predictors required as inputs for the final

model are not clarified.

88



Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

Table 4.3: Results of included papers

Item DiMasi et al., 2015 Loetal., 2017 Loetal., 2017 Heinemann et al., 2016

(P2APP)* (P3APP)*
Reported performance AUC =0.92 (95% CI AUC =0.78 (95% AUC =0.81 Depends on time point: The F-measure starts at F = 0.45 £
(discrimination, [0.81, 1.00]) CI[0.75,0.81]) (95% CI [0.78, 0.08 (mean = standard error of mean) at 10 years ahead of
calibration, 0.83]) time and increases to F = 0.67 + 0.05 one year before the

classification)

Details of relative
importance or weight
of input variables

Details of final
algorithm

List of input variables
required for algorithm

Activity > no. of patients
in pivotal phase Il trial >
no. of patient treated
worldwide > phase Il
duration®

“Trial outcome, completed, positive
outcome or primary endpoint(s)
met”, most important across all,

followed by “trial status”

See Table 4.4 Random forests classifier model,

though details not provided

Unclear what are the final variables
included in the model

Activity, no. of patients in
pivotal phase Il trial, no.
of patients treated
worldwide, phase 11
duration

decision

A separate rule learning approach is used to examine which
factors are most predictive: a combination of normalised
publication count, commitment and occurrence of MeSH

terms “drug therapy” and “therapeutic use” has the highest

correlation to success

Random forests classifier model, though details not provided

Predictor classes are: article counts, normalised article
counts, authors, research commitment, industry affiliation,
MeSH subheadings, normalised Shannon entropy of MeSH

qualifiers, biomedical terms count, phase term count.

Assumed all included in final model but not stated explicitly

* P2APP = phase 2 to approval, P3APP = phase 3 to approval.

7 as determined by odds ratios from univariate logistic regression for each predictor categorised into two levels (in comparison to three levels in the final

model).
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Table 4.4: DiMasi et al. (2015) scoring algorithm

For each factor, a score is assigned and the scores are summed. Higher total scores are

interpreted as a higher probability of approval.

Score

Factor 0 1 2

Activity < 3.0% or negative 3.0-13.8% > 13.8% or positive
randomised phase 11 randomised phase 11
trial trial

No. of patients in <37 38-49 >50

pivotal phase Il trial

No. of patients > 302,000 50,000 - 302,000 < 50,000

treated worldwide

Phase Il duration > 44 months 21-44 months < 21 months

4.4.6 Issues with the Heinemann Model

An issue specific to the Heinemann model is worth highlighting in some detail. The
moment of prediction for the model is defined by the time prior to the outcome event
(approval or failure) occurring. This approach would be valid only if these outcomes
occurred at the same time, making the actual moment of prediction the same. However,
given the definition of failure (failed in phase I1/I11 clinical trials), failure always
happens before approval. Therefore, the moment of prediction will not be the same for
the two outcomes which could create artificial differences between the groups. Using
this approach to make predictions on data with unknown outcomes would not be
possible, because the timing of the outcome would be unknown. A moment that is
consistent across the two outcome classes must instead be used. Figure 4.2 illustrates

the issue with simulated data.
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Figure 4.2: Illustration of methodological issues in the Heinemann model

A and B show the exact same data (simulated article count data with the same mean and

standard deviation, n = 116 drugs, 42 of which approved as in Heinemann et al.) but with

different definitions of year: A) year from the date of first publication or B) year relative to the

outcome (failure or approval), assuming that failure occurs three years earlier than approval.

If models are constructed from data treated similarly to B, their ability to discriminate between

outcomes could be dramatically over-estimated. Data are mean + 95% ClI.
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4.4.7 Risk of Bias

A number of characteristics of included papers indicate high risk of bias. Risk of bias
refers to “the extent that flaws in the design, conduct, and analysis of the primary
prediction modelling study lead to biased, often overly optimistic, estimates of
predictive performance measures™?2. Across all papers, reported EPV are lower than
generally recommended (Table 4.1), which is likely to lead to overfitting. The
maximum plausible EPV across the three papers is 4.5, but this number may be much
smaller depending on the number of predictor variables used in modelling, which could
not be clearly determined. Also, across all three papers, the methods for testing model
performance (Table 4.2) could be improved. Compared to bootstrap approaches for
quantifying performance estimates, the apparent performance and estimates from split-
sample validation are likely to introduce greater bias!?®'%, In very small datasets, such
as that used by Heinemann et al., bootstrapping is more efficient than cross-validation
because it allows model development on all data and allows for direct accounting of
overfitting in model development®®. However, in some instances cross-validation can

be the preferred approach'?,

The datasets are of varying quality and representativeness. Lo et al. utilise by far the
largest dataset, representing a very large proportion of approved and failed drugs from
the time point and time period of interest. Because they estimate missing data rather
than including only complete cases in analysis, the dataset is unlikely to introduce bias
into the model and estimated performance. DiMasi et al., on the other hand, include
only compounds from the pipeline of top 50 biopharmaceutical companies. These
compounds may not be representative of compounds from other companies or settings,

so the generalisability of the model is limited. Additionally, only complete cases are
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included in analyses, resulting in a smaller sample size being used for many analyses
and a high risk of biased performance estimates and model specification. Heinemann
et al. do not appear to have any missing data, though the methods for selecting drugs
for the dataset are not detailed and the representativeness of the sample is therefore
hard to evaluate. Both the Heinemann and DiMasi datasets are very small (n =116 and

98 drugs, respectively), which is likely to result in overfitting®.

In the Heinemann et al. model, the use of the timing of the outcome in determining
predictor values leads to a very high risk of bias and is likely to lead to overestimation
of performance (Figure 4.2). In addition to the issues above, the use of predictor
selection strategies in combination with very low EPV and categorisation of continuous
variables by DiMasi et al. are likely to introduce bias into performance assessment and
estimates of predictor-outcome associations, and bias in their performance estimate

was demonstrated by Lo et al. The Lo et al. models exhibit the lowest risk of bias.

4.5 Discussion
A systematic review of publications of multivariable algorithms for the prediction of

drug approval identified three relevant papers'?>-*?7 of varying methodological quality
and reported performance. Here, we summarise the findings in terms of reporting
quality, performance, predictors used in the analysis, other relevant literature, and

limitations. Some relevant patent literature is also briefly discussed.

4.5.1 Reporting Quality
Many essential methodological items or details of the final models are not provided.

Because none of the three papers provide the full datasets used to develop the models,

the only feasible way for readers to use or validate the models is via their reporting
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directly in the papers (for example, reporting of regression coefficients for a regression
approach). However, only DiMasi et al. present their final model in a format which
might allow others to use it (Table 4.4), though some of the predictors are not clearly
defined. The Lo and Heinemann models are random forests algorithms, which are not
straightforward to present since they are “black box approaches”; however, computer
code could be provided that allows the reader to make predictions on their own data or
provided in standardised formats such as the Predictive Modelling Markup Language
(PMML, http://dmg.org/). Aside from the calculations needed for the model, explicit
lists and descriptions of how to collect input variables required for the final models are
not provided (Table 4.3), making even model re-development challenging or
impossible. None of the papers reported an assessment of model calibration: a measure
of the agreement between predicted and observed outcomes and an important

component of performance evaluation.

Reporting quality for development of the datasets used to derive the models is varied.
Lo etal. describe in detail the approach taken to arrive at their final datasets and provide
flow charts illustrating data flow. The criteria and approach for the DiMasi and

Heinemann datasets are not clear enough to be replicated.

4.5.2 Predictors of Approval

In both the Lo and DiMasi models, the most important predictor variable is similar and
essentially reflects whether the phase Il trial has a positive outcome. The primary
determinant in advancing from phase 1l to phase Il trials is surely the result of the

phase Il trial. Indeed, the odds ratio (OR) for approval for “activity: high vs. low” (the

94


http://dmg.org/

Chapter 4: Quality and Performance of Algorithms for Predicting Drug Approval: A Systematic Review

measure of positive outcome?) in the DiMasi dataset is 65.75, which is nearly 20 times
higher than the OR for any other presented variable. The AUC provides a measure of
discrimination between classes over what would be achieved by random guessing,
though random guessing may not be a reasonable comparator in this case. Positive
results in the phase Il trial will often effectively be a filter for entry into phase Il for
many drugs, so by including all phase Il trials rather than only those which are selected
to start phase 111, performance estimates might be overestimated in comparison to the
situation without use of the model. Even if the presented AUC are accurate, they may
therefore not reflect the actual utility of the model over the status quo. Furthermore,
these predictors cannot be used for drugs earlier in development than the completion
of phase 1l. Since attrition during phase I and Il is also high*!, predictors of approval
that could be used prior to entry into clinical trials or earlier in clinical development

might be useful.

4.5.3 Comments on Performance
Methodological issues in both the Heinemann and DiMasi models render performance

estimates likely to be biased (Section 4.4.7), and the reported performance should be
interpreted with caution. The approach taken by Lo et al. is more appropriate, though
some caveats are worth noting. EPV are low, so the model may be overfit. Although
the degree of overfitting should be captured to some extent by the internal validation

procedure, random variation in the sample used for model evaluation can introduce bias

2 In the case of randomised studies at least, if the primary endpoint was met trial activity was considered

“high”.
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into model performance estimates'?®. Also, as stated above, the high reported AUC may
not reflect the utility of the model. Since calibration is not assessed in any of the three
papers, the degree of agreement between predicted probabilities and the probability of
the outcome occurring is not known. The models may therefore be more useful in
ranking and/or discriminating between drugs destined to fail or to be approved than in

directly estimating outcome probabilities.

4.5.4 Other Drug Success Literature

Other attempts to predict or describe drug success which do not meet the inclusion
criteria for this systematic review are worth mentioning. Several papers aim to relate
characteristics of responses identified in clinical trials for oncology drugs to regulatory
approval via univariate analysis!3¥34, They have small (< 100 drugs) sample sizes and
the predictor variables overlap with those used in the Lo and DiMasi models, and are
therefore not discussed further. Both Lopes et al.'® and Schachter*® present relevant

models which were excluded during our full text review.

Lopes et al. develop a model to distinguish between compounds that are safe and those
that are harmful based on characteristics of their protein targets. Though they do not
explicitly aim to predict approval, the model is created based on analysis of targets of
approved in comparison to problematic (discontinued in development or withdrawn
from the market) drugs and is applied at one point to the problem of distinguishing
approved and problematic drugs. An AUC of “close to 0.7” is reported. A patent
application has been submitted related to this work!3’. Schachter develops a Bayesian
belief network model to calculate the probability that a new chemical entity (NCE) will

be approved or will fail based on aggregated data on prior success rates and data from
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early studies of the NCE in question. It is not developed based on a dataset of approved
and discontinued drugs, and no estimates of performance are presented, but it does
represent one of the earliest attempts to predict the outcome of specific drug candidates

rather than simply to describe success rates.

Finally, a large body of literature focussing on physicochemical properties of low
molecular weight compounds which aim to assist in prioritisation and improve attrition
exists!’118, They can broadly be divided into physics-based and empirical methods.
Empirical methods are particularly relevant because they are based on identification of
quantitative patterns in historical data, similarly to the models discussed in this paper.
Although there are recognised issues with some of these approaches!®, it is generally
agreed that they have some value and at the very least are widely used!'’. Perhaps
because all of the models reviewed herein include both large and small molecules, and
therefore comparable information would not be available across molecules, no
information on the physicochemical parameters of the drugs were incorporated into the
models. Future efforts combining these two disparate approaches might be worth

exploration.

4.5.5 Patent Literature

Though we did not conduct a systematic search of the patent literature, key word
searching identified one patent application'®® and one granted patent!4? that may be
relevant. The application “refers to a method for evaluating, comparing and selecting
entities over a broad variety of technical fields. Preferably, the entities are
pharmaceutical drugs.” A graphical method for selecting or ranking candidate

compounds appears to be used, based on comparison of some of their characteristics to
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approved drugs. The application states that the invention may be used to address
“predicting success and failure of a compound”. The granted patent’s abstract includes
the statement: “Methods and systems for determining the selection criteria that in its
embodiments can distinguish compounds that successfully meet an objective from
those that do not”. It does not explicitly give approval as an example of this objective
but does provide examples of attributes that might often be required for approval, such
as oral bioavailability. The examples provided focus on physicochemical parameters
as predictors. These two documents are provided as examples to highlight that
commercial applications of models for predicting drug success might benefit from

more detailed patent literature analysis.

4.5.6 Limitations
One'?’ of the three papers included in this analysis, Lo et al., was not identified via any

of our database searches and was instead found by manual internet searching. This is
not because the search terms were not sufficient to capture the article (this was checked
by searching the article title in all databases), but because the article is hosted on a pre-
print server (www.ssrn.com) which is not indexed in any of the databases. Note that
pre-print publications are a distinct concept from “articles ahead of print”: articles made

available online by the publisher ahead of journal publication.

Searching pre-print databases, to our knowledge, is not generally recommended during
systematic literature reviews. Given the increasing prevalence of pre-print article
publication, however, some systematic reviews may wish to consider this. Some
attempts have been made to develop tools for easier searching of pre-print literature'4!,

and searches of databases such as Google Scholar can identify pre-print articles.
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Whether or not future reviews include systematic searching of pre-print databases, the
identification of a relevant additional article in this chapter highlights the importance

of conducting supplementary searching.

4.5.7 Conclusion

We identified very few multivariable models aiming to predict drug approval and the
utility of those identified is limited. Methodological issues render the likelihood of bias
very high in two models'?'%6, and the lack of presentation of a usable model or its
predictors render validation or use of the third challenging?’. Across all models there
is considerable room for improvement in methodological and reporting quality. Despite
this, promising performance measures are reported and, in the case of Lo et al., the
internal validation procedures used should limit over-optimism in their assessment.
With improvements in modelling procedures, and perhaps with a combination of
predictors used here as well as others associated with drug success such as
physicochemical properties, it may be possible to develop and report usable models

that improve attrition.
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5 Development and Internal Validation of
Multivariable Prediction Models for Small
Molecule Drug Approval

5.1 Abstract

Several efforts to predict regulatory approval have been made, though no multivariable
models to date include physicochemical predictors or attempt to predict approval from
the preclinical stage. Therefore, we developed and internally validated two
multivariable logistic regression models for predicting regulatory approval of small
molecule therapeutics. The first (n = 1,220 drugs, 212 approved) incorporates
physicochemical parameters, commercial factors, literature counts, and economic
variables as predictors. It achieved an optimism corrected performance of 0.59 area
under the receiver operating characteristics curve (AUC; 95% CI [0.55, 0.63]). The
second model includes only physicochemical parameters (n = 3,229 drugs, 904
approved) and achieved an AUC of 0.62 (95% CI [0.60, 0.64]). Sampling bias is
introduced during dataset development, so we evaluate the impact of changes in
outcome distributions and show that the models are relatively robust to those changes.
Further work is required to externally validate the model and evaluate its impact,

financially and to patients.
5.2 Introduction

Developing drugs is exceptionally expensive, with estimates as high as $2.6 billion per

new chemical entity2. One of the key drivers of this cost is the high failure rate observed
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during clinical trials#?, in which candidate drugs are tested to determine whether they
are safe and efficacious. As well as a high financial cost, there is a direct cost to human
health, as patients are often exposed to interventions that are ultimately deemed
unsuitable and which may be harmful. The ability to prioritise drug candidates that are
eventually approved, compared to those that are considered for clinical trials but

eventually fail, could therefore be of considerable value.

Several attempts have been made to develop predictive models of regulatory approval
or clinical development on the basis of a range of predictors?®>-12’, However, these
models have not included detailed information related to the physicochemical
parameters of the compounds, which could be informative and which have been the
basis of many historical attempts to distinguish potential drugs from other chemicals'#3-
145 Here, we attempt to consolidate these two approaches and develop a dataset
comprising both physicochemical parameters and other parameters that could influence
the success of a compound, such as information about the company developing it,
literature on the drug and the general economic environment. To allow comparable
physicochemical data to be collected, we limit the scope of the predictive model to
small molecules. To maximise the potential value of the model, we attempt to predict

regulatory approval from the preclinical stage.

Many attempts to distinguish drugs from non-drugs on the basis of physicochemical
parameters have focussed only on comparing approved drugs to background chemicals
(i.e. reagents thought to have little therapeutic relevance)!!8145 rather than to

discontinued drugs. However, most of the cost of drug development is due to attrition,
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so the ability to distinguish compounds that have entered the drug development process
could be more valuable, though is likely more challenging (Figure 5.1). Using untested
compounds as a comparator is suboptimal because we do not know if the compounds
would be drugs if tested in trials. Indeed, analysis has shown that up to 40% of
compounds in “non-drug” databases have chemical similarity to approved drugs4.
Other methods have compared approved drugs to experimental drugs (i.e. drugs that
are at the preclinical or animal testing stage)*’ but these are again less than ideal
because some of the experimental drugs are likely to eventually be approved.
Therefore, we also develop a larger dataset comprising only physicochemical
information relating to approved and discontinued drugs and develop a model to

distinguish between them.
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Figure 5.1: Comparing approved and failed drugs to all compounds

Ilustration of the typical similarity of approved drugs, failed drugs (i.e. drugs that entered the
clinic and were not eventually approved), and all compounds (i.e. those that may or may not
have been considered for use in humans) for hypothetical drug parameters. Approved and
failed drugs are generally more similar to each other than to all compounds, but many existing
computational attempts to predict drug success focus on distinguishing approved drugs from

general background compounds.

In this chapter, we develop two distinct models, both of which may have utility in
improving attrition rates: i) to distinguish between approved and discontinued drugs
based on information available prior to the commencement of clinical trials (referred
to as the “discovery model” based on the “discovery dataset” of 1,220 drugs) and ii) to

distinguish between approved and discontinued drugs based solely on physicochemical
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parameters (referred to as the “physicochemical model” based on the “physicochemical
dataset” of 3,229 drugs). In both cases, logistic regression models are fit and internally
validated. Following correction for optimism in performance assessment, we find the
second model performs slightly better. The model also performs much better than a
commonly used drug-likeness “rule” in our dataset. We provide a more detailed

comparison to other relevant literature in the discussion.

Throughout this chapter, we aim to follow the relevant reporting and methodological
recommendations of the Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis (TRIPOD) statement’®* and accompanying
explanation and elaboration®. Though TRIPOD is designed for clinical prognostic or

diagnostic studies, many of the details are relevant.

5.3 Methods: Discovery Model

Here, we attempt to develop a prediction model for small molecule regulatory approval
based on predictors available prior to clinical trials of those compounds. The
development of the dataset is described, followed by the modelling procedures. R
v3.4.4 (ref: 148) was used for any analysis conducted in R. The “tidyverse” packages,

v1.2.1 (ref: 14%) were used throughout for analysis in R.
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5.3.1 Included Compounds

Compounds from Cortellis™ Competitive Intelligence (Cortellis) were included in the
dataset used to develop the modelP. Cortellis is a commercial database containing drug
development and clinical trial information on more than 70,000 drug programs
(https://clarivate.com/products/cortellis/cortellis-competitive-intelligence/). Only
drugs included in this database were used because we wanted to distinguish between
approved drugs and compounds which were of therapeutic interest but which
eventually failed, rather than between approved drugs and other compounds which may
or may not be considered promising drug candidates. Only compounds known to be
under investigation as therapeutics are included in this database, thus satisfying this

requirement.

To be included, a compound in the Cortellis dataset had to meet the following criteria:

1. Be described in the dataset as a small molecule therapeutic, and not be a
combination drug, peptide, peptidomimetic, or polysaccharide

2. Be either approved (denoted as “launched” in Cortellis) for at least one
indication in any jurisdiction or discontinued across all indications and
jurisdictions (see section 5.3.3 Outcome Variable). Discontinuation refers to
drugs whose development is stopped prior to market approval, and does not

include drugs withdrawn from the market

® Access to the database kindly provided by Dr David Brindley.
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3. Have a “discovery” date in the database which was the earliest date listed for
the drug, referred to here as the start date. The start date in this case
approximates the date that a compound was first publicly announced as being
under development and precedes entry into clinical trials. This date is required

for any time dependent variables.

We aimed to include all drugs that met these criteria and did not put any restrictions on

sample size.

5.3.2 Moment of Prediction
To maximise the potential value of the model, we wanted to make predictions from the

earliest time point possible for drugs under investigation as therapeutics. However, we
also needed to be able to gather data from the public domain. Therefore, the date on
which a drug is first publicly announced as under investigation was used as the moment
of prediction, as long as that date preceded entry of the drug into clinical trials. This is
indicated in Cortellis by the “discovery” date (here the “start date™). To ensure that this
time point was consistent, we did not include candidates which had entered clinical
trials at the time they were first publicly announced. The moment of prediction for this

model, therefore, roughly corresponds to preclinical development.

5.3.3 Outcome Variable

The outcome we aimed to predict was approval for at least one indication in at least
one jurisdiction or drug discontinuation across all indications and jurisdictions. This

was determined by the development status listed in Cortellis.
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5.3.4 Data Cleaning

Drug names, as listed in the dataset, often included information relating to the
indication being investigated, the formulation, or the company developing the drug,
and were therefore cleaned to remove this information. This resulted in the presence of
a number of duplicate drug names, of which those with the earliest date were retained.
Combination drugs, peptides, peptidomimetics, and polysaccharides were removed.
These steps were automated in R. After collection of physicochemical data (Section
5.3.5.1), compounds with molecular weight > 1,500 Da were manually reviewed and
if appropriate removed from the dataset. This was sometimes the case when they had

not been labelled appropriately in the original Cortellis data.

5.3.5 Candidate Predictor Variables
Candidate predictor variables were selected on the basis of their inclusion in previous,

similar studies, logical reasoning, and the plausibility of collecting information on them

given the data we could access. They fell into the following five categories:

1. Physicochemical parameters (eight candidates)
2. Developer characteristics (three candidates)

3. Drug usage (two candidates)

4. Literature (three candidates)

5. Economic (seven candidates)

The specific predictors are summarised in Table 5.1 and described in detail below along

with how they were collected.
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5.3.5.1 Physicochemical Parameters
Eight candidate physicochemical parameters were selected (Table 5.1) as used in the

model developed by Bickerton et al.}**, a seminal paper attempting to quantify drug-
likeness or “chemical beauty” based on analysis of approved drugs. Several of these

parameters have long been considered to be associated with drug-likeness431%0,

Physicochemical information was collected using R and KNIME (v3.5.3). The R
package rpubchem (v1.5.16) was used to search and download available
physicochemical information from PubChem, a public repository containing
information on millions of compounds®®!. Drug names from Cortellis were used to
search PubChem to retrieve compound I1Ds (CIDs), which provide a unique numerical
ID for every compound in the PubChem database. When a compound name returned
more than one CID, the CIDs were manually reviewed to identify the correct entry. If
the correct entry could not be discerned (often they were very similar), one of the
returned CIDs was randomly selected. The CIDs were then used to retrieve all available
physicochemical information, as well as canonical simplified molecular-input line-
entry system (SMILES) structures, which describes chemical structures in a character
string. We originally planned to collect, from PubChem: molecular weight, hydrogen
bond donor count (HBDC), hydrogen bond acceptor count (HBAC), rotatable bond
count (RBC), topological polar surface area (TPSA), and a calculation of the octanol-
water partition coefficient (XLogP3 [ref: 1%2]). However, XLogP3 had high levels of
missing data (21%) and was therefore discarded and calculated directly in KNIME,
along with the number of aromatic rings (AROM) for each compound. Canonical

SMILES downloaded from PubChem were used to generate a molecular format
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(CDKCell), from which the RDKit descriptor calculator calculated AROM and the
XLogP node calculated XLogP**3. Though we had intended to also calculate the
number of structural alerts for each compound as per Bickerton et al.**°, the method

was not clearly described and we were unable to do so.

5.3.5.2 Developer Characteristics

Along with the drug name and development status, developer characteristics and
information on drug usage were retrieved from Cortellis. Developer characteristics
comprised the name of the originator organisation (for example the company or
university from which the drug originated) and the organisation(s) developing the drug.
These were used to generate three predictor variables: a binary variable indicating
whether the drug originated from a commercial or academic organisation, a binary
variable indicating whether the organisation developing the drug was different from
the originator organisation, and a numerical variable representing the number of
distinct organisations developing the drug. We did not account for organisational name
changes (e.g. due to mergers) in generating these variables, which was automated using

R.
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Table 5.1: Description and rationale for candidate predictor variables for discovery and physicochemical models

Predictor Variable Abbreviation Rationale Variable Model*
Type

Physicochemical Parameters

Molecular weight, g/mol Higher molecular weight leads to lower bi-layer permeability. Component  Numeric D, PC
of Lipinksi's Ro5

Hydrogen bond donor count  HBDC High number thought to reduce membrane bi-layer permeability. Numeric D, PC
Component of Lipinksi's Ro5

Hydrogen bond acceptor HBAC High number thought to reduce membrane bi-layer permeability. Numeric D, PC

count Component of Lipinksi's Ro5

Logarithm of the XLogP Measure of lipophilicity and component of Lipinski's Ro5 Numeric D, PC

octanol/water partition

coefficient (XLogP method)

Rotatable bond count RBC Measure of molecular flexibility, additional rule later added to Ro5 Numeric D, PC

Topological polar surface TPSA Lower values thought to improve adsorption and permeability. Included in  Numeric D, PC

area, A efforts to quantify drug-likeness

Number of aromatic rings AROM Smaller number of aromatic rings associated with drug success. Included Numeric D, PC
in efforts to quantify drug-likeness

Number of structural alerts Indicate structural components that may be mutagenic, reactive, or have Numeric None

unfavourable pharmacokinetic properties. Included in efforts to quantify

drug-likeness
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Predictor Variable Abbreviation Rationale Variable Model*
Type

Developer Characteristics

Academic vs. commercial Academic Plausible that there could be differences in likelihood of success in Binary D

origin commercial academic vs. commercial origin

Non-originator company Company Indicates licensing or acquisition, which may represent external validation  Binary D

developing drug change of concept and therefore increased likelihood of success

Number of organisations Distinct May provide indicator of commercial interest in drug Numeric D

developing drug companies

Drug Usage

Route of administration ROA Different ROA drugs may have different parameters for success Categorical, None
associated with them. Included as predictor in other attempts to predict three levelst
approval

Indication Approval rates differ across indications. Included as predictor in other Categorical, None
attempts to predict approval 14 levels?

Literature

Number of submitted patents  Submitted Potential indicator of commercial interest and have been associated with Numeric D

patents predictions of drug status previously
Number of granted patents Granted patents ~ See “submitted patents” Numeric None
Number of citations Citations Indicator of scientific activity which has been associated with drug status ~ Numeric D

(academic literature articles)
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Predictor Variable Abbreviation Rationale Variable Model*
Type

Economic®

Pharma R&D spend (100M RandD Pharmaceutical companies are a major source of funding for drug Numeric D

USD, adjusted to 2015) development, and the extent of their spending on R&D could influence
approval

US interest rate US interest The US is a major market for drug discovery and development, and Numeric D
interest rates may affect the availability and cost of capital

UK interest rate UK interest The UK is a major economy and location for drug development in the EU.  Numeric None
As above, interest rates may affect the availability and cost of capital

Number of companies EU VC The availability of venture capital could impact early-stage therapeutics, Numeric D

receiving venture capital in companies particularly outside of big pharma

EU (10s of companies)

Venture capital spending in EUVC MEUR  See EU VC companies Numeric None

EU (M EUR, adjusted to

2015)

Euro Area gross domestic EA GDP Measure of general economic health in major market Numeric D

product change (annual %)

US gross domestic product US GDP See EA GDP Numeric D

change (annual %)

* Model in which the candidate predictors were eventually included. D = discovery, PC = physicochemical.

7 Levels were: oral, no ROA provided, other ROA
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I Levels were: infectious and parasitic, neoplasm, blood and blood-forming organs and disorders involving the immune system, endocrine and nutritional and
metabolic diseases, mental and behavioural, nervous system, eye and adnexa, circulatory system, respiratory system, digestive system, skin and subcutaneous
tissue, musculoskeletal system and connective tissue, genitourinary, other.

8§ All economic predictor variables are annual figures for the year prior to the start date of the drug. This is because data for the full start date year would not

be available at the time of prediction.

113



Chapter 5: Development and Internal Validation of Multivariable Prediction Models for Small Molecule

Drug Approval

5.3.5.3 Drug Usage
Two candidate predictor variables were collected relating to drug usage: indication(s)

and route of administration (ROA), both of which have been used as predictor variables
in other models*?’. Indications were manually assigned to 14 groups derived from the
World Health Organization International Statistical Classification of Diseases and
Related Health Problems 10th Revision (ICD-10; ref: 15%). Drugs could be assigned
more than one group if being investigated for multiple indications, resulting in 14
binary predictor variables. For ROA, each drug was assigned to at least one of the
following categories: inhaled, oral, parenteral, topical, or no ROA provided. Because
the number of inhaled and topical drugs was very small (< 2% of drugs in each), these
were combined with parenteral to create an “other ROA” category, resulting in three
binary predictor variables: oral, other ROA, or no ROA. Generation of both indication

and ROA variables was automated in R.

5.3.5.4 Literature Information
The published literature has been used in attempts to predict the success of drugs for

many years'®® and there is some evidence that changes in patent or academic literature
are associated with drug success®1%¢. Therefore, we aimed to collect three candidate
predictors: the number of academic articles, the number of submitted patents, and the
number of granted patents. In all cases, we were interested only in the numbers
available prior to the date at which the prediction was being made. A script was written

in Python (v3.6) which automatically downloaded CSV files from PubChem for each
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CID and counted the number of articles or patents available prior to the date of interest®.
For submitted patents, the date in PubChem corresponds to the date that the patent was
submitted. However, a patent is generally not published for about 18 months after
submission®®’, and we therefore only recorded submitted patents available 18 months
prior to the date from Cortellis. Where no data were provided in PubChem, it was

assumed that the count was zero.

5.3.5.5 Economic Variables
We postulated that variables broadly describing the economic and investment climate

at the time a drug candidate is initially being developed could affect the likelihood of
success. We therefore collected candidate predictors to reflect the availability of
venture capital for early-stage ventures, pharmaceutical research and development
(R&D) spending, and the general economic environment. Data for the year prior to the
start date were used for each drug because data for the full year in which a prediction
was being made would not be available at the time of prediction.

5.3.5.5.1 Venture Capital

Data on the number of investments and amount of early-stage venture capital spending
were generated for 14 European countries (Austria, Belgium, Denmark, Finland,

France, Germany, Greece, Ireland, Italy, Netherlands, Portugal, Spain, Sweden, and

¢ This script was written by Piotr Pawlik, a student volunteer at the SENS Research Foundation

(Mountain View, CA).
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United Kingdom). Note that this included investments in high tech industry and

knowledge-intensive services as well as biotechnology and pharmaceuticals.

Data on EU venture capital spending and number of investments were downloaded
from Eurostat’>® and were available from 1989 to 2015. Prior to 2007, data were
indexed differently, so to generate comparable data, investments in seed and start-up
stage companies for 2007 to 2015 were combined to generate a total sum of early-stage
investment capital deployed. From 1996 to 2015, Harmonised Index of Consumer
Prices (HICP) data from Eurostat'®® were used to convert investments for each year and
in each country to 2015 euros to account for inflation. From 1989 to 1996, these data

were not available so inflation rates'® for each year were used to estimate the HICP.

The number of early-stage companies receiving investments was also extracted. As
with spending, data on seed and start-up stage companies for 2007 to 2015 were
combined to generate a total number of companies. From 1989 to 1995, the number of
companies invested in was not available but the number of investments made was. To
estimate the number of companies in which investments were made, data from 1995 to
2006, in which both the number of companies invested in and number of investments
made were available, was used to generate a linear regression model (Figure 5.2, B =
0.73, 95% CI [0.62, 0.83], R? = 0.97). The model was used to estimate the number of
companies invested in from 1989 to 1995 from the number of investments made in that
period. For both variables, no data were available prior to 1989, so values were imputed
by the mean from 1989 to 1997 data, during which there was little change (data not

shown; mean imputation applied to only 1% of included drugs [n = 12]).
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Figure 5.2: Investments vs. companies, 1996 — 2006

Regression model of the number of investments made in 14 European countries from 1996 —
2006. Red line is the linear regression line (£ 95% CI). The model was used to estimate the
number of companies invested in from 1989 to 1995 from the number of investments made in

that period.

5.3.5.5.2 Pharmaceutical R&D Spending

Data were collected on pharmaceutical R&D spending from the annual Pharmaceutical
Research and Manufacturers of America (PhRMA) membership survey*6! and adjusted
to 2015 USD using consumer price index (CPI) data. PhRMA data was available to
1970, and one drug in our dataset had a date of 1967: 1970 data was used for this drug.
Ideally, global pharmaceutical R&D spending would have been included in the model
but this information was not available across the required time period. For 2008 to

2015, however, independent estimates of global R&D spending were available'®?, and
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these were highly correlated with the PhRMA results (Pearson product-moment
correlation, r =0.87, p =0.005). It is therefore unlikely that including global data would
have added significant additional information.

5.3.5.5.3 Macroeconomic Variables

Interest rates provide an indication of the cost of money and were collected for two
major economies (US and UK). For the US, the effective federal funds rate was used*®,
which is often considered to be the most influential US interest rate, and for the UK the
Official Bank Rate was used®. In both cases, yearly data were generated by taking
averages over the time intervals available. Annual gross domestic product (GDP)
change data for the Euro area and the US were downloaded from the World Bank
website (data.worldbank.org/indicator/NY.GDP.PCAP.KD.ZG) as they could provide

a measure of the overall economic health of those areas.

5.3.6 Variable Selection

A full model approach with no variable selection during or prior to model development
was planned. However, after data collection there were too few events per variable
(EPV; where events are the number of outcomes in the smallest category, and variables
are the predictor variables) to retain all predictors. For a binary outcome variable, it is
generally recommended that a minimum of 10 EPV are used!>1% and more EPV
further reduce the likelihood of overfitting'®’. Therefore, we reduced the number of
variables based on collinearity'?, the likely relevance of predictors to the outcome?®’,
and, for categorical variables, the number of categories and feasibility of reducing

them. There is a large body of literature indicating that the physicochemical parameters
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of a drug candidate influence its likelihood of success, so we decided in advance not to

remove any physicochemical variables.

5.3.7 Modelling Approach

5.3.7.1 Model Type
We developed and evaluated a commonly used and recommended classifier algorithm,

logistic regression®, with an internal validation procedure. The assumption of linearity
in the logit was checked graphically by plotting continuous predictor values against the
logit.

5.3.7.2 Performance Measures

Model performance was primarily assessed using the commonly used and
recommended c-index®, also known as the area under the curve receiver operating
characteristics curve (AUC, which is the estimated probability that a classifier will rank
a positive outcome, i.e. an approved drug, higher than a negative outcome, i.e. a failed
drug'?7169), The AUC is a measure of discrimination and ranges from 0.5 to 1, with 0.5
representing no ability to discriminate between classes, and 1 representing perfect
discrimination. The R ROCR package (v1.0.7) was used!’®. We also assessed model
calibration, which is the agreement between predictions from the model and observed
outcomes, by plotting predicted outcome probabilities against observed outcome

frequencies®.

Other attempts to predict regulatory approval from a variety of predictors do so from a
later stage in development and are not directly comparable to this approach. Therefore,

we do not compare the performance of this model to any other published models.

119



Chapter 5: Development and Internal Validation of Multivariable Prediction Models for Small Molecule

Drug Approval

5.3.7.3 Internal Validation
Bootstrapping was used to estimate the optimism in the predictive performance of the

model'’*172 and to calculate confidence intervals for the optimism corrected
performance. A model was first developed and fit to the whole dataset, providing the
apparent performance. The dataset was then sampled with replacement to generate a
bootstrapped sample of the same size as the total dataset. A model was developed on
the bootstrapped sample using the same procedure as used for the whole dataset. The
performance of this model was quantified on both the bootstrapped sample from which
it was developed, and on the whole dataset, and the difference between the performance
on the two datasets was then calculated to give the optimism. This procedure was
repeated 1,000 times per model, and an average of the optimism calculated and
subtracted from the apparent performance, resulting in optimism-corrected
performance estimates®. Confidence intervals for the optimism and therefore
performance were also extracted. Bias in calibration was similarly assessed by
bootstrapping with 1,000 resamples using the calibrate function from the rms

package!”® (v5.1.2) in R and reported graphically.

5.3.7.4 Sensitivity Analyses

5.3.7.4.1 Dealing with Sampling Bias
It is likely that the proportion of approved drugs in our sample differs from the true

proportion in the population of preclinical drugs with commercial interest. First, it is
likely that, even before data processing, our sample contained a greater proportion of
approved drugs than would be present in a truly representative sample, because some

drugs are backfilled in the database (e.g. information relating to their development is

120



Chapter 5: Development and Internal Validation of Multivariable Prediction Models for Small Molecule

Drug Approval

added after that development has occurred and the drug becomes better known).
Second, the process of developing our dataset modified the distribution because we
were not able to identify CIDs for every drug name, and approved drugs were more
likely to successfully match to a CID, resulting in a greater proportion of approved
drugs in our final dataset (0.18) in comparison to that of the drugs meeting the filtering
criteria (0.11; see Results, Section 5.5). Most predictive modelling approaches assume
that the distribution of training data and the population in which the model will be used

is the same, so it is important to address this*’417>,

Ideally, we would have been able to include all drugs from the Cortellis database in our
analysis, rather than including only complete cases. When there is missing data (which
was the case for all drugs we could not match to a CID), it is usually preferable to
impute it to allow the inclusion of those data in the model development process®.
However, in our data, the commercial information was available for all drugs, and
either all or none of the physicochemical information was available for all drugs. It
would not be reasonable to attempt to estimate the chemical structure of a drug based
purely on commercial information about it, so we did not use this approach. Even if we
had been able to impute the full physicochemical data, the sample would still be

unlikely to reflect the “true” population of drugs for reasons already discussed.

If the true class distributions are known, under or oversampling can be used to generate
samples from the sampled, biased data which reflect the true class distributions and can
be used for model development or evaluation'’®1’7 In this case, the true distribution of

discontinued and approved drugs from the preclinical stage is not known with certainty
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but is likely to fall below 13.8%: a recent estimate for the success rate of drugs entering
clinical trials®. Because undersampling of approved drugs during model development
would violate the 10 EPV recommendation, we instead undersample the test dataset
and evaluate how the predictive performance differs across several thresholds (7.5, 10,
12.5, and 15%) of approved drugs as a proportion of total drugs. This is useful to
evaluate the robustness of the model to differences in class distributions. It should be
noted that this procedure does not provide an assessment of the optimism in the
calculated AUC and associated confidence intervals and is therefore useful only as a
comparative measure to the apparent performance. Specifically, the following steps

were taken for each level of undersampling:

1. A model was developed using all n observations in the original dataset (i.e. the
physicochemical model)
2. The approved drugs in the original dataset were undersampled to generate a
dataset with the desired proportion of approved drugs
3. The physicochemical model was applied to the undersampled dataset and the
AUC was calculated
4. Steps 2 and 3 were repeated 1,000 times
5. The mean of all 1,000 AUCs was calculated and the 95% CI for performance
extracted from the results.
5.3.7.4.2 Ouitliers and Influential Observations
Outliers and influential observations were identified and their impact on the regression
coefficients analysed. A Bonferroni outlier test was conducted to identify outliers and

Cook’s distance was used to assess influence!’®17®, For highly influential observations,
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models were constructed with and without the observation and the regression
coefficients were compared’.

5.3.7.4.3 Impact of Non-physicochemical Predictors

To assess the marginal improvement in predictive performance provided by the non-
physicochemical predictors, we assessed the performance of a model with just

physicochemical parameters compared to a model with all predictors.

5.4 Methods: Physicochemical Model

The filters imposed during development of the discovery dataset resulted in the
exclusion of a large number of drugs, so we also developed a larger dataset including
only physicochemical predictors, which are available for all drugs that can be matched
to a CID. This section describes any differences between the methods used for the
discovery and physicochemical model. The same outcome variable, data cleaning (as
applicable), variable selection, model type, internal validation method, and outlier and
influential observation assessments were used. Refer to Section 5.3 for information on

each of these.

5.4.1 Included Compounds
Cortellis was again used to collect drug names and development status. To be included,

a compound in the Cortellis dataset had to meet the following criteria:

1. Be described in the dataset as a small molecule therapeutic, and not be a
combination drug, peptide, peptidomimetic, or polysaccharide
2. Be either approved (denoted as “launched” in Cortellis) for at least one

indication in any jurisdiction or discontinued across all indications and
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jurisdictions (see section 5.3.3 Outcome Variable). Discontinuation refers to
drugs whose development is stopped prior to market approval, and does not

include drugs withdrawn from the market.

5.4.2 Moment of Prediction

The dataset incorporates compounds entering the database at the “discovery” stage
(explained in Section 5.3.1) as well as any other stage of development. It is, therefore,
applicable to prediction of approval from any moment after a compound is entered into
the Cortellis database. In practice, this corresponds to any time-point during or after

preclinical development.

5.4.3 Predictor Variables

Only physicochemical parameters were included as predictors, and these were
calculated or collected as specified in Section 5.3.5.1 with one difference: when
multiple CIDs were identified for a drug name, it was impractical to manually review
each of these to determine which CID was correct (1,222 CIDs representing 339 drug
names). A review of a random subset and experience with the same problem for the
discovery dataset indicated that the physicochemical information for different CIDs for
the same drug names were almost always very similar, and it was often not possible to
discern which CID was correct. Therefore, we randomly selected a single CID for each
drug name and used this for subsequent analysis. Sensitivity analysis to address the
impact of the use of different CIDs for these drugs is planned (Outstanding Work,

Section 5.6.5).
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5.4.4 Modelling Approach

5.4.4.1 Performance Measures
AUC was again used as the primary measure for performance, and calibration was also

assessed as described above. We also compared the performance of our model to
Lipinski’s rule-of-5 (Ro05, ref: 143), a very commonly used method of assessing drug-
likeness based on simple physicochemical data. It should be noted that it was originally
developed as a rule for oral bioavailability rather than specifically regulatory approval,
though it is commonly used outside of this context during drug discovery for
prioritisation of compounds*®. An updated and commonly used version of the Ro5
states that compounds with at least one violation of the following rules are unlikely to

be orally bioavailable!®°:

e Molecular weight <500 Daltons

e Oil/water partition coefficient (LogP) <5
e Hydrogen bond donor count <5

e Hydrogen bond acceptor count <10

e Rotatable bond count <10

Compliance with these criteria was assessed using KNIME’s “Lipinski's Rule-of-Five”
node, and the sensitivity and specificity of the rule in the physicochemical dataset then

calculated in R.
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5.4.4.2 Sensitivity Analyses

5.4.4.2.1 Dealing with Sampling Bias
As with the discovery dataset, the physicochemical dataset likely contains a greater

proportion of approved drugs than would be present in an unbiased dataset (See
Results, Figure 5.3). Therefore, we perform a sensitivity analysis following the same
method detailed in Section 5.3.7.4.1, undersampling the approved class in the test
dataset (at 5, 10, 15, and 20% as a percentage of the test dataset) to give an estimate of

the performance of the model on more realistic class distributions.

Given that EPV was much higher in this dataset, we were also able to explore the
impact of undersampling approved drugs during model development. We conducted an
additional analysis by undersampling approved drugs during both training and testing
in each bootstrapped sample at the following levels: 5, 10, 15, and 20%. The purpose
was to determine optimism corrected performance estimates if the model had been
developed on more representative samples. Specifically, the following procedure was

used for each level of undersampling:

1. The approved drugs in the dataset were undersampled to generate a dataset of
size s with the desired proportion of approved drugs

2. A model was developed on the undersampled dataset and its performance
evaluated in that same dataset, giving the apparent performance (performance
apparent)

3. A bootstrapped sample of size s was generated by sampling the undersampled

dataset with replacement
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4.

A model was developed on the bootstrapped sample and its performance
assessed in that sample, giving the bootstrap performance (performance boot)
The model generated in step 4 was evaluated in the undersampled dataset
generated in step 1, giving the test set performance, performance test

The optimism in the fit in this sample, o, was calculated as performance boot -
performance test

Steps 2 to 6 were repeated 1,000 times

An average of o across all iterations was generated to give the estimated
optimism, O, and confidence intervals were also extracted

O was subtracted from the average of performance apparent across all iterations
to give an optimism corrected estimate of the model performance when

developed and internally validated in more representative samples.

5.5 Results

Our data collection procedures resulted in a discovery dataset containing 1,220 drugs,

212 of which were approved, and a physicochemical dataset containing 3,229 drugs,

904 of which were approved (Figure 5.3). Logistic regression models were developed

and internally validated on each dataset.
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Data

. Data Flow
Processing Step
Both Datasets
Download from Cortellis 129,622 observations*
v
Unique launched or
discontinued drug names 8,207 (0.29)
Remove combinations,
duplicates, peptides, > 2,974
peptidomimetic and
polysaccharides v
5,233 (0.20)
Discovery Dataset Physicochemical Dataset
Remove drugs without a 2897
preclinical date '
A\ 4
2,336 (0.11)
Match to PubChem data » 1113 1,993 ie
A 4 A4
1,223 (0.17) 3,240 (0.28)
Manual review of high N L
MW drugs “ 3 1 b
A 4 y
1,220 (0.17) 3,229 (0.28)
Key Number
Number remaining
removed (proportion
approved)

Figure 5.3: Flow of data throughout development of datasets

*each drug has multiple rows (observations) associated with it, representing data at a

particular point in time, indication, development stage, etc.
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5.5.1 Discovery Model

5.5.1.1 Variable Selection Before Modelling
Originally, a full model approach was planned because there is limited cost to

collecting the candidate variables. However, after data collection the total number of
drugs was 1,220, of which 212 were approved, so the number of variables was reduced

to increase EPV from 5.8 to at least 10.

Indication group had a high number of categories (14) which could not be combined to
a generate a manageable number meaningfully. Additionally, because each indication
group comprised many different indications, the rationale for using it as a predictor
variable was weakened in comparison to using the specific indication (which we knew
in advance would not be possible given EPV considerations), as indications within

indication groups could differ considerably. Indication group was therefore removed.
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Figure 5.4: Correlation matrix for all discovery dataset numerical variables

Pearson’s correlation coefficients for all pairs of numerical candidate predictor variables for
which data were collected across all drugs. Abbreviations: AROM = number of aromatic rings,
EA GDP = European Area gross domestic product change (annual %), EU VC Companies =
number of companies receiving venture capital in EU (10s of companies) HBAC = hydrogen
bond acceptor count HBDC = hydrogen bond donor count, RandD = pharma R&D spend,

RBC = rotatable bond count, TPSA = topological polar surface area (%), US GDP = United
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States gross domestic product change (annual %), XLogP = logarithm of the octanol/water

partition coefficient (XLogP method). For full descriptions see Table 5.1 and methods.

To assess collinearity, a correlation matrix was created for all numerical candidate
predictors (Figure 5.4) and one of each pair of the most highly correlated variables
removed (apart from physicochemical parameters, as discussed above). The number of
submitted and granted patents were highly correlated (r = 0.91) so granted patents were
removed as a predictor. Granted patents were removed because it is likely that more
data on submitted patents would be available at the time of prediction given the
timelines for patents to be granted (generally at least four years from submission)
compared to publication of submitted patent applications (generally 18 months from

submission)*®’.

In the economic variables, UK interest was correlated with US interest (r = 0.73), and
the amount of venture capital investment was highly correlated with the number of
early-stage companies receiving investments (r = 0.90), so one of each was removed
(UK interest and amount of venture capital investment). EPV prior to commencement

of modelling was therefore 10.6.

5.5.1.2 Variable Selection During Modelling
No variable selection during modelling was planned. However, when models were fit

with the ROA predictor variables, we found that their association with approval was
inflated because the data were not limited to that available at the date at which the
prediction was made (see Results, Table 5.2). Rather, they had been updated in Cortellis

for each drug throughout its lifecycle, and approved drugs were therefore much more
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likely to have a listed ROA than discontinued drugs. The ROA predictors were

therefore removed.

5.5.1.3 Final Predictor Variables
The final predictor variables for the discovery model are listed in Table 5.1.

5.5.1.4 Dataset Characteristics
The summary statistics for each predictor are highly similar for approved and

discontinued drugs, apart from ROA (Table 5.2) which was removed as discussed
above (Section 5.5.1.2). The distribution of variables was also similar (examples in
Supplementary Figure 8.2). Start year for drugs in the final dataset ranged from 1967
to 2014 (median 1998, IQR [1996, 2003]) and was similar for approved and

discontinued drugs (Figure 5.5).

Table 5.2: Descriptive statistics for discovery dataset

For information on missing data for each variable, see table footnotes. Data presented are
after estimation of any missing data. In addition to the missing data discussed specifically here,
some drugs were excluded on the basis of lack of availability of any physicochemical
information due to an inability to match them with CIDs (Figure 5.3). See sensitivity analysis

in Section 5.5.1.6.1 and Limitations, Section 5.6.4 for further information and discussion of

this.
Predictor All Approved Discontinued
(n=1,220) (n=212) (n=1,008)
Developer Characteristics
Academic origin (%) 67 (5.5) 15(7.1) 52 (5.2)
Non-originator company developing 280 (23.0) 64 (30.2) 216 (21.4)

drug (%)
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Predictor All Approved Discontinued
(n=1,220) (n=212) (n=1,008)

Mean number of companies 1.1(0.3) 1.1(0.3) 1.1(0.3)
developing drug (SD)
Route of Administrationt
Oral ROA (%) 536 (43.9) 168 (79.2) 368 (36.5)
No ROA provided (%) 534 (43.8) 11 (5.2) 523 (51.9)
Other ROA (%) 172 (14.1) 42 (19.8) 130 (12.9)
Physicochemical Parameters
Mean molecular weight, g/mol (SD) 442 (175) 434 (168) 443 (177)
Mean hydrogen bond donor count 2.2 (2.0) 2017 2.2(2.1)
(SD)
Mean hydrogen bond acceptor count 6.4 (3.6) 6.8 (3.6) 6.3(3.5)
Mean rotatable bond count 7.0(.2) 6.6 (4.6) 7.0 (5.3)
Mean topological polar surface area, 104 (64) 104 (60) 104 (65)
A? (SD)
Mean number of aromatic rings 2.2(1.3) 2.2(1.4) 2.2(1.3)
(SD)
Mean partition coefficient, XLogP 3.5(2.6) 3.3(2.4) 3.5(2.6)
(SD)
Literature
Mean citations (SD) 1.1(10.2) 2.4 (17.9) 0.8 (7.6)
Mean submitted patents (SD) 24 (286) 40 (294) 20 (285)
Economic
Mean pharma R&D spend, 100M 320 (110) 307 (116) 323 (109)
USD, adjusted to 2015 (SD)*
Mean US interest rate (SD) 4.4 (1.8) 4.3 (2.0) 4.4 (1.7)
Mean number of companies 171 (100) 168 (107) 171 (99)
receiving venture capital in EU, 10s
of companies® (SD)
Mean EA GDP change (SD) 1.8(1.3) 1.6 (1.4) 1.8(1.2)
Mean US GDP change (SD) 2.1(1.3) 2.0(1.3) 2.1(1.3)

7 Removed during modelling due to confounding.

1 Data was missing for one drug with a start date of 1967. 1970 value was instead used.
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§Data prior to 1996 was not available (245 drugs [181 discontinued, 64 approved]). These
were estimated as described in Section 5.3.5.5.1. Prior to estimation of historical data, mean

(SD) of approved and discontinued drugs was 209 (104) and 193 (97), respectively.
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Figure 5.5: Start year for drugs included in the discovery dataset

Start year was comparable for approved (n = 212) and discontinued (n = 1,008) drugs. Median

start year (IQR) was 1998 (1995, 2003) and 1998 (1996, 2003), respectively.

5.5.1.5 Logistic Regression Model
A logistic regression model was fitted to the entire dataset using a full model approach.

The assumption of linearity in the logit was checked graphically for the linear model

and was in most cases satisfied (Supplementary Figure 8.3). Modelling the predictors
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as linear gave an acceptable fit based on visual inspection of the deviance residuals

(Supplementary Figure 8.4), and we therefore used a linear model as the final model.

An apparent AUC performance estimate of 0.63 was obtained, and after correction for
model optimism by bootstrapping was estimated at 0.59 (95% CI [0.55, 0.63]). The full
model specification is shown in Table 5.3. Apparent and bias-corrected calibration in
the discovery dataset was assessed graphically via bootstrapping (Figure 5.6). Outside
of predicted probabilities 0.1 to 0.3, the model does not appear to be well calibrated,

probably because there are very few predictions (Supplementary Figure 8.5).

Table 5.3: Logistic regression coefficients for discovery model with predictors

sorted by decreasing absolute Z-value

Intercept and Predictors* Coefficient SE Z-Value

Intercept -0.0768 0.753 -0.102

Hydrogen bond acceptor count 0.1598 0.046 3.448

Pharma R&D spend, 100M USD, -0.0040 0.001 -2.891
adjusted to 2015

Number of companies receiving venture 0.0023 0.001 2.057
capital in EU, 10s of companies

Company change (change = 1) 0.4199 0.208 2.018

Molecular weight, g/mol -0.0019 0.001 -1.611

Citations 0.0099 0.007 1.419

Hydrogen bond donor count -0.0701 0.065 -1.077

EA gross domestic product change -0.1059 0.109 -0.974

US gross domestic product change -0.0662 0.080 -0.824

Number of aromatic rings 0.0387 0.072 0.537

US interest rate -0.0425 0.083 -0.513

Topological polar surface area, A? -0.0017 0.004 -0.482

Submitted patents 0.0001 0.000 0.468

Academic commercial (commercial = 1) -0.1488 0.318 -0.467
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Intercept and Predictors* Coefficient SE Z-Value
Rotatable bond count -0.0111 0.025 -0.447
Partition coefficient, XLogP 0.0137 0.055 0.251
Distinct companies -0.0263 0.278 -0.094

* See Table 5.1 and methods for further information on predictor variables. Approval was
represented by the outcome ‘1’ during modelling. Therefore, higher predicted probabilities

correspond to a higher probability of approval.
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Figure 5.6: Apparent and bias-corrected calibration plot for discovery model

The discovery model was used to generate predicted probabilities for the discovery dataset
which are plotted against actual probabilities using a lowess smoother to give the apparent
calibration. Bootstrapping (1,000 resamples) was used to estimate the optimism in the

apparent calibration and bias-corrected calibration is plotted. Perfect agreement between
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observed and predicted probabilities is represented by the ideal line. Between 0.1 and 0.3 the

model is well calibrated; however, outside of this range calibration is poor, probably because

there are very few predictions (Supplementary Figure 8.5)

5.5.1.6 Sensitivity Analyses

5.5.1.6.1 Dealing with Sampling Bias
A sensitivity analysis of the impact of changing the class distribution in the test dataset

was evaluated because the true distribution of approved and discontinued drugs is not

known. The performance across test datasets with different proportions of approved

drugs was very similar to the apparent performance of the physicochemical model

(Table 5.4).

Table 5.4: Performance of discovery model on full discovery dataset and

sensitivity analysis with undersampled approved drugs

ID* Test Set Approved (as Discontinued (as  AUC (95% ClI)
% of Dataset) % of Dataset)

1 All 17.4% 82.6% 0.63 (NA)

2 Undersample  15.0% 85.0% 0.63 (0.61-0.65)
approved

3 Undersample  12.5% 87.5% 0.63 (0.60-0.66)
approved

4 Undersample  10.0% 90.0% 0.63 (0.59-0.67)
approved

5 Undersample  7.5% 92.5% 0.63 (0.58-0.68)
approved

* ID 1 is the apparent performance. IDs 2-5 follow the methodology detailed in Section

53.7.4.1.
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5.5.1.6.2 Ouitliers and Influential Observations
A Bonferroni outlier test did not identify any significant outliers. Graphical

examination of Cook’s distance identified two observations that were particularly
influential (272 and 569; Figure 5.7), and the impact of removing these observations
on the regression coefficients was therefore investigated (Supplementary Table 8.8).
Manual review did not reveal any justification for excluding the influential

observations, though their inclusion did alter some coefficient estimates considerably.

1 272

569
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Figure 5.7: Cook's distance for observations in the discovery dataset shows two
particularly influential observations

Cook’s distance is a measure of the change in coefficient estimates with removal of an
observation and was calculated for each observation in the discovery dataset. Two particularly

influential observation (272 and 559) were identified for further analysis ( Supplementary

Table 8.8).
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5.5.1.6.3 Impact of Non-physicochemical Predictors
An additional analysis with only the physicochemical predictors was conducted to

investigate the improvement in performance provided by the other predictors which

resulted in an optimism corrected AUC of 0.55 (95% CI [0.51, 0.59]).

5.5.2 Physicochemical Model

5.5.2.1 Dataset Characteristics
As with the discovery dataset, the summary statistics and distributions for each

predictor are highly similar for both approved and discontinued drugs in the

physicochemical dataset (Table 5.5, Supplementary Figure 8.7).

Table 5.5: Descriptive statistics for physicochemical dataset

No variables had missing data, though some drugs were excluded on the basis of lack of
availability of any physicochemical information due to an inability to match them with CIDs
(Figure 5.3). See sensitivity analysis in Section 5.5.2.5.1 and Limitations, Section 5.6.4 for

more information and discussion of this.

Predictor ~ AllDrugs Approved Drugs  Discontinued Drugs

(n=3,229) (n=904) (n=2,325)

Mean molecular weight, g/mol 429 (185) 417 (186) 434 (185)
(SD)

Mean hydrogen bond donor 2.2(2.3) 2.3(2.3) 2.1(2.3)
count (SD)

Mean hydrogen bond acceptor 6.3 (3.8) 6.6 (4.0) 6.1(3.7)
count (SD)

Mean rotatable bond count 6.8 (5.4) 6.4 (4.7) 6.9 (5.7)
(SD)

Mean topological polar surface 102 (73) 107 (70) 101 (74)
area, A? (SD)

Mean number of aromatic rings 2.1(1.3) 1.8(1.3) 2.2 (1.3)
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Predictor  AllDrugs Approved Drugs  Discontinued Drugs
(n=3,229) (n=904) (n=2,325)
(SD)
Mean partition coefficient, 3.2(2.8) 2.6 (2.9) 35(2.7)
XLogP (SD)
5.5.2.2 Variable Selection

No variable selection prior to modelling was required because the sample size was
sufficiently large and the number of predictors small, and checks for collinearity
showed acceptable correlation (r < 0.9 in all cases; Supplementary Figure 8.6). No
variable selection during modelling was performed. The final predictor variables were
therefore the same as the candidate predictor variables, and the same as the

physicochemical predictors included in the discovery dataset.

5.5.2.3 Logistic Regression Physicochemical Model
As with the discovery dataset, a full model approach was taken to fit a logistic

regression model to the physicochemical dataset with all predictors modelled as linear.
The assumption of linearity in the logit was checked visually (Supplementary Figure
8.8) and was satisfied, and the fit based on the deviance residuals was acceptable

(Supplementary Figure 8.9).

The apparent performance in terms of AUC was 0.63 and when corrected for optimism
by bootstrapping was 0.62 (95% CI [0.60, 0.64]), an improvement on the discovery
dataset. The full physicochemical model specification is presented in Table 5.6. Within
this dataset, the model is reasonably well calibrated over a larger range than the

discovery model (Figure 5.8), though there are again very few extreme predictions
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(Supplementary Figure 8.10), resulting in poorer calibration at very low or high

probabilities.

Table 5.6: Logistic regression coefficients for physicochemical model with

predictors sorted by decreasing absolute Z-value

Intercept and Predictors* Coefficient SE Z-Value

Intercept -0.4030 0.111 -3.621

Number of aromatic rings -0.2162 0.037 -5.832

Hydrogen bond acceptor count 0.1125 0.025 4.443

Octanol/ water partition coefficient, -0.0555 0.027 -2.032
XLogP

Rotatable bond count -0.0194 0.012 -1.638

Topological polar surface area, A -0.0021 0.002 -1.174

Molecular weight, g/mol -0.0007 0.001 -1.120

Hydrogen bond donor count -0.0116 0.031 -0.370

* See Table 5.1 and methods for further information on predictor variables. Approval was
represented by the outcome ‘1’ during modelling. Therefore, higher predicted probabilities

correspond to a higher probability of approval.
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Figure 5.8: Apparent and bias-corrected calibration plot for physicochemical

model

The physicochemical model was used to generate predicted probabilities on the
physicochemical dataset which are plotted against actual probabilities using a lowess
smoother to give the apparent calibration. Bootstrapping (1,000 resamples) was used to
estimate the optimism in the apparent calibration and bias-corrected calibration is plotted.
Perfect agreement between observed and predicted probabilities is represented by the ideal
line. The model is well calibrated over a larger range (between 0.2 and 0.5) than the discovery
model; however, outside of this range calibration is again poor, probably because there are

very few predictions (Supplementary Figure 8.10).

5.5.2.4 Rule-of-Five Comparison
The physicochemical model performs considerably better than Lipinski’s Ro35 in this

dataset (Figure 5.9). The Ro5 provides almost no ability to discriminate between the

approved and discontinued drugs in our dataset.
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Figure 5.9: ROC curve comparing physicochemical model to Lipinski‘'s Ro5

The black line is the apparent receiver operating characteristics (ROC) curve of the
physicochemical model, the dashed line represents a classifier with no ability to discriminate,
and the red dot is the performance of Lipinksi’s Ro5 (extended) in our dataset, which provides
almost no ability to distinguish between approved and discontinued drugs. To be considered
Lipinski compliant, molecules could have no more than one violation of the following:
molecular weight <500 Daltons, oil/water distribution coefficient (LogP) is <5, H-bond donor

count <5, H-bond acceptor count < 10, rotatable bond count <10.

5.5.2.5 Sensitivity Analyses

5.5.2.5.1 Dealing with Sampling Bias
Sensitivity analyses showed that the model performance was relatively robust in terms

of performance to changes in the proportion of approved drugs in the test set, and in

both the training and test set (Table 5.7).
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Table 5.7: Performance of physicochemical model on full physicochemical

dataset and sensitivity analysis with undersampled approved drugs

ID* Training Set Test Set Approved Discontinued Corrected AUC
(as % of (as % of (95% CI)
Dataset) Dataset)
1 All All 28.0% 72.0% 0.63 (NA)
2 All Undersample 20.0% 80.0% 0.63 (0.61-0.64)
approved
3 All Undersample 15.0% 85.0% 0.63 (0.61-0.65)
approved
4 All Undersample 10.0% 90.0% 0.63 (0.60-0.66)
approved
5 All Undersample 5.0% 95.0% 0.63 (0.58-0.67)
approved
6 All (bootstrapped) All 28.0% 72.0% 0.62 (0.60-0.64)
7 Undersample approved Undersample 20.0% 80.0% 0.62 (0.60-0.65)
(bootstrapped) approved
8 Undersample approved Undersample 15.0% 85.0% 0.62 (0.59-0.65)
(bootstrapped) approved
9 Undersample approved Undersample 10.0% 90.0% 0.62 (0.59-0.66)
(bootstrapped) approved
10  Undersample approved Undersample 5.0% 95.0% 0.62 (0.57-0.67)
(bootstrapped) approved

* ID 1 is the apparent performance. IDs 2-5 follow the methodology detailed in Section
5.3.7.4.1. 1D 6 follows the internal validation procedure for the full dataset described in Section

5.3.7.3. IDs 6-9 follow the methodology detailed in Section 5.5.2.5.1.

5.5.2.5.2 Ouitliers and Influential Observations

A Bonferroni outlier test did not identify any significant outliers. Graphical
examination of Cook’s distance identified one observation with considerably higher
influence than all others (Figure 5.10; observation 666), and the impact of removing

this observation on the regression coefficients was therefore investigated
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(Supplementary Table 8.9). Manual review of the observation did not reveal any

justification for excluding it, though some coefficients did vary considerably.
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Figure 5.10: Cook's distance shows an observation with large influence in the

physicochemical dataset

Cook’s distance is a measure of the change in coefficient estimates with removal of an
observation and was calculated for each observation in the discovery dataset. One particularly

influential observation (666) was identified for further analysis (Supplementary Table 8.9).

5.6 Discussion
Two logistic regression models of small molecule regulatory approval were developed

from two datasets of approved and discontinued drugs: one smaller dataset
incorporating a broad range of predictors, and one larger dataset containing only
physicochemical parameters. Estimates of performance obtained in both datasets were

similar, with the physicochemical model performing slightly better (optimism adjusted
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AUC =0.62, 95% CI [0.60, 0.64]). To our knowledge, this work represents the first
attempt to develop a valid predictive model of regulatory approval based on analysis
of approved and discontinued drugs that could be applied at the early-stages of
development. This work also adds to the drug-likeness literature and the
physicochemical model performed considerably better than Lipinski’s Ro5 in this

dataset.

5.6.1 Comparison to Other Models of Regulatory Approval

Unlike other models to predict regulatory approval, we attempted to make predictions
from an earlier stage in development and developed a model only applicable to small
molecules. A quantitative comparison of the performance of our model to other models
was therefore not possible. DiMasi et al.*?> developed a tool for predicting regulatory
approval of anti-cancer drugs, though the sample size for developing the model was
very small (62 drugs) and there was no method of internal validation. Lo et al.!?’
developed a model that performed significantly better when compared to DiMasi et al.
They attempted to predict approval across a wide range of therapeutic approaches and
indications using a wide range of predictor variables, from both phase 11 (AUC = 0.78,
“P2APP model”) and phase 111 (AUC = 0.81, “P3APP model”) trial completion. They

attempt to predict approval of drug-indication pairs, rather than unique drugs for any
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indication, and the phase Il model is developed on the largest database used in any

predictive model of regulatory approval (4,073 drugs).

Despite the large dataset, apparently robust methodology and high predictive
performance, it is interesting to note that by far the two most informative predictors in
both the P2APP and P3APP models are i) that the trial is completed with the positive
outcome or primary endpoint(s) met, and ii) whether the trial was completed or
terminated. It is logical that if a trial is not completed and/or its primary outcomes are
not met, its probability of progressing to the next stage of development will be much
lower than the converse, and it is likely that anyone familiar with drug development
would be able to identify drugs unlikely to progress based on these predictors alone.
Developing the models only on the subsets of data that did meet these criteria, or only
those that were selected to advance to the next stage, might have provided a more useful
assessment of the marginal benefit of the models. Alternatively, the univariate
associations between these predictors and the outcome, or the summary statistics
between the different groups, would allow the reader to assess more directly the
explanatory power of these variables, though neither of these is available. DiMasi et al.
use a similar predictor to meeting primary outcomes (termed “activity”) in their model,

which is by far the most predictive variable. Our discovery dataset, by contrast, does

4 Qur systematic review (Chapter 4) identified a third paper'?® which we do not discuss here because
issues in the methods render interpretation of the performance challenging. See Chapter 4 for more

information.
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not contain any predictor variables that could effectively inflate model performance

estimates.

5.6.2 Comparison to Other Physicochemical Models
Many models for identifying drug-like compounds based on physicochemical

descriptors exist!43:145150,181-184 ‘thoygh to our knowledge our model is the first attempt
to explicitly predict approval or discontinuation of drugs on the basis of

physicochemical descriptors, rather than to describe drug-likeness more generally.

Many models that do exist result in the presentation of simple “rules” for determining
whether or not a compound is drug-like. This involves categorisation of continuous
variables according to cut-off points defined from the development dataset, which is
known to cause a range of issues and is rarely appropriate®>!38. As an example, consider
Lipinski’s Ro5 described in Section 5.4.4.1: the use of a cut-off for molecular weight
of 500 Da implies two drugs with molecular weights of 499 and 501 Da are as
dissimilar as two drugs of 200 and 1,000 Da, which is clearly not the case. In the context
of drug development, there is no real need for such simplistic rules, since it will always
be possible to compute any calculations and any slight increased time requirements
would surely be offset by modelling improvements. Additionally, rule-based
approaches often generate simply a pass/fail outcome, which means that their utility in
comparing compounds is more limited because they can be less easily ranked. It has
been shown that 4 of the top 10 selling US drugs in 2010 would not have passed one
commonly used rule'® (the 3/75 rule!®*) and it is therefore clear that in some

circumstances the utility of these rules is limited. Although Lipinski’s rules are not
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necessarily intended for distinguishing approved vs. failed drugs (the rules were
originally derived from a set of Phase Il drugs, some of which probably eventually
failed), we provide a comparison and show that our physicochemical model exhibits

considerably better performance (Figure 5.9).

Recognising the issues with rule-based approaches, Bickerton et al. developed a
quantitative measure of drug-likeness based on analysis of approved drugs, from which
they derive a “desirability function” based on the physicochemical parameters listed in
Table 5.1. However, the evaluation of this model is flawed. The performance is
estimated in a set of compounds including 72% of those drugs on which the model is
developed and a large number of small molecule ligands. No procedure to account for
the use of the same data in the training and test set is used (e.g. bootstrapping), and 475
compounds that were structurally similar to the approved drugs included in the test set
were removed to “prevent ambiguity”, which is likely to further inflate performance
estimates. It should be noted, however, that this model is not directly comparable to
ours because it focusses specifically on orally administered small molecule drugs.
Other approaches to develop probabilistic models to distinguish drugs and non-drugs
have been attempted by Garcia-Sosa et al. and Yosipof et al.; an issue in these papers,
which are each based on the same data, is that balanced samples of approved drugs and
non-drugs are used to train and test the model, and no assessment of the performance

with more representative outcome ratios is provided.

Regardless, in the majority of this literature, the comparators (i.e. the negative control)

are compounds from large libraries of small molecules. Our approach differs in that we
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use discontinued drugs as the comparator, which is likely to represent a more difficult
classification problem because the parameter distributions are so similar®
(Supplementary Figure 8.7). We combine the approaches taken to predict regulatory
approval (i.e. the use of approved and discontinued drugs for modelling) with the use
of predictors commonly used in assessment of drug-likeness, which we do not think
has been done previously. The physicochemical model also represents the largest
analysis of physicochemical parameters of approved and discontinued small molecules

that we have identified.

5.6.3 Interpreting Performance

An AUC of 0.62 would often be considered poor and compared to, for example, the
P2APP AUC of 0.78 reported by Lo et al. it appears low. However, the AUC must be
taken in the context of the classification problem. A model that can be used prior to
clinical trials can potentially identify drugs likely to fail and save the full clinical costs
of those drugs; however, its use will inevitably result in some drugs not being
progressed that would have eventually been approved (false negatives), thus resulting
in a large loss of future revenue or patient benefit. When making predictions at phase
I1, for example, the potential cost savings of not advancing drugs that will fail are lower
(since phase I and Il have been completed and the cost incurred) but there will be fewer
false negatives because some drugs will have already been correctly discontinued due
to the results of the phase I trials. It may be that in both cases, with the current levels
of performance, neither model is better than no modelling, because the cost of false
negatives is so high. To determine the true utility of these predictive models, work is

needed to assess their potential impact, both financially and to patients; modelling
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approaches to do this have been developed and could potentially be adapted for use in

this context18’.

Given the low AUC values, the possibility that the model has no real predictive value
must also be considered. All predictor variables in both datasets (Table 5.2 and Table
5.5) are very similar between approved and discontinued drugs. Physicochemical
properties are already used in filters during drug discovery?’, so it is possible that in
the later stages of development there are no longer any systematic differences in these
parameters, and that more complex models are therefore required. It is also possible
that the physicochemical predictors simply do not have predictive value. Other
proposed predictors (developer characteristics, literature, commercial) may also simply
not be predictive. This finding would still be useful and would narrow the range of

predictors for future work in this area.

5.6.4 Limitations
The samples used for development of both models do not include all potentially

relevant compounds. There were 5,233 compounds potentially suitable for inclusion in
both of our models, and the final datasets were considerably smaller. The largest
number of drugs were removed because drug names could not be matched to CIDs,
meaning no physicochemical data were available. Imputation of missing data is
generally recommended® but was not possible because no data from which the
physicochemical data could reasonably be imputed were available, as Cortellis does
not contain data on any parameters describing the molecule itself. Therefore, the

sample is not fully representative of all potentially relevant data, and in particular,
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approved drugs were overrepresented. To address this, several sensitivity analyses were
performed which demonstrated that the AUC estimates were relatively robust to
changes in outcome distribution. Although we examined apparent and bias-corrected
calibration in our dataset, in data with different outcome distributions the model
calibration would likely be worse and it should therefore not be used to directly
estimate the probability of approval (rather than to compare and rank compounds). To
address this, if more information about the outcomes was available, the model could be
recalibrated'® and would potentially then be useful for direct estimations of the

probability of approval.

Both models included LogP as a predictor. LogP, unlike the other physicochemical
parameters included in the models, is an experimentally measured property of a
compound that cannot be calculated exactly. It is instead predicted, and there are a
number of different methods available for this prediction. We used one commonly used
and freely available method, XLogP%, but very recent comparisons suggest some
other methods may be superior'®. Different methods for calculating LogP could
influence the estimated coefficients in our model and the predictive performance, so

exploring them in the future could be valuable.

For both models, there is a need for external validation before either should be used for
decision-making. Though every effort has been made to quantify the optimism
associated with our performance estimates, independent data is needed to confirm this.
The DrugBank database contains physicochemical information 2,627 approved small

molecule drugs (www.drugbank.ca, accessed 111 September 2018), so there are at least
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1,723 approved drugs that were not in our dataset which could be used. Identification
of discontinued drugs is less straightforward; other commercial databases may be the
best option. Alternatively, the model could be applied to the current drug pipeline and
its performance evaluated over time. It would take many years to complete this process,
though indications of performance could be gathered now, as Lo et al. show!?’, and

revisited periodically.

5.6.4.1 Discovery Model
The discovery dataset is limited to a large extent by the availability of data. Variables

such as ROA were back-filled in the database, resulting in an inability to use them as
predictors, and there were too few events to meaningfully include indication as a
predictor. While we accurately collected literature information from PubChem, the vast
majority of literature data in PubChem is gathered through data mining techniques*®!,
which may not be completely accurate. Additionally, we estimated the number of
companies receiving venture capital for drugs with a start date prior to 1996 (Table 5.2)
from number of investments made in that time period. Multiple imputation using
chained equations (MICE) is generally the recommended approach for imputing
missing data®®; however, because variance in number of companies in available data
could be almost completely explained by number of investments (R? = 0.97), any
improvement with MICE would likely be marginal and we believe not worthwhile

given the additional complexity it introduces into analysis.

Despite issues with data availability, there was an improvement in performance in the
discovery dataset model built using all parameters (AUC = 0.59, 95% CI [0.55, 0.63])

compared to just physicochemical parameters (AUC = 0.55, 95% CI [0.51, 0.59]).
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Therefore, if a larger dataset with all information, or an augmented physicochemical
dataset with additional parameters included in the discovery dataset, could be

developed, performance improvements could be realised.

5.6.4.2 Physicochemical Model
The physicochemical model encompasses a wide variety of compounds across different

ROA and indication. Many other papers, on the other hand, have included solely oral
drugs!4314°, or develop different models for different indications®e. It is possible that
our approach of grouping all approved and failed drugs is too simplistic and cannot
capture inherent differences between drugs for different indications or ROA. To some
extent, this must be true: for example, the risk-benefit in drugs for certain indications
will be different across drugs, meaning that the same physicochemical parameters
leading to the same side effects in one indication could result in discontinuation,

whereas in another they could be acceptable.

Additionally, in our data, the reason for discontinuation of drugs is not known.
Approximately 30% of drug discontinuations are thought to be due to “economic”
reasons'®, which are independent of the specific physicochemical parameters. In the
discovery dataset, we included predictors that could represent the economic aspects of
a drug, whereas in the physicochemical model we did not. Ideally, therefore, we would
have included in the physicochemical dataset only those drugs known to have failed
for safety and/or efficacy. This information is not available in our data, so this could

not be done.
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Our approach did, however, allow a large sample size to be used, which might offset
the benefits of creating different models for different drug groups, or of developing a
dataset with drugs with only known reasons for discontinuation, which would be
considerably smaller. Although these considerations may place an upper limit on the
performance of our approach, internal validation has shown that it is, at least to some
extent, predictive and therefore potentially useful. Future work with enhanced datasets

could explore the trade-off between these issues further.

5.6.5 Outstanding Work
There are several analyses planned as part of this project which could not be completed

within the timescale of the DPhil. In developing the physicochemical dataset, there
were 339 drug names that matched to multiple CIDs, from which a random CID was
selected for each name. Although we think it is unlikely that selecting different CIDs
will influence the results, sensitivity analysis is planned to check this by using different
random samples to generate models and compare the coefficients and model

performance.

We compared our model to Lipinksi’s Ro5 because this is one of the most well-known
and commonly used physicochemical filters, though there are other comparators that
are also relevant. In particular, we hoped to compare our model to the quantitative
estimate of drug-likeness'#®, but were unable to because the method for calculation of
number of structural alerts could not be clearly determined. Work is currently planned
to generate at least a similar variable which can be used in a model update and

subsequent comparison. There are at least two other relevant comparators°%:82 for the
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physicochemical model that could be calculated simply from our data®. It should be
stressed that, like the Ro5, these rules are not aimed specifically at distinguishing

approved from discontinued drugs and are generally used earlier in drug discovery.

5.6.6 Using the Model

Notwithstanding the limitations and outstanding work, readers may wish to apply or
attempt to externally validate the work presented here. The optimism corrected
performance of the physicochemical model is better than that of the discovery model
so the physicochemical model (Table 5.6) should be used. This model is applicable to
drugs at any stage of development covered by the Cortellis database, from preclinical
to clinical. However, given the increasing availability of data in later stages of
development that may provide improved evidence relating to the likelihood of
approval, the model may be better suited for use early in development when a relatively
large number of compounds are being evaluated. It should be stressed that the model
may not be suitable for distinguishing compounds likely to be approved from general
compound libraries, because those libraries may include compounds dissimilar to those
used in our set of discontinued drugs. This model is only suitable for small molecules

within the physicochemical parameter space described in Table 5.5.

¢ The 4/400 rule® suggests that for good absorption, distribution, metabolism and excretion properties
molecules should have a molecular weight < 400 and ALogP < 4. Veber et al.®® suggested that
compounds with < 10 RBC and TPSA < 140 A2 (or 12 or fewer hydrogen donors and acceptors) had

increased oral bioavailability.
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We have evaluated the impact of changes in class imbalance on the AUC of our models
and showed that it is relatively robust to these changes, which means that the model
retains its ability discriminate between classes. However, it is unlikely that the model
in its current form is properly calibrated because the outcome distributions in the
development data influence the model’s calculated probabilities and bias was
introduced during data collection. Therefore, rather than using the output of the model
to assess the probability of approval directly, it will be more useful in ranking and

prioritising molecules, unless it is recalibrated as mentioned above.

It is common to assign a threshold to the predicted probabilities from a model, above
which the outcome is considered positive and below which the outcome is considered
negative. The value of this threshold can be determined based on the acceptable balance
between the sensitivity and specificity of the model, which differs depending on the
context in which the model is used. For our models, the threshold could be determined
based on assessments of the impact of the use of the model under different
circumstances (discussed above in Section 5.6.3). For similar reasons to the criticisms
raised about rules for drug-likeness (loss of information®), this is generally not
recommended, but in some contexts, greater simplicity for the model user may be
required to encourage model use and the use of thresholds could be justified. In the
absence of impact assessments and recalibration, using the model for ranking

molecules is likely preferable.

157



Chapter 5: Development and Internal Validation of Multivariable Prediction Models for Small Molecule

Drug Approval

5.6.7 Conclusion

We use simple predictor variables to achieve a modest predictive performance for
regulatory approval vs. discontinuation of small molecule drugs. Although work is
required to validate the model externally and assess its utility in a real-world setting,
there is little cost in running this model on a portfolio of small molecule candidates and
subsequently tracking their performance over time, thus providing a truly independent
model validation. As well as improved quality of data, other improvements to the

models are plausible and some are discussed in the subsequent chapter.
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6 Discussion

6.1 Introduction

The first part of this chapter discusses some general considerations, limitations and
potential future work for topics related to different aspects of the thesis that could not

be included in individual chapters. Subsequently, several key themes are summarised.

6.2 Reporting Quality

The main focus of reporting quality in this thesis was patent landscaping (Chapters 2
and 3); however, poor reporting quality was also a significant finding in the context of
predicting approval (Chapter 4). Here, we review the reporting quality and reporting
guideline literature and make several recommendations. With the benefit of hindsight,
several ideas have emerged that were not considered while the research was being

conducted but which may be useful for others conducting research in this area.

There is now an exceptionally large body of evidence showing that reporting quality is
suboptimal across health science, a large amount of which is generated from systematic
reviews!, In parallel, there has been a proliferation of reporting guidelines aimed at
addressing the identified deficiencies® (as of 3@ September 2018, 404 reporting
guidelines were listed on the EQUATOR network website [equator-network.org]). The
conduct of systematic reviews and development of reporting guidelines use resources
that could, presumably, be used to study other biomedical questions. Their utility and

efficiency should therefore be examined.
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The vast majority of systematic reviews conducted on reporting quality appear to show
that reporting quality is insufficient. For example, a major Cochrane review of more
than 16,600 randomised controlled trials (RCTs) showed that reporting is suboptimal®®.
In five out of six full texts included in a review of evaluations of reporting quality of
network meta-analyses, it was concluded that reporting was not adequate and needed
improvement®!, Four assessments of the quality of RCTs in different dental specialties,
published within two years of each other, concluded that reporting quality was poort®?-
195 Indeed, even systematic reviews of reporting guidelines, which are often based on
systematic reviews of reporting quality themselves, show that reporting quality is poor

in the reporting guidelines®6:19,

Given this evidence, the marginal benefit of additional systematic reviews of reporting
quality is likely to be low in the absence of some intervention that might influence
reporting quality and warrant evaluation, particularly in areas where the issue is already
well characterised, such as RCTs. Evidence in Chapter 4 indicated that, at least in this
context, machine learning models were poorly reported and this could represent an
interesting avenue for investigation. Regardless, specific rationale for systematic

reviews of reporting quality should be clearly elucidated.

6.2.1 Sample Size Considerations

If there is a clear rationale for investigating reporting quality, conducting a systematic
review in which all relevant articles are analysed may not be necessary. Systematic
reviews became prominent in health research to allow the synthesis of randomised
controlled trials'®. In this context, the inclusion of all relevant studies in the analysis

is important; different sample sizes in different studies, for example, will result in
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different weighting of those studies in statistical analysis, thus resulting in non-uniform
contributions to the final estimates of effect size. In systematic reviews aiming to
identify research in a particular field (for example, for competitive intelligence),
identification of all relevant studies is important because missing one study (for
example, the one study already reporting your particular idea) could dramatically
change the conclusions. In the context of reporting quality, however, neither of these
scenarios usually occurs. Most systematic reviews of reporting quality assign each
article included in analysis the same weight, and only the aggregated results are
important rather than any individual paper. In this case, parameter estimates from a
random sample, assuming it is large enough, will approximate the true parameter values
(i.e. those of all relevant articles). Identifying and analysing a random sample of
relevant results might therefore be sufficient and more resource efficient. This approach

is taken in some reporting quality analyses and should be encouraged?®,

6.2.2 Impact of Reporting Guidelines
Evidence suggests that introduction and endorsement of reporting guidelines generally

improves reporting quality, though their effectiveness varies and is generally quite low.
The impact of the use of the CONSORT statement has been assessed in a Cochrane
review including data from more than 16,600 trials®. Between endorsing and non-
endorsing journals, 25 outcomes out of 27 were improved with endorsement, though
only five of these significantly. For (much smaller) analyses of the impact of other
reporting guideline introduction, modest improvements have been seen over time,
though not attributable to endorsement of the reporting guidelines***6. Active

implementation of reporting checklists, such as requiring the completion of reporting
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checklists with article submissions*®® and editorial use of checklists?®, appears to have

resulted in more pronounced improvements.

There are potential issues with existing evaluations of reporting guidelines. Many
assessments of reporting quality focus on an overall reporting rate against a checklist,
equally weighting each item. If we are interested in transparency as a means to achieve
greater reproducibility®, this approach is not always appropriate. An improvement in
score does not necessarily mean that there is an improvement in reproducibility: if just
a single key methodological item is not reported, repeating the experiment may not be
possible, even if an article is otherwise well reported. The interpretation of such scores
can be ambiguous; for example, in one review of compliance with the QUOROM
checklist, reporting quality was described as “basically acceptable” with 68%
compliance, despite the fact that reporting was “unsatisfactory” in items related to the
methods section?®®, Many would draw a different conclusion. If assessing methods
reproducibility?®, collapsing overall scores per article into a binary assessment of
“reproducible” or “not reproducible” may sometimes be more appropriate. When
examining transparency in general, overall scores may be preferred. In Chapter 2, we
provided both of these by conducting an analysis of essential methodological items as

well as overall scores.

fWe recognise that this is not always the case. In clinical trials for example, improved transparency so
that the risk of bias can be better assessed, or so that results can be synthesised into higher level evidence,

may make increased transparency an end in itself.
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In some cases, again if reproducibility is a focus, assessing reporting quality may be
unnecessary and reproducibility could be assessed directly. In computational research,
which can be deterministic, the reproducibility of both methods and results can be
demonstrated by using the same inputs in the same model and assessing whether or not
the results are equivalent?®. In other fields, such an approach is not feasible because
there is noise in the methods and results: for example, even if two RCTs used identical
methods, some variation in participant characteristics would lead to at least some

variation in results. Practical issues, such as resource requirements, are also apparent.

Overall, the evidence suggests that reporting guidelines can have a positive influence
on reporting quality. However, passive endorsement and even active implementation
of reporting guidelines may not be sufficient to provide the magnitude of change for
which many would hope. Given the large proliferation of reporting guidelines,
including ours, further evaluation of their effectiveness is warranted, and research into
improvements in implementation would be useful. Where reproducibility is the aim,
focussing on deterministic areas of research to establish the effectiveness of reporting

guidance could be valuable. Lessons could then be applied to other areas.

6.3 Patents in Literature Searches
Chapters 2 and 3 focussed on patent landscape reporting quality. Here, we discuss the

potential utility of analysis of patents for researchers more generally rather than

focussing on reporting quality.

Academic literature searches are considered an important part of most scientific
research. Research articles include comparisons to or summaries of the literature, there

are a huge number of review articles published, and systematic or scoping reviews are
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increasingly prevalent?2, Often, the premise is that it is important to understand the
existing literature such that new work can build on or differentiate from it. It is
surprising, therefore, that the prevalence of reviews or analysis of patents within
academia is far less common. More than 20% of scientific researchers in academia,

government and non-profit sectors have never read a patent?%.

From an academic perspective, patents are a rich and openly accessible source of
information, in some areas having little overlap with the coverage of academic
articles'?. Although there are concerns over the transparency, accuracy and timeliness
of publication of patent documents, similar concerns exist for the academic
literature”3%, and it is still considered useful. The cost of patenting is higher than
publishing academically, so, in academia, patents may only be filed if there is an
expectation of commercial value. Despite this, very few papers cite patents. In
commercial research, experiments published in patents are often never published in
academic journals, though the extent of this is unknown®. When reviewing the

literature, simple searches of the patent literature could provide valuable insight.

Patent landscaping enables the summarisation and analysis of multiple patent
documents. Setting aside methodological or reporting issues, such analyses could be
useful in understanding the state-of-the-art in a particular area. Comparing the patent
and academic literature might allow areas of perceived commercial value to be
identified, and to identify areas in which intellectual property restrictions render the
development of new technologies challenging. Such analyses might be more useful for
strategic decisions, such as those made by funders or government, than for individual

researchers. Indeed, the UK government has published several patent landscapes®®.
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Depending on the aim of a literature review or analysis, therefore, some searching of
the patent literature might be warranted. In Chapter 4, we noted that article pre-prints
might also represent an under-used source of information for systematic reviews.
Useful information sources sometimes include those that have not traditionally been
searched, and when developing search strategies for literature reviews it may be worth

considering this.

6.4 Predictive Modelling of Regulatory Approval

Some limitations and outstanding work for our models were discussed in Chapter 5.
Here, we discuss more general criticisms that may be raised at approaches to predict

regulatory approval and suggest areas for future work.

6.4.1 Potential Criticisms

Given the extremely long feedback cycles required to fully evaluate a predictive model
of regulatory approval (for example, the average time from preclinical testing to
approval is 12 years?%), it could be argued that its utility is limited. The same argument
could be made in the context of the end user of the model: who would want to use a
predictive model that cannot be validated for at least ten years? However, the same
criticism can be applied to almost any technology used in drug discovery or
development, including high throughput screening, animal models, genomics,
computational drug design and discovery, and many others, at the point they are first
introduced. If we assume that the ultimate aim of drug discovery and development is
to achieve regulatory approval (discussed below), then a large amount of technology
used in R&D is implicitly predicting approval and is only truly validated when the

compounds evaluated using it are approved. Despite this, many technologies rapidly
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proliferate. Indeed, several criticisms have attributed the decline in R&D efficiency to
increasing use of, and enormous investment in, reductionist models without sufficient
consideration to their predictive validity in a clinical setting®®1%2%5_ Qur model, by
contrast, would cost almost nothing to implement and explicitly predicts approval.
Because of this, we already have an estimate as to how it will perform against this
metric. We do not need to rely on alternative metrics with unquantified relationships to

the outcome of interest.

Though regulatory approval is often considered the “gold standard” outcome for drug
development, it is an imperfect outcome measure®®8, In reality, drug success is not
binary. Revenues, number of patients treated, severity of unmet medical need,
competition, adherence, etc. all differ between approved drugs and influence their
importance to drug developers or society. If a model consistently prioritised
compounds that achieve approval but have low value at the expense of high value drugs
with lower approval probability, it could have negative utility. Incorporating these
variables into a predictive model, however, would be challenging and probably require
data that are not readily available. Instead, they should be considered and possibly
modelled in impact evaluations of predictive models of approval. Assessing the

probability of approval is just one part of the decision-making process.

On arelated note, a possible perceived shortcoming of our approach and others similar
is that they cannot predict step changes in innovation. It could be argued that by relying
on this model, which will tend to rank drug candidates with parameters more similar to
approved drugs more highly, R&D portfolios could become biased against innovative

ideas. Such innovative ideas might have a low probability of success but huge potential
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value if successful. However, if we accept that drug candidates more similar to
approved drugs have a higher probability of becoming approved drugs (which is the
premise of empirical approaches to predictive modelling in this space), then this
criticism is easily addressed. Our model can assist in determining the probability of
approval, which will surely be lower for highly innovative approaches, and the user
can take into account other considerations either qualitatively or quantitatively. It may
be that a portfolio of innovative compounds has a higher expected utility than a
portfolio of “drug-like” compounds, but it would still not be reasonable to suggest that

the innovative approaches had a higher probability of approval.

Some may argue that the process of drug development is too complex to be modelled
meaningfully. This may be true; any model based on the predictor variables we have
used will be a dramatic over-simplification of reality. However, the alternative is to
rely on expert opinion. In medicinal chemistry, the lack of consensus among experts
over “chemically attractive” compounds or fragments is very high!’. For example, in
one analysis, 19 chemists were asked to select or reject 4,000 compounds. Consensus,
defined as 75% agreement, was reached on just 8% of compounds: 7% of those rejected
and 1% selected?%. It seems likely that looking at non-chemical predictors, such as
those included in our discovery model or those in other models'?>%7, the same would
be true. As should be clear from the previous paragraphs, we do not suggest relying
solely on the output of predictive models of approval. However, computational models
can at least apply rules and calculations consistently'’. Determining those rules and

calculations based on analysis of approved and discontinued drugs is logical.
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6.4.2 Avenues for Future Work

Assuming that the premise of the approach is accepted, there are several areas where
the model might be improved. These fall into two categories: different modelling

approaches and changes to predictor variables.

Logistic regression models were developed from our datasets. Logistic regression is a
commonly used and recommended approach for binary classification problems®®27,
but there are many other, increasingly commonly used algorithms available!’’. Random
forests is a particularly common approach used in all three papers identified in Chapter
4. Lo et al. directly compare the performance of penalised logistic regression to support
vector machine and random forests, and find random forests to give the best
performance’?’. Heinemann et al. also compare several algorithms, including random
forests but not logistic regression, and find random forests performs best'?. A large
benchmarking study of logistic regression in comparison to random forests showed that
random forests performed marginally better on average®®. However, there is also
evidence suggesting that unless very large datasets are available (> 200 events per
variable [EPV]), logistic regression gives similar and less optimistic performance over
common machine learning algorithms, including random forests?®. In all cases,
improvements with other modelling approaches (if any) are likely to be marginal.
Further, machine learning approaches in drug-likeness have been criticised for lacking
intuitiveness, transparency and ease of implementation!#>. Nevertheless, exploring
them may be worthwhile because even small improvements in predictive performance

could have a significant impact on the overall costs of drug development?8,
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We do not account for time in our analysis and modelling approaches that do might be
useful because drug characteristics may change over time. For example, there is very
recent evidence of small changes for some physicochemical characteristics of approved
drugs over time!®°. To address this issue, Lo et al. developed models in five-year time
windows, using only data from that time period for development and documenting
changes in performance over time'?’. However, given that EPV for their whole dataset
is (optimistically) between four and five (when ten is the minimum recommended),
these sub-analyses will have very low EPV and therefore are likely to be overfit. The
same issue prevents us from performing such an analysis with the discovery dataset.
With the physicochemical dataset, we cannot do this analysis because we do not have
the start dates for all drugs to generate the time windows. If larger datasets with the

required information can be generated, analyses accounting for time would be valuable.

The predictors used in our model are relatively simplistic and with increased resources
more descriptive variables would be feasible. Our literature count variables only
capture a small proportion of the available information. Text mining approaches®2%°
could potentially be used to generate more informative predictors, for example, relating
to the authorship (e.g. academic vs. commercial), funding, or conclusions (e.g.
significant effect vs. not). Additionally, information regarding indications and targets
could be included. Success rates differ across indications and regulatory
designations*!, so including this information in the model could result in better
calibration and greater accuracy. Drug target information can be used to identify
problematic drugs*3® and again might be informative. This list is not exhaustive and, in

each case, a large number of predictor variables could be generated.
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The problem, therefore, is that without a considerably larger dataset (these predictors
are mainly relevant to the discovery dataset, n = 1,220, 212 approved), EPV constraints
will be quickly violated. The primary limitation of adding predictors to the discovery
model will be gathering a larger dataset with a development history that allows
determination of the dates before which predictor variable data should be collected.
Additional commercial databases may be useful for this (e.g. that used in ref: 1%7).
Alternatively, a different moment of prediction could be used with our data (e.g.
commencement of phase |1 trials), which would increase the number of observations

with appropriate data.

Additional physicochemical predictors could be added to the physicochemical dataset.
As mentioned in Chapter 5, we are working to add the number of structural alerts,
which would allow a comparison to a well-known model of drug-likeness'*® to be
performed. A large range of other properties can be readily calculated and have been
used in other models'8. Because this dataset is larger and currently has few predictor
variables, adding variables should be less problematic and might represent a promising

next step.

In developing our models, we considered only predictors that would be relevant prior
to the commencement of any clinical studies. If, however, a moment of prediction later
in development was used, different and potentially more informative predictors could
be used, for example relating to the characteristics of trials, regulatory designation, and
competition for the indication or target. Such information would likely improve the
performance of the model in terms of AUC, but would need to be weighed against the

potential cost of making predictions later in development. Our systematic review
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(Chapter 4) did not identify any models suitable for predicting approval from the
commencement or end of phase | clinical trials, so future models may wish to explore

this moment.

6.5 Concluding Remarks

This thesis began by outlining the evidence that the efficiency of biomedical research
has been consistently falling. Much of the evidence we have accumulated provides
further explanation for potential causes of this inefficiency: i) availability of suitable
data, i) the quality of analysis of that data, and iii) the quality of reporting of that

analysis.

I. The ability to conduct useful analysis relies on the availability of data that
allows us to conduct it. Although one of the goals of the patent system is to
disseminate scientific knowledge, US patents have only been made available
for bulk download by the US Patent and Trade Mark Office since 2010. Other
avenues for searching and analysing patent data have existed for some time,
though the most advanced capabilities require subscriptions and are therefore
not widely accessible. Two'?>127 of the three papers included in Chapter 4
highlighted the need for more or better quality data to generate better models.
In the development of our model in Chapter 5, data availability was also a
challenge. Though increasingly comprehensive open databases exist for
approved and investigational drugs?'°, as well as withdrawn drugs®!%, collated
data on compounds that are discontinued during development is not openly
available. Data on individual discontinued drugs is available publicly and

collating it could be useful to allow other research to compare approved and
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failed drugs. In general, continued efforts to make useful data freely available
are essential.

Across a number of fields touched on in this thesis, analyses conducted can be
improved or made more efficient. We noted in Chapter 2 that many of the
patent landscapes were relatively simplistic and those employing more
complex approaches may not appropriately answer the intended questions.
Given that patent information is readily available, a focus in this area on
improving methodologies and on conducting more hypothesis-driven research
might be valuable. In predicting drug approvals, several methodological issues
were consistently identified. In clinical prediction modelling, these issues
have been widely reported and guidance developed to address them®. If we
recognise that the appropriate types of analysis are essentially the same
between applications, these guidelines could be used much more widely. To
give a concrete example, issues with binning continuous variables in the
specific context of drug-likeness became widely recognised in 2013 (ref: 1%8);
essentially the same issues have been recognised in the context of clinical
prognostic modelling since at least 1994 (ref: 22). The same may be true of
analysis outside prediction modelling.

Regardless of the available data and quality of analysis, the published report
is the primary means by which research can be assessed, synthesised, and
acted on. This thesis finds evidence that the widely reported deficiencies in
reporting of health research are present more broadly in the life sciences.
Because the raw data in patent landscape articles (i.e. patent documents) are

freely available, there is little reason not to have full transparency and
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reproducibility in published articles, for example by including the full list of
patents analysed. In modelling regulatory approval, presentation of the raw
data may not be feasible, as databases used can be proprietary (ref: 1*” and our
model). In these cases, clearly reporting the model in a way that allows its
usage is essential so that others can attempt to externally validate it. Without
the final model or the underlying data, evaluating the model is challenging.
As we have discussed, the solution to reporting quality is not clear, and more
research into evaluating and implementing guidance (or other solutions) is
needed. As with quality of analysis, this research may first be conducted in the
context of health science where the issues are well characterised. As evidence
accumulates, encouraging cross-disciplinary applications of the findings will

again be useful.

We have taken best-practices from clinical and health research and attempted to apply
them to broad issues that may impact biomedical research, specifically by: i)
developing a reporting guideline to improve reporting quality of patent landscapes and
ii) developing a transparently reported predictive model of regulatory approval that
may help to prioritise compounds. Regardless of the outstanding work, this model can
be externally validated based on the data presented. In this discussion, we have made
several additional suggestions that might help to improve the quality and efficiency of

research being conducted. Several areas for future work have also been outlined.
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8.1 Chapter 2

Supplementary Table 8.1: Databases searched and search terms used

Database Searched

Search Terms

PubMed

((("Intellectual Property"[Mesh]) OR "Patents as Topic"[Mesh])
AND ((“landscape”) OR (“Analysis”) OR (“Data Mining”)) NOT
((“Foramen™) OR (“Ovale”) OR (“Ductus™) OR (“Arteriosus™)))

OR
("Patent') AND ("Landscape™)

OvidSP (Embase and
Medline)

(Patent OR intellectual property.mp.)
AND

(methodology OR landscape.mp. OR (data mining.mp. OR data
mining) OR (analysis OR data analysis OR content analysis)

Scopus

TITLE-ABS-KEY (("Intellectual Property" OR "Patent") AND
("Landscape” OR "Data Mining"))

TITLE (("Intellectual Property" OR " Patent") AND ("Review"
OR "Analysis™))

Science Direct

TITLE ("patent" OR "Intellectual Property")
AND

TITLE — ABSTRACT - KEYWORDS ("Landscape” OR
"Analysis" OR "Review" OR "Data Mining")
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Supplementary Figure 8.1: Delphi study participant characteristics

A) Location and B) occupation of participants completing at least one round of the

study (n=19)
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Supplementary Table 8.3: Results from round one of the modified Delphi study (n = 19)

Question Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
Title
1. Authors should include that the article, or a component of 3 8 9 8.4 10 10 5 10 1.4
the article, is a patent landscape in the title
Summary/Abstract
2. Background to the study 5 8 9 8.5 10 10 5 10 1.8
3. Rationale behind the study 4 8 10 8.8 10 10 6 10 1.9
4. Aims of the study 8 10 10 9.8 10 10 2 10 0.5
5. Sources of data for the patents included in the review 1 2 7 59 10 10 9 10 3.8
6. Dates data sources were searched 1 2 4 4.9 8 10 9 2 3.4
7. Patent offices searched 1 2 3 4.8 9 10 9 2 3.5
8. Component(s) of patent documents searched 1 2 3 4.7 8 10 9 2 3.3
9. Methods of analysis of data 1 3 6 6.2 9 10 9 10 3.0
10. Results 9 10 10 9.9 10 10 1 10 0.2
11. Main finding(s) in context of aim(s) 10 10 10 10.0 10 10 0 10 0.0
Introduction
12. Aims of the study 6 10 10 9.6 10 10 4 10 1.0
13. Rational behind the study 7 9 10 9.3 10 10 10 1.0
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Question Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
14. Background to the study 10 10 10 10.0 10 10 0 10 0.0
15. What the patent landscape adds to the literature 2 7 8 7.9 10 10 8 10 2.0
16. Potential impact of the study 2 7 8 7.3 9 10 8 7 2.2
17. For whom the review may be relevant 1 5 6 6.3 8 10 9 6 2.5
Methods
18. State the subject matter of the patents aimed to be 2 9 10 8.9 10 10 8 10 2.0
collected, e.g. “our search will collect patents regarding
use of stem cells in treatment of melanoma”
19. List the criteria used to select patents with reasoning 7 9 10 94 10 10 3 10 0.8
20. Describe how patent documents were collected (e.g. 1 7 9 8.1 10 10 9 10 2.7
through search of databases, or application of software).
21. State the database(s) searched 9 9 10 9.7 10 10 1 10 0.5
22. State patent office(s) searched 7 9 10 95 10 10 3 10 1.0
23. State dates data sources were searched 5 10 10 9.3 10 10 5 10 1.6
24, State component(s) of patent documents searched 5 9 10 9.2 10 10 5 10 1.4
25. Search terms used for one database 3 8 10 8.4 10 10 7 10 2.3
26. Search terms used for all databases searched 3 9 10 9.2 10 10 7 10 1.7
217. Methods regarding how included patents were sorted for 2 7 9 8.5 10 10 8 10 2.0

relevance; “Relevant patents were included through
manual review of the title and abstract of each patent
document”
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Question Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
28. State how the exclusion/ inclusion criteria were applied 1 3 7 6.2 9 10 9 3 2.9
to each patent document (item removed due to similarity
with 27)
29. State that patent selection should be blindly reproduced 1 3 3 5.2 9 10 9 3 3.3
30. State software used to extract data, if used 3 8 10 8.7 10 10 7 10 1.9
31. State data collection was shown to be reproducible 1 3 5 5.6 8 10 9 3 3.1
32. Describe all information sought from patent documents 3 8 9 8.3 10 10 7 9 2.0
e.g. “Information regarding inventors and assignees was
collected from each patent document”
33. State what was done when this information was not 1 6 8 7.2 9 10 9 9 2.8
available in a patent document
Results
34. State number of patents assessed for eligibility 3 9 10 9.1 10 10 7 10 2.0
35. State number of patents included in the study 5 10 10 95 10 10 5 10 1.2
36. Provide reasons for exclusion at each stage 8 9 10 94 10 10 2 10 0.8
37. Provide a summary of all patents included in the study 3 9 9 8.6 10 10 7 10 1.9
38. Provide a list of patent publication numbers for patents 1 3 5 5.8 8 10 9 5
included in the study. 3.0
39. Present results of each analysis carried out with 5 9 10 9.1 10 10 5 10
explanation of results. 1.6
40. Provide an explanation of how each analysis contributes 2 8 9 8.0 10 10 8 10
to the aims of the paper 2.3
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Question Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
41, A list of patent publication numbers should be provided, 1 2 5 5.6 9 10 9 5

for included patents, for each analysis carried out 3.2

Discussion
42. Provide a summary of the studies findings 5 10 10 9.5 10 10 5 10 1.3
43. Link the findings of the study to its aims 5 9 10 9.3 10 10 5 10 1.4
44, Link the findings of the study to other work in the area 3 8 9 8.5 10 10 7 10 1.9
45, Authors should discuss the potential impact of their work 3 8 8 8.4 10 10 7 10 2.0
46. Authors should discuss to whom their work may be 1 5 7 6.8 9 10 9 9

relevant 2.5
47, Describe the limitations of the review in context of the 3 9 10 9.1 10 10 7 10

reliability of the conclusions 1.7
48. Discuss the limitations that are related to the 7 9 10 94 10 10 3 10

methodology of the study 0.9
49, Discuss the limitations that are related to the software 2 5 9 7.8 10 10 8 10

used in the study 3.0
50. Authors should discuss how they attempted to reduce 4 7 9 8.2 10 10 6 10

sources of error 2.1
51. Conclusion should provide a general interpretation of the 3 8 10 9.1 10 10 7 10

results in the context of other evidence 1.7
52. Conclusion should state how the work has implications 5 8 9 8.8 10 10 5 10

for future research 1.5
53. Conclusion should state how the study builds on previous 2 4 7 6.7 10 10 8 10 2.9
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Question Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
work
Other
54, Conflicts of Interest 6 10 10 9.6 10 10 4 10 1.0
55. Describe sources of funding for the article 6 10 10 9.6 10 10 4 10 1.0
56. Other support (e.g. supply of data) 6 10 10 94 10 10 4 10 1.2
57. Describe the role of funders for the article 5 8 10 8.8 10 10 5 10 1.7
Supplementary Table 8.4: Results from round two of the modified Delphi study (n = 18)
Question  Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
Definition
1 “NEW ITEM* Do you agree with this definition? 6 8 10 9.1 10 10 4 10 1.3
Title
2 *NEW ITEM* Authors should state the subject matter 8 10 10 9.6 10 10 2 10 0.7
(e.g. stem cells for cancer, gene editing technologies) of
the investigation in the title.
3 *NEW ITEM* Authors should state the main 1 1 1 2.6 2 10 9 1 3.2
conclusion(s) in the title.
Summary/Abstract
4 Sources of data for the patents included in the review 2 3 3 3.7 3 10 8 3 2.2
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Question  Question Item/ Section Min 1st Median Mean 3rd Max Range Mode SD
Number Quartile Quartile
5 Dates data sources were searched 1 1 1 25 2.75 10 9 1 3.0
6 Patent offices searched 1 1 1 2.2 2 10 9 1 25
7 Component(s) of patent documents searched 1 1 1 19 1.75 10 9 1 2.3
8 Methods of analysis of data 2 3 3 3.8 3 10 8 3 2.2
9 *NEW ITEM* Funding information. 1 1 1 25 1 10 9 1 3.2
Introduction
10 What the patent landscape adds to the literature — Kappa 1 55 10 7.5 10 10 9 10 3.1
is 0.67*
11 For whom the review may be relevant — Kappa is 0.69* 5 7.5 10 8.7 10 10 5 10 1.8
Methods
12 Describe how patent documents were collected (e.g. 2 9.5 10 8.6 10 10 8 10 2.4
through search of databases, or application of software).
13 *NEW ITEM* Authors should specify the definition 6 10 10 94 10 10 4 10 11
and source of patent family designations, e.g., Derwent
or INPADOC, if any analysis incorporated patent
families.
14 Methods regarding how included patents were sorted for 9 10 10 9.8 10 10 1 10 0.3
relevance; “Relevant patents were included through
manual review of the title and abstract of each patent
document”
15 State that patent selection should be blindly reproduced 5 5 5.1 5 10 9 5 25
16 State data collection was shown to be reproducible 5 5 5.3 6 10 9 5 25
17 State what was done when this information was not 9 10 95 10 10 2 10 0.9

available in a patent document
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Question  Question Item/ Section 1st Median Mean 3rd Max Mode SD

Number Quartile Quartile
Results

18 Provide a list of patent publication numbers for patents 8.5 10 8.5 10 10 10 2.3
included in the study.

19 A list of patent publication numbers should be provided, 1 1 1 2.4 2 10 1 2.9
for included patents, for each analysis carried out.
Discussion

20 Authors should discuss to whom their work may be 8.5 10 8.9 10 10 10 1.6
relevant

21 Discuss the limitations that are related to the software 9 10 8.9 10 10 10 1.7
used in the study

22 Authors should discuss how they attempted to reduce 9 10 8.9 10 10 10 18
sources of error

23 Conclusion should state how the study builds on 9 10 8.3 10 10 10 2.7

previous work
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8.3 Chapter 4

Supplementary Table 8.5: Search terms

Database Searched

Search Terms

(Date Conducted)

Scopus (27/03/2018)  (TITLE-ABS-KEY (algorithm* OR predict* OR discriminat* OR
differentiat* OR computat™*)

AND

TITLE-ABS-KEY (drug* OR compound* OR molecule* OR "new
chemical entit*"" OR medication* OR medicine*)

AND

TITLE-ABS-KEY ("market approv*" OR "regulatory approv*" OR
"market authori*" OR "regulatory authori*" OR "market launch”
OR (drug W/1 approv¥*))

AND

TITLE-ABS-KEY (fail* OR abandon* OR cease OR problem* OR
unsuccess* OR discontinu*))

PubMed (9/04/2018)  (((((algorithm* or predict* or discriminat* or differentiat* or
computat*))) AND (((drug* OR compound* OR molecule* or
medication* or medicine*)) OR new chemical entit*)) AND
(((((((market approv*) OR regulatory approv*) OR market authori*)
OR regulatory authori*) OR market launch)) OR drug approv*))
AND ((fail* OR abandon* OR cease or problem* OR unsuccess*
OR discontinu*))

MEDLINE See Supplementary Table 8.6

(9/04/2018)

EMBASE 1974 to ((algorithm* or predict* or discriminat* or differentiat* or

present (28/08/2018)  computat®) and (drug* or compound* or molecule* or medication*

or medicine* or new chemical entit*) and (market approv* or
regulatory approv* or market authori* or regulatory authori* or
market launch or drug approv*) and (fail* or abandon* or cease or
problem™* or unsuccess* or discontinu*))
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Supplementary Table 8.6: Search terms for MEDLINE through Ovid

Number Searches Results
1 *ALGORITHMS/ or *Pattern Recognition, Automated/ 77,801
2 predict*.mp. 1,176,985
3 discriminat®.mp. 198,858
4 differentiat*.mp. 663,693
5 exp algorithms/ 271,329
6 computat®.mp. 153,345
7 lor2or3ordor5or6 2,252,254
8 drug*.mp. 2,411,386
9 "new chemical entit*".mp. [mp=title, abstract, original title, name of 1,443
substance word, subject heading word, keyword heading word,
protocol supplementary concept word, rare disease supplementary
concept word, unique identifier, synonyms]
10 compound*.mp. 979,070
11 molecule*.mp. 595,071
12 medication*.mp. 255,555
13 medicine*.mp. 710,590
14 8or9orl10orl1loril2orl3 4,327,859
15 "market approv*".mp. [mp=title, abstract, original title, name of 239
substance word, subject heading word, keyword heading word,
protocol supplementary concept word, rare disease supplementary
concept word, unique identifier, synonyms]
16 "regulatory approv*".mp. [mp=title, abstract, original title, name of 1,791
substance word, subject heading word, keyword heading word,
protocol supplementary concept word, rare disease supplementary
concept word, unigue identifier, synonyms]
17 "market authori*".mp. [mp=title, abstract, original title, name of 202
substance word, subject heading word, keyword heading word,
protocol supplementary concept word, rare disease supplementary
concept word, unique identifier, synonyms]
18 "regulatory authori*".mp. [mp=title, abstract, original title, name of 2,705
substance word, subject heading word, keyword heading word,
protocol supplementary concept word, rare disease supplementary
concept word, unique identifier, synonyms]
19 *Drug Approval/ 6,080
207 150r 16 or 17 or 18 or 19 10,674
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Number Searches Results
21+ 7 and 14 and 20 510
22 fail*.mp. 1,027,346
23 abandon*.mp. 16,239
24 cease.mp. 3,589
25 problem*.mp. 831,112
26 unsuccess*.mp. 28,889
27 discontinu*.mp. 96,798
28 22 or 23 or 24 or 25 or 26 or 27 1,921,081
29% 21 or 28 1,921,495
307 21and 28 96
31 (drug adj1 approv*).mp. [mp=title, abstract, original title, name of 15,346

substance word, subject heading word, keyword heading word,

protocol supplementary concept word, rare disease supplementary

concept word, unique identifier, synonyms]
32 150r16 0or17or18or 19 or 31 19,680
33 7 and 14 and 28 and 32 191

7 Not included directly in the final search, number 33

Supplementary Table 8.7: Data extraction items

Item/Section

General Information

Date of data extraction
Record number (e.g. PMID)
Lead author

Article title

Citation

Type of publication

Source of funding

Date of publication

Overall description of the approach
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Dataset Characteristics

Source of data

Date dataset generated

Drug population (e.g. small molecules for cancer)
Definition of outcome variable

List and number of candidate predictor variables
Definition and source of candidate predictors provided?
Timing of prediction (e.g. Phase I, Phase 1)

Sample size, including sample sizes of individual groups
Number of outcomes in relation to number of candidate predictors (events per variable)
Indications included

Date ranges for included drugs

Geographical limitations

Other restrictions on dataset

Number of entries with missing data, by outcome if available

Methods for Model Development, Performance and Evaluation

Handling of missing data

Description of modelling method

Final modelling method

Algorithm tuning/ development

Methods for selecting predictors for inclusion in multivariable modelling
Methods for selecting predictors during multivariable modelling
Treatment of continuous variables

Details of any sub-group analysis

Details of any comparator approach

Calibration measures (e.g. calibration plot, calibration slope)
Discrimination measures (e.g. area under the receiver operating characteristic curve)
Classification measures (e.g. sensitivity, specificity)

Methods for testing model performance (e.g. cross-validation, bootstrapping, external
validation)
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Results

Reported performance (discrimination, calibration, classification)
Details of final algorithm deployed
List of input variables required for algorithm

Details of relative importance or weight of input variables

Interpretation and Discussion

Limitations acknowledged in the manuscript

Other

Any other methodological issues identified

8.4 Chapter 5

8.4.1 Figures
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Supplementary Figure 8.2: Distributions of approved vs. discontinued drugs for

example physicochemical parameters in the discovery dataset
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Supplementary Figure 8.3: Checking the linearity in the logit assumption for a

linear logistic regression model in the discovery dataset

Logistic regression assumes that predictor variables are linear in the logit. Numerical
predictor variable values are plotted against the logit with a loess smoother (#95% CI). Where
there were few distinct x-axis values and a large proportion of zeroes, a loess smoother was
not fit. Abbreviations: AROM = number of aromatic rings, EA GDP = European Area gross
domestic product change (annual %), EU VC Companies = number of companies receiving

venture capital in EU (10s of companies) HBAC = hydrogen bond acceptor count HBDC =
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hydrogen bond donor count, RandD = pharma R&D spend, RBC = rotatable bond count, TPSA
= topological polar surface area (A?), US GDP = United States gross domestic product change
(annual %), XLogP = logarithm of the octanol/water partition coefficient (XLogP method).

For full descriptions see Table 5.1 and methods.
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Deviance Residual
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Supplementary Figure 8.4: Deviance residuals for linear logistic regression on

discovery dataset model show acceptable fit

Most observations for numerical predictors yield a deviance residual within the range of #2

(dashed red lines) indicating generally acceptable fit. Dashed black lines are zero (perfect fit).
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Abbreviations: AROM = number of aromatic rings, EA GDP = European Area gross domestic
product change (annual %), EU VC Companies = number of companies receiving venture
capital in EU (10s of companies) HBAC = hydrogen bond acceptor count HBDC = hydrogen
bond donor count, RandD = pharma R&D spend, RBC = rotatable bond count, TPSA =
topological polar surface area (A%, US GDP = United States gross domestic product change
(annual %), XLogP = logarithm of the octanol/water partition coefficient (XLogP method).

For full descriptions see Table 5.1 and methods.
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Supplementary Figure 8.5: Apparent calibration plots for discovery model

The discovery model was used to generate predicted probabilities for each drug the discovery
dataset. Event-prediction pairs were then grouped into bins according to the predicted
probabilities and plotted (error bars £ 95% CI). Number of observations per bin are shown
above or below error bars. A) All predictions across the full range of predicted probabilities
are shown (10 bins); B) Only predicted probabilities less that 50% are shown (20 bins across

all data). Dashed line is perfect calibration.
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Supplementary Figure 8.6: Correlation matrix for predictor variables in

physicochemical model

A correlation matrix was generated to allow assessment of collinearity, which was found to be
acceptable. Abbreviations: AROM = number of aromatic rings, HBAC = hydrogen bond
acceptor count HBDC = hydrogen bond donor count, RBC = rotatable bond count, TPSA =
topological polar surface area, A?, XLogP = logarithm of the octanol/water partition

coefficient (XLogP method).
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Supplementary Figure 8.7: Distribution of predictors in physicochemical dataset

across approved and discontinued drugs
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Supplementary Figure 8.8: Checking the linearity in the logit assumption for a

linear logistic regression model in the physicochemical dataset

Logistic regression assumes that predictor variables are linear in the logit. Predictor values
with a loess smoother (#+95% CI) are plotted against the logit and satisfy this assumption.
Abbreviations: AROM = number of aromatic rings, HBAC = hydrogen bond acceptor count
HBDC = hydrogen bond donor count, RBC = rotatable bond count, TPSA = topological polar
surface area, A2, XLogP = logarithm of the octanol/water partition coefficient (XLogP

method).
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Supplementary Figure 8.9: Deviance residuals vs. predictor value for

physicochemical model

Nearly all observations yield a deviance residual within the range of #2 (dashed red lines)
indicating good model fit. Dashed black lines are zero (perfect fit). Abbreviations: AROM =
number of aromatic rings, HBAC = hydrogen bond acceptor count HBDC = hydrogen bond
donor count, RBC = rotatable bond count, TPSA = topological polar surface area, A%, XLogP

= logarithm of the octanol/water partition coefficient (XLogP method).
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Supplementary Figure 8.10: Apparent calibration plots for physicochemical

model

The physicochemical model was used to generate predicted probabilities for each drug in the
physicochemical dataset. Event-prediction pairs were then grouped into bins according to the
predicted probabilities and plotted (error bars + 95% CI; not shown if only one observation).
Number of observations per bin are shown above or below error bars. A) All predictions across
the full range of predicted probabilities are shown (10 bins); B) Only predicted probabilities

less that 50% are shown (20 bins across all data). Dashed line is perfect calibration.
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8.4.2 Tables

Supplementary Table 8.8: Comparison of regression coefficients with and

without influential observations in discovery dataset

Two influential observations were identified by Cook’s distance calculations (observation 272

and 569). The impact of their removal on the regression coefficients is therefore presented.

Intercept and All 272 Removed 569 Removed
Predictor* Observations

Coefficient | Coefficient | % Change | Coefficient | % Change

(Intercept) -0.077 -0.141 -84 -0.119 -54

Molecular weight -0.002 -0.002 1 -0.002 4

HBDC -0.070 -0.064 8 -0.069

HBAC 0.160 0.162 -1 0.159 1

RBC -0.011 -0.011 4 -0.013 -15

TPSA -0.002 -0.002 -17 -0.002 0

AROM 0.039 0.038 2 0.039 0

XLogP 0.014 0.013 4 0.014 -4

Academic -0.149 -0.151 -1 -0.150 -1
commercial
(commercial = 1)

Company change 0.420 0.404 4 0.419 0
(change = 1)

Distir_wt -0.026 -0.013 50 -0.026 1
companies

Citations 0.010 0.019 -90 0.009 9

Submitted patents 0.000 0.000 14 0.000 -176

RandD -0.004 -0.004 3 -0.004 1

US interest rate -0.042 -0.037 12 -0.040 7

EU VC companies 0.002 0.002 3 0.002 0

EA GDP -0.106 -0.112 -6 -0.107 -1

US GDP -0.066 -0.062 7 -0.065 2
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*Abbreviations: AROM = number of aromatic rings, EA GDP = European Area Qgross
domestic product change (annual %), EU VC Companies = number of companies receiving
venture capital in EU (10s of companies) HBAC = hydrogen bond acceptor count HBDC =
hydrogen bond donor count, RandD = pharma R&D spend, RBC = rotatable bond count, TPSA
= topological polar surface area (A?), US GDP = United States gross domestic product change
(annual %), XLogP = logarithm of the octanol/water partition coefficient (XLogP method).

For full descriptions see Table 5.1 and methods.
Supplementary Table 8.9: Comparison of regression coefficients with and
without influential observation in the physicochemical dataset

One influential observation was identified by Cook’s distance calculations (observation 666).

The impact of its removal on the regression coefficients is therefore presented.

Coefficient
Intercept and All Observations Influential Observation Percentage
Predictor* Removed Change
(Intercept) -0.403 -0.430 7
Molecular.Weight -0.001 -0.001 -20
HBDC -0.012 -0.042 258
HBAC 0.112 0.111 -1
RBC -0.019 -0.020 2
TPSA -0.002 -0.001 -40
AROM -0.216 -0.219 1
XLogP -0.056 -0.067 20

* Abbreviations: AROM = number of aromatic rings, HBAC = hydrogen bond acceptor count
HBDC = hydrogen bond donor count, RBC = rotatable bond count, TPSA = topological polar
surface area, A%, XLogP = logarithm of the octanol/water partition coefficient (XLogP

method).
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