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1 Introduction
In 1938, President Franklin D. Roosevelt signed the Food, Drug, and Cosmetic
Act, establishing the Food and Drug Administration’s (FDA) authority to re-
quire pre-market approval of pharmaceuticals [Com14]. This created a regula-
tory framework where pharmaceutical companies must demonstrate safety and
efficacy through clinical trials before bringing drugs to market. The costs of
these trials - both in time and money - form a significant barrier to entry in
pharmaceutical markets. Understanding what causes clinical trials to fail is
therefore crucial to predict the impact of policies, intended or unintended.

Existing research has examined how drugs progress through development
pipelines, but we know relatively little about the relative contribution of differ-
ent challenges to the early termination of clinical trials. When a trial terminates
early due to operational challenges rather than safety or efficacy concerns, po-
tentially effective treatments may be delayed or abandoned entirely.

This paper provides the first empirical framework to separate market-driven
and safety/efficacy based terminations from one form of operational failure –
enrollment challenges – in Phase III clinical trials. Using a novel data-set con-
structed from administrative data registered on ClinicalTrials.gov, I exploit vari-
ation in enrollment timing and market conditions to identify how extending the
enrollment period affects trial completion. Specifically, I answer the question:
“How does the probability of trial termination change when the enrollment period
is extended?” This approach differs from previous work that focuses for the
most part on the drug development pipeline and progression between clinical
trial phases.

To understand how I do this, we’ll cover some background information on
clinical trials, the current literature, and the administrative data I collected in
section 2. Then I’ll explain the approach to causal identification and how the
data collected matches those results, 3. Then we’ll cover the econometric model
(section 4) and results (section 5). Finally, we acknowledge deficiencies in the
analysis and potential improvements in section 6, then end with my thoughts
in the conclusion 7

2

Thomas Marsh
Comment on Text
As well as economic efficiency ...

Thomas Marsh
Comment on Text
References? ... need better referencing in the paper overall ...

Thomas Marsh
Comment on Text
Please use accepted standard referencing in the document and in the references.  Include all references ....

Thomas Marsh
Comment on Text
IN the introduction, you need to motivate your economic problem, justify why its important, and position your primary contributions to the literature.  

Positioning the paper.  And so what do you find?  In otherwords what are your primary contributions to the literature and how does this compare to other research.



Diamonds represent decision points while Squares represent states of the clinical trial
and Rhombuses represent data obtained by the trial.

Figure 1: Clinical Trial Stages and Progression

2 Clinical Trial Background
To understand why clinical trials succeed or fail requires understanding how
they operate and how their progress is documented. The primary source of
this operational data is ClinicalTrials.gov, where investigators record key in-
formation about their trials’ status and progression. To understand how my
administrative data captures trial progression, we’ll examine how investigators
document their trials’ states and transitions. Figure 1 is a flowchart of defini-
tions of the different states that a trial can take and the decisions leading to
each. It also describes the knowledge obtained by the study operator and how
that influences further decisions. The states are standardized and defined by
the National Library of Medicine [US 24]. During the prior to a study, the trial
investigators will design the trial, choose primary and secondary objectives, and
decide on how many participants they need to enroll. Once they have decided
on these details, they post the trial to ClinicalTrials.com and decide on a
date to begin enrolling trial participants. After a trial has enrolled enough par-
ticipants, the sponsor will move to an ”Active, not recruiting” state to inform
potential participants that they have recruiting. During this time, the trial op-
erators continue monitoring participants for adverse events and tracking their
disease severity and compliance with treatment. Finally, when the investigators
have obtained enough data to achieve their primary objective, the clinical trial
will be closed and marked as “Completed” in ClinicalTrials.gov If the trial
is closed before achieving the primary objective, the trial is marked as “Ter-
minated” on ClinicalTrials.gov. Trials can be terminated because safety or
efficacy evidence suggested it was not worth continuing, enrollment rates were
too low to achieve the primary objective within time and budget constraints.

As a trial goes through the different stages of recruitment, the investigators
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update the records on ClinicalTrials.gov. Even though there are only a few
times that investigators are required to update this information, it tends to be
updated somewhat regularly during enrollment as it is a way to communicate
with potential enrollees. When a trial is first posted, it includes information
such as planned enrollment, planned end dates, the sites at which it is being
conducted, the diseases that it is investigating, the drugs or other treatments
that will be used, and who is sponsoring the trial. As enrollment is opened and
closed and sites are added or removed, investigators will update the status and
information to help doctors and potential participants understand whether they
should apply.

When a trial ends, it can end in one of three ways. The most desirable
outcome is completion, where the trial achieves its primary objective by gath-
ering sufficient data about safety and efficacy. However, trials may also end
early either through withdrawal (as mentioned previously) or termination. Ter-
mination occurs after enrollment has begun but before achieving the primary
objective.

Understanding why trials terminate early is the key goal of this work, but is
not straightforward. Terminated trials typically record a description of a single
reason for the clinical trial termination. This doesn’t necessarily list all the rea-
sons contributing to the trial termination and may not exist for a given trial. As
an example, if a Principal Investigator leaves for another institution (terminat-
ing the trial), this decision may be affected by things such as a safety or efficacy
concern, a new competitor on the market, difficulties recruiting participants,
or a lack of financial support from the study sponsor. In this way, the stated
reason may mask the underlying challenges that led to the termination, leaving
us to use another way to infer the relative impact of operational difficulties. move the

followingTo better describe termination causes, I suggest classifying them into three
broad categories. The first category, Safety or Efficacy concerns, occurs when
data suggests the treatment is unsafe or unlikely to achieve its therapeutic goals.
While Khmelnitskaya [Khm21] describes these as scientific failures, I contend
that they represent successful knowledge gathering - the clinical trial process
working as intended to identify ineffective treatments. The second category,
Strategic concerns, encompasses business and market-driven decisions such as
changes in company priorities or competitive landscape. The final category,
Operational concerns, includes practical challenges like insufficient enrollment
rates or loss of key personnel. These latter two categories represent true failures
of the trial process, as they prevent us from learning whether the treatment
would have been safe and effective.

2.1 Literature on Clinical Trials
Clinical trials are a required part of drug development. Not only does the FDA
require that a series of clinical trials demonstrate sufficient safety and efficacy of
a novel pharmaceutical compound or device, producers of derivative medicines
may be required to ensure that their generic small molecule compound – such as
ibuprofen or levothyroxine – matches the performance of the originator drug if
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delivery or dosage is changed. For large molecule generics (termed biosimilars)
such as Adalimumab (Brand name Humira, with biosimilars Abrilada, Amjevita,
Cyltezo, Hadlima, Hulio, Hyrimoz, Idacio, Simlandi, Yuflyma, and Yusimry),
the biosimilars are required to prove they have similar efficacy and safety to the
reference drug.

In the world of drug development, these trials are classified into different
phases of development1. Pre-clinical studies primarily establish toxicity and
potential dosing levels. Phase I trials are the first attempt to evaluate safety
and efficacy in humans. Participants typically are healthy individuals, and they
measure how the drug affects healthy bodies, potential side effects, and adjust
dosing levels. Sample sizes are often less than 100 participants. Phase II trials
typically involve a few hundred participants and is where investigators will dial
in dosing, research methods, and safety. A Phase III trial is the final trial
before approval by the FDA, and is where the investigator must demonstrate
safety and efficacy with a large number of participants, usually on the order of
hundreds or thousands. Occasionally, a trial will be a multi-phase trial, covering
aspects of either Phases I and II or Phases II and III. After a successful Phase
III trial, the sponsor will decide whether or not to submit an application for
approval from the FDA. Before filing this application, the developer must have
completed “two large, controlled clinical trials.” Phase IV trials are used after
the drug has received marketing approval to validate safety and efficacy in the
general populace. Throughout this whole process, the FDA is available to assist
in decision-making regarding topics such as study design, document review,
and whether they should terminate the trial. The FDA also reserves the right
to place a hold on the clinical trial for safety or other operational concerns,
although this is rare. [Com28].

In the economics literature, most of the focus has been on describing how
drug candidates transition between different phases and their probability of final
approval. Abrantes-Metz, Adams, and Metz [AAM04] described the relation-
ship between various drug characteristics and how the drug progressed through
clinical trials. They found that as Phase I and II trials last longer, the rate of
failure increases. In contrast, Phase 3 trials generally have a higher rate of suc-
cess than failure after 91 months. This may be due to the fact that the purpose
of Phases I and II are different from the purpose of Phase III.

Continuing on this theme, DiMasi et al. [DiM+10] examine the completion
rate of clinical drug development and find that for the 50 largest drug producers,
approximately 19% of their drugs under development between 1993 and 2004
successfully moved from Phase I to receiving an New Drug Application (NDA)
or Biologics License Application (BLA). They note a couple of changes in how
drugs are developed over the years they study, most notably that drugs began to
fail earlier in their development cycle in the latter half of the time they studied.
They note that this may reduce the cost of new drugs by eliminating late and
costly failures in the development pipeline.

Earlier work by DiMasi [DiM02] used data on 68 investigational drugs from
1[22] provide an overview of this process while [Com28] describes the process in detail.
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10 firms to simulate how reducing time in development reduces the costs of
developing drugs. He estimates that reducing Phase III of clinical trials by one
year would reduce total costs by about 8.9% and that moving 5% of clinical trial
failures from phase III to Phase II would reduce out of pocket costs by 5.6%.

A key contribution to this drug development literature is the work by Khmel-
nitskaya [Khm21] who created a causal identification strategy to disentan-
gle strategic exits from exits due to clinical failures in the drug development
pipeline. She found that overall 8.4% of all pipeline exits are due to strategic
terminations and that the rate of new drug production would be about 23%
higher if those strategic terminatations were eliminated.

The work that is closest to mine is the work by Hwang et al. [Hwa+16] who
investigated causes for which late stage (Phase III) clinical trials fail – with a
focus on trials in the USA, Europe, Japan, Canada, and Australia. They iden-
tified 640 novel therapies and then studied each therapy’s development history,
as outlined in commercial datasets. They found that for late stage trials that
did not go on to receive approval, 57% failed on efficacy grounds, 17% failed on
safety grounds, and 22% failed on commercial or other grounds.

Unfortunately the work of both Hwang et al. [Hwa+16] and Khmelnitskaya
[Khm21] ignore a potentially large cause of failures: operational challenges, i.e.
when issues running or funding the trial cause it to fail before achieving its
primary objective. In a personal review of 199 randomly selected clinical trials
which terminated before achieving their primary objective, I found that 14.5%
cited safety or efficacy concerns, 9.1% cited funding problems (an operational
concern), and 31% cited enrollment issues (a separate operational concern)2.

2.2 Introduction to ClinicalTrials.Gov
Since Sep 27th, 2007 those who conduct clinical trials of FDA controlled drugs
or devices on human subjects must register their trial at ClinicalTrials.gov
([22]). This involves submitting information on the expected enrollment and
duration of trials, drugs or devices that will be used, treatment protocols and
study arms, as well as contact information the trial sponsor and treatment sites.

When starting a new trial, the required information must be submitted
“…not later than 21 calendar days after enrolling the first human subject…”.
After the initial submission, the data is briefly reviewed for quality and then
the trial record is published and the trial is assigned a National Clinical Trial
(NCT) identifier. ([22]).

Each trial’s record is updated periodically, including a final update that must
occur within a year of completing the primary objective, although exceptions
are available for trials related to drug approvals or for trials with secondary
objectives that require further observation3 ([22]). Other than the requirements
for the first and last submissions, all other updates occur at the discretion of the
trial sponsor. Because the ClinicalTrials.gov website serves as a central point

2Note that these figures differ from Hwang et al. [Hwa+16] because I sampled from all
stages of trials, not just Phase III trials focused on drug development.

3This rule came into effect in 2017
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of information on which trials are active or recruiting for a given condition or
drug, most trials are updated multiple times during their progression.

There are two primary ways to access data about clinical trials. The first
is to search individual trials on ClinicalTrials.gov with a web browser. This
web portal shows the current information about the trial and provides access to
snapshots of previously submitted information. Together, these features fulfill
most of the needs of those seeking to join a clinical trial. For this project I’ve
been able to scrape these historical records to establish snapshots of the records
provided. The second way to access the data is through a normalized database
setup by the Clinical Trials Transformation Initiative called AACT. The AACT
database is available as a PostgreSQL database dump or set of flat-files. These
dumps match a near-current version of the ClinicalTrials.gov database. This
format is amenable to large scale analysis, but does not contain information
about the past state of trials. I combined these two sources, using the AACT
data-set to select trials of interest and then scraping ClinicalTrials.gov to
get a timeline of each trial. The result is a series of snapshots, each documenting
a specific set of recorded changes in a trial. It is these snapshots that provide
the opportunity to estimate the data generating process corresponding to the
clinical trials for which I have data.

3 Causal Story and Data
As I am trying to separate strategic concerns (the effect of a marginal treat-
ment methodology) and an operational concern (the effect of a delay in closing
enrollment), we need to look at what confounds these effects and how we might
measure them. To start, we’ll look at the data generating model, the values of
interest, and both the observed and unobserved confounding variables. We’ll
also discuss how the data collected fits the data generating process.

The primary effects one might expect to see are that

1. Adding more drugs to the market will make it harder to finish a trial as
it is more likely to be terminated due to concerns about profitability.

2. Adding more drugs to the market will make it harder to recruit, slowing
enrollment.

3. Enrollment challenges (i.e. delays) increase the likelihood that a trial will
terminate.

Unfortunately, these causal effects are confounded in many different ways. Fig-
ure 2 contains a description of the causal model.

3.1 Causal Identification
Because running experiments on companies running clinical trials is not going
to happen anytime soon, causal identification depends on using a structural
causal model. Because the data generating process for the clinical trials records
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is rather straightforward, this is an ideal place to use Pearl [Pea09] Do-Calculus.
This process involves describing the data generating process in the form of a
directed acyclic graph, where the nodes represent different variables within the
causal model and the directed edges (arrows) represent assumptions about which
variables influence the other variables. There are a few algorithms that then
tell the researcher which of the relationships will be confounded, which ones can
be statistically estimated, and provides some hypotheses that can be tested to
ensure the model is reasonably correct.

In ?? I diagram the directed acyclic graph that describes my proposed data
generating process, It revolves around the decisions made by the study sponsor,
who must decide whether to let a trial run to completion or terminate the
trial early. While receiving updates regarding the status of the trial, they ask
questions such as:

• Do I need to terminate the trial due to safety incidents?

• Does it appear that the drug is effective enough to achieve our goals,
justifying continuing the trial?

• Are we recruiting enough participants to achieve the statistical results we
need in the budget we have?

• Does the current market conditions and expectations about returns on
investment justify the expenditures we are making?

When appropriate issues arise, the study sponsor terminates the trial, otherwise
it continues to completion.

Figure 2: Graphical Causal Model
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A quick summary of the nodes of the DAG, which nodes are captured in the
data, the hypothesized relationships in the model, and the proposed confounding
pathways.

• Items of Interest (Blue boxes and Arrow)

1. Enrollment Level (Enrollment Status): While occasionally a trial
will keep the enrollment numbers up to date, the only regular infor-
mation on enrollment received is the enrollment status, i.e. whether
they have finished recruiting or not.

2. Will it Terminate?: This represents whether the trial was termi-
nated or if it completed successfully.

3. The effect of Enrollment Status on Will it Terminate?: How
does changing the enrollment status affect the probability of termi-
nation.

• Observed values (Solid orange boxes)

1. Condition (Not drawn in DAG because it impacts everything): The
underlying condition, classified by ICD-10 group. This impacts every
other aspect of the model and is pulled from the AACT data-set.

2. Market Measures: Various measures of the number of alternate drugs
on the market. These are either the number of other drugs with the
same active ingredient as the trial (both generic and originators), and
those considered alternatives in various formularies published by the
United States Pharmacopoeia.

3. Population (market size): Multiple measures of the impact the
disease. These are measured by the DALY cost of the disease, and
is separated by the impact on countries with High, High-Medium,
Medium, Medium-Low, and Low Socio-Demographic Index (SDI)
scores. This data comes from the Institute for Health Metrics’ Global
Burden of Disease study [Vos+20].

4. Elapsed Duration: A normalized measure of the time elapsed in
the trial. Comes from the original estimate of the trial’s primary
completion date and the registered start date. I take the difference
in days between these, and get the percentage of that time that has
elapsed. This calculation is based on data from the snapshots and
the AACT final results.

5. Decision to Proceed with Phase III: If the compound develop-
ment has progressed to Phase III. This is included in the analysis by
only including Phase III trials registered in the AACT data-set.

• Unobserved (Green Boxes with squiggle hatch marks)

1. Fundamental Efficacy and Safety: The underlying safety of the
compound. Cannot be observed, only estimated through scientific
study.
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2. Previously observed Efficacy and Safety: The information gath-
ered in previous studies. This is not available in my data-set because
I don’t have links to prior studies.

3. Currently observed Efficiency and Safety: The information gath-
ered during this study. This is only partially available, and so is
treated as unavailable. After a study is over, the investigators are
often publish information about adverse events, but only those that
meet a certain threshold. As this information doesn’t appear to be
provided to participants, we don’t consider it.

• Jointly determined variables

1. Enrollment Level (Enrollment Status)↔ Elapsed Duration: Be-
cause I only observe enrollment status and have not good estimate of
the enrollment process, there is a potential for confounding between
the elapsed duration of a trial and the enrollment status. The pro-
posed mechanisms are through the partially observed levels of enroll-
ment. First, as a trial progresses, the enrollment levels should grow
until it matches the planned enrollment and the trial ends. Thus
under good circumstances, elapsed duration drives enrollment levels.
Under bad circumstances though, low enrollment levels may cause
the duration to extend, as study sponsors spend more resources to
complete the trial successfully. This is an issue because the only com-
plete measure of enrollment that we currently have is the enrollment
status, and thus I cannot control for this effect.

2. Market Conditions↔ Population: There exists an endogenous dy-
namic between between the treatments available for a disease and the
market size/population with that disease. Cerda [Cer07] proposes
two mechanisms that link the drugs on the market and market size.
The first is that a larger population increases the potential profitabil-
ity, trying to get more treatments allowed. The inverse is that for
many chronic diseases with high mortality rates, more drugs cause
better survivability, increasing the size of those markets.

• Confounding Pathways

1. Condition (Not drawn in figure 2): Interacts with everything.
2. Backdoor Pathway between Will Terminate? and Enrollment Status

through Fundamental Safety and Efficacy. The concern is that
since previously learned information and current information are
driven by the same underlying physical reality, the enrollment pro-
cess and termination decisions may be correlated. Controlling for
the decision to proceed with the trial is the best adjustment avail-
able to block this confounding pathway. Below I describe the exact
pathways.
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(a) Will Terminate? ← Currently Observed Efficacy and Safety
← Fundamental Efficacy and Safety→ Previously Observed
Efficacy and Safety→ Is likely safe and effective (Decision
to proceed with Phase III trial) → Enrollment Process
Parameters → Enrollment Levels (Enrollment Status)

3. Backdoor Pathways through Population and Market Conditions
The concern with this pathway is that the rate of enrollment, and
thus the enrollment status, is affected by the Population with the
disease and the market condition.
(a) Will Terminate? ← Market Conditions→ Enrollment Process

Parameters → Enrollment Levels (Enrollment Status)
(b) Will Terminate? ← Market Conditions ↔ Population →

Enrollment Process Parameters→ Enrollment Levels (Enrollment
Status)

4. Backdoor Pathway through Elapsed Duration.
(a) Will Terminate? ← Elapsed Duration↔ Enrollment Levels

(Enrollment Status)

In the sections below, I examine each source of data, their key features,
how they match with the variables in the Structural Model DAG, and describe
applicable terminology (section 3.2). I then discuss how these sources were
tied together (section 3.2.4) and describe the specific data used in the analysis
(section 3.3).

3.2 Data Sources
3.2.1 Clinical Trials Data

Since Sep 27th, 2007 those who conduct clinical trials of FDA controlled drugs
or devices on human subjects must register their trial at ClinicalTrials.gov
[US b]. This involves submitting information on the expected enrollment and
duration of trials, drugs or devices that will be used, treatment protocols and
study arms, as well as contact information the trial sponsor and treatment sites.

When starting a new trial, the required information must be submitted
“…not later than 21 calendar days after enrolling the first human subject…”.
After the initial submission, the data is briefly reviewed for quality and then
the trial record is published and the trial is assigned a National Clinical Trial
(NCT) identifier. [US b].

Each trial’s record is updated periodically, including a final update that must
occur within a year of completing the primary objective, although exceptions
are available for trials related to drug approvals or for trials with secondary
objectives that require further observation4 [US b]. Other than the requirements
for the the first and last submissions, all other updates occur at the discretion
of the trial sponsor. Because the ClinicalTrials.gov website serves as a central

4This rule came into effect in 2017

11

ClinicalTrials.gov


point of information on which trials are active or recruiting for a given condition
or drug, most trials are updated multiple times during their progression.

There are two primary ways to access data about clinical trials. The first
is to search individual trials on ClinicalTrials.gov with a web browser. This
web portal shows the current information about the trial and provides access
to snapshots of previously submitted information. Together, these features ful-
fill most of the needs of those seeking to join a clinical trial. The second way
to access the data is through a normalized database setup by the Clinical Tri-
als Transformation Initiative (CTTI [Cli22] called the Aggregate Analysis of
ClinicalTrials.gov (AACT). The AACT database is available as a PostgreSQL
database dump or set of pipe (“|”) delimited files and matches the current ver-
sion of the ClinicalTrials.gov database. This format is amenable to large scale
analysis, but does not contain information about the past state of trials.

I created a set of python scripts to incorporate the historical data on clinical
trials available through the web portal and merge it into a local copy of the
standard AACT database. This novel data-set can be used to easily track
changes as trials progresses.

In this combined data-set of current and historical trial records, there are a
few areas of particular interest.

• NCT: As a unique identifier of a trial, it is used throughout to ensure data
is linked to the appropriate trial.

• Enrollment: This takes on two forms. At the beginning of a trial this
is presented as “Anticipated” enrollment, while near or at the end of the
trial it is reported as “Actual” enrollment.

• Overall Status: Each trial must be in one of a list of states. While a trial
is running, it can be in any of the following states.

– Not yet recruiting
– Recruiting
– Enrolling by Invitation
– Active, not recruiting
– Suspended

When a trial has ended it is in one of three states:

– Withdrawn: Trial has ended before any enrollment began. I filtered
all of these out as they do not apply to our work.

– Terminated: Trial has ended prematurely.
– Completed: Trial has ended after observing what they hoped to ob-

serve.

• Start Date: The date that the first measurement was taken or that the
first site was authorized to take measurements.
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• Primary Completion Date: The date the last measurement for the primary
objective was taken. Prior to the actual primary completion date, this is
an anticipated value.

• Conditions: The conditions of interest in the trial.

• Interventions: The drug(s) used in treatment.

3.2.2 Drug Compounds and Structured Product Labels (SPLs)

When a drug is licensed for sale in the U.S., it is not just the active ingredients
that are licensed, but also the dosage and route of administration. Each of
these combined compound/dosage/route pairs are assigned a unique National
Drug Code (NDC). The list of approved NDCs are released regularly in the
FDA’s Orangebook (small-molecule drugs) and Purplebook (Biologicals) publi-
cations. These two publications also contain information regarding which drugs
are generics or biosimilars.

Before a drug or drug compound is sold on the market, the FDA requires
the seller to submit a standardized label and associated information called a
Structured Product Label (SPL). These SPLs include information about dosage,
ingredients, warnings, and the format of the printed labels. Each NDC code
can have multiple SPLs associated with it because each drug compound may be
packaged in multiple ways, e.g. boxes with different numbers of blister packs,
etc. These SPLs are made available for download so that they can be integrated
into patient health systems to improve patient safety [US a].

The FDA also published additional data in the NDC SPL Data Elements
(NSDE) file. This file contains some of the data from the SPL files, as well as
the dates when each product was approved for sale and when it was removed
from the market. This summary of SPLs is what I used to find which drugs
were approved to be on the market at a given date.

3.2.3 Global Burdens of Disease (2019)

The University of Washington’s Institute for Health Metrics and Evaluation
published a data-set called the Global Burdens of Disease Study 2019 (GBD
2019). This data-set provides estimates of worldwide incidence of various dis-
eases and classes of diseases. The available measures of incidence include Deaths,
Disability Adjusted Life Years (DALYs), Years of Life Lost (YLL), and Years
Lived with Disability (YLD) and come with both an estimate and 90% confi-
dence interval bounds. Estimates are available for national, multinational, and
global populations [Vos+20].

These classes of disease are organized in a hierarchy, with each subsuming
category having its own estimates of disease incidence. One understandable
deficiency in this data-set is that it doesn’t account for all diseases tracked in
other data-sets, but focuses on those that are most important from a public
health perspective.
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3.2.4 Medical and Pharmacological Terminologies

In order to link these disparate data sources I used multiple standardized termi-
nologies. In each section below I briefly describe each terminology, its contents,
and uses.

3.2.4.1 Medical Subject Headings (MeSH) Thesaurus

The Medical Subject Headings (MeSH) Thesaurus is produced and maintained
by the National Library of Medicine. It is used to index subjects in various
NLM publications including PubMed [US c]. The AACT database contains a
table that links clinical trials’ clinical conditions and drug names to terms in the
MeSH thesaurus. As this contains a standardized nomenclature, it simplified
much of the linking between clinical trials and other data sources.

3.2.4.2 RxNorm

According to [US e]

What is RxNorm?
RxNorm is two things: a normalized naming system for generic and
branded drugs; and a tool for supporting semantic interoperation be-
tween drug terminologies and pharmacy knowledge base systems.…

Both of these functions are crucial to the analysis. The normalized naming
system allowed me to convert a diverse set of names as recorded for each clinical
trial into standardized identifiers. These standardized identifiers are known as
RxCUIs, and they are used in RxNorm to identify not only individual drug
components, but also brand names, licensed drug/dosage pairs, and packages.
The links to other drug terminologies included links to SPL identifiers, which
permitted me to link each trial to drugs on the market at and point in time.

The RxNorm data is provided in multiple formats. The one I chose to use
was a MariaDB database that backs a service called RxNav provided by the
National Library of Medicine (NLM). The NLM provides scripts to set up and
host the backing databases on your own servers [US d]. After setting up the
local server, I wrote a python program to export the data from the RxNorm
database and import it into the AACT Database. This was required because the
former uses a MariaDB database server and the latter uses a Postgres database
server.

With the data now available alongside the AACT database, I could link
trials to various key drug concepts, including normalized drug ingredient names,
NDCs incorporating those ingredients, and the brand names associated with the
NDCs.
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3.2.4.3 International Classification of Diseases 10th revision (ICD-
10)

The International Classification of Diseases 10th revision (ICD-10) is a world-
wide standard for categorizing human disease maintained by the World Health
Organization. Although the WHO version’s last major update was in 2019 and it
was officially superseded in 2022 by the 11th revision [Worb] . the 10th revision
is still in use in the United States as the Centers for Medicare and Medicaid Ser-
vices (CMS) continues to publish updated versions called ICD-10-CM (Clinical
Management) [Cen22b] and ICD-10-PCS (Procedure Coding System) [Cen22a]
for use in medical billing.

ICD-10 codes are organized in a hierarchy. There are 22 highest level cate-
gories, representing general categories such as cancers, mental illness, and infec-
tious diseases. The second layer of the hierarchy consists of about 225 groupings.

As I needed a combined list of ICD-10 codes, I first obtained the 2019 version
of the ICD-10-CM codes from the CMS (the most recent version corresponding
to the GBD matching file) With the arrival of the ICD-11 system, it was difficult
to find an official source from which to download the WHO versions of ICD-10
codes. Eventually I resorted to copying them from the navigation bar of the
[Wora]. After getting both sources into the same format, I combined them and
removed duplicate codes, preferring to keep the descriptions from the WHO
version. This was done using standard UNIX scripting commands. I then
imported the data into the Postgres Database alongside the AACT data.

3.3 Data Integration
Below is more information about how the data was used in the analysis.

For clinical trials, I captured each update that occurred after the start date
and prior to the primary completion date of the trial. For clarity I will refer to
these as a snapshot of the trial.

For each snapshot I recorded the enrollment (actual or anticipated), the
date the it was submitted, the planned primary completion date, and the trial’s
overall status at the time. I also extracted the anticipated enrollment closest to
the actual start date of the trial, which I will call the planned enrollment under
the assumption that the sponsor is recording their current plan for enrollment.

I then calculated a normalized measure of how far along the trial was in
it’s planned duration; in other word, a measure of elapsed duration. This was
calculated for each snapshot as:

Elapsed Duration =
Snapshot Date− Start Date

Primary Completion Date (anticipated)− Start Date
(1)

Note that this has a range of [0,∞) although for practical matters it is only
about [0, 3]. I also included the current status by encoding it to dummy param-
eters.
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As an initial measure of market conditions I have gathered the number of
brands that are producing drugs containing the compound(s) of interest in the
trial. This was done by extracting the RxCUIs that represented the drugs
of interest, then linking those to the RxCUIs that are brands containing those
ingredients. As a secondary measure of market conditions, I linked clinical trials
to the USP Drug Classification list.

Once I had linked the drugs used in a trial to the applicable USP DC category
and class, I could find the number of alternative brands in that class. This
matching was performed by hand, using a custom web interface I wrote. In
order to link clinical trials to standardized ICD-10 conditions and thus to the
Global Burdens of Disease Data, I wrote a python script to search the UMLS
system for ICD-10 codes that matched the MeSH descriptions for each trial.
This search resulted in generally three categories of search results:

1. The results contained a few entries, one of which was obviously correct.

2. The results contained a large number of entries, a few of which were cor-
rect.

3. The results did not contain any matches.

After manually matching each trial to an ICD-10 code, each trial is easily
linked to either one of the 22 highest level categories or the 225 or so 2nd level
categories in the ICD-10 hierarchy. Linking to one of the disease categories in
the GBD hierarchy is similarly easy. To get the best estimate of the size of the
population associated with a disease, each trial is linked to the most specific
disease category applicable. As not every ICD-10 code is linked to a condition
in the GBD, those without any applicable conditions were dropped from the
data-set.

4 Econometric Model
The goal is to take each snapshot and predict the probability of termination.
To this end, the model I use is a hierarchical logistic regression model where the
hierarchies correspond to the 22 top-level ICD-10 disease categories.

First, some notation:

• i: indexes trials

• n: indexes trial snapshots.

• yi: whether each trial terminated (true, 1) or completed (false, 0).

• di: indexes the ICD-10 disease category of the trial.

• xi,n: represents the independent variables associated with the snapshot.
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The specification of the model to measure the direct effect of enrollment
status is:

yi ∼ Bernoulli(pi,n) (2)
pi,n = logit(xi,nβ⃗(di)) (3)

Where beta is indexed by d ∈ {1, 2, . . . , 21, 22} for each general ICD-10 category.
The βs are distributed

β(di) ∼ Normal(µi, σiI) (4)
With hyper-priors

µk ∼ Normal(0, 0.05) (5)
σk ∼ LogNormal(−2.1, 0.2) (6)

The independent variables include:
xi,nβ(di) =β1(di)× Elapsed Duration (7a)

+ β2(di)× arcsinh (# USP-DC alternate compounds) (7b)
+ β3(di)× arcsinh (# Brands with same compound) (7c)
+ β4(di)× arcsinh (# DALYs in High SDI Countries) (7d)
+ β5(di)× arcsinh (# DALYs in High-Medium SDI Countries)

(7e)
+ β6(di)× arcsinh (# DALYs in Medium SDI Countries) (7f)
+ β7(di)× arcsinh (# DALYs in Low-Medium SDI Countries)

(7g)
+ β8(di)× arcsinh (# DALYs in Low SDI Countries) (7h)
+ β9(di)× INot yet Recruiting(Trial Status) (7i)
+ β10(di)× IEnrolling by Invitation Only(Trial Status) (7j)
+ β11(di)× IRecruiting(Trial Status) (7k)
+ β12(di)× IActive, not recruiting(Trial Status) (7l)

Note that the last four are the enrollment status fixed effects. I used the arcsinh
because it is similar to a log transform but differentiably handles counts of zero5.
Some of the other variables are implicitly controlled for as they are used to select
the trials of interest. These include:

• The trial is Phase 3.

• The trial has a Data Monitoring Committee6.

• The compounds are FDA regulated drugs.

• The trial was never suspended7

5For those unfamiliar, arcsinh(x) = ln(x+
√
x2 + 1).

6Trials that are involved in drug development typically have a DMC.
7This was because I wasn’t sure how to handle it in the model when I started scraping the

data.
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4.1 Interpretation
The specific measure of interest is how much the probability of terminating a
trial changes when there is an delay in closing enrollment, exogenous to timing.
Due to the Bayesian nature of the analysis, there is a useful tool to analyze
the effect of the delay, called a distribution of differences plot. In the standard
reduced form causal inference, the treatment effect of interest for outcome Z is
measured as

E(Z(Treatment)− Z(Control)) = E(Z(Treatment))− E(Z(Control)) (8)

Because Z(Treatment) and Z(Control) are random variables, Z(Treatment) −
Z(Control) = δZ , is also a random variable. In the Bayesian framework,
this parameter has a distribution, and so we can calculate the distribution
of differences in the probability of termination between treatment and con-
trol pi,n(T ) − pi,n(C) = δpi,n . This not only gives the average treatment effect
(E[δpi,n

]) but all other summaries of the treatment effect can be calculated from
this distribution.

I calculate this posterior distribution of δpi,n
by estimating the posterior dis-

tributions of the βs and then simulating δpi,n
. This involves taking a draw from

the βs distribution, calculating pi,n(C) for the underlying trials at the snapshot
when the trial closed enrollment (changed status to “Active, not recruiting”)
and then calculating pi,n(T ) under the counterfactual where enrollment had
not yet closed (accomplished by changing the status to “Recruiting”). This is,
in effect, an instantaneous and exogenous extension of the enrollment period.
The difference δpi,n

is then calculated for each trial and parameter sample. Af-
ter repeating this for all the posterior samples and all trials at their point of
close, we have an estimate for the posterior distribution of differences between
treatment and control for selected trials. From this distribution I then plot and
calculate summaries to assist in interpreting the results.

5 Results
In this section I describe the model fitting, the posteriors of the parameters of
interest, and interpret the results.

5.1 Data Summaries and Estimation Procedure
Overall, I successfully processed 168 trials, with 1,347 snapshots between them.
Figure 3 shows the histogram of snapshots per trial. Most trials lasted less than
1,500 days, as can be seen in 4. Although there are a large number of snapshots
that will be used to fit the model, the number of trials – the unit of observation –
are quite low. This is compounded by the fact that these are spread over multiple
ICD-10 categories as can be seen in figure 5. The hierarchical approach helps
because it pools information between categories.
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Figure 3: Histogram of the count of Snapshots

Figure 4: Histograms of Trial Durations
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Figure 5: Bar chart of trials by ICD-10 categories

We can use a scatterplot to get a rough idea of the observed relationship
between the number of snapshots and the duration of trials. We can see this in
Figure 6, where the correlation (measured at 0.34) is apparent.
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Figure 6: Scatterplot comparing the Count of Snapshots and Trial Duration

I fit the econometric model using mc-stan [Sta22] through the rstan [Sta23]
interface using 8 chains with 4,000 warm-up iterations and 8,000 sampling iter-
ations each. No convergence warnings were issued.

5.2 Primary Results
The primary, causally-identified value we can estimate is the change in the
probability of termination caused by (counterfactually) keeping enrollment open
instead of closing enrollment when observed. In figure 7 below, we see this
impact of keeping enrollment open.
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Values near 1 indicate a near perfect increase in the probability of termination. Values
near 0 indicate little change in probability, while values near -1, represent a decrease
in the probability of termination. The scale is in probability points, thus a value near
1 is a change from unlikely to terminate under control, to highly likely to terminate.

Figure 7: Histogram of the Distribution of Predicted Differences

Table 1: Boxplot Summary Statistics: percentage point due to intervention
5th 10th 25th median 75th 90th 95th mean
-2.1 -0.8 0.0 1.2 4.2 8.2 11.0 2.5

The key figures from the boxplot in figure 7 are summarized in table 1 There
are a few interesting things to point out here. First, approximately 75% of the
probability mass is equal to or above zero, suggesting that in most cases a trial
will experience some harm from a delay in closing enrollment. Second, the
average treatment effect is to increase the probability of termination by about
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2.5 percentage points. The full 5% percentile table can be found in table 2 in
appendix A

Figure 8 shows how the different disease categories tend to have a similar
distribution of differences.

Figure 8: Distribution of Predicted differences by Disease Group

Although these distributions quite similar to each other, we can observe
the differences between the fixed effects of the “Active, not recruiting” and
“Recruiting” statuses in figure 9. For categories with relatively high numbers
of observations (e.g. Neoplasms n = 49 or Infections and Parasites n = 20) we
see a lot of movement, but for categories without any observations (e.g. Special
Purposes, Contact with Healthcare etc.) we observe the effects of the implicit
pooling in the model, where the probability of termination increases. Table 3
in appendix A contains the summary statistics for each of these distributions
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Figure 9: Relative fixed effect of moving from “Active, not recruiting”
to“Recruiting” status, by ICD-10 Category

6 Deficiencies and Improvements
As noted above, there are various issues with the analysis as completed so far.
Below I discuss various issues and ways to address them that I believe will
improve the analysis.

6.1 Increasing number of observations
The most important step is to increase the number of observations available,
specifically the number of trials matched to ICD-10 codes with corresponding
population estimates in the Global Burden of Disease Dataset. This will open
up some important analysis options. Right now, the diseases are only being
controlled for at very general levels. By increasing the number of observations
it will allow for analysis across general categories, such as for different types
of cancer. Matching this data is difficult to do by hand, but initial experi-
ments suggest that Large Language Models may serve well as an automated
process, making this data more accessible. Alternatively, this data may exists
in a commercial data set.
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6.2 Enrollment Modelling
One of the original goals of this project was to examine the impact that en-
rollment struggles have on the probability of trial termination. Unfortunately,
this requires a model of clinical trial enrollment, and the data to estimate this
data-set is woefully incomplete in my data set. If it were available, instead of
the treatment being an instantaneous extension in the recruitment period, I
could model the impact of slowing the enrollment rate.

There has been substantial work on forecasting multi-site enrollment rates
and durations by [Toz+96; Car04; AF07; ZL10; ZL12a; ZL12b; HGY15; Jia+15;
DZL17; LTH19; ZH22; USM22; BAM22; Ava+23] but choosing between the
various single and multi-site models presented is difficult without a data set
with which to validate the results and the data available at clinicaltrials.gov is
incomplete. In most cases the trial sponsor reports the anticipated enrollment
value while the trial is still recruiting and only updates the actual enrollment
after the trial has ended. Some trials do publish an incremental record of their
enrollment numbers, but this is not the norm. It may be possible to impute the
enrollment process if a suitable model can be created.

6.3 Improving Measures of Market Conditions
In addition to the fact that many diseases may be treated by non-pharmaceutical
means (e.g. diet, physical therapy, medical devices, etc), off-label prescription
of pharmaceuticals is legal at the federal level [Com30]. These two facts both
complicate measuring competing treatments, a key part of market conditions.
One way to address non-pharmaceutical treatments is to concentrate on do-
mains that are primarily treated by pharmaceuticals. Another way to address
this would be to focus the analysis on just a few specific diseases, for which a
history of treatment options can be compiled. Cancer treatments are a good ex-
ample of both of these, because the treatments tend to be some combination of
pharmacological products and radiation therapy or surgery. This would require
identifying diseases that are prime candidates and then trials and treatments
associated with those diseases.

Another area of focus could be in identifying diseases where the interaction
between the number of drugs on the market and population are unlikely to
be jointly determined. This might be possible if studying genetic diseases or
endemic diseases.

7 Conclusion
The successful completion of Phase III clinical trials is crucial for bringing new
treatments to market. This work establishes the first framework for separating
the causal effects of operational versus strategic factors in clinical trial comple-
tion. Initial results indicate that enrollment period delays increase clinical trial
termination probability by 2.5 percentage points. The approach developed here
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can be extended with additional data on enrollment to provide more definitive
guidance on the impact of enrollment delays. Further research in this direc-
tion could help reduce operational barriers to trial completion or estimating the
impact policies may have through operational channels such as the effect they
may have on enrollment. Identifying and removing impediments to completing
clinical trials in otherwise capable pharmaceutical products has the potential to
strengthen the drug development pipeline and improve the treatment options
available to patients.
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A Other Statistical Results

Table 2: 5th Percentiles for overall distribution of differences
Percentile Value
0% -0.22566
5% -0.01285
10% -0.00521
15% -0.00130
20% -0.00005
25% 0.00003
30% 0.00048
35% 0.00215
40% 0.00480
45% 0.00772
50% 0.01079
55% 0.01411
60% 0.01777
65% 0.02189
70% 0.02659
75% 0.03207
80% 0.03857
85% 0.04655
90% 0.05706
95% 0.07317
100% 0.27211
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