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EDUCATION

September 2015 – May 2020

University of Maryland – Baltimore, MD
School of Pharmacy
Doctor of Philosophy (Ph.D.)
Advisor: Mathangi Gopalakrishnan, M.S., Ph.D.
GPA: 4.0

September 2009 – May 2015

Rutgers, the State University of New Jersey – Piscataway, NJ
Ernest Mario School of Pharmacy
Doctor of Pharmacy (Pharm.D.)
GPA: 3.87

DRUG DEVELOPMENT TRAINING

February 2017 – May 2020

Office of New Drugs, US Food and Drug Administration, White Oak
MD
Division of Psychiatry Products
Mentors: Mitchell Mathis, M.D., Tiffany Farchione, M.D., Marc
Stone, M.D.
•
Led a team of clinicians and clinical pharmacologist to
develop a written policy establishing FDA’s views on
extrapolation of efficacy to adolescents with schizophrenia
and bipolar disorder
•
Created the largest adult and adolescent schizophrenia/bipolar
disorder clinical trial database to guide policy decisions and
conducted disease and exposure-response similarity analysis
of antipsychotics
•
Evaluated various trial design features using advanced
statistical methods to optimize clinical trials evaluating
antipsychotics for the treatment of schizophrenia
•
Assessed psychometric properties of various psychiatry scales
to develop validated endpoints for patients with schizophrenia
and depression
•
Conducted quantitative and qualitative analysis of clinical
trials to substantiate potential reasons for failed/negative
outcomes
•
Engaged with external stakeholders to identify key research
questions in pediatric psychiatry drug development
•
Utilized data mining and advanced statistical methods to
evaluate the risk of suicidal ideation and behavior in adults
and pediatrics to inform guidance development

June 2015 – May 2020

Office of Clinical Pharmacology, US Food and Drug Administration,
White Oak MD
Division of Pharmacometrics and Division of Clinical
Pharmacology I
Mentors: Jeff Florian, Ph. D., Rajnikanth Madabushi, Ph. D., Hao
Zhu, Ph. D.
•
Conducted exploratory and quantitative risk-benefit analysis
of factor Xa anti-coagulant therapy to develop appropriate
dosing criteria in the elderly patient population
•
Explored different biomarkers for efficacy to guide factor Xa
anti-coagulant therapy in pediatric patients
•
Analyzed the use of modeling and simulation techniques to
quantify dosing adjustments in patients with renal impairment
in phase III clinical trials and compared recommendations
based on standard dedicated renal impairment studies
•
Presented the use of complex disease and exposure-response
models to expedite drug development at division meetings and
scientific rounds
•
Assisted with a safety review to investigate potential
pharmacodynamic interactions between opioids and GABA
agonist to warrant a labeling change to include a black box
warning
•
Drafted product-specific guidances for the development of
biosimilar products by providing summaries of relevant
literature information on specified reference products
•
Investigated pharmacokinetic differences between similar
biologics with target –mediated drug dispositions using
clinical trial data from sponsor submitted NDAs

CLINICAL TRAINING

January 2017 – Present

Maryland Psychiatric Research Center (MPRC)
Treatment Research Program
Mentors: Deanna Kelly PharmD, Gopal Vyas, M.D.
•
Performed drug utilization reviews, investigated adverse drug
reactions, provided staff and patient education, and research
specific drug information questions to improve patient
outcomes
•
Consultant for physicians, residents, and psychologists in
assisting with pharmacotherapy decision and developing new
research initiatives
•
Performed psychiatric assessments and clinical evaluation for
patients participating in various clinical trials ongoing on the
treatment research unit
•
Currently developing a workflow for outpatient pharmacist to
be trained in using point of care devices to monitor and
increase the compliance of patients receiving clozapine

September 2016 – Present

University of Maryland Medical Center, Baltimore, MD
Intensive Care Clinical Pharmacist

•
•
•
•
•
•
•

Provided pharmacokinetic consults for drugs under therapeutic
drug monitoring protocols
Reviewed patient profiles and dispensed medication orders
based on age, weight, organ function and appropriateness of
treatment
Completed consults for medications requiring therapeutic drug
monitoring by interpreting patient-specific data and laboratory
results and monitoring response to therapy
Performed administrative, consultative, and staff advisory
work for an intensive care unit
Implemented unit-based pharmacokinetic drug consults and
risk management protocols to increase positive clinical
outcomes and decrease ICU length of stay
Applied pharmacokinetic principles to optimize drug dosing
regimens for patients undergoing extracorporeal therapy
Interviewed patients and caretakers to obtain medical history
and prior medication regimens, and to assess response to
therapy and potential side effects

SPECIALIZED TRAINING

Drug Development

Design and analysis of phase I-III clinical trials, including FIH, SAD,
MAD, renal impairment, hepatic impairment, bioavailability, proof of
concept, and dose-ranging studies, application of epidemiological skills
through experience using real world data (claims data and electronic
healthcare data) and application to decision making

Clinical Pharmacology

Advance knowledge of pharmacokinetic and pharmacodynamic
concepts, extensive hands-on experience using modeling and
simulation strategies to optimize drug development and therapeutics,
advance competency using software including Phoenix NLME,
WinNonlin, and NONMEM, approximately 4 years of teaching
pharmacokinetics to pharmacy students

Statistics

Proficient in data analysis of continuous and categorical data, time to
event analysis, database development, creation of statistical analysis
plans, machine learning and data mining, advance competency using R
and SAS programming, approximately 3 years of experience teaching
basic and advance statistics to graduate students

Communication/Leadership

Preceptor to over 6 pharmacy students during advance clinical
rotations, extensive experience negotiating project goals and outcomes
with regulatory and clinical leaders, ability to communicate with
interdisciplinary clinical and scientific team members

ACADEMIC/CLINICAL APPOINTMENTS
August 2016 – Present

University of Maryland School of Pharmacy, Baltimore, MD

Clinical Adjunct Instructor and Preceptor
August 2017 – Present

University of Maryland School of Medicine, Baltimore, MD
Investigator and Clinical Instructor

September 2016 – Present

University of Maryland Medical Center, Baltimore, MD
Department of Pharmacy Services (License #24294)

LEADERSHIP
September 2017 – August 2018

Secretary, American Association of Pharmaceutical Scientists
(AAPS)
University of Maryland School of Pharmacy, Baltimore, MD

August 2016 – Present

Student Advisor, College of Psychiatric and Neurologic Pharmacists
(CPNP)
University of Maryland School of Pharmacy, Baltimore, MD

August 2015 – Present

Student Advisor, American Pharmacist Association (APhA)
University of Maryland School of Pharmacy, Baltimore, MD

PROFESSIONAL ACTIVITIES

January 2017 – Present

International Society of CNS Clinical Trials and Methodology
(ISCTM)

January 2017 – Present

American Society of Clinical Psychopharmacology (ASCP)

February 2016 – Present

American Society of Clinical Pharmacology and Therapeutics
(ASCPT)

December 2015 – Present

American Society of Nephrology (ASN)

October 2015 – Present

American College of Pharmacometrics (ACoP)

October 2015 – Present

American College of Clinical Pharmacology (ACCP)

June 2015 – Present

College of Psychiatric and Neurologic Pharmacists (CPNP)

September 2012 – Present

American Pharmacist Association (APhA)

September 2012 – December 2017 American Society of Health System Pharmacists (ASHP)
August 2012 – Present

Rho Chi National Pharmacy Honor Society

EDITORIAL ACTIVITIES

Clinical Pharmacology and Therapeutics
Journal of Clinical Pharmacology
Clinical Trials
Contemporary Clinical Trials
Current Neuropharmacology
Schizophrenia Bulletin
Clinical Schizophrenia and Related Psychoses
Cancer Clinical Research
Journal of Pharmacokinetics and Pharmacodynamics
Pharmacotherapy
Journal of the American Society of Nephrology
Blood Purification
British Journal of Clinical Pharmacology

HONORS AND AWARDS

2020

Outstanding Achievement Award
Division of Psychiatry, Office of Neuroscience, FDA

2019

Office of Clinical Pharmacology Best Scientific Abstract – OCP
Science Day 2019
Center for Drug Evaluation and Research, FDA

2019

New Investigator Award
American Society of Clinical Psychopharmacology

2018

Graduate Research Conference Top Oral Presentation Award
University of Maryland, Baltimore, GRC Conference

2018

Student Conference Oral Presentation Award
American Association of Pharmaceutical Scientists

2018

Pharmacy Practice and Science Top Graduate Research Abstract
Award
University of Maryland, School of Pharmacy, Pharmacy Practice and
Science Research Day

2018

Individual Research Report Presentation
American Society of Clinical Psychopharmacology, Annual Conference

2018

Awardee, Clinical Trial Workshop
American Society of Clinical Psychopharmacology

2018

Office of Clinical Pharmacology Best Scientific Abstract – OCP
Science Day 2018
Center for Drug Evaluation and Research, FDA

2017

Most Promising Research Award
American Society of Nephrology, Annual Conference

2017

Junior Investigator Award, Top 10 Most Promising Research Award
American College of Clinical Pharmacology

2017

Pharmacist of the Month Award
Department of Pharmacy Services, University of Maryland Medical
Center

2017

Research Innovation Award
Department of Neurology, University of Maryland School of Medicine

2015

Neuropsychiatry Clinical Science and Therapeutics Student Award
Ernest Mario School of Pharmacy, Rutgers University

2014

William and Levine Pharmaceutical Research Scholarship
Ernest Mario School of Pharmacy, Rutgers University

2013

Novartis Endowed Merit Scholarship
Ernest Mario School of Pharmacy, Rutgers University

2012

Rho Chi National Pharmacy Honor Society
Ernest Mario School of Pharmacy, Rutgers University

2011

School of Pharmacy Research Travel Award
Ernest Mario School of Pharmacy, Rutgers University

2009 – 2015

James Dickinson Carr Scholarship Award
Ernest Mario School of Pharmacy, Rutgers University

REPORT OF REGULATORY PROJECTS

May 2018 – December 2019

Extrapolation of Antipsychotic Efficacy from Adults to Adolescents
with Bipolar Disorder
ORISE Fellowship, Division of Psychiatry Products, CDER, FDA
Role: Lead Investigator
Goal: To quantitatively assess disease similarity and exposure-response
relationships in adults and adolescent patients receiving antipsychotic
medications for the acute treatment of bipolar I disorder

May 2017 – May 2018

Extrapolation of Antipsychotic Efficacy from Adults to Adolescents
with Schizophrenia
ORISE Fellowship, Division of Psychiatry Products, CDER, FDA
Role: Lead Investigator
Goal: To quantitatively assess disease similarity and exposure-response
relationships in adults and adolescent patients receiving antipsychotic
medications for the acute treatment of

schizophrenia
January 2017 – Present

Suicidal Ideation and Behavior in Adults and Pediatrics MetaAnalysis to Inform Guidance Development
ORISE Fellowship, Division of Psychiatry Products, CDER, FDA
Role: Sub-Investigator
Goal: To address key issues in the assessment of suicidal ideation and
behavior in clinical drug development and to ultimately inform new
regulatory guidance

January 2017 – May 2017

Atypical Antipsychotic Drugs and Risk Assessment for Acute
Kidney Injury Outcomes in Adults
ORISE Fellowship, Division of Psychiatry Products, CDER, FDA
Role: Investigator
Goal: To address the concerns for an observed risk of acute kidney
injury with atypical antipsychotic use by conducting a meta-analysis of
randomized, controlled trials conducted pre- and post-market

REPORT OF FUNDED AND UNFUNDED PROJECTS

December 2017 – Present

Evaluation of Switchback Rates as an Indicator of Generic
Inferiority of Antidepressants
Pharmaceutical Health Science Research Collaboration
Role: Analyst
Goal: To estimate generic to brand switchback rates of antidepressants
and to identify clinical and demographic predictors for switchback

April 2017 – Present

Treatment of Schizophrenia with L-tetrahydropalmatine (L-THP):
a Novel Dopamine Antagonist with Anti-Inflammatory and
Antiprotozoal Activity
Maryland Psychiatric Research Program
Role: Clinical Analyst
Goal: To evaluate L-THP as an adjunct treatment in schizophrenia by
significantly improving positive and negative symptoms, cognition, and
inflammation, particularly through TNF-alpha inhibition, and
antiprotozoal effects

April 2017 – Present

Biomarker and Safety Study of Clozapine in Patients with Benign
Ethnic Neutropenia
Maryland Psychiatric Research Program
Role: Clinical Analyst
Goal: To assess changes in white blood cell counts and genotypic
differences in African descent patients with schizophrenia receiving
clozapine

March 2016 – Present

Using Quantitative Approaches to Optimize Binge Eating Disorder
Drug Development
Center for Translational Medicine, University of Maryland School of
Pharmacy

Role: Investigator
Goal: To develop a quantitative disease-drug-trial framework to predict
longitudinal primary and secondary endpoints, to simulate different
clinical trial design scenarios to increase the probability of success, and
to identify optimal doses for the treatment of binge eating disorder
August 2015 – Present

Pharmacokinetics of anti-epileptic drugs in critically ill patients
undergoing continuous renal replacement therapy
Center for Translational Medicine, University of Maryland School of
Pharmacy
Role: Investigator
Goal: To effectively characterize the pharmacokinetics of
levetiracetam, phenytoin, and lacosamide in patients undergoing CRRT
and to propose a dose adjustment for treatment

TEACHING EXPEREINCE

Didactic Training
January 2018 – Present

PHAR 421: Psychiatric and Behavior Disorders Pharmacotherapy (1
lecture)
University of Maryland School of Pharmacy, Baltimore, MD

January 2018 – Present

PHAR 423: Neurology Pharmacotherapy (1 lecture)
University of Maryland School of Pharmacy, Baltimore, MD

January 2017 – Present

PHMX 759: Statistics for Pharmacometricians II (2 credit
hours/semester)
University of Maryland Graduate School, Baltimore, MD

August 2017 – Present

Pharmacokinetics/Pharmacodynamic Lecture and Workshop (1
lectures/semester)
University of Maryland School of Medicine, Baltimore, MD

August 2016 – Present

PHMX 663: Statistics for Pharmacometricians I (2 credit
hours/semester)
University of Maryland Graduate School, Baltimore, MD

August 2015 – Present

PHAR 556: Pharmacokinetics (2 credit hours/semester)
University of Maryland School of Pharmacy, Baltimore, MD

Clinical Training
June 2017 – Present

Pharmacy Student Rotation Preceptor
University of Maryland School of Pharmacy, Baltimore, MD

January 2016 – May 2016

Pharmaceutical Compounding Instructor
University of Maryland School of Pharmacy, Baltimore, MD

Drug Development Training
January 2016 – Present

BioTech 84: Tools for Dose Response Analysis Workshop (4
days/biannually)
National Institute of Health, Bethesda, MD

INVITED PRESENTATIONS

February 2020

Optimizing Antiepileptic Dosing in Patients Undergoing Continuous
Renal Replacement Therapy
Research in Progress, Clinical Pharmacology Unit, Johns Hopkins
Medicine

November 2019

Policy Development in the Area of Adolescent Schizophrenia and
Bipolar I disorder
DCPI Grand Rounds, Office of Clinical Pharmacology, CDER/FDA

September 2019

Why Clinical Trials Fail? Use of Quantitative Methods to Justify
Negative Outcomes
Office of New Drugs, CDER/FDA

August 2019

Role of Pharmacist in the Neuropsychiatry Clinical Setting
Department of Pharmacy Practice, University of Maryland School of
Pharmacy

May 2019

Leveraging Prior Experience to Facilitate Pediatric Clinical
Development for Psychiatry Products
American Society of Clinical Psychopharmacology Annual Meeting

February 2019

Extrapolation of Antipsychotic Efficacy from Adults to Adolescents
with Bipolar I Disorder
Office of Clinical Pharmacology Science Day, CDER/FDA

October 2018

From Data to Decisions: Using Quantitative Approaches to Optimize
Drug Development and Clinical Therapeutics in Neuropsychiatry
Neuroscience Day, University of Maryland School of Medicine

August 2018

Extrapolation of Antipsychotic Efficacy from Adults to Adolescents
with Schizophrenia
Office of Clinical Pharmacology Scientific Rounds, CDER/FDA

June 2018

Assessment of Dropouts and Missing Data in Clinical Trials
Department of Psychiatry, University of Maryland School of Medicine

May 2018

Impact of Continuous Renal Replacement Therapy on
Pharmacokinetics
Department of Critical Care Medicine, West Virginia University
Medical Center

January 2018

Grand Rounds - Failed vs. Negative Trials: Why do they occur?
Department of Neurology and Psychiatry, University of Maryland
Medical Center

November 2017

Grand Rounds - Use of Machine Learning in Psychiatric Drug
Development
Department of Pharmacy Practice and Science, University of Maryland
School of Pharmacy

May 2017

Assessment of Placebo Response in Schizophrenia
Office of Translational Science, CDER/FDA

March 2016

University of Maryland Pharmacy Roundtable: Unexplored Career
Paths
University of Maryland School of Pharmacy
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ABSTRACT
Title of Dissertation: From Data to Decisions: Utilizing Pharmacometrics to Optimize
Clinical Therapeutics and Drug Development in Neuropsychiatry
Shamir N Kalaria, Doctor of Pharmacy, 2015, Doctor of Philosophy, 2020
Dissertation Directed by: Mathangi Gopalakrishnan, Ph.D., Assistant Professor, Center
for Translational Medicine, University of Maryland School of Pharmacy, Baltimore

At least 50% of clinical trials of neuropsychiatric compounds fail due to an unclear
understanding of disease pathophysiology and drug pharmacology. Further, lack of dosing
information in special patient populations for approved neuropsychiatric drugs could
contribute to suboptimal outcomes. The current research highlights the role of
pharmacometrics in (i) optimizing therapeutics in patients receiving antiepileptics and
continuous renal replacement therapy (CRRT) and (ii) informing efficient trial design for
binge eating disorder (BED).

Currently, no dosing recommendations exist for CRRT patients receiving antiepileptics.
Real-world clinical studies were conducted to characterize the pharmacokinetics of
levetiracetam and lacosamide in patients (N=18) receiving CRRT at the University of
Maryland Medical Center. Major determinants for drug clearance were drug-specific
extraction coefficient (EC) approximated to fraction unbound (levetiracetam: 0.89,
lacosamide: 0.80), effluent flow rate, and preserved non-renal clearance. Ex-vivo models
of CRRT were developed using human plasma and normal saline containing albumin
solutions. The developed ex-vivo in-vivo correlation model demonstrated an average bias

of <15% in predicting in-vivo CRRT clearance for levetiracetam and lacosamide.
Similarity in ECs justified the ability to bridge dosing information across CRRT modalities.
This research, in combination with a priori knowledge of drug pharmacokinetics, confirms
the use of ex-vivo CRRT models to establish dosing recommendations and alleviate the
need for CRRT pharmacokinetic studies.
The development of BED therapies are challenged by high placebo response and high
dropout rates in clinical trials. A comprehensive disease-drug-trial (DDT) model was
developed using data from 12 different investigator-led BED clinical trials (N = 578; 6 to
16-week duration) to inform optimal clinical trial design elements. Baseline BED severity
metrics were predictors for placebo response and dropouts. Stimulants and anticonvulsants
demonstrated 1.8 times higher effect differences as compared to antidepressants. Among
the clinical trial designs (placebo run-in, drug run-in, sequential parallel comparison
design) evaluated in-silico, placebo-controlled trial of shorter (6-week) duration with
model-based analysis demonstrated superior trial design properties (40% lower sample size
with 50% lower dropouts) as compared to current 12-week registration trials for BED. The
proposed DDT framework can inform efficient trial design and potentially increase the
number of therapeutic options for BED.
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To my father – who showed me that when we hit our lowest point,
we are open to the greatest change.

“We may insist as often as we like that man’s intellect is powerless in comparison to his
instinctual life, and we may be right in this. Nevertheless, there is something peculiar
about this weakness. The voice of intellect is a soft one, but it will not rest until it has
gained a hearing. Finally, after a countless succession of rebuffs, it succeeds.”
-

iii

Sigmund Freud
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Section I: Introduction and Research Objectives
1.1

Neuropsychiatry

The field of neuropsychiatry represents a branch of medicine that involves both brain
related and mental health disorders.1,2 The large overlap in the neurology and psychiatry
disciplines have given rise to advancements in sub fields of neuropsychology and
behavioral neurology.2 Although neurologists objectively focus on nervous system
pathology and psychiatrists concentrate on the “illness” of the mind, current medical
research has shown mechanistic pathways that may suggest that the brain and the mind
may not be two discrete entities, but rather exist in monism.2,3 Furthermore, diseases
thought to belong to one branch, have displayed sub-conditions that may classify into
another. For example, Parkinson’s disease was considered a nervous system pathology, but
the presence of psychosis in patients has shifted the understanding of the disease to a
behavioral point of view.4 Cognitive dysfunction and sleep related disorders also share
main characteristics common to both domains. Nonetheless, the nexus of psychiatry and
neurology will lead to more refined methods of diagnosis and treatment that can ultimately
improve patient care.5
Neurological, neurodegenerative, and psychiatric conditions account for approximately
14% of the global burden of disease. This further translates to more than 30% of disabilityadjusted life years, which ranks higher than cardiovascular disease and cancer.6 Due to the
presence of co-morbid conditions, the contribution to the global burden of disease may be
underestimated.6,7 Direct and indirect costs of neuropsychiatric illnesses are estimated to
account for more than $1.5 trillion per year or 8.8% of the gross domestic product in the
U.S. economy alone. The chronic nature of several diseases can impose long-term indirect
1

costs and significantly limit the quality of life of an individual over the course of their
lifetime.8,9 Improvement in screening methods has led to an increased incidence in the
pediatric population and consequently, an increased demand for early therapeutic options
to improve long-term prognosis. Nonetheless, neuropsychiatric illnesses carry a negative
stigma and are associated with a lack of awareness in several societies. This can result in
the reluctance to seek help or treatment, worsen clinical outcomes, and indirectly increase
healthcare costs.10
1.2

Lackluster Drug Development

The development of newer treatment options for neuropsychiatric disorders is currently at
a standstill as a result of large disinvestment by pharmaceutical companies.11-13 Although
historically, some of the top neuropsychotropic drugs of recent have contributed to the
largest revenue for the industry, several organizations have started to eliminate their
neuroscience franchises and embark on discovering therapies for other disease states.13
Neuroscience portfolios have decreased by 51% between 2009 and 2014 in the face of
higher costs of drug discovery and development and lower overall success rates.12
According to Hayman, only 8% of drugs intended to treat a central nervous system disorder
reached the stages of initial human testing.11 For compounds that reach Phase III trials and
have strong implications for regulatory approval, the failure rate was approximately 53%.
Failure for the majority of investigated drugs share one common problem, an inability to
demonstrate efficacy.14 Prior general lack of understanding of pharmacological
mechanisms has made it difficult to translate the effect of drugs from bench to bedside.
Unlike other areas of medicine, direct investigations of the human brain is invasive and
generally considered inaccessible. Inaccurate animal and in-vitro models may fail to

2

identify drug efficacy and lead to higher attrition rates of novel compounds in later clinical
stages. Regulators in the US and in Europe have also set higher bars for new drug approvals
by suggesting companies to include active control groups consisting of already marketed
drugs to demonstrate assay sensitivity.15 Currently, many global initiatives specific to
neuropsychiatric disorders have been undertaken to launch public and private partnerships
to increase disease awareness, research funding, and patient outreach.16-17
1.3

Clinical Trial Issues

In the field of neuropsychiatry, clinical trials (specifically randomized placebo and active
controlled studies) can result in one of three outcomes: a “positive” trial, a “negative” trial,
or a “failed trial. A positive trial is demonstrated by observing a statistically significant
difference in the active control group and drug group when compared to placebo. The term
"negative trial" is used to describe the outcomes of clinical trials where the experimental
drug fails to separate from placebo (lack of statistical significance between experimental
drug and placebo). The term “failed trial” is used when an active control, which has been
previously studied and demonstrated evidence of efficacy, fails to separate from placebo.
Failed trials are usually not interpretable and no conclusion regarding evidence of efficacy
can be claimed since an already proven treatment “failed” to show benefit.18 Studies that
demonstrate negative or failed outcome could be a result of the selected patient population
(e.g. low disease severity), study endpoint (e.g. different trial lengths or efficacy variables),
increase in placebo response (e.g. placebo response observed in previous trials is lower
than observed in the investigated study), and inappropriate dose selection of the active
control.19,20
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The majority of neuropsychiatric conditions are highly heterogeneous and can cause
difficulties in diagnosing and post-treatment assessment. Depression is the most common
co-morbid psychiatric disorder among patients with epilepsy (40-60%) and is identified to
be a strong predictor for morbidity.21 Patients with schizophrenia are also known to be
diagnosed with other affective disorders including substance use disorder (47%), panic
disorder (15%), posttraumatic stress disorder (29%), and obsessive-compulsive disorder
(23%).22 Alzheimer’s disease is typically considered a homogenous disorder, however
previous studies indicate differences in clinical progression across the distribution of
disease pathologies due to the masking of other confounding disorders. Patients are
unlikely to be diagnosed with the same exact clinical features and treatment options may
influence the severity of secondary symptoms. Therapeutic options found to be efficacious
for one form of the disease may also be ineffective against another. Thus, many clinicians
are resorted to utilizing “trial and error” methods when selecting treatment options to
improve a patient’s collection of symptoms rather than a single disorder. Clinical trials that
recruit patients with heterogeneous disease features may compromise the ability to discern
a significant treatment effect. Further research is needed to identify clinical subgroups to
increase the probability of clinical success and move the field towards precision medicine.
High placebo response exhibited in many neuropsychiatric clinical trials can result in
diminished signal to noise detection.20 Placebo response is commonly defined as a
composite of patient perceptions and expectancies, natural disease progression, and/or
regression to the mean. Theories centered on classical conditioning have been proposed to
provide explanatory mechanisms.23-26 Analysis of randomized clinical trials have
suggested factors that may modulate placebo response including age, gender, baseline
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disease severity, unbalanced randomization, number of trial center sites, trial location,
number of treatment arms, allowance of “rescue medications”, dosing design (flexible
versus fixed dose trial designs), and number of patient visits.20,27 A meta-analysis
conducted by Kemp et al. identified an increasing trend in placebo response in short-term
schizophrenia trials from 1993-2008. The mean change from baseline in total Positive and
Negative Syndrome Scale Score (primary endpoint) in patients receiving placebo has
decreased by 19 points over a span of 15 years.20 The time-related placebo response
phenomenon has also been demonstrated in trials evaluating treatment options for
neuropathic pain, anxiety, depression, and migraine. Research into regional differences in
placebo response suggest that the legal status of direct-to-consumer advertising may
increase the amount of drug information available to patients and directly increase patient
expectations of drug response.28 Trial conduct related issues such as rater inflation (a term
used to justify a patient’s entry into a trial by artificially inflating subjects to the inclusion
baseline severity score), the use of automated response systems, and video interviews can
also influence the trajectory of placebo response. As a result of decreases in drug-placebo
effect differences, a substantial increase in overall trial sample size has been observed. To
increase the probability of trial success, modifying trials elements (e.g. trial length, number
of treatment arms, number of follow-up visits) and incorporating novel designs (e.g. use of
single blind, placebo-run in and sequential parallel controlled designs) have been applied
to amplify the signal to noise ratio.20 However, systematic implementations of potential
remedies in more recent trials have suggested limited to no influence on the magnitude of
placebo response.

5

Trials investigating neuropsychotropic treatments are also known to exhibit high patient
dropout rates. Meta-analysis of short-term antipsychotic and antidepressant clinical trials
have displayed dropout rates ranging from 20-50%. Long term trials of up to 1 year were
observed to have higher dropout rates of up to 80%. Longer trial length, use of placebo
controlled designs, adult and older patient populations, baseline disease severity, and U.S.
trial locations have been identified as possible predictors for dropout.29,30 High dropout
rates may delay the time to trial completion or even terminate on-going trials. Dropouts
represent a form of missing data and can be categorized into three different mechanisms:
missing at random (MAR), missing completely at random (MCAR), and missing not at
random (MNAR). Missing data are considered to be MCAR when the events that lead to
the missing value are independent of any study variable (e.g. a patient moving to a different
country). Analysis of MCAR data is unbiased and randomization is assumed to be
preserved. MAR data occurs when the missing data can be accounted for by other observed
data (e.g. younger patients are less likely to miss trial visits as they are often accompanied
by caregivers as compared to adults). Both MAR and MCAR data are considered to be
ignorable, however specific analysis methods need to be used to control for parameter bias
for MAR data. MNAR represents missing data that depends on the value of unobserved
data (e.g. an increase in depression severity led to an individual dropping out of a study,
yet the increased score was not captured). MNAR data is considered to be non-ignorable
because the missing data mechanism has to be modeled to predict the missing value.
Several techniques have been utilized to account for missing data including multiple
imputation (e.g. last observation carried forward, direct maximum likelihood estimation)
and data interpolation.31
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Most neuropsychiatric clinical trials rely on subjective questionnaire based clinical
endpoints that are imprecise and could have suboptimal psychometric properties. The
typical measure in short term bipolar I disorder trials in patients with manic exacerbations
is the Young-Mania Rating Scale total score that consists of 11 questions aimed at
describing certain clinical features over the previous 48 hours. The total Positive and
Negative Scale Score used in short term schizophrenia trials consists of 30 items and could
take up to one hour to complete. Antiepileptic trials frequently utilize seizure diaries to
account for the number of seizure events occurring in a 28 day time span. Parkinson’s
disease trials use several forms of the Unified Parkinson’s Disease Rating Scale to
characterize disease burden and evaluate non-motor and motor experiences of daily living.
Several endpoints are known to be highly variable and require a large sample size to detect
drug efficacy.20 Inter-rater reliability and rating validity using trained raters have shown to
reduce within-group variances. Trials that use both clinician rated and self-report measures
to assess disease severity often show a lack of agreement. Often times, patient re-call and
the available collateral information can bias responses to specific questionnaire items.
Unfortunately, many of the endpoints often used in the clinical investigations are not used
in real-world practice based environments. As a result, assessment of disease improvement
can become highly subjective and unstandardized.19,20 Approaches to generalize subjective
clinical trial measures to real world settings are needed to support key clinical decisions
such as the need for dose-adjustment, classifying treatment failure, or need for adjunctive
therapies. Late stage confirmatory trials face differences in available health-care services
across different trial sites in multinational studies and are prone to include “professional”
or duplicate patients. Methods for improving current measurements or use of more
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objective, biologically based measures are needed with the current advancement in
technology.20 Clinical trial challenges and potential solutions are further summarized in
Table 1.1.
1.4

Importance of Characterizing Dose-Response Relationships

Dose-ranging studies serve as a vital tool that can provide adequate dosage and
administration information for product labeling. Knowledge regarding the relationship
between drug exposures (e.g. dose, plasma concentrations) and therapeutic outcomes (e.g.
clinical endpoints, biomarkers, surrogate effects) relating to safety and efficacy can help
identify optimal dosing strategies that can exhibit favorable clinical benefits and limit
unacceptable side effects.32-34 However, characterizing an exposure-response relationship
does not necessarily tell you what dose to pick. Factors such as urgency of need for effect,
degree of separation between efficacy and safety, extent of individual variability in
pharmacokinetic or pharmacodynamic response, and ability to titrate doses will assist in
providing meaningful dosing instructions. For example, a high starting dose (on the plateau
of the dose-response curve) might be used for a drug with a large separation between useful
and undesirable effects or when there is an urgent need for intervention based on the
disease. In most cases, decisions regarding dose selection are often guided by population
average dose-response relationships. However, when dose-adjusting individual patients
based on observed clinical response, characterization of individual dose-response
information is most useful to select a more “individualized” dosing regimen.
Pharmacokinetic differences due to disease (e.g. renal failure), concurrent medications,
diet, patient characteristics (e.g. weight, age, gender, race), and formulation (e.g. extended
release) can lead to misinterpretations of dose-response.
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Exposure response information can also be gathered from preclinical and early clinical
studies to support drug discovery and development.34 Relationships between drug exposure
and surrogate endpoints explored through in-vitro receptor occupancy and preliminary
small animal studies can be used to support the hypothesized mechanism of action prior to
first in human studies. Dose-response relationships evaluated in early proof of concept
clinical studies may also serve as a benchmark and assist in dose selection for future pivotal
clinical trials.33 Even though collecting drug concentrations should be considered as routine
practice, it is highly encouraged in dose-response studies when: the investigated drug is
known to have a high degree of inter-individual variability with respect to PK and clinical
response, active metabolites are present, and the number of doses evaluated is limited.
According to the FDA, dose-response studies are in fact “adequate and well controlled
trials” that can provide direct evidence of effectiveness to support regulatory approval.
Convincing results from a dose-response study can support the notion of exhibiting internal
consistency.31 These studies usually comprise of multiple comparisons between each dose
level and a control arm. The presence of an increasing response with dose in addition to
demonstrating statistical significance at several doses when compared to placebo suggests
that the drug effect is not due to chance. Depending on the size and outcome studied, a
single dose-response study can be relied upon to provide evidence of effectiveness. A
pharmacokinetic-pharmacodynamic relationship developed using exposure-response data
can also be leveraged to determine clinical response for new doses or dosing regimens,
different routes of administrations, and various formulations without the need for
additional clinical studies. To support the use of a previously approved drug in a new target
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population, an established exposure-response relationship can also be utilized to bridge
efficacy data between the studied and target population.
It is not uncommon for neuropsychotropic drugs to demonstrate relatively shallow doseresponse relationships. Although linear and sigmoidal dose-response relationships are
highly prevalent, “U-shape” dose-response relationship have known to commonly occur
across various neuroactive medications. For drugs that exhibit this relationship, the
intensity of therapeutic effect increases with increasing drug exposure up to a maximum;
thereafter, further increases in exposure result in paradoxical loss of efficacy. This scenario
warrants the need for therapeutic drug monitoring since it may be difficult to establish
whether a patient's lack of response is due to over- or under-dosing. A "U-shaped" doseresponse curve has been described for some tricyclic antidepressants and considered to be
possibly related to antagonism of therapeutic effects by adrenergic blocking activity due to
higher drug exposures35,36. Similarly, anticonvulsants have also shown loss of drug efficacy
at higher exposure. Dose-response curves for antipsychotics such as lumateperone,
ziprasidone, and amisulpride indicate a lack of drug efficacy for higher doses accompanied
with a higher risk of adverse events. For antipsychotics that exhibit the “U-shape”
relationship, it is hypothesized that even though efficacy may reach a plateau beyond a
specific dose, the frequency of adverse events such as extrapyramidal symptoms may
impact negative and general symptoms and indirectly increase the primary efficacy
variable, the total PANSS score.36 In addition, therapies intended to treat the sequela of
symptoms post-stroke and traumatic brain injury also demonstrate biphasic dose-response
relationships.37 Due to the high variability inherent with the population dose-response
relationship, it is possible for patients to be classified as non-responders for lower doses
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and require higher studied doses to experience a more clinically meaningful effect.
Therefore, regulatory bodies generally approve the entire studied dose-range as long as the
drug demonstrates an adequate safety profile.
1.5

New Era of Neuropsychiatric Data

Over the past few years, the field of neuropsychiatry has started to emerge at the forefronts
in the present era of translational medicine. The current knowledge gap of the
pathopsychological basis of neuropsychiatric illness should be supplemented with unique
approaches to data collection. Broad collaborations with other disciplines can allow for
generating effective hypotheses and tools that can help revitalize the field. Advancements
in neuroimaging, pharmacogenomics, biomarker evaluation, digital health, non-clinical
models and quantitative methodologies can aid in monitoring disease improvement,
understanding drug pharmacology, optimizing risk-benefit profiles, and increasing the
probability of success for future clinical trials.
Neuroimaging can assist with answering question regarding safety and efficacy. Questions
could relate to the presence of active drug at site of action, sufficient concentration at site
of action, potential downstream biological responses and post-target engagement, and
interactions with other biological systems. Several imaging techniques have a longstanding history in neuropsychiatry.14 Positron emission topography (PET) utilizes
positron emitting radionuclides for tracking organ and tissue function, enzyme activity,
receptor binding occupancy, and protein accumulation. F-18, fluorodeoxyglucose is a
radiotracer that is frequently used to describe neuronal synaptic function in the brain.
Currently, F-18 based PET is FDA approved for identifying epileptic seizure foci and have
been used in various studies related to depression, bipolar disorder, schizophrenia,
11

traumatic brain injury, and neurodegenerative diseases.38 Receptor occupancy studies
represent a key step in neuropsychotropic drug development as they are necessary to
illustrate the relationship between the pharmacological profile and behavioral effects. In
schizophrenia, a dopamine-2 (D2) receptor occupancy of 70-80% has shown optimal
clinical effectiveness with limited adverse effects and is further used to justify dose
selection.39 Stable isotope labeling kinetics (SILK) involves the use of low abundance
stable isotopes and incorporating them into biological pathways to quantify the synthesis
and clearance of protein products. This method has been commonly used in the area of
Alzheimer’s disease to quantify amyloid-beta and tau proteins. Cognitive deficits are also
commonly investigated using functional magnetic resonance imaging (fMRI) techniques
that aim to measure neuronal activity in different areas of the brain based on blood flow.40
Biomarker identification and evaluation is based on the notion that the biomarker itself is
objectively measured and is thought to be a part of the casual pathway of a biological
disease process. Biomarkers can be used to guide dosing decisions, identify disease, enrich
clinical trial populations, or even be used as a primary endpoint to substantiate clinical
efficacy. Mechanistic biomarkers quantify target engagement and describe the biological
pathway of a drug or intervention (ex. receptor occupancy, enzyme activity), whereas
functional biomarkers are used to measure downstream effects after a target is engaged (ex.
electroencephalogram, electrical impedance myography). Although, the genetics of most
neuropsychiatric disorders are complex, there has been an increases use of
pharmacogenomics for diagnosis and prognosis in schizophrenia. Prognostic biomarkers
associated with identifying individuals at risk for clozapine-induced agranulocytosis and
neutropenia has been correlated with the 6672G single nucleotide polymorphism.
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Inflammatory disease markers have also shown promise in providing predictive enrichment
for new antidepressants and antiepileptics. Change in heart-rate variability were associated
with disturbances in social and emotional regulations and could possibly function as a
translational biomarker in illnesses with emotional and cognitive deficits. Improvements
in analyzing microRNAs (miRNAs) have led to a better understanding of the role of
immune response, oxidative stress, and hypoxia in epileptogenisis. Furthermore, response
to therapy prior to trial randomization can be used as a trial enrichment strategy to amplify
the signal to noise ratio.14
Digital health involves the use of patient generated data collected through technological
tools that can be quantitatively evaluated to monitor disease, assess response to
intervention, and predict future clinical outcomes. Digital health technologies comprise of
medical devices, wearables, connected devices, sensors, and mobile apps. Examples of the
type of data that can be gathered include vital signs, sleep quality and movement, glucose
levels, oxygen saturation, respiratory parameters, caloric intake, and self-reported diary
entries. The high dropout rate observed in neuropsychiatric clinical trials can be attributed
to a high degree of burden and inconvenience placed on patients. Utilizing digital health
devices can allow for more efficient, patient-centric trials. Recruitment of patients can
occur through electronic means such social media and crowdsourcing. Patient engagement
through online communities and telemedicine could increase disease awareness and
medication adherence. Biometric and real-time assessments can provide more accurate
information regarding when specific clinical events are occurring in a patient and could be
used to prevent further patient harm.41 Recently, the FDA approved Abilify Mycite, a tablet
formulation combining aripiprazole with an ingestible sensor that can communicate with a
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wearable patch and Bluetooth software.42 The motivation between this combination was to
measure adherence in patients suffering with schizophrenia and other affective disorders.
The ability to track whether patients took their medication can lead to a lowering of
healthcare costs and potentially improve adherence. Challenges associated with digital data
include data warehouse management, regulatory acceptance and compliance, health
information security, and data integrity.43
Table 1.1: Problems associated with conducting neuropsychiatric clinical trials and
potential solutions.
Key Problems

Potential Solutions

Increase spontaneous improvement and
decrease placebo-drug differences

Use of novel trial designs to enhance the signal to
noise ratio, increase reliability of raters, improvement
in patient recruitment and avoiding professional
patients, decrease trial length, decrease number of
treatment arms, avoid clinical sites known to exhibit
high placebo response

Highly variable clinical endpoints that decrease
statistical power

Improve upon subjective measures and instruments,
increase inter-rater reliability and validity, strengthen
rater training and qualifications, utilization of more
objective biomarkers

Lack of medication compliance

Evaluate new methods to measure medication
compliance and protocol adherence, utilize run-in
periods for compliance enrichments

Inadequate dose selection leading to negative
trial outcomes

Use of pharmacokinetic-pharmacodynamic modeling
and simulations to optimize dosing regimens

High proportion of patient dropouts

Enrich trials that include patients less likely to
dropout, engage with more patient centric trials,
decrease the number of patient visits and length of
trials, , avoid clinical sites known to exhibit high
dropout rates

High disease heterogeneity

Utilize biomarkers and enrichment strategies to find
patient subpopulations that are more likely to respond
to the investigative treatment

(Table adapted from Kemp AS et al., 2010 and Becker RE et al., 2013)
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1.6

The Learn and Apply Paradigm

The concept of “learn and confirm” was coined by Dr. Lewis Sheiner to describe the
different phases of drug development. The “learning” phase encompasses what is known
as the traditional Phase I and Phase II studies. In this process, the goal is to characterize
the safety, tolerability, and pharmacokinetic profile and determine if a signal for efficacy
is present from initial proof-of-concept trials.44 Drug developers get to “learn” about any
dose-limiting toxicity, tolerability issues, suitability of the investigative drug as a
therapeutic option based on pharmacokinetics (ex. linear pharmacokinetics, half-life,
bioavailability, time to peak concentrations), and the underlying relationship between
pharmacokinetics and pharmacodynamics. Dose-response trials, usually considered to be
part of the phase II portfolio, allows for further quantification of the dose/exposureresponse relationship to ultimately select a dose for future Phase III trials. Before a decision
is made to invest in large Phase III trials, the information collected in the learning phase
should be sufficient to provide an idea of the probability of success in future pivotal studies.
Phase III registration trials make up the “confirmation” phase with the main goal of
demonstrating safety and effectiveness.44
Although compounds may succeed in the confirmation phase, the “learn” and “confirm”
cycle still continues. Large pivotal trials provide superfluous amount of patient information
with a wide range of demographic and clinical characteristics. Potential factors that can
sway the risk-benefit profile in certain subgroups can be investigated and provided as
product labeling information to improve patient outcomes in a more generalized setting. In
the event that a confirmatory trial produces negative outcomes, the opportunity to learn
and identify reasons for trial failure can present itself. To encapsulate the continuous nature
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of “learn and confirm”, Dr. Joga Gobburu introduced the concept of “learn and apply”
where knowledge gained from different stages of drug development can be applied to make
decisions in regulatory and clinical environments.45 One can argue that if sufficient
information is collected and robust methods are utilized to make inferences, the need for
confirmation is unwarranted.

For example, the passage of the Food and Drug

Administration Modernization Act (FDAMA) of 1997 was a major piece of legislation that
exemplified the use of the “learn and apply” principles in drug development. The act
allowed for a single “adequate and well controlled” trial with “confirmatory evidence” to
conclude the presence of substantial evidence of effectiveness rather than having multiple
adequate well controlled studies. FDAMA paved the way for streamlining drug
development in various areas such as pediatrics, where previous experience in adults could
be used to establish evidence of effectiveness. Approval of extended release formulations
after the approval of immediate release products can also be supported with a single clinical
trial.45,46
Pharmacometrics is the science of quantifying disease, drug, and trial characteristics to
inform drug development and therapeutic decisions. It represents a melting pot of ideas
from different fields such as the biological and pharmaceutical science, engineering,
statistics, mathematics, and computer science to enable the “learn and apply” paradigm.
Pharmacometric analysis can range from empirical to semi-mechanistic to mechanistic
basis. The most common types of analysis include population pharmacokinetics, diseaseprogression modeling, exposure-response analysis, and clinical trial simulations. These
techniques can be used to provide evidence of effectiveness, dose individualization, inform
future trial design, and serve as the basis for bridging efficacy across two formulations or
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populations. As a result of the aforementioned techniques, drug development failure rates
have decreased, and clinical therapeutic success has increased.16
1.7

Prior use of Pharmacometrics in the Area of Neuropsychiatry

Clinical and drug development success of neuropsychiatric compounds is challenged by
the lack of pathophysiological understanding of disease, unclear pharmacologic
mechanisms, inability to quantify drug concentrations at the site of action, subjective
clinical endpoints, untranslatable pre-clinical model, and a low signal to noise ratio
observed in clinical trials. The following examples showcase how previous
pharmacometric based analysis bridged the gap by facilitating the “learn and apply”
paradigm.
1.7.1

Tetrabenazine: Evidence of effectiveness derived using dose-response relationships

Background: Tetrabenazine was evaluated for the treatment of Huntington’s chorea, a
disease state that did not have any treatment options available at the time of regulatory
review. The drug applicant performed two double-blind, controlled clinical trials that
randomized patients to placebo or tetrabenazine. Patients experienced weekly dose
titrations for 7 weeks, followed by a maintenance period with no dose changes for an
additional 5 weeks. One out of two trials was positive and found to demonstrate a
significant drug effect using change from baseline in chorea scores at 12 weeks as the study
endpoint.47
Key Question: Does the dose-response relationship for chorea scores provide
confirmatory evidence of effectiveness for tetrabenazine?
Impact: Due to the short half-life of tetrabenazine (five hours), it was assumed that patients
would achieve pharmacokinetic steady state by the end of each day. Exploratory analysis
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demonstrated that tetrabenazine elicits its effects on chorea scores within a single week
after a dose change. Therefore, a time-effect did not confound dose-effect and chorea
scores measured at weekly visits were related to the full effect of that dose level. A linear
mixed effect model was used to describe the dose-response relationship that was consistent
across different clinical trials (Figure 1). It was concluded that the significant doseresponse relationship provided substantial evidence of effectiveness which would
ultimately lead to regulatory approval. If dose-response was ignored, investigators would
need to conduct additional clinical trials to provide additional evidence of effectiveness.47
Figure 1.1: Population average dose-response relationship in patients with baseline
total chorea scores of 10, 15, 20, or 25.

1.7.2

Using a Parkinson’s disease progression model to influence future study designs

Background: There has been a heavy investment by the pharmaceutical industry in the
development of drugs that intend to slow the progression of Parkinson’s disease. To
demonstrate symptomatic benefit, randomized double blind, placebo-controlled parallel
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study designs have been the norm. An alternative design to evaluate disease-modifying
effects is the delayed start design, where patients are initially randomized to treatment or
placebo for a pre-specified duration (placebo control phase) and then patients that were
randomized to placebo are switched to receiving the study drug (active control phase).
Patients that were initially randomized to the study drug, continue to receive the drug.
Evidence of disease modifying drug effects can be supported if 1) the slope of the change
in the primary efficacy variable over time is shallower for the treatment group than the
placebo group during the placebo control phase, 2) the patients that received treatment all
throughout the trial experienced a greater clinical response at the end of the active control
phase as compared to patients who started on placebo and switched to treatment, and 3) the
slope of the primary efficacy variable over time is similar between the patients that started
on placebo and patients who started on treatment during the active control phase. A
database of 1,500 patients with Parkinson’s disease was developed to characterize disease
progression, treatment effects, and patient discontinuation patterns.48
Key Questions: What quantitative model best describes the progression of total Unified
Parkinson’s Disease Rating Scale (UPDRS) score and what approaches should be
undertaken to evaluate disease-modifying effects of a drug in a delayed start design?
Impact: A quantitative empirical model was developed to adequately describe the
longitudinal time course of UPDRS scores in patients receiving treatment or placebo.
Patient dropouts were taken into consideration based on the need for additional
symptomatic therapy within 12 months of treatment initiation and treatment related adverse
events between 12 and 20 weeks. Equation 1 illustrates the final quantitative model
structure that describes the longitudinal change in total UPDRS score from baseline and
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was used for simulations. The model suggests that patients with Parkinson’s disease
experience deterioration at a rate of 8 points on the total UPDRS score per year. The data
suggested that the change in total UPDRS scores after 12 weeks was reasonably linear.
Sample size calculations derived from simulations concluded that to achieve 80% power
of concluding a disease-modifying effect, a trial must enroll at least 600 patients in both
drug and placebo groups under the assumption that the drug effect is at least 40%. Due to
limited information from dose-ranging studies, information regarding the onset of drug
effects could not be evaluated. Clinical trials simulations ultimately concluded that
differences in slopes between placebo and treatment arms during the placebo - controlled
phase and a constant difference between the two treatment arms during the active control
phase could support a disease-modifying claim.
Eq (1.1)
∆ 𝑇𝑜𝑡𝑎𝑙 𝑈𝑃𝐷𝑅𝑆 𝑆𝑐𝑜𝑟𝑒
= 𝛽0 + (𝛽1 ∙ 𝑃𝑙𝑏 + 𝛽2 ∙ 𝑇𝑅𝑇) ∙ 𝑇𝑖𝑚𝑒 + (𝛽3 ∙ 𝑃𝑙𝑏 + 𝛽4 ∙ 𝑇𝑅𝑇) ∙ (1 − 𝑒 𝑘 ∙𝑇𝑖𝑚𝑒 )

Plb refers to placebo, Trt refers to treatment, β0 to the intercept, β1 to the disease
progression slope of the placebo group, β2 to the disease progression slope of the treatment
group, β3 to the symptomatic effect in the placebo group, β4 to the symptomatic effect in
the treatment group, and k to the rate constant which can be used to derive the time to reach
the maximum symptomatic effect. When the difference between (β1−β2) is equal to zero,
there is no disease-modifying benefits.48
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1.7.3

Extrapolation of atypical antipsychotic efficacy from adults to adolescents with

schizophrenia

Background: There is an urgent need to facilitate clinical development of drugs for
pediatric use. The average delay between approval of a drug with an indication for adults
and approval of that same drug’s pediatric indication is approximately 5 years. As a result,
there is a period of time in which a drug is available and, often, being prescribed to pediatric
patients with little guidance on appropriate dosing, expected rates of adverse reactions, or
even whether the drug is effective for pediatric patients. In typical drug development
programs, sponsors do not initiate the pediatric clinical trials until the drug is shown to be
safe and effective in adults. Enrolling patients into pediatric efficacy and safety trials can
be challenging. Extrapolation based methods have been proposed by FDA since 1994,
where knowledge from previous experience can be utilized to inform the need for
additional information in the pediatric population. Extrapolation of efficacy from adults to
pediatric patients is based on the fundamental evidence-based assumption that the disease
and response to therapy are similar in both populations. A key component to consider after
claiming similarity of disease and response to therapy is the assessment of similarity of the
underlying exposure-response relationships. If prior data indicate similar exposureresponse relationships in adults and children across different drugs, a dedicated efficacy
trial may not be needed to support efficacy in the pediatric population.49,50
Key Questions: Can the efficacy of atypical antipsychotics be full extrapolated from adults
to adolescents for the treatment of an acute exacerbation of schizophrenia?
Impact: Subject level data from four drug development programs that included a total of
16 adult (N=5,951) and 4 adolescent (N=1,035) short term efficacy studies were utilized
for the analysis. A quantitative disease-drug-trial model was developed and demonstrated
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change in symptoms in patients receiving placebo during an acute exacerbation and the
exposure-response relationship was consistent between the two populations (Figure 1.2).
Based on this finding, it was concluded that efficacy in the adolescent population can be
fully extrapolated from adult studies without the need for a dedicated adolescent efficacy
trial for drugs that share a similar mechanism of action to atypical antipsychotics.49,50
Figure 1.2: Simulated placebo-corrected change from baseline in total PANSS scores
versus average steady state concentrations at Week 6 for adolescent patients receiving
Drugs A-D.

(Figure adapted from Kalaria SN, et al. 2020)
Red circles and error bars represent average and 95% confidence intervals for simulated adolescent week 6
placebo-corrected change from baseline in total PANSS scores the 4 exposure quartiles. Simulations were
conducted using the corresponding adult disease-drug and adolescent dropout models. Blue circles represent
adolescent observed average week 6 placebo-corrected change from baseline in total PANSS scores.
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1.8

Current Research

The objective of this thesis is to optimize clinical therapeutics and drug development in
neuropsychiatry using pharmacometric approaches. Two research cases will utilize the
fundamental underpinnings of the “learn and apply” philosophy by 1.) providing
individualized dosing recommendations for patients taking antiepileptic drugs and
undergoing continuous renal replacement therapy (CRRT) and 2.) increasing the
probability of success for future binge eating disorder drug development programs.
1.8.1 Continuous Renal Replacement Therapy: Proposal of new antiepileptic dosing
recommendations for critically ill patients

Status epilepticus and refractory seizures remain a common occurrence amongst intensive
care unit (ICU) patients. It is possible for patients to receive several antiepileptic drugs
during their stay for the treatment and prophylaxis of diverse types of seizures. Patients
who undergo CRRT may experience refractory seizures from underexposure of therapy,
while serious adverse effects may appear in those who are overexposed. Therefore,
appropriate management of AEDs in CRRT patients is mandatory to improve treatment
success. To date, clinical studies of AEDs in CRRT patients have not been reported and no
standardized dosing recommendations are established. Furthermore, it is highly
improbable to quantify the clearance of the multitude of drugs currently on the market and
in development. Many permutations of the different modalities exist, and it would be
impractical to study all of them in a trial. Several reports of ex-vivo CRRT models have
shown to be capable of evaluating variations of CRRT parameters and their effect on drug
clearance. The goals of this project were to design and conduct clinical studies that can
support individual dosing adjustments of antiepileptic drugs and to create an ex-vivo model
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capable of predicting in-vivo drug clearance for the purpose of streamlining and creating
an efficient workflow for dose adjustments in critically ill patients undergoing CRRT.
Chapter 1 discusses the mechanistic function of three different modalities of continuous
renal replacement therapy and how differences in clearance mechanisms can affect the
pharmacokinetics of drugs in patients. Fundamental equations established through
concepts from bioengineering and clinical pharmacokinetic will be discussed and related
to how drug clearance in the critical care setting can be calculated.
Chapter 2 and 3 describes the results of two practice-based clinical pharmacokinetic studies
in continuous venovenous hemofiltration (CVVH) patients receiving levetiracetam and
lacosamide. Total drug clearance was estimated using both CRRT and drug specific
parameters. Individualized dosing recommendations were proposed based on target
exposures observed in patients with normal renal function. The two proof of principles
clinical trials confirmed that pharmacokinetic data collected in the course of clinical care
can be leveraged to optimize antiepileptic dosing. Effluent flow rate, a CRRT specific
variable, and sieving coefficient, a drug specific property, were found to be the major
determinants for drug clearance. Furthermore, the sieving coefficient was unaffected by
external variables such as transmembrane and filter pressures and was approximated by the
fraction of unbound drug.
Chapter 4 provides a detailed description of the development of an ex-vivo CRRT model
that could be utilized to predict in-vivo drug clearance. This method can be beneficially to
study the effects of different CRRT scenarios on drug clearance and allow for the
determination of dosing recommendations without the need of conducting extensive
observational clinical trials. Proof of concept studies demonstrated that simple saline
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solutions cannot be utilized to estimate the true drug sieving coefficient for levetiracetam,
lacosamide, and phenytoin. However, albumin-based and human plasma vehicle mediums
demonstrated similar sieving coefficient value to what was observed in-vivo. Differences
in albumin concentrations minimally impacted the extraction coefficient properties of the
investigated products. Although, a decrease in sieving coefficient values were observed
with increases in dialysis flow rates, changes in drug clearance may not be clinically
meaningful. A linear ex-vivo and in-vivo correlation (EVIVC) was developed using a linear
model with sieving coefficient as the main parameter of interest. The relationship suggested
that ex-vivo drug clearance using a human plasma vehicle can best serve as surrogate to
predict drug clearance in patients.
1.8.2

Binge Eating Disorder: Informing future clinical trials to increase probability of success

Many pharmacological treatments such as antidepressants, anticonvulsants, and stimulants
have been studied to treat BED. Even though the therapeutic armamentarium for BED is
growing, a standard of care has not been defined. Published BED trials, typically placebocontrolled, parallel designs, have demonstrated high placebo effect and dropouts up to
40%. Different methodologies have been explored for potential improvements in trial
design. Quantitative disease-drug-trial models are mathematical representations of the
longitudinal changes in disease progression, drug effects, and trial execution characteristics
for efficacy and safety variables observed in clinical trials. The goal of this project is to
leverage BED data gathered from several BED investigator led trials and develop a
quantitative disease drug trial model for the purpose of optimizing BED trial design
elements.
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Chapter 1 provides an overview of the current state of binge eating disorder drug
development and the increasing need for newer therapies. Challenges related to trial
conduct and potential reasons for negative outcomes are discussed as 50 percent of
investigator led trials failed to show a difference between the investigated drug and
placebo.
Chapter 2 presents a case example of the use of a disease-drug-trial model for topiramate
for the treatment BED. The comprehensive frameworks demonstrates that a dose of 125150 mg is needed to demonstrate a marked reduction in weekly binge frequencies. Placebo
response was estimated to be approximately 60% and was achieved by 5 weeks. Weight
loss was also found to be a strong predictor for dropout, as patients who do not observe
any weight loss have a higher probability of dropping out of the trial.

Chapter 3 explores the use of advanced quantitative methodologies including various
machine learning algorithms to identify moderators of placebo response in patients with
BED. Placebo data from 12 randomized controlled trials consisting of 188 patients was
utilized for the analysis. Algorithms including support vector machines, random forest,
recursive partitioning, and AdaBoost were used identify key predictors for placebo
response. Baseline binge frequency was found to be the strongest moderators of placebo
response with a model accuracy ranging from 50-60%.
Chapter 4 describes a model based comparative effectiveness analysis of 10 neuroactive
drugs investigated for the treatment of BED. A common disease-trial model was estimated
using placebo information from all 12 trials and used to further develop drug-specific doseresponse relationships. Simultaneous estimation of the disease-drug-trial model indicated
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that drugs with stimulant related and anticonvulsive properties, as compared to
antidepressants, exhibited larger maximum proportional drug effects. External validation
of the lisdexamfetamine disease-drug-trial model suggested the ability to predict a phase II
dose-ranging study, while only the drug response was well predicted in two phase III
registration trials.
Chapter 5 explores the use of the establish disease-drug-trial model to optimize clinical
trial design elements for a future BED trial. Simulations were used to investigate the
following questions: What is the optimal length of a BED clinical trial to demonstrate
safety and effectiveness? What primary endpoint can be selected to reduce sample size and
statistically demonstrate drug effectiveness? What type of statistical analysis should be
used to demonstrate efficacy? What trial design can lead to an amplification of the net
treatment effect signal given the challenges of high placebo response? This simulation
based study proposed that a traditional placebo controlled trial evaluating change from
baseline in binge day frequency at 6 weeks with a dose-response model based analysis
would be more efficient to demonstrate whether a new drug is safe and effective for BED.
This trial design would ultimately result in a 40% reduction in overall sample size and 50%
reduction in dropouts as compared to traditional trial designs currently used in BED drug
development.
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Section II: Continuous Renal Replacement Therapy: Proposal of New
Antiepileptic Dosing Recommendations for Critically Ill Patients
Chapter 2.1: Continuous Renal Replacement Therapy in Critical Care
2.1.1 Acute Kidney Injury in the ICU
Acute kidney injury (AKI) is characterized by an abrupt loss of renal function over a period
of hours to days and results in the imbalance of fluid homeostasis, electrolytes, and waste
products. This can lead to the development of metabolic related disturbances and potential
multi-organ failure. The Kidney Disease: Improving Global Outcomes (KDIGO)
consensus guidelines defines acute kidney injury as an increase in the serum creatinine
(SCr) level of 0.3 mg/dL or more within 48 hours, a SCr level that has increased by at least
1.5 times the baseline value within the previous 7 days, or a urine volume of less than 0.5
ml per kilogram of body weight per hour for 6 hours.1 The cause of acute renal failure can
be classified into three broad categories: pre-renal, post-renal, and intrinsically related. In
the intensive care unit (ICU,) the pre-renal mechanism related to renal hypoperfusion is the
major cause of acute renal failure.3 Post-renal and intrinsic cases usually involve prolonged
medullary hypoxia, tubular function loss and damage, and decreased glomerular
filtration.3,4 In many cases, AKI is diagnosed at the early stages of a patient’s course of
clinical care and therefore could present with less serious symptoms. However, if left
untreated, AKI and its secondary complications are associated with significant morbidity
and mortality. AKI accounts for at least 1% of all initial hospital admissions in the United
States. Approximately 5-7% of patients develop some degree of AKI during their stay in
the hospital. In the intensive care unit (ICU), up to 35% of critically ill develop AKI and
6% of those that do, require renal-replacement therapy (RRT).5 Mortality among ICU
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patients with AKI and multi-organ failure initiating RRT has been reported to be over
80%.5,6
2.1.2 Renal Replacement Therapy
The clinical standard for the treatment of AKI and the prevention of further renal function
loss has been RRT. Over the past 2 decades, the incidence of AKI requiring RRT has
increased by approximately 10% per year.7 Renal indications for RRT include uremia or
progressive azotemia, volume overload and oliguria, significant electrolyte disturbances,
and metabolic acidosis.7 Non-renal indications include sepsis, thermoregulation, drug
overdose/intoxication, rhabdomyolysis, and radiocontrast induced nephropathy. Older
patients, males, high disease severity, decompensated heart failure, sepsis or severe
infection, liver failure, or need for mechanical ventilation are some of the major predictors
for use of RRT in critically ill patients.7,10
In the early to mid-1940s, Kloff, developed the first artificial kidney support system based
on hemodialysis. Fine and colleagues later went on and recognized the use of the
peritoneum as a “living dialyzer”.11 With improvements of the dialyzer catheter, peritoneal
dialysis gained emergence in the 1940s. Between the 1940s and 1960s the use of traditional
RRT methods was limited to “end of life” scenarios and emergency treatment only.12
Because of the increasing use of RRT and availability of more developed ICUs, mortality
incidences due to AKI decreased significantly from 90% to 30%.7 Although hemodialysis
was the most utilized method of RRT, limitations included acute hypotension due to rapid
fluid shifts, imprecise fluid management, and inefficient management of key electrolytes
causing cardiovascular instability. In the 1970s, Kramer developed the first continuous
renal replacement therapy (CRRT) method called continuous arteriovenous hemofiltration
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(CAVH). Kramer recognized major advantages with CAVH including cardiovascular
stability and effective fluid management. Compared to hemodialysis, CAVH was even
easier to implement in ICUs, which correspondingly led to the evolution of modern
techniques of CRRT. Table 2.1 provides a summary of advantages and disadvantages of
traditional RRT and modern CRRT methods.11-13

Table 2.1: Traditional versus Continuous RRT Techniques
Modality

Potential Setting in AKI

Advantages

Disadvantages

IHD

Hemodynamically stable

-Rapid removal of
solutes
-“Down time” for
diagnostic and
therapeutic procedures
-Reduced exposure to
anticoagulation
-Lower cost

-Hypotension
-Cerebral edema
-Technically more
complex and demanding

CRRT

Hemodynamically unstable

-Continuous removal of
toxins and solutes
-Promotes
hemodynamic stability
-Fluid balance
-User friendly machines

-Slower clearance of
solutes
-Need prolonged
anticoagulation
-Patient immobilization
-Hypothermia
-Increased cost

2.1.3 Mechanisms and Modalities
CRRT utilizes the fundamental principles of solute and water transport to manage fluid
balance, electrolyte abnormalities, and solute clearance. The two primary mechanisms for
solute removal are diffusion and convection (ultrafiltration).11 Diffusion describes the
movement of a solute across a semi-permeable membrane due to a concentration gradient.
Solute moves from a compartment with a high concentration to another compartment with
a lower concentration. Dialysis based RRT techniques use the concept of diffusion to move
solute from the blood compartment to the dialysate compartment.14 The countercurrent
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dialysate fluid typically used in RRT contains sodium, chloride, magnesium, calcium, and
bicarbonate. The concentration gradient can be maximized and maintained for the entire
course of hemodialysis by ensuring constant flow of fresh dialysate that is countercurrent
to the blood flow. Factors that can influence diffusion include the type of membrane (pore
size), surface area, temperature, molecular weight, and concentration gradient.14
Convection is the process of the movement of solute across a semi-permeable membrane
generated by an osmotic or hydrostatic pressure gradient. Solute along with the solvent
move from a higher pressure compartment to a lower pressure compartment (also known
as “solvent drag”). Convection or ultrafiltration based RRT techniques require additional
replacement of fluid due to the removal of solvent and prevent unwarranted clinical
outcomes. The replacement solution is similar in make up to the dialysate fluid. Factors
that influence convection primarily involve molecular size and filter permeability.15 Figure
2.1 provides an illustration of the two mechanisms of solute clearance.

Figure 2.1: A magnified look into convection vs. diffusion mechanisms
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Depending on the clinical scenario, multiple mechanisms can be leveraged to manage
patients with AKI. RRT modalities differ based on extracorporeal circuit design, duration
of therapy and mechanism/rate of solute clearance. Intermittent therapies such as the
conventional method of intermittent hemodialysis (IHD) are usually carried out in 3-5 hour
sessions a few days a week with a typical blood flow rate of 400-700 mL/min. Challenges
with IHD include the increased risk of systemic hypotension and cerebral edema.
Peritoneal dialysis, another intermittent method of RRT, has limitations in cases of severe
volume overload, abdominal pathology, or when needed for significant solute clearance.
In contrast, continuous renal replacement therapy (CRRT) is given 24 hours per day (with
interruptions due to filter/technical issues and clinical procedures), and thus mimics the
functions and physiology of an actual kidney.10,11 The use of CRRT has been progressively
increasing to circumvent cardiovascular and neurological issues. CRRT is typically
prescribed in patients’ cardiovascular instability, septicemia, cerebral injury/edema, and
rhabdomyolysis. Three common modalities of CRRT are used in the ICU today: continuous
venovenous hemofiltration (CVVH), continuous venovenous dialysis (CVVHD), and
continuous venovenous hemodiafiltration (CVVHDF).14 CVVH utilizes convective based
solute transport and is capable of handling increased fluid removal rates. In the scenario
where net fluid status is warranted, replacement fluid can be infused before filtration (predilution), after filtration (post-dilution), or both. Pre-dilution replacement therapy can
assist with decreasing the risk of filter occlusion by lowering the blood hemoconcentration
by dilution as it passes through the filter. However, using pre-filter replacement fluid can
reduce the effective solute clearance. CVVHD uses a diffusion based solute transport using
a low—flux membrane. Fluid removal can occur in CVVHD, albeit within the acceptable
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range of values to maintain fluid control without the need for replacement solution.
CVVHDF is a combination of CVVH and CVVHD and uses a high flux hemodiafilter for
both convection and diffusion. The various modalities can result in different clearance
profiles for various solutes.16 CVVHD is efficient in clearing low-molecular weight solutes
(< 500-1,500 Daltons), while CVVH clearance is primarily limited by hemodiafilter
membrane pore size (~ 20,000 Daltons). Figure 2.2 provides a description of the
extracorporeal circuit design for all three CRRT modalities discussed. It is however
important to note that the selection of modality is driven based on provider preference
rather than objective comparative data of modality efficiency.15,16
2.1.4 Impact of CRRT on Clinical Outcomes
The current scientific community is at cross-roads for identifying an optimal RRT strategy
for treating AKI patients. Studies that have compared intermittent and continuous therapies
do not provided strong evidence to choose one technique over another. In the CONVINT
study conducted by Schefold et al., the effect of IHD and CVVH on AKI patients were
compared on mortality and renal-related outcomes. The results demonstrated that survival
rates at 14 days after RRT initiation was 40% for IHD patients and 44% for CVVH patients
(OR 0.84, P= 0.50). However, 14 day, 30 day and all-cause intrahospital mortality rates
were not significantly different. Furthermore, no differences were found when comparing
ICU/intrahospital length of stay.17 Another study conducted by Vinsonneau at al,
demonstrated no difference in 60 day mortality between IHD and CVVHDF patients (32%
vs. 33%, P = 0.98).18 Similarly, Mehta et al and Augustine et al also found no difference in
mortality when comparing CVVHDF and CVVHD with IHD.19-20
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Figure 2.2: A magnified look into convection vs. diffusion mechanisms

Figure 2.2: A magnified look into convection vs. diffusion mechanisms
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2.1.5 Current State of CRRT
The development of new modalities has modified the management of AKI. Despite the
lack of strong evidence showing the benefits of CRRT over traditional methods, consensus
guidelines now recommend its use as first line for patients that have hemodynamically
unstable AKI.21 However, given that CRRT modalities mimic the physiology of an actual
kidney with limited unwarranted hemodynamic and neurological outcomes, one would
hypothesize that CRRT would have a favorable risk-benefit profile as compared to IHD.
Several studies have shown that the lack of optimal dosing strategies for commonly used
drugs in the ICU could worsen the clinical picture. Patients with subtherapeutic
concentrations may experience treatment failure and worsening of other underlying
disease, while patients with supratherapeutic concentrations may experience toxicity. Only
20% of drugs currently marketed have been studied as in patients undergoing CRRT.22
Therefore, drug clearance and dosing decisions are commonly derived from patients with
ESRD undergoing IHD. The US Food and Drug Administration (FDA) guidance on renal
impairment studies serves to assist sponsors to propose dosing adjustment
recommendations for labeling purposes. Although the most recent guidance in 2010
recommends pharmacokinetic studies in end-stage renal disease (ESRD) patients receiving
chronic IHD, guidelines on patients with CRRT are nonexistent.23 Because these studies
are not required for initial drug approval, pharmaceutical sponsors are not incentivized to
conduct CRRT pharmacokinetics studies during drug development. In a systematic
literature review conducted by Vaara et al, a majority of the pharmacokinetic studies did
not report the CRRT dose directly or CRRT flow parameters. More than 50% of reviewed
studies did not include the dilution mode used in CVVHDF or CVVH. The review
concluded that the reporting of CRRT parameters were inadequate and the general quality
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of the non-interventional studies remained moderate. In a more recent review of the
available literature, transmembrane and filter pressure data and its impact on drug clearance
was also not available from any study even though clinicians recognize the limitations of
filter clogging and clotting issues.24
2.1.5 Dosing Information in CRRT
In 2012, the Kidney Health Initiative (KHI) was established as a public-private partnership
between the FDA and the American Society of Nephrology. The goal of this partnership
was to “advance the scientific understanding of kidney health” and to “develop new
therapies for diseases that affect the kidney”. The initiative later published a white paper
in 2015 calling for more efficient study designs for assessing the pharmacokinetic of drugs
used in CRRT and the development of relevant dosing recommendations.22,25
To date, over fifty multi-patient pharmacokinetic studies have been conducted across
various drugs commonly used in the ICU. Upon review, drugs that likely do not need
CRRT specific dosing recommendations include drugs that have large molecular weights,
are highly protein bound, are therapeutically monitored as part of standard practice, and
are dosed by titration to effect. A range of quantitative techniques have also been leveraged
ranging from descriptive non-compartmental analysis to population pharmacokinetics.
However, it is important to note that over the past 40 years, the mechanistic understanding
of solute clearance in CRRT has greatly evolved. Therefore, it is important to keep in
perspective of how the pharmacokinetics of an individual drug relate to the CRRT specific
parameters and the physiochemical properties of a compound.
Previous studies have suggested that the major dose determinants in CRRT relate to
effluent flow rates, dialysate flow rates, and the extraction properties of a drug. The sieving
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coefficient (SC) and saturation coefficient (SA) represents the ratio of a specific solute in
the ultrafiltrate (effluent) and/or dialysate and the concentration in the plasma prior to
entering the filter.26.27 The SC and SA is specific to each individual solute and for every
filter membrane. Most filters that are used for CVVH and CVVHD have membrane pore
sizes that limit molecules greater than 50,000 Dalton from being cleared. For drugs that are
bound by albumin (55,000-60,000 Daltons), the clearance will be significantly lowered.16
Figure 2.3 displays the relationship between molecular size and sieving coefficient across
three different filter types.14 Therefore, if basic pharmacokinetic data suggest that a drug
has very high protein binding, no relevant elimination of the substance by diffusion or
convection can be expected. The aforementioned concepts in combination with what is
known about a drug’s non-renal and residual renal clearance pathway needs to also be
considered when determining the dose for a particular drug.
2.1.6

Consideration for Conducting a CRRT Pharmacokinetic Study

The KHI initiative considered two important factors when conducting and analyzing CRRT
pharmacokinetic studies: feasibility and generalizability. Because effluent and dialysis
flow rates, a form of CRRT dose intensity, are one of the most important variables for drug
removal, it would be crucial for their integration into dosing decisions.22,25 Since a majority
of patients will be placed on a specific CRRT regimen as per standard of care, it would
also be important to capture other CRRT characteristics such as blood flow rates, use of
anticoagulation, and other disease related factors. Unlike a “dedicated” renal impairment
study often submitted to the FDA for dose adjustment in patients with various degrees of
renal dysfunction, a CRRT study may include a heterogenous population.22 Filter types
need to be considered and reported due to differences in pore size and membrane

44

physiochemical properties. When sampling patients, pre-filter and effluent/dialysate
concentrations are needed to calculate the SA and SC of a drug. Most CRRT machines
have sampling ports located pre-filter, post-filter, and effluent/dialysis outflow sites. Rich
pharmacokinetic sampling schemes over a standard dosing interval is important to capture
changes in clearance due to potential events such as filter stoppage. If possible, samples
prior to dosing could be utilized to capture a patient’s drug clearance at baseline. However,
this may not be feasible since patient recruitment is more likely to occur after a patient is
known to be receiving CRRT. Collection of cumulative urine volume and urine drug
concentrations may also be useful when determining a patient’s own residual renal
function.22
Figure 2.3: Diagram of sieving coefficient profiles for low flux, high-flux, and highcut off membranes

(Figure adapted from Neri et al., 2016)
Blue, red, and green lines represent filters with low-flux, high-flux, and high-cut off membrane sizes.
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2.1.7

Use of Antiepileptic Dosing for Critically Ill Patients Undergoing CRRT

Status epilepticus and refractory seizures remain a common occurrence amongst ICU
patients with incidence rates ranging from 19 to 34% based on continuous
electroencephalogram (EEG) monitoring and 76-92% in non-convulsive patients.28-29
Patients may require several concomitant antiepileptic drugs (AEDs) during their stay for
the treatment and prophylaxis of diverse types of seizures. Traditional modalities of renal
replacement therapy may cause worsening cerebral edema, cerebral hypoxia, increased
intracranial pressure, and reduced cerebral perfusion.29 Therefore, CRRT could be a
preferred option in critically ill patients with neurological injuries.29,30 Patients who
undergo CRRT may potentially experience refractory seizures from underexposure of
therapy, while serious adverse effects may appear in those who are overexposed. To date,
limited studies and case reports assessing the impact of CRRT on AEDs have been reported
and no standardized dosing recommendations have been established.31
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Chapter 2.2: A Practice-Based, Clinical Pharmacokinetic Study to Inform
Levetiracetam Dosing in Critically Ill Patients Undergoing Continuous Venovenous
Hemofiltration (PADRE-01)
2.2.1 Abstract
Limited data exist on the effect of continuous renal replacement therapy (CRRT) methods
on antiepileptic drug pharmacokinetics (PK). This prospective practice-based PK study
aims to assess the impact of continuous venovenous hemofiltration (CVVH), a modality of
CRRT, on levetiracetam pharmacokinetics in critically ill patients and to derive
individualized dosing recommendations. Eleven patients receiving oral or intravenous
levetiracetam and CVVH in various intensive care units at a large academic medical center
were enrolled to investigate the need for dosing adjustments. Pre-filter, post-filter, and
ultrafiltrate samples were obtained before dosing, after the completion of the infusion or 1
hour post oral dose, and up to 6 additional time points post-infusion or post oral
administration. Patient specific blood and ultrafiltrate flow rates and laboratory values were
also collected at the time of sampling. The average sieving coefficient (SC) for
levetiracetam was 0.89 ± 0.1, indicating high filter efficiency. Six out of the eleven patients
experienced concentrations outside the reported therapeutic range (12-46 mg/L). The
average volume of distribution was 0.73 L/kg. CVVH clearance contributes a major
fraction of the total levetiracetam clearance (36-73%) in neurocritically ill patients. The
average bias and precision of the estimated versus observed total clearance value was
approximately 10.6% and 21.5%. Major dose determinants were identified to be SC and
effluent flow rate. Patients with higher ultrafiltrate rates will have increased drug clearance
and therefore will require higher doses in order to match exposures seen in patients with
normal renal function.
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2.2.2 Introduction
The incidence of acute kidney injury (AKI) in the intensive care unit (ICU) has increased
over the past few years and ranges between 20-50%.32 Among critically ill patients,
observed in-hospital mortality incidences were over 50%.11 The use of continuous renal
replacement therapy (CRRT) is progressively increasing to circumvent cardiovascular and
neurological issues. CRRT is typically indicated for AKI or ESRD patients with
cardiovascular instability, septicemia, cerebral injury/edema, and rhabdomyolysis.6 In the
ICU setting, the majority of patients are on a large number of potentially life-saving
antiepileptic medications which can be impacted by clearance of these medications.21 Due
to limited clinical data, current dosing recommendations for patients undergoing CRRT are
extrapolated from patients with end stage renal disease (ESRD) receiving intermittent
hemodialysis. Since CRRT is typically provided over 24 hours for multiple days, the
derived recommendations may lead to supra- or super therapeutic drug exposures in
patients.
Levetiracetam (LEV) is a commonly used antiepileptic medication in the ICU with FDA
approved indications for partial onset seizures, myoclonic seizures, and primary
generalized tonic-clonic seizures in pediatric and adult patients.33,34 Currently guidelines
also suggest that LEV can be used off-label for seizure prophylaxis in patients with severe
traumatic brain injury or subarachnoid hemorrhage for no more than seven days.35 LEV
exerts its anti-seizure effect through modulation of synaptic vesicle 2A (SV2A), a novel
mechanism of action.36 Its pharmacokinetic advantages over other antiepileptic drugs
include rapid absorption, near 100% bioavailability when using the oral formulation,
insignificant protein binding (< 10%), minimal drug-drug interactions, and non-hepatic
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enzyme induced hydrolysis. The extent of absorption is not affected when LEV is given
with food, however studies have shown maximum concentrations (Cmax) to decrease by
20% and a delay in time to maximum concentration (Tmax) by 1.5 hours. LEV elimination
is correlated with creatine clearance (CrCL) with 66% of the administered dose renally
eliminated unchanged through glomerular filtration with partial tubular reabsorption. Total
drug clearance is reduced by 40%, 50% and 60% in patients with mild (CrCL: 50-80
ml/min), moderate (CrCL: 30-50 ml/min), and severe renal impairment (CrCL < 30
ml/min), respectively. In anuric, ESRD patients, the total clearance of LEV decreased by
70% compared to patients with normal renal function. In patients with mild to moderate
hepatic impairment, LEV exposure was unchanged. In patients with severe hepatic
impairment (Child Pugh C), total clearance was decreased by 50%, but was accounted for
due to corresponding impairment in renal function. LEV is also known to exhibit doseproportional kinetics.34 A reference trough concentration range of 12-46 μg/mL has been
frequently reported to correlate with decreasing the occurrence of seizures in patients.37
However, routine therapeutic drug monitoring is not typically utilized in clinical practice.
Currently, no formal dosing recommendations exist regarding the use of LEV in patients
undergoing CRRT. Given that LEV is highly water soluble, exhibits low protein binding,
and has a relatively low molecular weight, one can hypothesize that LEV is highly
susceptible to removal by CRRT. Current literature provides limited case reports/series
from small, single center investigator initiated observational trials.38-41 However, the lack
of rich pharmacokinetic samples, effluent concentration data, flow rate settings, and filter
pressures provided in available case reports can lead to misinterpretation regarding
individual dose adjustments. Case reports also include patients who are on multiple
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extracorporeal therapies that could potentially confound the impact of CRRT on drug
pharmacokinetics.41 Continuous venovenous hemofiltration (CVVH) is one of many
CRRT modalities that utilizes hydrostatic pressure to remove solutes by the process of
convection. Compared to diffusion based modalities such as hemodialysis, hemofiltration
provides enhanced clearance of large molecular size solutes.11 The objectives of this study
are to characterize the pharmacokinetics of LEV in critically ill patients undergoing CVVH
and to derive individualized dosing recommendations to optimize antiepileptic therapy.

2.2.3 Methods
2.2.3.1 Study Design and Patient Enrollment

This prospective, practice-based study was conducted in the medical, surgical, and
neurocritical ICUs of a large academic medical center (ClinicalTrials.gov NCT03632915:
PADRE-01; completed one drug cohort but as of yet unpublished). The protocol was
approved by the University of Maryland Institutional Review Board (HP-00066222).
Written informed consent was obtained from all patients enrolled either directly by the
patient or their legally authorized representative. Patients were eligible for study
enrollment if they were at least 18 years old, receiving CRRT for at least 24 hours,
receiving LEV, and expected to survive for at least 24 hours based on the primary clinical
provider’s assessment. Key exclusion criteria included: pregnancy, patient incarceration,
receiving additional extracorporeal therapy, or experiencing clinically significant bleeding.
2.2.3.2 Continuous Renal Replacement Therapy Procedures

CVVH therapy were performed using the PrismaFlex system (Gambro Industries, France)
with the M-150 hemofilter/dialyzer set (Baxter, Healthcare, Deerfield, IL) that could be
used to perform all CRRT therapies. The hemodiafilter membrane was composed of
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acrylonitrile and sodium methallyl sulfonate copolymer material (AN 69 HF hollow fiber)
and had an effective surface area of 1.5 m2. The internal fiber diameter was 240 μm and
fiber wall thickness was approximately 50 μm. The blood volume of the entire
extracorporeal circuit was approximately 189 ml ± 10%. Prismasate dialysate formula
(Baxter, Healthcare, Deerfield, IL) was used as the replacement and dialysate fluid.
Specific fluid content formulas were based on the ordering provider’s discretion.
Anticoagulation was performed, if necessary, with unfractionated heparin and was
provided through the pre-blood pump (PBP). If no anticoagulation was needed, normal
saline was used as a substitute and given through the PBP at a specific flow rate. Blood
flow rates, pre-blood pump fluid flow rates, and fluid therapy (net ultrafiltration flow rate;
replacement fluid flow rate; dialysis flow rate, ratio of pre-filter/post filter substitution)
were prescribed at the discretion of the ordering provider and based on clinical status.
2.2.3.3 Drug Administration, Sampling Procedure, and Bioanalytical Methods

The LEV dosing regimen was selected by the clinical provider and administered either
orally twice daily or as an intravenous infusion over 15 minutes, twice daily. Simultaneous
pre-filter (red port before pre-filter replacement fluid administration), post-filter (blue port
before post-filter replacement fluid administration), and effluent (yellow port) samples
were taken before dosing administration, after the completion of the infusion or 1 hour post
oral dose, and up to 6 additional time points post-infusion or post oral administration. At
each sampling time point, the transmembrane pressure (TMP) and filter pressure (FP) were
recorded directly from the CRRT machine output. All samples were immediately placed
on ice and centrifuged within 30 minutes and stored at -80°C. Total LEV plasma and
effluent concentrations were determined by a validated high-performance liquid
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chromatography with ultraviolet radiation detection method (HPLC-UV).42 All clinical
samples were assayed with calibrators and quality controls and met the acceptance criteria
outlined by the U.S. Food and Drug Administration.24 The limit of quantification for LEV
was 2 mg/L.43
2.2.3.4 Patient Data Collection

The following information was collected from the electronic health record: demographic
data (e.g. age, sex, race), weight, laboratory measures (serum creatinine, albumin,
hematocrit, hemoglobin, INR, partial thromboplastin time), creatinine clearance, indication
for CRRT therapy, length of CRRT therapy prior to study enrollment, indication for LEV
therapy, number of days on LEV therapy, CRRT characteristics and flow rates, cumulative
fluid removal during study, and previous 24 hour urine output while on CRRT therapy.
CRRT specific parameters and pressures were verified through daily progress notes,
replacement fluid medication orders, and nursing hourly flowsheets. Continuous
demographic data are presented as mean and standard deviation (SD) or median and range.
Categorical data are represented as counts and percentages.
2.2.3.5 Pharmacokinetic Analysis

LEV plasma and effluent concentrations were plotted against time and individual
pharmacokinetic parameters were calculated using non-compartmental analysis (NCA) in
Pumas.jl, a Julia based modeling and simulation platform. Area under the curve (AUC)
was calculated using the linear up log down trapezoidal method. The following formulas
were used to estimate the sieving coefficient (Eq 1), effluent flow rate (Eq 2), CVVH
clearance (Eq 3), filtration fraction (Eq 4), and percentage of total drug clearance
contributed by CVVH (Eq 5) at each sampling time point:
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𝑆𝐶 =

𝐶𝑒𝑓𝑓
𝐶𝑝𝑟𝑒

𝑄𝑒𝑓𝑓 = 𝑄𝑟𝑓 + 𝑄𝑝𝑏𝑝 + 𝑄𝑛𝑒𝑡 + 𝑄𝑑
𝐶𝐿𝐶𝑉𝑉𝐻 = 𝑆𝐶 ∙ 𝑄𝑒𝑓𝑓 ∙ (𝑄
𝐹𝐹 =

𝑄𝑏 ∙(1−𝐻𝐶𝑇)
𝑏 ∙(1−𝐻𝐶𝑇)+𝑃𝐷𝑅 ∙(𝑄𝑟𝑓 )+𝑄𝑝𝑏𝑝

𝑄𝑟𝑓 +𝑄𝑝𝑏𝑝 +𝑄𝑛𝑒𝑡
𝑄𝑏 ∙(1−𝐻𝐶𝑇)+𝑃𝐷𝑅 ∙(𝑄𝑟𝑓 )+𝑄𝑝𝑏𝑝

% 𝐶𝐿𝐶𝑉𝑉𝐻 =

𝐶𝐿𝐶𝑉𝑉𝐻
𝐶𝐿𝑁𝐶𝐴

∙ 100

)

(Eq. 1)8
(Eq. 2)44
(Eq. 3)44,45
(Eq. 4)46
(Eq. 5)47

where SC is the sieving coefficient, 𝐶𝑒𝑓𝑓 is the effluent concentration, 𝐶𝑝𝑟𝑒 is the prefilter
concentration, 𝑄𝑒𝑓𝑓 is the effluent flow rate (L/hr), 𝑄𝑟𝑓 is the replacement therapy flow
rate (L/hr), 𝑄𝑝𝑏𝑝 is the pre-blood pump flow rate (L/hr), 𝑄𝑛𝑒𝑡 is the net fluid removal flow
rate (L/hr), 𝑄𝑑 is the dialysis flow rate (L/hr), 𝐶𝐿𝐶𝑉𝑉𝐻 is the CVVH clearance, 𝑄𝑏 is the
blood flow rate (L/hr), HCT is the hematocrit fraction, PDR is the prefilter replacement
therapy dilution ratio, FF is the filtration fraction, and 𝐶𝐿𝑁𝐶𝐴 is the NCA derived total drug
clearance (assumed to be the true total clearance in each patient). Since this study only
evaluated patients undergoing hemofiltration, 𝑄𝑑 was equal to zero. Exploratory graphical
analysis was used to evaluate the relationship between TMP vs. SC, FF vs. SC, TMP and
FP over time, FF vs. 𝑄𝑟𝑓 , and 𝐶𝐿𝐶𝑉𝑉𝐻 vs. 𝑄𝑒𝑓𝑓 .
2.2.3.6 Dose Adjustment

Prospective dose adjustment calculations were based on average individual SC, prespecified effluent flow rate, blood flow rate, and prefilter replacement therapy dilution
ratio. A target area under the curve (𝐴𝑈𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ) of 270 mg x hr/L (based on patients with
normal renal function receiving 1000 mg twice daily) was selected as the reference
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exposure of interest.34 The following equations were used to calculate the new dose for
each patient:48

𝐶𝐿𝑡𝑜𝑡 = 𝐶𝐿𝐶𝑉𝑉𝐻 + 𝐶𝐿𝑛𝑟
𝐶𝐿𝑛𝑟 =

𝐿
ℎ𝑟

0.057

(Eq. 6)

∙ 0.33 ∙ 𝐼𝐵𝑊

(Eq. 7)

𝐶𝐿𝑟𝑒𝑠 = 𝐶𝐿𝑁𝐶𝐴 − 𝐶𝐿𝑡𝑜𝑡

(Eq. 8)

𝐷𝑂𝑆𝐸 = 𝐴𝑈𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ∙ 𝐶𝐿𝑡𝑜𝑡

(Eq. 9)

𝑘𝑔

where 𝐶𝐿𝑡𝑜𝑡 is the total drug clearance (L/hr), 𝐶𝐿𝑛𝑟 represents the non-renal clearance
(L/hr), 𝐶𝐿𝑟𝑒𝑠 is the residual renal clearance, and IBW is the ideal body weight in kg.
Assuming 𝐶𝐿𝑁𝐶𝐴 presents the true total clearance in a patient, individual 𝐶𝐿𝑟𝑒𝑠 can be
estimated using the difference between 𝐶𝐿𝑁𝐶𝐴 and 𝐶𝐿𝑡𝑜𝑡 . Exploratory analysis to determine
a quantitative relationship between 𝐶𝐿𝑟𝑒𝑠 and 24 hr urine output, serum creatinine,
estimated glomerular filtration rate (using the Cockcroft-Gault and the Modification of Diet
in Renal Disease (MDRD) formula), or blood urea nitrogen was further evaluated.49
Current literature reports that total LEV clearance is approximately 0.96 ml/min/kg.34 Nonrenal clearance pathways compose of systemic enzymatic hydrolysis (24%) and other
unknown mechanisms (<10%).34 Anuric end stage renal disease patients demonstrated a
70% reduction in clearance as compared to patients with normal renal function.34 Due to
the lack of any potential differences in the enzymatic activity between CRRT patients and
non-CRRT patients and prior data in anuric patients, non-renal clearance was assumed to
be similar to healthy patients and scaled by ideal body weight using the Devine formula.50
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2.2.4 Results
2.2.4.1 Demographic and Clinical Data

A total of twelve patients were recruited into the study based on the study protocol. One
study patient was receiving continuous venovenous dialysis and was not included in the
final pharmacokinetic analysis. Demographic and clinical data are summarized in Table
2.2. Most patients were experiencing acute kidney injury and needed solute and volume
management by way of CVVH therapy. Four patients received LEV therapy for seizure
prophylaxis (three patients were receiving the guideline recommended dose of 1000 mg
twice daily, while one patient was receiving 750 mg twice daily) and seven patient received
LEV for the treatment of recurrent seizures. Patient specific CVVH therapy characteristics
are listed in Table 2.3. Previous 24-hour urine output indicated that a majority of patients
were experiencing oliguria (24 hr urine output < 400 mL). The average filtration fraction
was approximately 27%. Patient 10006 and 10008 experienced filter clotting, and sampling
was not continued. Patients 10009, 10010, 10011, and 10012 also experienced filter
clotting, however sampling was continued after blood was returned to the patient and a
new filter was primed and functioning. None of the patients experienced any adverse
effects attributed to LEV.
2.2.4.2 Pharmacokinetic Analysis

Individual pre-filter, post-filter, and effluent concentration versus time profiles are
displayed in Figure 2.4. Analysis of concentration data during sampling times when CRRT
was stopped indicates limited changes in drug concentrations, indicating minor impact of
non-CRRT based clearance pathways. Individual pharmacokinetic parameters and derived
CRRT parameters are provided in Table 2.4.
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Table 2.2: Demographic and Clinical Characteristics
Characteristic

CVVH Patients (N = 11)

Age (years)
Sex
Male
Female
Weight (kg)
Race
Caucasian
African Descent
Hispanic
Diagnosis
Subarachnoid Hemorrhage
Intracranial Hemorrhage
Intraventricular Hemorrhage
Seizures/Status Epilepticus
Septic Shock
Decompensated Hepatic Cirrhosis
Indication for Levetiracetam
Seizure Prophylaxis
Treatment of Seizures
Indication for CRRT
Solute and Volume Management
Metabolic Acidosis
Rhabdomyolysis
Renal Function Status
Acute Kidney Injury
End Stage Renal Disease
Laboratory Values
Serum Creatinine (mg/dL)
Albumin (g/L)
Hemoglobin (g/dL)
Hematocrit (%)
Prothrombin Time (seconds)
International Normalized Ratio
Days on CVVH Therapy
Days on Levetiracetam Therapy
Levetiracetam Dose (mg)

63.8 ± 13.2
10 (91%)
1 (9%)
95.7 ± 15.8
4 (36%)
6 (55%)
1 (9%)
3 (27%)
1 (9%)
1 (9%)
4 (36%)
1 (9%)
1 (9%)
4 (36%)
7 (64%)
7 (64%)
3 (27%)
1 (9%)
9 (82%)
2 (18%)
2.4 ± 2.0
2.8 ± 0.5
8.9 ± 1.3
26.9 ± 4.4
49.8 ± 23.3
1.3 ± 0.2
2 (1-12)
5 (2-13)
1000 (500-2000)
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M150

M150

M150

M150

M150

M150

M150

M150

M150

M150

M150

10002

10003

10004

10005

10006

10007

10008

10009

10010

10011

10012

300

200

200

170

200

250

200

200

150

100

250

𝑸𝒃
(mL/min)

100

100

100

100

100

100

100

70

100

100

100

𝑸𝒑𝒃𝒑
(mL/hr)

3000

2400

4000

3300

2000

4000

1950

2150

3000

2000

2200

𝑸𝒓𝒇
(mL/hr)

50

200

0

50

0

100

100

200

0

0

0

𝑸𝒏𝒆𝒕
(mL/hr)

3150

2700

4100

3450

2100

4200

2250

2420

3100

2100

2300

𝑸𝒆𝒇𝒇
(ml/hr)

80

70

100

70

70

50

70

70

70

70

70

PDR
(%)

44.1

43.1

41.2

39.1

42.8

42.8

42.9

40.9

43.5

42.8

44.6

Filter
Temperature
(°C)

1089

150

90

897

613

0

462

27

175

160

332

24-hr Urine
Output
(mL)

Qb: blood flow rate; Qpbp: pre-blood pump rate; Qrf: replacement fluid flow rate; Qnet: net ultrafiltration rate; Qeff: effluent flow rate; PDR:
pre-filter replacement fluid dilution ratio; FF: filtration fraction

Filter

Patient
ID
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20

27

33

32

20

30

22

23

38

35

19

FF
(%)

Table 2.0.3: CVVH Therapy Characteristics

Figure 2.4: Individual pre-filter, post-filter, and effluent concentration versus time
profiles

Red, blue and yellow dots and lines represent concentration data collected from the pre-filter, post-filter,
and effluent CRRT sampling ports, respectively. Pink shaded region represents the range of time during the
sampling period when CRRT was stopped due to filter malfunction. Gray dashed lines represent the
reported therapeutic range for levetiracetam (12-46 mg/L).
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1000

10012

6.30

13.24

10.06

8.58

10.66

9.42

10.94

8.51

10.35

2.58

2.61

28.58

26.64

36.45

35.21

14.86

31.32

81.34

53.98

22.56

33.85

50.56

7.97

14.28

15.31

16.53

6.35

11.35

34.72

20.92

9.94

7.17

1.93

193.72

237.87

285.49

302.83

121.48

224.97

625.51

424.18

182.63

283.62

192.86

5.16

4.20

3.50

3.30

4.11

4.45

2.40

4.71

5.48

3.53

3.88

Observed Predicted Predicted
CLNCA
Cpeak
Ctrough
AUC0-12
(L/hr)
(mg/L)
(mg/L)
(mg∙hr/L)

47.99

85.47

46.87

43.95

77.18

59.37

38.54

58.37

77.99

13.15

19.20

Vd
(L)

0.93

0.83

0.88

0.87

0.88

0.90

0.87

0.92

0.80

0.80

1.08

2.54

1.87

2.45

2.15

1.68

3.24

1.62

1.90

1.97

1.29

2.00

49.1

44.5

69.8

65.1

43.5

72.8

67.7

40.3

35.9

36.4

51.3

Mean CLCVVH
%
SC
(L/hr) CLCVVH

1.52

1.34

1.65

1.42

1.52

1.12

1.34

1.39

1.52

1.38

1.52

4.05

3.21

4.10

3.58

3.21

4.35

2.96

3.29

3.49

2.66

3.51

1500

1250

1000

1000

1000

1250

750

1250

1500

1000

1000

Estimated Estimate Recommended
CLnr
CLtot
Dose†
(L/hr)
(L/hr)
(mg)

t1/2: half-life; Cpeak: pre-filter peak concentration; Ctrough: prefilter trough concentration; Vd: volume of distribution; SC: sieving
coefficient; %CLCVVH: fraction of total drug clearance attributed to CVVH; CLnr: non-renal clearance; CLtot: total clearance
*
Patient 10003 received an oral solution of levetiracetam. Therefore, apparent clearance and volumes are reported
**
Patient 10009 and 10010 were not samples at the end of infusion due to sampling delay
†
All doses were given for a dosing interval of every 12 hours.
††
Recommended doses are based on matching exposures observed in healthy patients with normal renal function receiving 1000mg.

1000

1000

10011

10010

1000

500

10008

**

1000

10007

10009

1500

10006

**

2000

10005

1000

750

1000

*

10004

10003

10002

Patient Dose†
t1/2
ID
(mg) (hours)
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Table 2.0.4: Levetiracetam Pharmacokinetic Characteristics

Patient 10003 was the only patient receiving an oral formulation. Since the patient was
intubated, LEV solution was administered via the gastrostomy tube (per G-tube). Patient
10003 was also receiving enteral feeds which may have attributed to a delay in the time to
Cmax. This is further supported by LEV’s known food effect on decreasing Cmax and
delaying Tmax by 1.5 hours. Using each patient’s elimination rate constant (kel), trough
concentrations (concentrations at 12 hours) were calculated and demonstrated that 6 out of
11 (64%) patients exhibited concentrations outside the reported therapeutic trough range
between 12-46 mg/L. The average volume of distribution (Vd) was 51.6 L (0.73 L/kg) and
is consistent with what is reported by the product label (0.7 L/kg).34 Total LEV clearance
ranged from 2.4 – 5.5 L/hr and an average of 53% of the total clearance was attributed to
CVVH therapy. The average individual SC was calculated using all available sampling
time points where both pre-filter and effluent concentrations were collected and ranged
from 0.80-1.08. The overall mean and relative standard deviation (%CV) for SC in the
sample population was approximately 0.89 and 8.7%, respectively. Equation 6 was used to
derive individual total LEV clearance values using average individual SC and flow rates
specified in Table 2.4. The average non-renal clearance (CLnr) was 1.43 L/hr and is similar
to what was previously reported (1.33 L/hr for a 70 kg patient).15 The average bias and
precision (calculated using relative root mean squared error - RMSE) of the derived total
clearance value was approximately 10.6% and 21.5%. Due to changes in drug clearance
over time attributed to filter clotting and cessation of CVVH therapy, a sensitivity analysis
was conducted using only concentrations collected prior to returning blood from the circuit
back to the patient (Table 2.5). Although trough concentrations at 12 hours and predicted
AUC0-12 were numerically lower, no significant or clinically meaningful differences were
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observed with total LEV clearance (<10%). Figure 2.5 displays trends in filter and
transmembrane pressures over time along with changes in the SC. No time-trend
relationship between filter pressure/transmembrane pressure and sieving coefficient was
found. Even during periods of elevations or drops in pressures, the sieving coefficient
remained relatively constant. Decreases in transmembrane pressure were more prominent
than changes in filter pressure after the initiation of a new filter and circuit. Exploratory
analysis of CLres versus serum creatinine, EGFR, and BUN suggested no correlation and
confirmed the inability to predict CLres in individual patients with the collected data (Figure
2.6).
2.2.4.3 Dose Adjustment

Recommended doses to match exposures typically seen in patients with normal renal
function receiving 1000 mg twice daily are reported in Table 2.4. All dose adjustments are
within the recommended dose range of 1000 – 3000 mg/day. Table 2.6 provides broader
dose-adjustment regimens for an average adult patient receiving CVVH therapy at various
effluent flow rates. Reference to dose adjustments listed in Table 2.6 are based on
achieving exposures exhibited in patients with normal renal function receiving 500 – 1500
mg every 12 hours. Different pre-filter replacement fluid dilution ratios (50:50 – 100:0),
blood flow rates (100 – 300 ml/min), ideal body weight (50-70 kg), and hematocrit values
(25 – 60%) had limited to no impact on the recommended doses. Patients with higher IBWs
greater than 70 kg may require higher LEV doses. Patients with effluent flow rates greater
than 3.5 L/hr may exhibit higher total LEV clearance and thus, require higher doses as
compared to patients with normal renal function.
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1000

10012

6.30

12.71

32.63

5.72

10.66

9.42

9.26

8.19

10.35

2.58

2.61

28.58

26.64

36.45

35.21

14.86

31.32

81.34

53.98

22.56

33.85

50.56

7.97

13.64

22.92

8.88

6.35

11.35

31.20

20.40

9.94

7.17

1.93

193.72

232.52

318.26

234.49

114.68

224.97

606.62

422.14

182.63

283.62

192.86

5.16

4.30

3.14

4.26

4.36

4.45

2.47

4.73

5.48

3.53

3.88

Observed Predicted Predicted
CLNCA
Cpeak
Ctrough
AUC0-12
(L/hr)
(mg/L)
(mg/L)
(mg∙hr/L)

47.99

74.92

150.13

35.76

69.46

59.37

32.93

56.75

77.99

13.15

19.20

Vd
(L)

0.93

0.84

0.83

0.82

0.88

0.90

0.87

0.92

0.80

0.80

1.08

2.53

1.88

2.32

2.04

1.68

3.24

1.62

1.90

1.97

1.29

2.00

49.0

43.7

73.9

47.9

38.5

72.8

65.6

40.3

35.9

36.4

51.3

Mean CLCVVH
%
SC
(L/hr) CLCVVH

1.52

1.34

1.65

1.42

1.52

1.12

1.34

1.39

1.52

1.38

1.52

4.05

3.22

3.97

3.47

3.20

4.35

2.96

3.29

3.49

2.66

3.51

1500

1250

1000

1000

1000

1250

750

1250

1500

1000

1000

Estimated Estimate Recommended
CLnr
CLtot
Dose†
(L/hr)
(L/hr)
(mg)

t1/2: half-life; Cpeak: pre-filter peak concentration; Ctrough: prefilter trough concentration; Vd: volume of distribution; SC: sieving
coefficient; %CLCVVH: fraction of total drug clearance attributed to CVVH; CLnr: non-renal clearance; CLtot: total clearance
*
Patient 10003 received an oral solution of levetiracetam. Therefore, apparent clearance and volumes are reported
**
Patient 10009 and 10010 were not samples at the end of infusion due to sampling delay
†
All doses were given for a dosing interval of every 12 hours.
††
Recommended doses are based on matching exposures observed in healthy patients with normal renal function receiving 1000mg.
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1000

10010

10011

1000
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10008

**

1000

10007

10009

1500

10006

**

2000

10005

1000

750

1000

*

10004

10003

10002

Patient Dose†
t1/2
ID
(mg) (hours)

Table 2.5: Levetiracetam Pharmacokinetic Characteristics – Sensitivity Analysis
using Concentration Data prior to Filter Clogging/Clotting

Table 2.0.5: Levetiracetam Pharmacokinetic Characteristics – Sensitivity Analysis
using Concentration Data prior to Filter Clogging/Clotting

Table 2.6: Dosage Adjustment Regimen for Adult Patients Undergoing CVVH
Therapy*
Effluent Flow Rate
(L/hr)
1
1.5
2
2.5
3
3.5
4
4.5
5

Lower Exposure
Dosing Regimen†

Higher Exposure
Dosing Regimen†

250 mg every 12 hours
250 mg every 12 hours
500 mg every 12 hours
500 mg every 12 hours
500 mg every 12 hours
500 mg every 12 hours
500 mg every 12 hours
750 mg every 12 hours
750 mg every 12 hours

750 mg every 12 hours
1000 mg every 12 hours
1250 mg every 12 hours
1250 mg every 12 hours
1500 mg every 12 hours
1500 mg every 12 hours
1250 mg every 8 hours
1000 mg every 6 hours
1000 mg every 6 hours

*CVVH clearance was calculated using the following variables and range of values: hematocrit (25-60%),
effluent flow rate (1-5 L/hr), blood flow rate (100-300 mL/min), prefilter replacement therapy dilution
percent (50-100%), and ideal body weight (50-70 kg).
†

Justification for lower and upper dose ranges are based on matching exposures (AUC) in patients with
normal renal function receiving a dose range of 500-1500 mg every 12 hours. For effluent flow rates
greater than or equal to 4 L/hr, the maximum concentrations at steady state for the upper dosing regimen
range are maintained at or below maximum concentrations at steady state in patients with normal renal
function receiving 1500 mg every 12 hours.
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Figure 2.5: Time trend profiles for transmembrane pressure, filter pressure, and
sieving coefficient

Purple, green, and orange dots and lines represent transmembrane pressure, filter pressure, and sieving
coefficient, respectively. Pink shaded region represents the range of time during the sampling period when
CRRT was stopped due to filter malfunction.
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Figure 2.6: Correlation of different clinical metrics with predicted residual renal
function
A.

B.

C.

D.

Predicted residual renal function was calculated using the difference between an individual’s theoretical
and NCA computed total LEV clearance. The red line represents a residual clearance of 0 mL/min.
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Given that 1500 mg twice daily (3000 mg/day) was the maximum dosing regimen studied
across several indications, there could be a potential concern for toxicity when
recommending larger doses. Although matching AUCs observed in healthy patients with
normal renal function ensures similar cumulative exposures, higher doses can result in a
higher Cmax value and lead to Cmax dependent toxicities. To achieve a Cmax that is less than
or equal to the average Cmax in patients with normal renal function receiving 1500 mg twice
daily, a prespecified one-compartment pharmacokinetic model with a volume of
distribution of 0.73 L/kg and clearance estimated using Eq.6 was used to simulate average
concentration versus time profiles of several dosing regimens in patients with effluent flow
rates ≥ 4 L/hr (Figure 2.7).51
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Figure 2.7: Simulated average levetiracetam plasma concentration versus time
profile.
A.

B.

Black dashed line represents the average maximum concentration at steady state in a 70 kg patient with
normal renal function receiving 1500 mg every 12 hours. Red, green, and blue lines represent the average
maximum concentration at steady state in a 70 kg patient receiving CVVH at effluent flow rates of 4,4.5,
and 5 L/hrs. For panel (A), the levetiracetam dosing regimen was 1750 mg every 12 hours for flow rates of
< 4.5 L/hr and 2000 mg every 12 hours for flow rates ≥ 4.5 L/hr. For panel (B), the levetiracetam dosing
regimen was 1250 mg every 8 hours for flow rates of < 4.5 L/hr and 1000 mg every 6 hours for flow rates
≥ 4.5 L/hr.
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2.2.5 Discussion
This proof of principle study presents data conducted from the largest clinical trial in
critically ill patients undergoing CVVH and receiving LEV. Rich pharmacokinetic
convenience sampling was conducted to fully characterize pre-filter, post-filter, and
effluent concentration time profiles. Individual trough concentrations suggested that only
36% of patients were within the therapeutic range. Using fundamental prior knowledge of
LEV pharmacokinetics and key mechanistic principles of hemofiltration, decisions
regarding individual dosing adjustments can assist in optimizing LEV therapeutics.
CVVH uses the fundamental principles of convection to provide renal replacement therapy.
Convection or “solvent drag” allows for the movement of solute/drug across a
semipermeable membrane. Ultrafiltration occurs when a pressure gradient between two
sides of a membrane (transmembrane pressure) moves fluid with its solute content at
various rates according to their sieving coefficient.14 Drugs or solutes with molecular
weight greater than 60 kDa (similar to molecular weight of albumin) may not be able to
pass the average pore size of a membrane.16 To our knowledge, this study provides the first
analysis of trends in transmembrane and filter pressures and evaluation of a potential
relationship with sieving coefficient. Membrane clogging can occur from extended use and
is characterized by the formation of protein aggregation and obturation of membrane pores
on the blood side of the membrane. Transmembrane pressure will consequently increase to
maintain ultrafiltration; however, membrane function can become ineffective.52,53 The lack
of a relationship between transmembrane pressure and sieving coefficient found in this
study may imply that at the pressures observed, the impact on LEV clearance during filter
clogging was minimal. Filter efficiency to extract solutes at higher pressures may also not
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be feasibly obtained since filters are commonly replaced when transmembrane pressures
exceed 300 mmHg. Dosing recommendation for drugs with low protein binding, such as
LEV, do not need to take filter life into consideration. However, it is unclear whether the
same relationship applies to drugs that exhibit high protein binding.
The three major determinants of solute clearance in convective therapy (CVVH) are
effluent flow rates, membrane sieving properties, and dilution mode.16 For small solutes,
the sieving coefficient is approximated to the unbound fraction. Therefore, protein binding
can be used as a surrogate for SC. This can be confirmed by the SC found in this study
(0.89) with the unbound fraction for LEV (< 10%).21 Variability in individual SC was
observed and could reflect the changes in protein binding due to critical illness, blood
albumin content, drug displacement by other highly protein bound drugs, filter life, and the
use of anticoagulation in CRRT.37 In this study, patients with hypoalbuminemia (< 3.5 g/dl,
N=9) had a similar average SC as compared to patients with normal albumin levels (0.89
vs. 0.88). A list of concomitant medications that are reported to be highly protein bound
were collected for each patient. SC in patients receiving ≤ 3 (N=3) and > 3 (N=8) coadministered highly protein bound drugs were also similar (0.83 vs. 0.90). No differences
in SC were observed in 2 patients receiving regional anticoagulation of the CRRT circuit
with heparin (0.90 vs. 0.88 in patients receiving anticoagulation vs. no anticoagulation).
Several additional case-reports that discuss the pharmacokinetics of LEV in patients
undergoing CVVH therapy were evaluated to compare the observed SC from this analysis
and to estimate the bias in CLtot. Le Noble et al. describes a case of a 79-year-old (90 kg,
175 cm) male receiving LEV (1000 mg IV twice daily) for refractory status epilepticus
who received CVVH due to anuric renal failure secondary to sepsis.38 Pre-filter, post-filter,
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and effluent concentrations were collected prior to CVVH (Prismaflex system, Gambro)
therapy and at 6 sampling time points post dose administration. After 6 days of antiepileptic
therapy, seizure activity was controlled.38 New et al. describes a 59-year old male (83.4 kg,
187 cm) with acute sickle cell and multiorgan failure (including acute liver and renal
failure) who received CVVH (Prismaflex system, Gambro) and LEV (1000 mg IV twice
daily) for developing focal seizures during his hospital stay. Only LEV plasma levels taken
directly from the patient were measured at steady state prior to the fifth dose. Recurrent
right-sided focal non-convulsive seizures required additional drug therapy.39 Matre et al.
reports a 78-year-old male (93.2 kg, 187 cm) that presented with a stroke and development
of acute tubular necrosis resulting in oliguric renal failure requiring CVVH therapy
(NxStage System). LEV (1000 mg IV twice daily) was administered for seizure
prophylaxis. Pre-filter, post-filter, and effluent concentrations were drawn on day 9 of LEV
therapy and day 24 of CVVH therapy. During the 12 hours of pharmacokinetic sampling,
the patient produced 76 ml of urine and remained seizure free for the rest of his length of
stay.40 Nei et al. highlights the pharmacokinetics of LEV in a 67-year old male (104 kg,
175 cm) who experienced a right coronary artery infarct and seizures secondary to acute
scattered subarachnoid hemorrhages. The patient received both CVVH and extracorporeal
membrane oxygenation (ECMO) therapy, in addition to LEV (1000 mg IV twice
daily).41Although the clearance of hydrophilic drugs, such as LEV, are minimally impacted
by ECMO, interpretation of total drug clearance may be confounded. For the patients with
effluent concentrations collected, the SC was found to be similar to what was found in this
study.
Table 2.0.7: External Validation - CVVH Therapy Characteristics
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HF1400
HF1400
Cartridge
Express

New et al.

Nei et al.
250

200

200

180

𝑸𝒃
(mL/min)

2000

3000

2400

3340

𝑸𝒆𝒇𝒇
(ml/hr)

-

50

50

43

PDR
(%)

1.03

-

-

0.89

Observed
SC

3.68

4.63

3.71

4.07

Observed
CLtot
(L/hr)

2.25

-

-

2.98

Observed
CLCVVH
(L/hr)

1.43

-

-

1.10

Observed
CLnr
(L/hr) a

68.3

67.6

60.8

40.5

Observed
Vd
(L)

Cases described in le Nobel et al., Nei et al., and New et al. indicated that patients were anuric. Case described by Matre et al.
indicated that the patient produced 76 ml of urine in 12 hours.
b
Sieving coefficient was assumed to be 0.9 and CLres was assumed to be 0 L/hr.
c
Bias was calculated as (100 ∙ Observed CLtot – Estimated CLtot / Observed CLtot)

a

AN69ST

Le Nobel et al.

Matre et al.

Filter

Case

Table 2.7: External Validation - CVVH Therapy Characteristics

3.11

3.74

4.51

3.98

Estimated
CLtot
(L/hr) b

15.5

19.2

-21.6

2.2

Bias
(%) c

In the New et al. case, hepatic impairment played a minimal role in drug clearance and
confirmed the extrapolation of CLnr found in normal healthy patients.39 Equation 6 was
used to derive CLtot (assuming that SC was approximately 0.9) for each case and was similar
to what was reported (percent bias ≤ 20%). The ability to generalize the results from this
study to three external cases further validates the use of SC, CVVH related variables, and
non-renal clearance to predict CLtot.
Several limitations related to the logistical design of this study should be acknowledged.
The design of this study utilized a rich convenience pharmacokinetic sampling method to
determine CLtot, which may not be feasible for future CRRT pharmacokinetic studies.
Although the dosing interval was every 12 hours for all patients, several patients exhibited
filter malfunctions that led to stoppage of CRRT therapy or further clinical deterioration
that warranted early discontinuation of pharmacokinetic sampling. In patients where
CVVH therapy was stopped, return of blood remaining in the circuit could increase plasma
concentrations that could result in changes in drug exposure (AUC) and half-life
calculations. A sensitivity analysis using only concentrations prior to CVVH
discontinuation suggested no difference in total drug clearance and exposure. Furthermore,
future CVVH studies may only require the collection of effluent and pre-filter plasma
concentrations to determine the SC for a product. Several different methods have been
proposed to calculate the SC (SC = AUCeffluent/AUCpre-filter , SC = 2 x Ceffluent / Cprefilter +
Cpost-filter, and SC = Ceffluent / Cprefilter). A sensitivity analysis using the three methods did not
demonstrate any differences in SC. Therefore, if the number of pharmacokinetic samples
is limited, simultaneous effluent and pre-filter plasma samples can be sufficient to estimate
SC. Furthermore, because patients were identified retrospectively after initiation of CVVH
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therapy, LEV concentrations prior to CVVH and drug clearance attributed to non-renal
pathways and residual renal function could not be accounted for. The assumption that nonrenal clearance could be extrapolated from healthy patients was based on a lack of data
available describing differences in enzymatic hydrolysis between CRRT and non-CRRT
patients, similar non-renal drug clearance in anuric end-stage renal disease patients, and a
lack of dose-adjustment needed in hepatically impaired patients.34,54
Limitations with regards to generalizability of the study results to future patients
undergoing CRRT and in need of LEV therapy should also be noted. Application of dosing
recommendations to patients experiencing clinically meaningful residual renal function
(urine output > 20 mL/hr) should be taken with caution due to an underestimation of CLtot.
Even though urine output can provide qualitative understanding of residual renal function,
a quantitative relationship to predict CLres was not identified. Significant residual renal
function is unlikely in patients with urine output of > 20 mL/hr.55,56 In our study, only three
out of eleven patients had a total 24 hour urine output of ≥ 480 mL. For patients undergoing
any type of renal replacement therapy, quantification of residual renal function is extremely
difficult.55 It is also important to note that creatinine and urea can also be subjected to
clearance by hemofiltration which can confound the estimation of residual renal function.
The average bias calculated for the purpose of this study in fact reflects the average fraction
of residual renal function contributing to total clearance and suggests limited impact on
total drug exposure. Figure 2.8 provides a visualization to understand the difference
between observed CLtot and calculated CLtot. A traditional bioequivalence study utilizes an
equivalence margin of 80-125% to confirm bioequivalence of a generic and a brand product
based on the ratio of a log-transformed exposure measure (AUC and/or Cmax). This margin
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was based on the notion that differences in systemic drug exposure up to 20% are not
clinically significant. Incorporating this principle to this study, a difference of 20% in
clearance should also indicate no clinically meaningful difference in exposure. The
estimated geometric mean ratio between observed total clearance using 𝐶𝐿𝑁𝐶𝐴 and
estimated total clearance using Equation 6 was 0.87 (90% CI: 77%-98%). Although the
estimated 90% CI of the geometric mean ratio fell outside the accepted criteria, for the
purpose of dose-adjustment, a difference of 30% was not determined to be clinically
meaningful based on prior LEV exposure-response relationships. Therefore, CLres was
ultimately assumed to be negligible and set at 0 L/hr for all dosing adjustment and
recommendation calculations. It is unknown if the results from this study could be
extrapolated to other modalities of CRRT and should be primarily applied to those patients
receiving CVVH. However, similar concepts would apply if the extraction coefficients for
LEV are known for other CRRT modalities. Although this study primarily enrolled adult
patients, an application to pediatrics could also be undertaken.57 Lower body weights in
neonates and pediatric patients translate to lower blood flow rates (small catheter sizes),
lower effluent flow rates (weight based convective CVVH regimen), and potentially lower
CLnr. Since SC, a drug-based property, should be similar to what is observed in adults, an
identical approach could be utilized to recommend individualized pediatric dosing
regimens.
This study confirms a great contribution of CVVH clearance to the total LEV clearance in
neurocritically ill patients. Analysis of pre-filter and effluent concentrations suggests that
the SC for LEV is approximated by the fraction unbound to protein and is supported by
similar values observed in other case-reports. Major drug clearance and dose determinants
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were identified to be SC and effluent flow rate. The analysis from this practice-based study
highlights levetiracetam dosing recommendations to achieve a target exposure range found
in patients with normal renal function. In order to avoid overdosing that could lead potential
toxicity and underdosing that could compromise efficacy, a more targeted approach using
individualized CRRT specific parameters and drug-specific SC could maximize the
benefit-risk profile for each patient.

Figure 2.8: Comparison of total levetiracetam clearance calculated using noncompartmental analysis (NCA) and Equation 6.

Black dots represent each individual patient’s ratio between theoretical LAC clearance (predicted)
calculated using Equation 6 and observed NCA estimated LAC clearance (observed). The grey dashed line
a geometric mean ratio of 1. Red dashed line and pink shaded area represents the accepted bioequivalence
margin of 80% and 125% to determine clinically similar exposure (+/- 20% difference).
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Chapter 2.3: A Practice-Based, Clinical Pharmacokinetic Study to Inform
Lacosamide Dosing in Critically Ill Patients Undergoing Continuous Venovenous
Hemofiltration (PADRE-02)
2.3.1 Abstract
Other than small case-reports, limited dosing information exist on the effect of CRRT
techniques on AED pharmacokinetics. This prospective practice-based PK was initiated
along with a previously published study, PADRE-01, and aims to assess the impact of
CVVH on lacosamide pharmacokinetics in critically ill patients and to derive
individualized dosing recommendations. Seven patients receiving oral or intravenous
lacosamide and CVVH in various intensive care units at a large academic medical center
were enrolled to investigate the need for dosing adjustments. Pre-filter, post-filter, and
ultrafiltrate samples were obtained before dosing, after the completion of a 30-minute
infusion, and up to 6 additional time points post-infusion or post oral administration. The
average SC for lacosamide was estimated to 0.80 ± 0.1, indicating high filter efficiency.
Six out of the seven patients experienced concentrations outside the reported therapeutic
range (4-12 mg/L). The estimated average volume of distribution was also found to be
similar to healthy patients (0.60 L/kg). CVVH clearance contributed a major fraction of the
total lacosamide clearance (53-72%) in neurocritically ill patients. The average bias and
precision (root mean squared error) of the estimated versus observed total clearance value
was approximately 0.1% and 16.2%. SC and the effluent flow rate were found to be the
major dose determinants and consistent with the current literature. Patients with higher
ultrafiltrate rates will have increased drug clearance and therefore will require higher doses
in order to match exposures seen in patients with normal renal function.
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2.3.2

Introduction

The use of CRRT has been progressively increasing to circumvent cardiovascular and
neurological issues associated with conventional techniques. Drug and solute removal by
CRRT can complicate a patient’s course of clinical care and increase the risk of morbidity
and mortality in an already at-risk population. Currently, no guidelines or product labels
exist for AED dosing adjustment in the CRRT setting.31,58 Scenarios where appropriate
dosing decisions are needed include patients that are already receiving AED therapy for
pre-existing seizures and initiating CRRT, patients who are already undergoing CRRT and
initiating an AED for the treatment of new-onset seizures or seizure prophylaxis, and
patients who are admitted for AED overdose and need CRRT therapy for adequate drug
removal.58 Neurocritically ill patient at risk for suboptimal exposure if dosing adjustments
are extrapolated from studies conducted from intermittent hemodialysis due to difference
in solute transport mechanisms. Subtherapeutic drug exposures could lead to inadequate
efficacy and treatment failure, while supratherapeutic exposures could lead to additional
unwarranted toxicities.
Lacosamide (LAC) is commonly used as an second-line antiepileptic medication in the
ICU with an FDA approved indications for the treatment of partial onset seizures in patients
4 year of age or older.59 Several clinical studies have also investigated the role of LAC as
a mono-therapeutic or adjunctive agent for seizure prophylaxis and for other types of
seizures.60-62 Although the precise mechanism by which LAC demonstrate antiepileptic
effects is unclear, in-vitro electrophysiological studies have indicated that LAC selectively
enhance slow inactivation of voltage-gated sodium channels that result in the stabilization
of hyperexcitable neurons and inhibit repetitive neuronal activation.59,63 LAC is currently
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the only known AED that selectively enhances the maximal fraction of slow inactivated
sodium channels. Its pharmacokinetic advantages over other antiepileptic drugs include
rapid absorption, near 100% bioavailability when using doses up to 800 mg orally,
insignificant protein binding (< 15%), minimal drug-drug interactions, and demonstrates
amphiphilic properties that allows for penetration though the blood-brain barrier, yet highly
soluble in aqueous solution. The rate or extent of absorption is not affected when LAC is
given with food. Linear pharmacokinetics was observed after single oral administration
within a dose range of 100-800 mg. LAC is primarily eliminated by renal excretion and
biotransformation with 40% of the administered dose renally eliminated unchanged, and
by 60% by phase 1 degradation through CYP3A4, CYP2C9, CYP2C19, and other CYPindependent mechanisms. The major metabolite, O-desmethyl-lacosamide makes up of
approximately 50% of all metabolites with no known pharmacological activity. To date,
there are no clinically relevant differences in LAC exposures between CYP2C19 poor
metabolizers and extensive metabolizer. Total drug clearance is reduced by 27%, 23% and
59% in patients with mild (CrCL: 50-80 ml/min), moderate (CrCL: 30-50 ml/min), and
severe renal impairment (CrCL < 30 ml/min), respectively. In ESRD patients requiring
dialysis, the total clearance of LAC decreased by 60% compared to patients with normal
renal function. In patients with moderate hepatic impairment (Child-Pugh B), LAC
exposure was increased by 50-60%.64,65 A reference trough concentration range of 5-12
μg/mL has been frequently reported to correlate with decreasing the occurrence of seizures
in patients.66 However, it should be emphasized that the therapeutic concentration range is
poorly defined, and routine therapeutic drug monitoring is not typically utilized in clinical
practice. It is important to note that with regards to practical sample collection methods,

78

LAC concentrations in saliva samples are identical and could serve as a surrogate to plasma
samples when obtained at least 2 hours post administration.
No external data regarding the use of LAC in CRRT is available either as case-reports or
small investigator led trials. As a result, there is an unavoidable knowledge gap in patient
care when deciding how to optimize LAC therapy in patients undergoing CRRT. Because
LAC is highly soluble, exhibits low protein binding, and has a relatively low molecular
weight, one could hypothesize that LAC is highly susceptible to removal by CRRT. CVVH
is a common CRRT modality that utilizes convective solute transport and is capable of
removing small to large molecules relative to diffusion based mechanisms. The objectives
of this study are to characterize the pharmacokinetics of LAC in critically ill patients
undergoing CVVH and to derive individualized dosing recommendations.

2.3.3

Methods

2.3.3.1 Study Design and Patient Enrollment

This prospective, practice-based study was conducted in medical, surgical, and
neurocritical ICUs of a large academic medical center (ClinicalTrials.gov NCT03632915:
PADRE-02, two drug cohort completed). The levetiracetam drug cohort of the PADRE
study was recently published by Kalaria et al.67 The protocol was approved by the
University of Maryland Institutional Review Board (HP-00066222). Written informed
consent was obtained from all patients enrolled either directly by the patient or their legally
authorized representative. Patients were considered eligible for study enrollment if they
met the following criteria: at least 18 years of age, receiving CRRT for at least 24 hours,
receiving LAC, and expected to survive for at least 24 hours based on the primary clinical
provider’s assessment. Patients were excluded if they were pregnant, incarcerated, received
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additional extracorporeal therapy, or experienced clinically significant bleeding prior to
study enrollment consideration.
2.3.3.2 Continuous Renal Replacement Therapy Procedures

CVVH therapy was performed using the PrismaFlex system (Gambro Industries, France)
with the M-150 hemofilter/dialyzer set (Baxter, Healthcare, Deerfield, IL) in all patients.
The filter/dialyzer membrane was composed of acrylonitrile and sodium methallyl
sulfonate copolymer material (AN 69 HF hollow fiber) and had an effective surface area
of 1.5 m2. The internal fiber diameter was 240 μm and fiber wall thickness was
approximately 50 μm. The blood volume of the entire extracorporeal circuit was
approximately 189 ml ± 10%. Prismasate dialysate formula (Baxter, Healthcare, Deerfield,
IL) was used as replacement and dialysate fluid. Specific fluid content formulas were based
on the ordering provider’s discretion. Anticoagulation was performed with unfractionated
heparin at the discretion of the clinical provider. If anticoagulation was necessary, the
solution was provided through the pre-blood pump (PBP) at a pre-specified rate. If no
anticoagulation was needed, normal saline was used as a substitute and given through the
PBP at a specific flow rate. Blood flow rates, pre-blood pump fluid flow rates, and fluid
therapy (net ultrafiltration flow rate; replacement fluid flow rate; dialysis flow rate, ratio
of pre-filter/post filter substitution) were prescribed at the discretion of the ordering
provider and based on clinical status.
2.2.3.3 Drug Administration, Sampling Procedure, and Bioanalytical Methods

The LAC dosing regimen was selected by the clinical provider and administered orally or
as an intravenous infusion over 30 minutes, twice daily. Simultaneous pre-filter (red port
before pre-filter replacement fluid administration), post-filter (blue port before post-filter
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replacement fluid administration), and effluent (yellow port) convenience samples were
taken before dosing administration, during or right after the completion of the infusion, and
up to 6 additional time points post-infusion or post-oral administration. For patients that
were concurrently enrolled in the PADRE-01 study, LAC was administered after the
levetiracetam infusion. At each sampling time point, the transmembrane pressure (TMP)
and filter pressure (FP) were recorded directly from the CRRT machine output. All samples
were immediately placed on ice and centrifuged within 30 minutes and stored at -80°C.
Total LAC plasma and effluent concentrations were determined by a validated highperformance liquid chromatography with ultraviolet radiation detection method (HPLCUV).68 Five hundred microliters of human plasma and 250 μL of effluent samples were
used to quantify LAC. Plasma samples were purified by protein precipitation using
acetonitrile. Five hundred microliters of the supernatant was extracted and evaporated
under nitrogen gas at room temperature and reconstituted in 125 μL of water. Reversephase chromatographic separation was achieved within 7.5 min using a mobile phase
eluting gradient of water and acetonitrile at a flow rate of 1.5 mL/min. The gradient was
operated at 85% water and 15% for acetonitrile in 10 minutes, 85% to 70% water and 15%
to 30% acetonitrile in 0.5 minutes, 70% water and 30% acetonitrile for 10.25 minutes, and
70% to 85% water and 30% to 15% acetonitrile in 0.25 minutes for an additional minute.
UV detection was set at 195 nm and 20 μL of the prepared sample was injected into the
system. The calibration curve was found to be linear over the range of 2-20 μg/mL. Interand intra-day precisions were < 10% for both plasma and effluent samples. Overall
recovery of LAC from plasma was ~100%. All clinical samples were assayed with
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calibrators and quality controls and met the acceptance criteria outlined by the U.S. Food
and Drug Administration.24 The limit of quantification for LAC was 2 mg/L.43
2.2.3.4 Patient Data Collection

The following information was collected from the electronic health record: demographic
data (e.g. age, sex, race), weight, laboratory measures (serum creatinine, albumin,
hematocrit, hemoglobin, INR, partial thromboplastin time), creatinine clearance, indication
for CRRT therapy, length of CRRT therapy prior to study enrollment, indication for LAC
therapy, number of days on LAC therapy, CRRT characteristics and flow rates, cumulative
fluid removal during study, and previous 24 hour urine output while on CRRT therapy. For
patients that were experiencing hepatic impairment, the Child’s Pugh Score was calculated
with clinical consultation for the subjective measures (ascites and encephalopathy
severity). CRRT specific parameters and pressures were verified through daily progress
notes, replacement fluid medication orders, and nursing hourly flowsheets. Continuous
demographic data are presented as mean and standard deviation (SD) or median and range.
Categorical data are represented as counts and percentages.
2.2.3.5 Pharmacokinetic Analysis

LAC plasma and effluent concentrations were plotted against time and individual
pharmacokinetic parameters were calculated using non-compartmental analysis (NCA) in
Phoenix WinNonlin 8.1 (Pharsight Corporation, Cary, NC, USA). Area under the curve
(AUC) was calculated using the linear up log down trapezoidal method. The following
formulas were used to estimate the sieving coefficient (Eq 1), effluent flow rate (Eq 2),
CVVH clearance (Eq 3), filtration fraction (Eq 4), and percentage of total drug clearance
contributed by CVVH (Eq 5) at each sampling time point:
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𝑆𝐶 =

𝐶𝑒𝑓𝑓
𝐶𝑝𝑟𝑒

𝑄𝑒𝑓𝑓 = 𝑄𝑟𝑓 + 𝑄𝑝𝑏𝑝 + 𝑄𝑛𝑒𝑡 + 𝑄𝑑
𝐶𝐿𝐶𝑉𝑉𝐻 = 𝑆𝐶 ∙ 𝑄𝑒𝑓𝑓 ∙ (𝑄
𝐹𝐹 =

𝑄𝑏 ∙(1−𝐻𝐶𝑇)
)
∙(1−𝐻𝐶𝑇)+𝑃𝐷𝑅
∙(𝑄𝑟𝑓 )+𝑄𝑝𝑏𝑝
𝑏
𝑄𝑟𝑓 +𝑄𝑝𝑏𝑝 +𝑄𝑛𝑒𝑡

𝑄𝑏 ∙(1−𝐻𝐶𝑇)+𝑃𝐷𝑅 ∙(𝑄𝑟𝑓 )+𝑄𝑝𝑏𝑝

% 𝐶𝐿𝐶𝑉𝑉𝐻 =

𝐶𝐿𝐶𝑉𝑉𝐻
𝐶𝐿𝑁𝐶𝐴

∙ 100

(Eq. 1)8
(Eq. 2)44
(Eq. 3)44,45
(Eq. 4)46
(Eq. 5)47

where SC is the sieving coefficient, 𝐶𝑒𝑓𝑓 is the effluent concentration, 𝐶𝑝𝑟𝑒 is the prefilter
concentration, 𝑄𝑒𝑓𝑓 is the effluent flow rate (L/hr), 𝑄𝑟𝑓 is the replacement therapy flow
rate (L/hr), 𝑄𝑝𝑏𝑝 is the pre-blood pump flow rate (L/hr), 𝑄𝑛𝑒𝑡 is the net fluid removal flow
rate (L/hr), 𝑄𝑑 is the dialysis flow rate (L/hr), 𝐶𝐿𝐶𝑉𝑉𝐻 is the CVVH clearance, 𝑄𝑏 is the
blood flow rate (L/hr), HCT is the hematocrit fraction, PDR is the prefilter replacement
therapy dilution ratio, FF is the filtration fraction, and 𝐶𝐿𝑁𝐶𝐴 is the NCA derived total drug
clearance (assumed to be the true total clearance in each patient). Since this study only
evaluated patients undergoing hemofiltration, 𝑄𝑑 was equal to zero. Exploratory graphical
analysis was used to evaluate the relationship between TMP vs. SC, FF vs. SC, TMP and
FP over time, FF vs. 𝑄𝑟𝑓 , and 𝐶𝐿𝐶𝑉𝑉𝐻 vs. 𝑄𝑒𝑓𝑓 .
2.2.3.6 Dose Adjustment

Prospective dose adjustment calculations were based on average individual SC, prespecified effluent flow rate, blood flow rate, and prefilter replacement therapy dilution
ratio. A target area under the curve (𝐴𝑈𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ) of 94 mg x hr/L (based on patients with
normal renal function receiving 200 mg twice daily) was selected as the reference exposure
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of interest.64 The following equations were used to calculate the new dose for each
patient:48

𝐶𝐿𝑡𝑜𝑡 = 𝐶𝐿𝐶𝑉𝑉𝐻 + 𝐶𝐿𝑛𝑟
𝐶𝐿𝑛𝑟 = 2.1

𝐿
ℎ𝑟

𝑊𝑇 0.75
)
70

∙ 0.402 ∙ (

(Eq. 6)
(Eq. 7)

𝐶𝐿𝑟𝑒𝑠 = 𝐶𝐿𝑁𝐶𝐴 − 𝐶𝐿𝑡𝑜𝑡

(Eq. 8)

𝐷𝑂𝑆𝐸 = 𝐴𝑈𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ∙ 𝐶𝐿𝑡𝑜𝑡

(Eq. 9)

where 𝐶𝐿𝑡𝑜𝑡 is the total drug clearance (L/hr), 𝐶𝐿𝑛𝑟 represents the non-renal clearance
(L/hr), 𝐶𝐿𝑟𝑒𝑠 is the residual renal clearance, and WT is the actual body weight in kg.
Assuming 𝐶𝐿𝑁𝐶𝐴 presents the true total clearance in a patient, individual 𝐶𝐿𝑟𝑒𝑠 can be
estimated using the difference between 𝐶𝐿𝑁𝐶𝐴 and 𝐶𝐿𝑡𝑜𝑡 . Exploratory analysis to determine
a quantitative relationship between 𝐶𝐿𝑟𝑒𝑠 and 24 hr urine output, serum creatinine,
estimated glomerular filtration rate (using the Cockcroft-Gault and the Modification of Diet
in Renal Disease (MDRD) formula), or blood urea nitrogen was further evaluated.49
Current literature reports that total LAC clearance is approximately 2.1 L/hr. Non-renal
clearance pathways (predominantly metabolism by phase I degradation) composes of
approximately 60% of the total clearance.64 Anuric patients with end stage renal disease
requiring dialysis demonstrated a 60% reduction in clearance on “dialysis-free” days as
compared to patients with normal renal function (when comparing body weight normalized
exposures).69 It is assumed that ESRD patients requiring dialysis are similar to the CRRT
population with regards to limited residual renal and hepatic function. Since anuric ESRD
patients demonstrated a 60% reduction in clearance, it is assumed that the loss in clearance
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be attributed by a total loss of renal excretion (0.84 L/hr) and loss in non-renal metabolism
(0.42 L/hr). Therefore, to account for differences in non-renal clearance in patients
undergoing CRRT versus healthy patients, the 𝐶𝐿𝑛𝑟 observed in healthy patients was
reduced by 33% and allometrically scaled by body weight to account for inherent
differences in intrinsic enzymatic clearances.70 For patients reported with a Child’s Pugh
Score of B or greater, 𝐶𝐿𝑛𝑟 will be further reduced by 80%.64
2.2.4 Results
2.2.4.1 Demographic and Clinical Data

Seven patients were recruited into the LAC study cohort based on the study protocol.
Demographic and clinical data are summarized in Table 2.8. Only one out of the seven
patients received an oral dose of LAC. Most patients were experiencing acute kidney injury
and needed solute and volume management by way of CVVH therapy. Due to the lack of
any clinical guidelines describing the role of LAC in seizure prophylaxis, most patients
received LAC therapy for the treatment of pre-existing or new onset seizures at a dosing
regimen of 200 mg twice daily. Six patients were classified with a Child’s Pugh Score of
A, while patient 20006 exhibited moderate hepatic impairment (Child’s Pugh Score of B).
Patient specific CVVH therapy characteristics are listed in Table 2.9. Previous 24-hour
urine output indicated that 57% of patients were experiencing anuria (24 hr urine output <
100 mL). The average filtration fraction was approximately 24%. Patient 20003 and 20007
experienced filter clotting as indicated by increased transmembrane pressures. Sampling
was continued after blood was returned to the patient and a new filter was primed and
functioning. None of the patients experienced any adverse effects attributed to LAC
throughout the course of the study.
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Table 2.8: Demographic and Clinical Characteristics
Characteristic

CVVH Patients (N = 7)

Age (years)
Sex
Male
Female
Weight (kg)
Race
Caucasian
African Descent
Diagnosis
Intraventricular Hemorrhage
Seizures/Status Epilepticus
Septic Shock
Indication for Levetiracetam
Seizure Prophylaxis
Treatment of Seizures
Indication for CRRT
Solute and Volume Management
Metabolic Acidosis
Renal Function Status
Acute Kidney Injury
End Stage Renal Disease
Laboratory Values
Serum Creatinine (mg/dL)
Albumin (g/L)
Hemoglobin (g/dL)
Hematocrit (%)
Prothrombin Time (seconds)
Blood Urea Nitrogen (mg/dL)
Median Days on CVVH Therapy
Median Days on Levetiracetam Therapy
Median Lacosamide Dose (mg)

64.3 ± 12.1
3 (43%)
4 (57%)
93.1 ± 22.9
2 (28%)
5 (72%)
1 (14%)
5 (72%)
1 (14%)
1 (14%)
6 (86%)
5 (72%)
2 (28%)
5 (72%)
2 (18%)
1.6 ± 0.8
2.6 ± 0.7
8.2 ± 0.8
25.2 ± 3.8
47.6 ± 17.1
34 ± 23.5
2 (1-4)
3 (2-21)
200 (100-200)

Table 2.0.9: CVVH Therapy Characteristics
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M150

M150

M150

M150

M150

M150

M150

20001

20002

20003

20004

20005

20006

20007

250

250

250

250

200

250

200

𝑸𝒃
(mL/min)

100

100

100

100

100

100

70

𝑸𝒑𝒃𝒑
(mL/hr)

3000

3000

4000

2300

1950

3000

2150

𝑸𝒓𝒇
(mL/hr)

50

0

100

350

200

120

200

𝑸𝒏𝒆𝒕
(mL/hr)

3150

3100

4200

2750

2250

3250

2420

𝑸𝒆𝒇𝒇
(ml/hr)

70

70

50

70

70

50

70

PDR
(%)

42.5

43.0

42.8

43.7

42.9

41.2

40.9

Filter
Temperature
(°C)

1089

25

0

0

462

605

27

24-hr Urine
Output
(mL)

Qb: blood flow rate; Qpbp: pre-blood pump rate; Qrf: replacement fluid flow rate; Qnet: net ultrafiltration rate; Qeff: effluent flow rate; PDR:
pre-filter replacement fluid dilution ratio; FF: filtration fraction

Filter

Patient
ID

Table 2.9: CVVH Therapy Characteristics

25

22

30

22

22

25

24

FF
(%)

2.2.4.2 Pharmacokinetic Analysis

Individual pre-filter, post-filter, and effluent concentration versus time profiles are
displayed in Figure 2.9. Patient 20003 and 20007 needed a change in filter during the
sampling window. No concentration data was collected during the period when CVVH was
stopped. Individual pharmacokinetic parameters and derived CRRT parameters are
provided in Table 2.10. Patient 20002 was the only patient receiving an oral formulation
of LAC. Based on the concentration vs. time profile, the time to maximum concentration
was between 1-4 hours, which is similar to what is reported in literature.59 The estimated
elimination rate constant (kel) was used to predict trough concentrations (concentrations at
12 hours). Six out of 7 (86%) patients exhibited predicted trough concentrations outside
the reported therapeutic range between 5-12 mg/L. The average volume of distribution (Vd)
was 54.2 L (0.58 L/kg) and is consistent with what is reported by the product label (0.6
L/kg).59 Total LAC clearance ranged from 2.0– 4.6 L/hr and an average of 63% of the total
clearance was attributed to CVVH therapy. Effluent flow rate was linearly correlated with
estimated total. The average individual SC was calculated using all available sampling time
points where both pre-filter and effluent concentrations were collected. The overall mean
and relative standard deviation (%CV) for SC in the sample population was approximately
0.80 and 10.5%, respectively. Other methods of estimating SC include taking the ratio of
effluent concentrations and the average of pre-filter and post-filter concentrations or the
ratio of area under the curve of the effluent and pre-filter concentration vs. time curves.
However, the calculated SC for all methods were found to be similar. Equation 6 was used
to derive individual total LEV clearance values using average individual SC and flow rates
specified in Table 2.10. The average estimated non-renal clearance (CLnr) was 0.93 L/hr.
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Figure 2.9: Individual pre-filter, post-filter, and effluent concentration versus time
profiles

Red, blue and yellow dots and lines represent concentration data collected from the pre-filter, post-filter,
and effluent CRRT sampling ports, respectively. Pink shaded region represents the range of time during the
sampling period when CRRT was stopped due to filter malfunction. Gray dashed lines represent the
reported therapeutic range for lacosamide (5-12 mg/L).
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200

200

200

200

200

100

20002

20003

20004

20005

20006

20007

14.05

11.78

9.71

6.47

15.58

9.84

18.47

3.53

8.86

5.02

6.76

10.47

7.04

7.71

1.76

4.14

2.34

1.98

6.46

3.32

4.81

29.15

71.21

43.41

47.30

99.88

61.99

72.64

3.43

2.81

4.61

4.23

2.00

3.22

2.75

Observed Predicted Predicted
CLNCA
Cpeak
Ctrough
AUC0-12
(L/hr)
(mg/L)
(mg/L)
(mg∙hr/L)

60.2

48.7

65.5

40.8

45.7

45.8

72.8

Vd
(L)

0.78

0.77

0.80

0.95

0.73

0.69

0.84

2.04

2.02

2.87

2.27

1.42

1.97

1.73

59.4

71.9

62.2

53.7

70.8

61.1

62.9

Mean CLCVVH
%
SC
(L/hr) CLCVVH

1.26

0.27

1.23

0.94

0.92

0.71

1.16

3.30

2.28

4.10

3.21

2.34

2.68

2.89

300

250

450

400

200

300

250

Estimated Estimate Recommended
CLnr
CLtot
Dose†
(L/hr)
(L/hr)
(mg)

t1/2: half-life; Cpeak: pre-filter peak concentration; Ctrough: prefilter trough concentration; Vd: volume of distribution; SC: sieving coefficient;
%CLCVVH: fraction of total drug clearance attributed to CVVH; CLnr: non-renal clearance; CLtot: total clearance
*
Patient 20002 received an oral solution of lacosamide. Therefore, apparent clearance and volumes are reported
†
All doses were given for a dosing interval of every 12 hours.
††
Recommended doses are based on matching exposures observed in healthy patients with normal renal function receiving 200mg twice daily

200

20001

Patient Dose†
t1/2
ID
(mg) (hours)

Table 2.10: Levetiracetam Pharmacokinetic Characteristics

Table 2.0.10: Lacosamide Pharmacokinetic Characteristics
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The average bias and precision (calculated using relative root mean squared error - RMSE)
of the derived total clearance value was approximately 0.089% and 16.2%. Because only
2 patients experienced filter clotting issues, and one of the two patients had a change in
filter near the end of the sampling window, a sensitivity analysis to assess the impact on
estimating clearance and AUC0-12 at steady state was not conducted. Figure 2.10 displays
trends in filter and transmembrane pressures over time along with changes in the SC. No
time-trend relationship between filter pressure/transmembrane pressure and sieving
coefficient was found. Exploratory analysis of SC versus transmembrane and filter pressure
at each time point using quantile plots did not show any clear trends. Transmembrane and
filter pressures for patients 20003 and 20007 decreased significantly after the priming of a
new circuit and filter. Although four out of the seven patients enrolled were anuric, residual
renal function could explain some of the difference observed between the estimated
clearance using Equation 6 and 𝐶𝐿𝑁𝐶𝐴 . Exploratory analysis of CLres versus serum
creatinine, EGFR, and BUN suggested no correlation and confirmed the inability to predict
CLres in individual patients with the collected data (Figure 2.11).
2.2.4.3 Dose Adjustment

Recommended doses for each enrolled patient were calculated to match exposures typically
seen in patients with normal renal function receiving 200 mg twice daily (Table 2.10).
Since several patients were experiencing augmented clearance due to increased
ultrafiltration, some of the recommended total daily doses were greater than the proposed
maintenance dose in the product label (400 mg/day). Table 2.11 provides broader doseadjustment regimens for an average adult patient receiving CVVH therapy at various
effluent flow rates.
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Figure 2.10: Time trend profiles for transmembrane pressure, filter pressure, and
sieving coefficient.

Purple, green, and orange dots and lines represent transmembrane pressure, filter pressure, and sieving
coefficient, respectively. Pink shaded region represents the range of time during the sampling period when
CRRT was stopped due to filter malfunction.
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Figure 2.11: Correlation of different clinical metrics with predicted residual renal
function
A.

B.

C.

D.

Predicted residual renal function was calculated using the difference between an individual’s theoretical
and NCA computed total lacosamide clearance. The red line represents a residual clearance of 0 mL/min.
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Table 2.11: Dosage Adjustment Regimen for Adult Patients Undergoing CVVH
Therapy*
Effluent Flow
Rate (L/hr)
1
1.5
2
2.5
3
3.5
4
4.5
5

Intended 50 mg
twice daily dose

Intended 100 mg
twice daily dose

Intended 200 mg
twice daily dose

50 mg every 12 hours
50 mg every 12 hours
50 mg every 12 hours
50 mg every 12 hours
100 mg every 12 hours
100 mg every 12 hours
100 mg every 12 hours
100 mg every 12 hours
100 mg every 12 hours

100 mg every 12 hours
100 mg every 12 hours
150 mg every 12 hours
150 mg every 12 hours
150 mg every 12 hours
200 mg every 12 hours
200 mg every 12 hours
200 mg every 12 hours
200 mg every 8 hours

200 mg every 12 hours
200 mg every 12 hours
150 mg every 8 hours
200 mg every 8 hours
200 mg every 8 hours
200 mg every 8 hours
200 mg every 6 hours
200 mg every 6 hours
200 mg every 6 hours

*CVVH clearance was calculated using the following variables and range of values: hematocrit (25-60%),
effluent flow rate (1-5 L/hr), blood flow rate (100-300 mL/min), prefilter replacement therapy dilution
percent (50-100%), and an assumed body weight of 70 kg.
†

Justification for dose ranges are based on matching exposures (AUC) in patients with normal renal
function receiving a dose range of 50-200 mg every 12 hours. For effluent flow rates greater than or equal
to 2 L/hr, the maximum concentrations at steady state for the upper dosing regimen range are maintained at
or below maximum concentrations at steady state in patients with normal renal function receiving 200 mg
every 12 hours.
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Reference to dose adjustments listed in Table 2.11 are based achieving exposures exhibited
in patients with normal renal function receiving 50 – 200 mg every 12 hours. Different prefilter replacement fluid dilution ratios (50:50 – 100:0), blood flow rates (100 – 300 ml/min),
and hematocrit values (25 – 60%) had limited to no impact on the recommended doses.
Dose recommendations provided in Table 2.11 are based on a patient that weights 70 kg
and is not experiencing moderate or severe hepatic impairment. Patients with higher body
weights greater than 70 kg may require larger LAC doses. Patients with effluent flow rates
greater than 2 L/hr may exhibit augmented LAC clearance and may require more frequent
dosing regimens compared to patients with normal renal function. Given that 200 mg twice
daily (400 mg/day) was the maximum dosing regimen studied across several indications,
there could be a potential concern for toxicity when recommending larger doses at the same
infusion rate. Although matching AUCs observed in healthy patients with normal renal
function ensures similar cumulative exposures, higher doses can result in a higher Cmax
value and lead to Cmax dependent toxicities. To achieve a Cmax that is less than or equal to
the average Cmax in patients with normal renal function receiving 200 mg twice daily (~12
mg/L), a prespecified one-compartment pharmacokinetic model with a volume of
distribution of 0.6 L/kg and clearance estimated using Eq.6 was used to simulate average
concentration versus time profiles of several dosing regimens in patients with effluent flow
rates ≥ 2 L/hr (Figure 2.7).64
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Figure 2.12: Simulated average lacosamide plasma concentration versus time profile
A.

B.

Black dashed line represents the average maximum concentration at steady state in a 70 kg patient with
normal renal function receiving 200 mg every 12 hours. For panel (A), the lacosamide a constant dosing
interval of 12 hours was used, and doses were calculated to match exposure seen with a normal patient
taking 200 mg twice daily. For panel (B), the lacosamide dose and dosing interval were adjusted to match
exposures seen with a normal patient taking 200 mg twice daily and exhibiting maximum concentration
below 12 mg/L.
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2.2.5

Discussion

This practice-based study was the first known clinical trial to include critically ill patients
undergoing CRRT and receiving LAC. A rich convenience sampling method was utilized
to fully characterize the pharmacokinetics of LAC undergoing CVVH. The collected data
indicated suboptimal drug exposures in majority of patients based on current LAC
prescribing practice in CRRT. Using prior established knowledge of LAC
pharmacokinetics and a mechanistic understanding of convection based solute transport,
this analysis proposes personalized dosing adjustments that could assist in optimizing LAC
therapeutics.
The enrollment of the LAC study cohort was conducted simultaneously with the
levetiracem cohort presented in PADRE-01.67 Four out of 7 patients that were eligible for
inclusion in the LAC cohort were also enrolled in the levetiracetam cohort. Because both
drugs were given twice daily generally at the same time, tandem pharmacokinetic sampling
was feasible. CVVH uses convective solute based transport to adequately manage fluid and
electrolyte imbalances. Drug that is protein bound or solutes with molecular weight greater
than 60,000 Daltons may not be able to pass through the pore of most membrane.16 Due to
LAC’s relatively low molecular weight (~250 Daltons) and low protein binding (<15%), it
was not alarming to observe significant clearance of LAC through the hemodiafilter.
Furthermore, similar to PADRE-01, no relationship between transmembrane and filter
pressures was observed with SC. This may indicate that the impact on LAC clearance
during filter clogging/clotting can be considered minimal and filter life does not need to be
taken into consideration when estimating total drug clearance. Furthermore, this study
confirms that the observed SC of LAC (0.8) is approximated to the fraction unbound to
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plasma protein.59 For the purpose of calculating drug clearance and proposing dose
adjustments in CVVH, the reported fraction unbound can be used as a surrogate for SC.
Variability in individual SC was observed and could reflect the changes in protein binding
due to critical illness, blood albumin content, drug displacement by other highly protein
bound drugs, filter life, and the use of anticoagulation in CRRT.37,67 Four patients in this
study had an albumin level of less than 2.5 g/dL and had an average SC of 0.81. In
comparison three patients with an albumin level greater than 2.5 g/dL exhibited an SC of
0.77. The SC in patients receiving ≤ 3 (N=3) co-administered highly protein bound drugs
was numerically lower than in patients receiving > 3 co-administered highly protein bound
drugs (0.73 vs. 0.84). This may signify the influence of drug-protein displacement on the
estimated SC. Patient 20001 was the only patient that received anticoagulation with
unfractionated heparin. Therefore, the impact of anticoagulation on SC was not evaluated.
Only one external case-report describing the pharmacokinetics of LAC in CVVH was
identified. Wieruszeuwski et al provides a detailed description of a 78 year old male (78.4
kg) that experienced sepsis and AKI post mitral valve replacement. He was described as
being anuric with no evidence of residual renal function. The patient developed nonconvulsive status epilepticus and subsequently started CVVH therapy (𝑄𝑒𝑓𝑓 = 2.57 L/hr,
𝑄𝑟𝑓 =2.2 L/hr, 𝑄𝑏 = 200 ml/min) due to intolerance to intermittent hemodialysis. To control
his recurrent seizures, a loading dose of 400 mg was given, followed by a 200 mg
maintenance dose given every 12 hours. Pharmacokinetic samples were collected and
indicated an SC of 0.69 and a CLtot of 3.07 L/hr. To externally validate the results from
this study, Equation 6 was used to derive CLtot (assuming that SC was approximately 0.8)
for this case based on the patient specific CVVH regimen. The estimated CLtot was 2.8
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L/hr, which was only 9% less the observed CLtot. Furthermore, the observed volume of
distribution (0.69 L/kg) was within the range observed in this study.
Several logistical limitation of this study should be acknowledged. The design of this study
employed the use of convenience pharmacokinetic sampling after patients were identified
as receiving CVVH therapy. Therefore, sample collection prior to initiating CVVH was
not feasible. For patients that were thought to undergo CRRT in the near future, sample
collection prior to CRRT may not accurately reflect baseline clearance status at the time of
CRRT initiation. Furthermore, patients were either taken off CRRT due to improvements
in renal function or kept on CRRT for an extended period of time due to clinical
deterioration. This study reflects a “real-world” patient population that exhibited various
baseline demographic and CVVH therapy characteristics. Because patients were identified
retrospectively after initiation of CVVH therapy, LAC concentrations prior to CVVH and
drug clearance attributed to non-renal pathways and residual renal function could not be
accounted for. Another limitation of this study is the lack of measuring the concentration
of inactive O-desmethyl metabolite in order to identify intrinsic non-renal clearance.59 In a
previous study conducted in anuric ESRD patients, approximately 90% of the non-renal
clearance pathway was preserved.64 This was taken into account to calculate a patient
specific non-renal clearance and for calculating the total body clearance.
The generalizability of dosing recommendations identified in this study should also be
taken with caution. Calculation of total LAC clearance in patients experiencing clinically
meaningful residual renal function (urine output > 20 mL/hr) may be underestimated and
lead to higher recommended dosing regimens. Five out of seven patients exhibited a urine
output of < 20 mL/hr and therefore differences in 𝐶𝐿𝑁𝐶𝐴 and CLtot could not be explained
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by residual renal function. For patients undergoing any type of renal replacement therapy,
quantification of residual renal function is extremely difficult.55 Estimation of renal
function that rely on creatinine and urea can be confound due to additional clearance by
hemofiltration. The average bias calculated for the purpose of this study in fact reflects the
average fraction of residual renal function contributing to total clearance and suggests
limited impact on total drug exposure. Figure 2.13 displays the difference between
observed CLtot and calculated CLtot. A bioequivalence testing procedure was utilized to
determine if calculating the clearance using Equation 6 provides similar estimates to
calculating clearance using non-compartmental analysis. The geometric mean ratio of the
observed total clearance (𝐶𝐿𝑁𝐶𝐴 ) and estimated CLtot using Equation 6 was 0.91 (90% CI
82%-102%). The geometric mean ratio fell within the generally accepted equivalence
margin of 80-125%.71 Thus, calculation of total clearance without CLres was justified for
all dosing adjustment and recommendation calculations. This finding also signifies that a
pharmacokinetic study may not be needed to estimate total drug clearance in patients
undergoing CVVH as long as the sieving coefficient approximate to the fraction unbound
of a drug of interest. Lastly, the results of this study was based solely on patients receiving
one type of CRRT modality (CVVH). The difference between the magnitude of diffusive
versus convective solute transport for small molecules may not be significantly different.
Therefore, extrapolation of the identified SC to CVVHDF and CVVH modalities is feasible
to estimate total drug clearance. Although this study primarily enrolled adult patients, LAC
is also approved for use in the pediatric population. Application of the dosing algorithm to
pediatrics can be considered after allometrically adjusting for CLnr by body weight.72
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Figure 2.13: Comparison of total lacosamide clearance calculated using noncompartmental analysis (NCA) and Equation 6

Black dots represent each individual patient’s ratio between theoretical LAC clearance (predicted)
calculated using Equation 6 and observed NCA estimated LAC clearance (observed). The grey dashed line
a geometric mean ratio of 1. Red dashed line and pink shaded area represents the accepted bioequivalence
margin of 80% and 125% to determine clinically similar exposure (+/- 20% difference).

This proof of principle study confirms the ability to propose LAC dosing adjustments in
neurocritically ill patients undergoing CVVH. Analysis of pre-filter and effluent
concentrations suggests that the SC for LAC is similar to the fraction unbound. Similar to
previous studies, SC and effluent flow rate were the major determinants of drug clearance.
The use of drug-specific parameters (SC) and CRRT specific variables (effluent flow rates)
can be used in combination with current drug pharmacokinetic knowledge to derive
individualized dosing recommendations.
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Chapter 2.4: Development and Use of an Ex-Vivo In-Vivo Correlation to predict
Antiepileptic Drug Clearance in Patients Undergoing Continuous Renal
Replacement Therapy

2.4.1 Abstract
Results from previous ex-vivo models have successfully demonstrated similar extraction
coefficients identified from in-vivo clinical trials. The objectives of this study is to 1)
design an optimal ex-vivo CRRT model, 2.) develop an ex-vivo in-vivo correlation
(EVIVC) model to predict drug clearance for commonly used antiepileptics, and 3.)
evaluate similarity in drug clearance among three different modalities to extrapolate dosing
recommendations. Antiepileptic drug CRRT clearance was evaluated using the Prismaflex
system and M150 hemodiafilters using an albumin containing normal saline (ALB-NS)
vehicle with 3 different albumin concentrations (2 g/dL, 3 g/dL, and 4 g/dL) and human
plasma vehicle at 3 different effluent flow rates (1 L/hr, 2 L/hr, and 3 L/hr). Blood and
effluent/dialysate concentrations after circuit priming. Extraction coefficients and CRRT
clearance was calculated for each drug, modality, vehicle, and experimental arm
combination. The calculated average EC for LAC and LEV was approximated to the
fraction unbound. Human plasma and ALB-NS vehicles demonstrated adequate prediction
of in-vivo CVVH clearance. Geometric mean ratios indicated similarity in ECs when
comparing between CVVH and CVVHDF and between CVVH and CVVHD at effluent
flow rates ≤ 2L/hr. Evaluation of PHY provided inconsistent findings with regards to EC
similarity across different CRRT modalities. The findings indicate that an ex-vivo study
can be used as a surrogate to predict LEV and LAC clearance in patients receiving different
CRRT modalities.
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2.4.2 Introduction
The use of continuous renal replacement therapy (CRRT) in critically ill patients has
increased in parallel with the increase in prevalence of acute kidney injury in both the adult
and pediatric population.6 The increase use of various CRRT modalities could also be
attributed by its advantage in controlling hemodynamically unstable patient, unlike
conventional renal replacement therapy methods such as intermittent hemodialysis.6,7
However, no improvements in mortality and morbidity has been observed in patients
receiving CRRT versus other renal replacement therapy methods.17-20,25 Drug clearance
due to convective and/or diffusive mechanisms can lead to suboptimal exposures for
certain life-saving medications. Currently, there is a major void in CRRT drug dosing
knowledge. Supratherapeutic drug exposures could lead to drug toxicities, while
subtherapeutic exposures could lead to a lack of drug efficacy. Both can complicate a
patient’s clinical picture and lead to increased lengths of stay.
To date, the pharmacokinetics (PK) of less than 20% of drugs commonly used in the
intensive care unit (ICU) have been studied in patients undergoing one of the three major
modalities of CRRT.25 Guidelines and drug package inserts lack adequate dosing
information which has led many clinicians to extrapolate results from studies using more
traditional modes of renal replacement therapy.22,73 Preference of an institution towards
one modality over another, differences in physical properties of hemofilters and
hemodialyzers, and heterogenous patient populations receiving various CRRT regimens
can complicate the application of available results to patient care. The average enrollment
rate for a CRRT clinical pharmacokinetic studies is approximately 3 patients/year.67 The
lack of guidance by the U.S. Food and Drug administration (FDA), difficulties in recruiting
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patients, and a patient population that is at very high risk of mortality due to multiorgan
dysfunction, and complexities associated with pharmacotherapeutic support has
disincentivized developers from studying the impact of CRRT on PK during drug
development.22
Small post-marketing PK CRRT studies conducted by academic clinicians have been
increasing in prevalence over the past decade. However, the infinite number of
permutations when considering different drugs, CRRT modalities, flow rates, filter types,
anticoagulation status, temperature settings, and use with other extracorporeal therapies
makes it impractical to develop dosing recommendations based exclusively on clinical
studies.73 Ex-vivo models of renal replacement therapy have been used to examine different
combinations of drugs and CRRT parameters. Previous ex-vivo models can assist with
determining drug clearance attributed to a specific CRRT environment without the added
noise of interpatient variability. Important aspects of ex-vivo CRRT model development
include the choice of vehicle delivery (e.g. saline, Ringer’s lactate, solutions with or
without albumin, animal blood, or human plasma/blood products), choice of hemodiafilter,
and whether to evaluate drugs alone or concomitantly.73-76
Results from previous ex-vivo models have successfully demonstrated similarity in drug
clearance when compared to in-vivo clinical trials. A majority of published ex-vivo studies
involve the assessment of clearance of antimicrobials that are commonly used in the ICU.7780

Assessment of drugs that traditionally undergo therapeutic drug monitoring or titrated to

effect may not be warranted due to flexibilities in dosing.25 Furthermore, there is a lack of
a standardized assessment to evaluate the predictability of results from an ex-vivo study to
a clinical setting. In-vitro in-vivo correlation (IVIVC) models are often used to describe
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the relationship between an in-vitro property of a drug (e.g. rate or extent of drug
dissolution or release) to in-vivo response (e.g. amount absorbed, plasma drug
concentration, area under the curve). IVIVC can serve as a surrogate for bioequivalence
studies and thus lowering the regulatory burden for approval.81 Similarly, ex-vivo in-vivo
correlation models can allow for the extrapolation of CRRT clearance from an ex-vivo
study to a patient.
The rise in seizure-related events in the ICU has led to questions regarding dose
optimization of antiepileptic drugs. Recently, a clinical pharmacokinetic study was
conducted that analyzes two antiepileptic drug cohorts (PADRE-01: levetiracetam and
PADRE-02: lacosamide) in patients receiving continuous venovenous hemofiltration
(CVVH), a convective based CRRT modality.67 Although the previous study was
conducted using a single CRRT modality with a narrow range of CRRT parameters,
application to other CRRT modalities with a wider range of CRRT parameter settings is
uncertain. Levetiracetam (LEV) and lacosamide (LAC) both exhibit low protein binding
(<10% and <15% respectively) and volume of distributions that approximate to total body
water volume. The sieving coefficient, a reflection of the fraction of drug that crosses a
membrane during hemofiltration, was also observed to be similar to the fraction unbound
for both drugs (LEV: 0.89, LAC: 0.80).67 The objectives of this study is to 1) design an
optimal ex-vivo CRRT model, 2.) develop an ex-vivo in-vivo correlation (EVIVC) model
to predict drug clearance for commonly used antiepileptics, and 3.) evaluate similarity in
drug clearance among three different CRRT modalities to extrapolate dosing
recommendations from the PADRE-01 and PADRE-02 CVVH cohorts.
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2.4.3 Methods
2.4.3.1 In-vivo Clinical Trial Data

In-vivo data was leveraged from previously reported clinical trials, PADRE-01 and
PADRE-02 (ClinicalTrials.gov NCT03632915).67 The clinical trial protocol was approved
by the University of Maryland Institutional Review Board (HP-00066222). Written
informed consent was obtained from all patients enrolled either directly by the patient or
their legally authorized representative. Key inclusion and exclusion criteria for clinical
study were previously detailed by Kalaria et al.67 The ex-vivo portion of this analysis did
not involve human subjects and an institutional review board approval was not required.
2.4.3.2 Filter Properties

All ex-vivo CRRT model experiments were performed using the PrismaFlex system
(Gambro Industries, France) with the M-150 hemodiafilter set (Baxter, Healthcare,
Deerfield, IL). The hemodiafilter membrane was composed of acrylonitrile and sodium
methallyl sulfonate copolymer material (AN 69 HF hollow fiber) and had an effective
surface area of 1.5 m2. The internal fiber diameter was 240 μm and fiber wall thickness
was approximately 50 μm. The blood volume of the entire extracorporeal circuit was
approximately 189 ml ± 10%. Prismasate dialysate formula (Baxter, Healthcare, Deerfield,
IL) was used for both replacement and dialysate fluid.
2.4.3.3 Materials

Commercially available levetiracetam (500 mg/5 mL, solution for injection, Lot No.
7603319, Mylan Pharmaceuticals Inc., Rockford, IL), lacosamide (200 mg/20 mL, solution
for injection, Lot No. 903499, UCB Pharmaceuticals Inc., Smyrna, GA), and phenytoin
(250mg/5mL, solution for injection, Lot No. 047346, West-Ward Pharmaceutical Corp.,
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Eatontown, NJ) were used for the ex-vivo portion of this analysis. Expired human frozen
plasma was donated from the blood bank at the University of Maryland Medical Center.
Human albumin USP 5% (250 mL, intravenous solution, Lot No. LB037358, Baxalta US
Inc., Westlake Village, CA) and 0.9% Sodium Chloride USP (1,000 mL, intravenous
solution, Lot No. Y329359, Baxter Healthcare Corp., USA) were used to make up the
control solution. For the purpose of anticoagulation, 10,000 units of heparin (10,000 USP
units/10 mL, intravenous solution, Lot No. 6020444, Pfizer Pharmaceutical Inc., New
York, NY) was added to a one liter bag of normal saline.
2.4.3.4 Design of Ex-vivo Experiments

The ex-vivo study evaluated two different vehicle mediums, an albumin containing normal
saline (ALB-NS) solution and human plasma. For the ALB-NS vehicle, three different
albumin concentrations were tested (2 g/dL, 3 g/dL, and 4 g/dL). For the human plasma
vehicle, three different effluent/dialysate flow rates were tested ( 1 L/hr, 2 L/hr, and 3 L/hr).
Approximately 500 ml of each respective vehicle along with 5000 units of unfractionated
heparin was added to an Erlenmeyer flask, maintained at 37°C, and continuously stirred
using a magnetic hotplate. The CRRT circuit was primed according to the manufacturer
with Prismasate dialysate formula for approximately one hour for each experiment run
using a new hemodiafilter. Right before the initiation of the experiment and once priming
was complete, 12.5 mg of levetiracetam (LEV), 4 mg of lacosamide (LAC), and 25 mg of
phenytoin (PHY) were added into each vehicle solution to result in quantifiable
concentrations. The access and return line were connected with intravenous spike
connectors and added to the vehicle solution. Table 2.12 provides a summary of CRRT
flow rates and settings used for each vehicle experiment. Blood flow rates were adjusted
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within the range of 150-350 mL/min to maintain appropriate transmembrane pressure and
filtration fraction. Vehicle solutions were circulated in the blood space of the system for
approximately 15 minutes to achieve steady state conditions with regards to tubing and
membrane adsorption of protein and drug. Simultaneous pre-filter (red port before prefilter replacement fluid administration), post-filter (blue port before post-filter replacement
fluid administration), and effluent (yellow port) pharmacokinetic samples (2.5 mL) were
taken at 0, 15, 30, 45, and 60 minutes. Samples were transferred into cryogenic vials and
stored at -80°C until they were assayed. Transmembrane and filter pressures were also
recorded at each sample collection time. New Prismaflex M150 filter sets were used for
each experiment run with every vehicle in order to ensure similar initial conditions (N=9
for ALB-NS vehicle, N=9 for human plasma). Figure 2.14 provides a schematic
representation of the CRRT circuit.
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Table 2.12: Ex-vivo CRRT Flow Settings and Characteristics

Table 2.0.12: : In-vitro CRRT Flow Settings and Characteristics

Figure 2.14: Schematic representation of a CRRT circuit with sampling collection
points

Red color represents the blood space. Blue and green colored fluid represent the replacement fluid and
dialysate fluid, respectively. Red, blue, and yellow arrow represent the location of the pre-filter, post-filter,
and effluent/dialysate sampling ports.
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2.4.3.5 Bioanalysis

Total LEV plasma and effluent concentrations were determined by a validated highperformance liquid chromatography with ultraviolet radiation detection method (HPLCUV).42 Total LAC and PHY plasma and effluent concentrations were determined by
another validated high-performance liquid chromatography with ultraviolet radiation
detection method (HPLC-UV).68 Five hundred microliters of human plasma and 250 μL
effluent samples were used to quantify LAC and PHY. Plasma samples were purified by
protein precipitation. Five hundred microliters of the supernatant was extracted and
evaporated under nitrogen gas at room temperature and reconstituted in 125 μL of water.
Reverse-phase chromatographic separation was achieved within 7.5 min using a mobile
phase eluting gradient of water and acetonitrile at a flow rate of 1.5 mL/min. The gradient
was operated at 85% water and 15% for acetonitrile in 10 minutes, 85% to 70% water and
15% to 30% acetonitrile in 0.5 minutes, 70% water and 30% acetonitrile for 10.25 minutes,
and 70% to 85% water and 30% to 15% acetonitrile in 0.25 minutes for an additional
minute. UV detection was set at 195 nm and 20 μL of the prepared sample was injected
into the system. The calibration curve was found to be linear over the range of 2-20 μg/mL
for LAC and 0.5-60 μg/mL for PHY. Inter- and intra-day precisions were < 10% for both
plasma and effluent samples. Overall recovery of LAC and PHY from plasma was ~100.
The limit of quantification for LEV, LAC, and PHY was 2 mg/L, 2 mg/L and 0.5mg/L,
respectively.
2.4.3.6 Pharmacokinetic Analysis

The following formulas were used to estimate the extraction coefficient (Eq 1), effluent
flow rate (Eq 2), and CRRT clearance (Eq 3) at each sampling time point:
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𝐸𝐶 =

𝐶𝑒𝑓𝑓
𝐶𝑝𝑟𝑒

𝑄𝑒𝑓𝑓 = 𝑄𝑟𝑓 + 𝑄𝑝𝑏𝑝 + 𝑄𝑛𝑒𝑡 + 𝑄𝑑
𝑄𝑏 ∙(1−𝐻𝐶𝑇)
)
∙(1−𝐻𝐶𝑇)+𝑃𝐷𝑅
∙(𝑄𝑟𝑓 )+𝑄𝑝𝑏𝑝
𝑏

𝐶𝐿𝐶𝑅𝑅𝑇 = 𝐸𝐶 ∙ 𝑄𝑒𝑓𝑓 ∙ (𝑄

(Eq. 1)8
(Eq. 2)44
(Eq. 3)44,45

where EC is the extraction coefficient, 𝐶𝑒𝑓𝑓 is the effluent concentration, 𝐶𝑝𝑟𝑒 is the
prefilter concentration, 𝑄𝑒𝑓𝑓 is the effluent flow rate (L/hr), 𝑄𝑟𝑓 is the replacement therapy
flow rate (L/hr), 𝑄𝑝𝑏𝑝 is the pre-blood pump flow rate (L/hr), 𝑄𝑛𝑒𝑡 is the net fluid removal
flow rate (L/hr), 𝑄𝑑 is the dialysis flow rate (L/hr), 𝐶𝐿𝐶𝑅𝑅𝑇 is the CRRT clearance
associated with either CVVH, CVVHD, or CVVHDF therapy, 𝑄𝑏 is the blood flow rate
(L/hr), HCT is the hematocrit fraction, and PDR is the prefilter replacement therapy
dilution ratio. Exploratory graphical analysis was used to evaluate the relationship between
TMP vs. SC, FP vs. SC, and effluent flow rate and CRRT clearance. To evaluate similarity
of EC among the three modalities by experiment arm, the geometric mean ratio between
modalities (with CVVH as the reference) was calculated using all time points. Similarity
between modalities was confirmed if the geometric mean ratio falls between the generally
accepted bioequivalence margin of 80-125%.
2.4.3.7 Ex-vivo In-vivo Correlation

In-vivo data only included patients receiving CVVH therapy. Therefore, CVVH clearance
(CLCVVH) was chosen as the main parameter of interest to establish a correlation between
ex-vivo and in-vivo data. The average individual in-vivo CLCVVH was calculated using the
average SC across all sampling time points for each patient. The average individual exvivo CLCVVH was calculated using the average EC for CVVH observed across all time
points using the 3 g/dL experimental group for the albumin contain normal saline vehicle
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and across all time points and effluent flow rates for the human plasma vehicle. A linear
regression model was used to estimate in-vivo clearance using ex-vivo clearance values.
Mean absolute percentage error (MAPE) and relative root mean squared relative error
(RMSE) were calculated using Equation 4 and 5 for each vehicle. In order to evaluate
whether a clinically meaningful difference exits between ex-vivo and in-vivo CLCVVH, the
90% confidence interval of the geometric mean ratio between ex-vivo and in-vivo CLCVVH
was calculated and evaluated against the standard bioequivalence margin of 80-125%.
1

𝑀𝐴𝑃𝐸 = 100% ∙ 𝑛 ∑𝑛𝑖=1 |

𝑅𝑀𝑆𝐸 =

𝐶𝐿𝐶𝑉𝑉𝐻,𝑒𝑥−𝑣𝑖𝑣𝑜 −𝐶𝐿𝐶𝑉𝑉𝐻,𝑖𝑛−𝑣𝑖𝑣𝑜
𝐶𝐿𝐶𝑉𝑉𝐻,𝑖𝑛−𝑣𝑖𝑣𝑜

√1 ∑𝑛𝑖=1 (𝐶𝐿𝐶𝑉𝑉𝐻,𝑒𝑥−𝑣𝑖𝑣𝑜 −𝐶𝐿𝐶𝑉𝑉𝐻,𝑖𝑛−𝑣𝑖𝑣𝑜 )
𝑛

𝐶𝐿𝐶𝑉𝑉𝐻,𝑖𝑛−𝑣𝑖𝑣𝑜

| (Eq 4)

2

(Eq. 5)

2.4.4 Results
2.4.4.1 Pharmacokinetic Analysis

None of the circuits in any of the experimental runs experienced filter failure due to filter
clogging or clotting. Blood flow rates for CVVHD modality experimental runs when using
the human plasma vehicle were increased from 250 to 350 mL/min to control for apparent
fluctuations in filter and transmembrane pressure. Concentration vs. time profiles for each
experimental run by vehicle and modality are provided in Supplementary Figure 1-6 for all
three drugs analyzed. The EC (mean ± SD) are provided for the ALB-NS vehicle in Table
2.12 and human plasma in Table 2.13 by drug and modality. The calculated average EC
for LAC and LEV was approximated to the fraction unbound. In the ALB-NS group, the
EC was observed to decreased as albumin concentration in solution increased across all
drugs given under the CVVH modality.
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Table 2.13: Extraction coefficients for M150 hemodiafilter using an ALB-NS vehicle
medium
Drug

Levetiracetam

Lacosamide

Phenytoin

Modality

Albumin Concentrations
2 g/dL

3 g/dL

4 g/dL

CVVH

0.91 ± 0.11

0.85 ± 0.05

0.73 ± 0.02

CVVHD

0.63 ± 0.09

0.62 ± 0.07

0.63 ± 0.13

CVVHDF

0.73 ± 0.10

0.71 ± 0.06

0.73 ± 0.04

CVVH

0.89 ± 0.06

0.87 ± 0.05

0.82 ± 0.06

CVVHD

0.76 ± 0.10

0.98 ± 0.34

0.81 ± 0.06

CVVHDF

0.83 ± 0.05

0.83 ± 0.06

0.84 ± 0.06

CVVH

0.44 ± 0.02

0.38 ± 0.03

0.33 ± 0.03

CVVHD

0.22 ± 0.02

0.22± 0.03

0.21 ± 0.02

CVVHDF

0.35 ± 0.04

0.26 ± 0.03

0.22 ± 0.02

Values are represented as means ± standard deviation using all time points.

Table 2.14: Extraction coefficients for M150 hemodiafilter using a human plasma
vehicle medium
Drug

Levetiracetam

Lacosamide

Phenytoin

Modality

Effluent Flow Rate
1 L/hr

2 L/hr

3 L/hr

CVVH

0.87 ± 0.06

0.95 ± 0.15

0.92 ± 0.05

CVVHD

0.85 ± 0.10

0.79 ± 0.05

0.44 ± 0.04

CVVHDF

0.94 ± 0.02

0.91 ± 0.08

0.97 ± 0.27

CVVH

0.83 ± 0.07

0.77 ± 0.03

0.84 ± 0.08

CVVHD

0.87 ± 0.08

0.63 ± 0.09

0.55 ± 0.06

CVVHDF

0.81 ± 0.07

0.83 ± 0.03

0.78 ± 0.06

CVVH

0.35 ± 0.02

0.27 ± 0.03

0.30 ± 0.04

CVVHD

0.54 ± 0.03

0.36 ± 0.04

0.25 ± 0.02

CVVHDF

0.30 ± 0.03

0.23 ± 0.03

0.27 ± 0.04

Values are represented as means ± standard deviation using all time points.
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Changes in albumin concentration did not appear to impact the EC when experimented
under CVVHD and CVVHDF conditions. On average, a consistent increasing trend in EC
was observed when going from CVVHD to CVVHDF to CVVH for the 2 g/dL albumin
concentration experimental arms. Using human plasma, increasing the effluent flow rate
decreased the EC under CVVHD and CVVHDF conditions. However, no trends in EC
were observed when increasing the effluent flow rate under CVVH. Exploratory analysis
did not suggest any relationship between longitudinal filter/transmembrane pressure and
sieving coefficient (Supplementary Figure 7-12) when using either vehicles. Higher flow
rates and albumin concentrations were observed to be associated with increased filter and
transmembrane pressures. Sensitivity analysis of using different methods of calculating the
EC demonstrated no significant deviations when compared to using Equation 1
(Supplementary Figure 13). Because the albumin concentration was not known in the
human plasma medium, a direct comparison between the two vehicles could not be made.
However, since the plasma was donated from healthy patients, a normal albumin
concentration of 4 g/dL can be utilized to make a crude comparison between mediums. The
ECs from the 4 g/dl, 2 L/hr experimental runs using ALB-NS were compared against the
human plasma. The mean absolute percentage difference among average EC across the
different drugs and modalities was approximately 19% (range: 1 – 42%). Figures 2.15 and
2.16 provide the results of the similarity assessment between CVVH and other modalities
across all experiment groups. A geometric mean ratio between 80-125% was observed for
LAC and LEV when comparing CVVHDF to CVVH across all three albumin
concentration groups.
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Figure 2.15: Assessment of extraction coefficient similarity between CVVH and
CVVHD/CVVHDF using an ALB-NS vehicle medium

Figure 2.16: Assessment of extraction coefficient similarity between CVVH and
CVVHD/CVVHDF using a human plasma vehicle medium
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Similarity was only shown for both LAC and LEV when comparing CVVH to CVVHD at
an albumin concentration ≥ 3 g/dL. Geometric mean ratios for PHY indicated unsimilar
ECs when comparing CVVH to CVVHD or CVVHDF. Analysis of human plasma
suggested that EC for CVVHDF drugs were similar to CVVH at all three drugs and effluent
flow rates. When comparing against CVVHD, only LAC and LEV was shown to be similar
up to an effluent flow rate of 2 L/hr. At a flow rate of 3 L/hr, the geometric mean ratio was
decreased for all the drugs in the CVVHD experimental runs. The results indicate that the
use of a human plasma vehicle suggest similar ECs across CRRT modalities for drugs that
have low protein binding. Evaluation of highly protein bound drugs, like PHY, may
provide inconsistent findings and limiting the ability to bridge across CRRT modalities.
2.4.3.7 Ex-vivo In-vivo Correlation

Exploratory analysis of estimated CVVH clearance versus effluent flow rate demonstrated
a similar trend between the ex-vivo and in-vivo data (Figure 2.17). Figure 2.18 and 2.19
provides the EVIVC plots for LEV and LAC using the ECs from the ALB-NS and human
plasma vehicle arms. Using human plasma as a vehicle medium for the ex-vivo CRRT
circuit model demonstrated a lower MAPE and RMSE for both LAC and LEV as compared
to using ALB-NS. The geometric mean ratio was within the prespecified 80-125% margin
and thus can be concluded that using the EC from an ex-vivo study to predict CVVH
clearance will provide the similar CVVH clearance estimates as observed in-vivo.
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Figure 2.17: Relationship between CVVH clearance and effluent flow rate observed
in ex-vivo and in-vivo studies

Red dots represent the CVVH clearance based on the average SC observed in the ex-vivo experiment arms.
Blue dots represent the CVVH clearance based on the average SC observed in each patient.
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Figure 2.18: Ex-vivo In-vivo correlation plot based on an ex-vivo model using
albumin containing normal saline

GMR: geometric mean ratio; MAPE: mean absolute percentage error; RMSE: root mean squared error;
blue line represents the line of unity, dashed red line represent the linear regression between ex-vivo CVVH
clearance and in-vivo predicted CVVH clearance; shaded grey area presents the 95% confidence interval
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Figure 2.19: Ex-vivo In-vivo correlation plot based on an ex-vivo model using
human plasma

GMR: geometric mean ratio; MAPE: mean absolute percentage error; RMSE: root mean squared error;
blue line represents the line of unity, dashed red line represent the linear regression between ex-vivo CVVH
clearance and in-vivo predicted CVVH clearance; shaded grey area presents the 95% confidence interval
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2.4.5 Discussion
To the authors knowledge this is the first study to evaluate the extraction efficiency of
LEV, LAC, and PHY in CVVH, CVVHD, and CVVHDF using an ex-vivo CRRT circuit
model. Two key questions this study aimed to answer is 1.) can an ex-vivo study be used
as a surrogate to predict drug CVVH clearance in patients, and 2.) if an ex-vivo in-vivo
correlation is established for one modality, can the relationship hold true for other CRRT
modalities. To answer the first question, this analysis utilized an ex-vivo in-vivo correlation
model based approach that is similar to the concept of using in-vitro models as surrogates
for predicting in-vivo response to waive bioequivalence/ bioavailability studies for
regulatory approval.
The results of this study indicated that ex-vivo CVVH clearance using a CRRT circuit
model with ALB-NS and human plasma vehicles was similar to and predictive of in-vivo
CVVH clearance for both LEV and LAC. The sieving coefficients, equivalent to the EC
for the CVVH modality, was also approximated to the protein fraction unbound for LEV
and LAC. The second question was answered by evaluating the geometric mean ratio of
the EC from CVVHD or CVVHDF ex-vivo study experimental arms to the corresponding
CVVH reference group. GMR of the EC suggested that the CVVHDF modality was similar
to CVVH when using human plasma or ALB-NS. However, GMRs associated with
CVVHD were observed to not be similar for PHY and for dialysate flow rate greater than
2 L/hr. Therefore, by sufficiently answering the two questions, a bridging approach with a
surrogate ex-vivo study can be utilized to predict LEV and LAC CRRT clearance in
patients and to recommend optimal doses to match exposures observed in patients with
normal renal function.
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Although an EVIVC method was not established for PHY, the EC observed across the
three modalities was relatively lower compared to LEV and LAC. PHY is a highly
lipophilic and approximately 90% bound to plasma proteins. It would be expected that free
phenytoin (molecular weight of 242 Daltons) can cross the semipermeable membrane as
compared to protein bound PHY. A case series by Oltrogge et al provides a description of
two patients receiving PHY for the treatment of seizures and undergoing CVVH.82 PHY in
Patient 1 and 2 exhibited an EC of 0.41 and 0.23 at an effluent flow rate of 2 L/hr and 3
L/hr, respectively. The EC observed in Patient 1 with an albumin concentration of 2.3 g/dL
was within the range of ECs observed in the ex-vivo study with the ALB-NS-2 g/dL and
ALB-NS-3 g/dL arms (0.38-0.44). The EC observed in Patient 2 with an albumin
concentration of 2.5 g/dL was also within the range of ECs observed when comparing the
results from the ALB-NS-2g/dL, ALB-NS-3 g/dL, and the human plasma-3 L/hr
experimental arms (0.22-0.30).
The lack of similarity in EC between CVVHD and CVVH was consistent across all three
drugs when using an effluent flow of 3 L/hr. The EC also decreased as the effluent flow
increased from 1 to 3 L/hr. This finding is consistent with the literature and is related to the
increased movement of the dialysate through the hemodiafilter.83-85 This results in less time
for the dialysate to get saturated and thus less extraction of solute. This saturation
phenomenon is dependent on both the dialysate flow rate and the filter surface area. Filters
with larger surface areas are more efficient in removing small solute.86 Thus, the effective
surface area of a filter need to be taken into consideration when generalizing drug clearance
between two filters.
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A preliminary proof of concept experiment was conducted to assess the optimal duration
for an ex-vivo CRRT circuit model to yield appropriate SCs and to allow for a proper
evaluation of a potential correlation between SC and filter/transmembrane pressures.
Unfortunately, running an open circuit for an entire dosing interval of 12 hours was not
feasible due to loss of vehicle volume during CVVH and CVVHDF therapy and filter
clogging/clotting. Furthermore, in order to calculate the AUC for pre-filter and effluent
concentrations for AUC-based SC calculations more than one sampling time point was
needed. To circumvent these issues, a one hour experiment was conducted with
simultaneous samples taken at baseline (post circuit priming and an additional 15 minutes
to allow for filter adsorption), 15, 30, 45, and 60 minutes using a normal saline and human
plasma vehicles. The range of filter/transmembrane pressures observed in patients were
also found to occur within one hour of the ex-vivo experiment. Previous literature also
suggest that changes in albumin concentrations and effluent flow rates could impact ECs
depending on the mechanism of solute clearance. Therefore, an albumin and effluent range
of 2-4 g/dL and 1-3 L/hr were selected to simulate conditions observed in a typical
neurocritically ill patient receiving CRRT.
Developed ex-vivo and in-vitro models are typically subjected to analytical validation to
ensure that the methodology is suitable for its intended purpose. In context of the develop
ex-vivo CRRT model, accuracy of estimating SC cannot be estimated because the “true”
SC is unknown. However, precision can be considered at two different levels: repeatability
and reproducibility. Repeatability, or intra-assay precision, expresses the precision under
the same operating conditions over a short interval of time. Given that no time trends were
observed with EC, measuring multiple EC within an experiment run can provide an
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estimate of the intra-day assay %CV. Reproducibility, or inter-assay precision, expresses
the precision between experiments conducted by different researchers, executed on
different days, or with different instruments. Measuring EC within an experiment run
across different days can provide an estimate of the inter-day assay %CV. Although the
experiments were not reproduced on multiple days, the ALB-NS 4 g/dL experiment arm
executed at an effluent flow rate of 2 L/hr can be thought of a similar experiment to the
human plasma – 2L/hr experiment arm due to similar albumin levels observed in healthy
volunteers. The intra-day assay %CV was < 15% across the three different modalities and
two different vehicles for 52/54 experiment arms. The inter-day assay %CV was <17% for
7/9 comparable experiment arms. The relatively low inter-day %CV as compared to intraday precision could be attributed to differences between ALB-NS and human plasma
vehicles. The established ex-vivo CRRT model demonstrates repeatability and
reproducibility when estimating ECs across different drugs and modalities.
Several limitations should be noted with the experimental design and generalization of data
to patient care. Albumin concentrations were not measured or verified when using ALBNS and human plasma vehicle mediums. Given that the expired human plasma was donated
by healthy volunteers, the albumin concentration was assumed to be 4 g/dL. Critically ill
patients with renal failure frequently exhibit lower albumin concentrations due to comorbid liver dysfunction and/or increased capillary permeability due to inflammation and
infection.87 The clearance of drugs that are highly protein bound, similar to PHY, can be
significantly influenced by alteration in albumin concentrations. Furthermore, other plasma
proteins such as alpha-1 and alpha-2 acid glycoprotein and globulins were not studied.
Drugs that exhibit basic properties (e.g. beta-blockers, lidocaine, imipramine, verapamil,
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methadone, quinidine) commonly bind to alpha-1 acid glycoproteins and may exhibit
different ECs when studied using the ALB-NS vehicle due to the lack of any interaction
with albumin.88 In addition, previously reported ex-vivo studies also utilized urea and/or
creatinine (EC = 1) as a control solute for the purpose of assay sensitivity. All ex-vivo
CRRT studies demonstrated a EC of approximately of 1 for urea or creatinine when used
as a control.89-92 Although the manufacturer of the hemodiafilter utilized in this study may
be different than other previously reported studies, ex-vivo CRRT circuit setup and design
of this this study was identical. Manufacturer quality control analysis of the M150
hemodiafilters used in this study also demonstrated an EC value of 1 for both urea and
creatinine. However, the authors do acknowledge that the presented study results may only
be applicable to hemodiafilters that share the same specifications and further research is
needed to evaluate the impact of different filter properties on drug clearance. In addition,
the presented ex-vivo study evaluated the ECs of three different drugs given
simultaneously. Although protein binding of LAC and LEV is low when compared
relatively to PHY, drug-protein displacement interactions could have led to variability in
the EC. Previous proof of concept ex-vivo studies conducted by the authors did not suggest
any difference in EC when evaluating one drug or multiple drugs in solution. Nonetheless,
critically ill patients undergoing CRRT typically receive multiple medications for the
treatment of other conditions. Multiple drugs in solution should be taken into consideration
when developing an ex-vivo CRRT study. Drug adsorption to the hemodiafilter membrane
and CRRT circuit tubing was also not evaluated. Current clinical practice assumes that the
effect of drug adsorption on drug clearance is minimal.90 The first sample at baseline taken
in the ex-vivo study was based on previous studies that indicated a time to steady state
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adsorption of about 10-20 minutes.90-93 Although hemodiafilters are expected to require
changing due to clotting and clogging related issues in clinical practice, the use of multiple
medications and different filter properties could change the adsorption profile for the drug
of interest. Lastly, this study was not powered to detect differences in ECs between
different experimental arms. In order to rule out any clinically meaningful difference in
ECs, geometric mean ratios were calculated to evaluate similarity based on a generally
accepted difference of +/- 20% in drug exposure (80%-125% bioequivalence margin).72
The results from the clinical pharmacokinetic and ex-vivo studies consistently indicate that
the EC is approximated to the fraction unbound for the drug being evaluated. An exhaustive
literature search was conducted to evaluate the correlation between protein binding
(fraction unbound) and SC. Appendix II, Figure 4 provides the relationship between
fraction unbound and the average SC for 30 different drugs evaluated in either in-vivo (case
reports, case series, or clinical studies) and/or ex-vivo studies. The correlation appears to
be linear between fraction unbound of 0.3 and 1.0. However, drugs that exhibit >70%
protein binding appeared to deviate from line of unity. This finding is consistent with the
results from the ex-vivo studies that suggests an average phenytoin SC of 0.31 even though
the fraction unbound is approximately < 10%. Therefore, the SC appears to be
approximated by the fraction unbound for drugs that have an unbound fraction of > 0.3.
Lower protein binding due to hypoalbuminemia is a potential explanation for the
discrepancy between the theoretical versus observed sieving coefficient (0.1 vs. 0.31). At
low albumin levels, the fraction unbound for phenytoin increases and results in more
available free drug to be cleared by CRRT. A majority of neurocritically ill patients receive
phenytoin for the treatment of seizures. Although phenytoin is extensively metabolized in
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the liver by CYP450 enzymes and routine therapeutic drug monitoring is conducted in
clinical practice, investigation of CRRT clearance for phenytoin was needed to confirm the
current understanding of the relationship between EC and fraction unbound.
As mentioned before, assessment of an infinite number of CRRT setting and drug
combinations via clinical studies is impractical and can delay critical dosing information
for patients. Some merits of conducting an ex-vivo study as compared to a traditional
CRRT clinical study include: relative ease of use, short sampling window, lower cost,
obtainable vehicle mediums, lack of institutional review board approval, nonexistent
patient recruitment process, use of toxic drug concentrations to simulate overdose
situations without patient harm, and strong generalizability to clinical practice.73 When
developing an ex-vivo CRRT model, the choice of vehicle should be made after careful
consideration. Depending on the physiochemical properties of drug of interest, solutions
with or without plasma proteins and human/animal blood products could be used. For the
purpose of determining in-vivo clearance, human plasma and ALB-NS both demonstrated
adequate predictive performance, with human plasma demonstrating more accurate
predictions. The EVIVC approach to predict CRRT clearance can be leveraged to confirm
the current understanding between the physiochemical properties of a drug and the EC
across different modalities and to project dosing recommendations for different CRRT
settings. For drugs that have exhibit high protein binding, therapeutic drug monitoring
should be considered in the CRRT setting to provide more individualized dose adjustments.
This study exemplifies a translational approach where results generated in a bench setting
can assist with providing individualized dosing decisions at the patient’s bedside in the
absence of clinical studies. Minimizing risk of under or over exposing patients is critical
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for an already vulnerable CRRT population with a high risk of morbidity and mortality.
Using drug specific properties (ex-vivo or in-vivo EC values and contribution of non-renal
clearance) and pre-specified individualized CRRT regimens, prediction of total body drug
clearance without the need of concentration data is feasible for drugs that are not routinely
measured in clinical care.
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2.4.6 Supplementary Figures
Supplementary Figure 2.1: Total levetiracetam concentration vs. time profiles in an
albumin containing normal saline solution vehicle.
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Supplementary Figure 2.2: Total lacosamide concentration vs. time profiles in an
albumin containing normal saline solution vehicle.
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Supplementary Figure 2.3: Total phenytoin concentration vs. time profiles in an
albumin containing normal saline solution vehicle.
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Supplementary Figure 2.4: Total levetiracetam concentration vs. time profiles using
an human plasma vehicle.
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Supplementary Figure 2.5: Total lacosamide concentration vs. time profiles in
human plasma vehicle.
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Supplementary Figure 2.6: Total phenytoin concentration vs. time profiles in
human plasma vehicle.
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Supplementary Figure 2.7: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo LEV studies using an albumin
containing normal saline solution vehicle.
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Supplementary Figure 2.8: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo LAC studies using an albumin
containing normal saline solution vehicle.
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Supplementary Figure 2.9: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo PHY studies using an albumin
containing normal saline solution vehicle.
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Supplementary Figure 2.10: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo LAC studies using an human plasma
vehicle.
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Supplementary Figure 2.11: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo LAC studies using an human plasma
vehicle.
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Supplementary Figure 2.12: Transmembrane pressure, filter pressure, and
extraction coefficient over time plot for ex-vivo PHY studies using an human plasma
vehicle.
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Supplementary Figure 2.13: Agreement in calculating extraction coefficient using
different methods using concentration data from human plasma vehicles.

AUC Based Method vs. Mathematical Average Calculation

Average of Pre- and Post-filter Concentration Method vs. Mathematical Average Calculation
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Summary of Current Research and Future Considerations to Optimize Drug Dosing
in Patients Receiving Continuous Renal Replacement Therapy.
Research Highlights
•

Clinical pharmacokinetic studies confirmed the approximation of SC to the
fraction unbound for levetiracetam and lacosamide

•

Levetiracetam and lacosamide dosing recommendations were proposed for
patients undergoing continuous venovenous hemofiltration

•

Ex-vivo studies demonstrated the ability to serve as a surrogate method to quantify
CVVH clearance in-vivo

•

Extraction coefficients quantified using an ex-vivo CRRT model were similar
across different CRRT modalities for levetiracetam and lacosamide and suggest
the use of a bridging approach to recommended dosing regimens in-vivo

Approximately 40 years ago, Dr. Kramer treated the first patient with continuous arteriovenous hemofiltration in an intensive care setting. Since then, an evolution in renal
replacement therapy has taken center stage for the treatment of chronic and acute kidney
disease. The impact of different CRRT modalities on clinical outcomes such as mortality
and morbidity, length of hospital stay, and recovery from renal function is still under
evaluation. As healthcare moves into the new era of personalized medicine, the
optimization of CRRT specific regimens and pharmacotherapy based on individual riskbenefit profiles will hopefully improve outcomes in this niche patient population.
The Acute Disease Quality Initiative (ADQI) consensus group has stressed the importance
of applying the principles of precision medicine to CRRT.94 The consensus group focused
on the identification of patients that need CRRT, correct timing of application,
technological needs and expected advances. Based on favorable patient baseline and
disease characteristics, decisions regarding modality type, filter type, use of
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anticoagulation, dialysate formula, and length of renal replacement therapy can be made.
The consensus group also recently recommended the use of modern information
technologies to improve data acquisition and storage for treatment monitoring.95 Merging
real world data gathered from electronic health records along with patient and machine
data gathered on “chip cards” can allow for the development of new methods and questions.
Ex-vivo CRRT circuit models should also consider evaluating different hemodiafilters in
order to determine if extrapolation of dosing is possible from one filter type to another. It
is possible that in the future, membranes with different physiochemical properties, pore
sizes, and surface areas could be developed for CRRT patients. The relationship between
filter properties and extraction coefficients could assist with explaining potential
differences in CRRT clearance. Other types of RRT based therapies including slow
continuous ultrafiltration (SCUF), sustained low efficiency dialysis (SLED), and extended
daily dialysis (EDD) could also be investigated with a similar ex-vivo design. In the ICU,
CRRT may not be the only extracorporeal support system administered to a patient.
Therefore, the impact of total drug clearance attributed by other systems including
extracorporeal membrane oxygenation (ECMO), therapeutic plasma exchange (TPE),
molecular adsorbent recirculating systems (MARS) should also be considered in tandem
with CRRT. Critically ill patients may also undergo induced therapeutic hypothermia for
management of their underlying condition. Therefore, ex-vivo studies could also be
designed to evaluate the role of temperature on drug clearance.
There is an urgent need adequate dosing information as more patients are receiving CRRT.
Although regulatory bodies could require CRRT pharmacokinetic studies, a more practical
path to optimize doing could be in the hands of academic institutions. Patient recruitment
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in an ICU setting can be very difficult, but consortiums of dedicated scientists and
clinicians could collaborate to increase study sample size and cast a large net of drugs to
study. Formal consensus guidelines should also be established to standardize datasets and
analytical methods when proposing dosing recommendation. By enrolling diverse patients
across multiple center sites, analysis of various CRRT regimens and their influence on drug
clearance could be possible. Furthermore, pharmacokinetic samples from patients
receiving proposed CRRT dosing recommendations could be used as a form of external
validation. In the case of antiepileptic drugs, there is limited data available for use in the
CRRT setting. Hopefully the recommendations proposed from the PADRE-01 and
PADRE-02 studies generates the need for data for other antiepileptics drugs commonly
used in the ICU.
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Section III: Binge Eating Disorder: Informing Future Clinical Trials to
Increase the Probability of Success
Chapter 3.1: Binge Eating Disorder Drug Development
3.1.1 Binge Eating Disorder: an Emerging Mental Health Disorder
Binge eating disorder (BED) is a recently recognized mental disorder by the Diagnostic
and Statistical Manual of Mental Disorder, Fifth Edition (DSM-5) and the World Health
Organization – International Classification of Diseases, 11th Revision (ICD-11).1,2 BED is
defined as the “occurrence of recurrent and distressing binge eating episodes in which
individuals eat an unusually large amount of food accompanied by a sense of loss of
control”.1 Loss of control in BED is further defined as eating more rapidly than normal,
eating to the point of not feeling comfortable, eating when not physically hungry, eating
alone to avoid embarrassment, or feeling guilt, disgust or depression afterwards.1,2 To be
diagnosed with BED, binge eating episodes must occur at least once a week for
approximately 3 months and the episodes should not involve inappropriate compensatory
behaviors (e.g. self-induced vomiting).3 Patients can be classified as having mild (1-3 binge
episodes/week), moderate (4-7 binge episodes/week), severe (8-13 binge episodes/week),
or extreme (14 or more binge episodes/week) forms of BED. 4
BED is the most common eating disorder diagnosed worldwide with a lifetime prevalence
of approximately 1.5%. In a meta-analysis conducted in 2018, Erskine et al found that
women were observed to have a higher prevalence than men, but no difference was found
amongst countries based on income status.5 The median age of onset is in the late teens and
can last on average for 4 years. Patients with BED are likely to be overweight or obese
(average body mass index > 41) and are at higher risk for hypertension, diabetes,
159

gastrointestinal disorders, and autoimmune related diseases.3,5 Often times, clinicians and
patients mistake treatment goals to be solely related to weight loss instead of focusing on
the eating behavior. In addition, 80% of patients with BED are also diagnosed with another
significant psychiatric comorbidity.6 Depression, bipolar disorder, anxiety, substance use
disorder, addiction, alcoholism, and attention deficit hyperactivity disorder are commonly
diagnosed disorders in BED patients.3
To date, a confirmed mechanism for the pathophysiology for BED does not exist.
Technological advances in neuroimaging, genetic research, animal studies, and
understanding of neurocognition have led to the development of a theoretical model of
BED. Kessler et al proposes that BED can be conceptualized as an impulsive/compulsive
disorder that involves altered reward sensitivity pathways and food-related attentional
biases.7 Alterations and maladaptation in the corticostriatal pathways and neurotransmitter
networks (dopamine and opioid-related), commonly seen in substance use disorder
patients, was also observed in BED patients through neuroimaging techniques. Brain
regions along this pathway include the ventral striatum, dorsal striatum, prefrontal cortex,
and insula. The proposed mechanism can help explain the dysregulation in motivation and
impulse control. However, the link between altered stress and emotional regulation seen in
BED patients has not been established with altered brain function.7 Therefore, more
research is needed to delineate the neurochemistry behind BED and identify newer targets
for pharmacotherapeutic options.
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3.1.2 Current Treatment Options for BED
3.1.2.1 Psychological Treatment Options

Treatment options for the BED can be split into psychological treatments and
pharmacotherapy. Psychological treatment options include cognitive behavioral therapy
(CBT) and interpersonal therapy (IPT). Both options can be considered as “first-line” but
not all patients may see benefit. In a randomized study evaluating the efficacy of CBT and
behavioral weight loss treatment for overweight BED patients, CBT was found to be more
efficacious in reducing binge eating frequency, however only in the short-term.5 Other
maintenance studies indicate that the effect of psychotherapy can last from 12 months to 5
years.8 Electroconvulsive therapy (ECT) has also been studied for the treatment of binge
eating disorder in several case reports.8,9 ECT effects have primarily been through
expediating early treatment and weight restoration, but not on patient’s attitude towards
eating.9 It is also hypothesized that CBT, IPT, and ECT can enhance the response to
pharmacotherapy by treating other underlying comorbid conditions. Increased use of
modern technology has also allowed for newer approaches including internet-based
treatment which appear to increase the feasibility to recruit larger patient groups with less
subject burden. An ongoing effort by Munsch et al aims to develop an internet-based
treatment option for BED based on manualized CBT.10
3.1.2.1 Pharmacotherapeutic Treatment Options

Pharmacologic treatment may be used as an adjunct to psychological treatment options or
as monotherapy. Patients with other underlying comorbid psychiatric conditions or those
who do not want to participate in psychotherapy may benefit the most from
pharmacotherapy.11 Currently, lisdexamfetamine is the only pharmacotherapeutic option
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that is approved by the FDA in 2015 for the treatment of moderate to severe BED.11,12
Monoamine stimulants, such as lisdexamfetamine, exerts its mechanism by inhibiting the
reuptake of monoamines at the presynaptic neuronal space. Monoamine stimulants are
typically used for ADHD but have also been commonly used off-label for weight loss and
appetite suppression for obese patients.13 Atomoxetine and dasotraline are two other
stimulants that have also been studied in BED patients.11 Selective serotonin reuptake
inhibitors (SSRI), selective serotonin norepinephrine reuptake inhibitors (SNRIs), and
tricyclic antidepressants are approved to treat depression, anxiety, and obsessive
compulsive disorder, but have been used off-label to treat BED. However, the effects
observed with antidepressants were modest on binge eating with no observed weight loss.14
Although anticonvulsant medications (e.g. topiramate, lamotrigine, zonisamide) are
approved for treatment seizures, several have been studied in the area of bipolar and alcohol
use disorder and have demonstrated similar effects on impulsive behaviors. Several
anticonvulsants also have the added advantage of inducing weight loss as compared to
other therapeutic options. The role of anti-addiction agents (e.g. acamprosate,
samidorphan, nalmefene, and disulfiram) that have been used to treat substance use
disorder and alcohol abuse have also been investigated in BED and thought to improve the
loss of control of one’s impulsivities. When developing a drug to treat BED, it is therefore
important to consider the association of BED with other comorbidities.10-15 In this new era
of personalized medicine, patients with specific co-morbidities may likely see improved
outcomes from using one type of therapeutic option over another (e.g. a patient with BED
and depression may likely see benefit with an antidepressant rather than an
anticonvulsant).16 Newer treatment options should ultimately aim to address not only the
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eating pathology but other domains of BED including weight control and the underlying
comorbid psychopathology.10
3.1.3

Binge Eating Disorder Trials

BED was officially recognized as a mental illness by the DSM-5 in 2015. This new
diagnosis brings patients center stage as they would be seen as having a “real” and treatable
disorder rather than a misconception of personal decisions of poor eating habits.1
According to the Mental Healthy Parity and Addiction Equity Act, insurance companies
are required to provide mental health coverages equivalent to regular medical coverage.
Therefore, an incentive exists for the pharmaceutical industry to initiate more BED drug
development programs to diversify available therapeutic options. Repurposing medications
approved for known comorbid disorders and new advancements in the understanding of
the pathophysiological underpinnings provide important rationales for drug development
in the BED arena.3
Clinical trials to evaluate the effect of various drugs for the treatment of BED are relatively
few in number as compared to other mental health disorders. Since lisdexamfetamine has
been FDA approved to treat BED and dasotraline is currently under regulatory review by
the FDA, the amount of phase II and phase III trial information is scarce. Most of the
current understanding of drug efficacy stems from approximately 40 investigator-led
trials.13 These randomized placebo controlled trials are relatively small in sample size as
compared to phase II trials and are intended to substantiate a signal for efficacy for future
potential investment by drug developers. Investigational studies are usually 6-14 weeks in
length and enroll approximately a total of 20-60 patients.16,17 Active drug administration
is usually flexible instead of forcibly titrated to a fixed dose. Patients are given the
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opportunity to increase their dose, barring any adverse effects, at every visit until a prespecified stopping point is reached. Primary efficacy measures, weekly normalized binge
eating frequency (total number of binge episodes per week; BEF) and weekly normalized
binge day frequency (total number of days per week a patient reports at least one binge
episode; BDF), are based on patient’s daily self-reported binge eating diaries that are
evaluated and confirmed by experienced and trained clinicians. Because patients often do
not attend visits at the exact pre-defined visit time point, frequencies are normalized to a
week. Common primary endpoints include change from baseline in mean normalized BDF
at end of study or change from baseline in mean normalized BEF at end of study. Secondary
endpoints include change from baseline in the Yale-Brown Obsessive Compulsive total
score at end of study, proportions of patients with mild, moderate, marked response at end
of study, proportion of patients with cessation of binges over the last 2-4 weeks during
study participation, and change from baseline in the clinical global impression severity and
improvement scale. Dropout rates from investigational trials typically range from 2040%.17 Therefore, the mixed-model for repeated measures (MMRM) is the statistical
method of choice to measure the net treatment effect. Safety analysis of key adverse effects,
including weight loss, are also evaluated and included in the risk-benefit analysis and “gono go” decision making for the next stage in development.
3.1.4 Difficulties in BED Drug Development
As mentioned before in Section 1, clinical trials in neuropsychiatry are faced with several
challenges that can impede drug development success. Substantially large placebo
response, high dropout rates, and underexplored exposure-response relationships are
potential factors that can fail a drug from being marketed.17,18 Placebo response is defined
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by many studies as greater than 50% reduction of binge eating episodes. The observed
placebo response rate (proportion of patients with a 50% reduction in BEF) across
randomized BED clinical trials was between 30-50%, which is comparable with what is
observed with other affective disorders. Cessation of binges occurred in approximately 2030% of patients receiving placebo. Previous studies have indicated that binge eating
severity and emphasis on shape upon self-evaluation was associated with placebo response.
Six out of 12 investigator led trials (50%) conducted by McElroy et al demonstrated a lack
of separation between drug and placebo.17-18
Few studies have examined dropout rates in eating disorder clinical trials. The high
percentage of dropouts in BED clinical studies create additional difficulties in patient
recruitment and enrollment. High dropout rates can significantly increase the time to study
completion. Furthermore, dropouts can also bias the treatment effect size observed in the
study if appropriate statistical methods are not taking into account.19 The dropout rates
across small investigator trials were similar to what was observed in phase III trials. In
general, patients that experienced a greater response to intervention were more likely to
complete a trial as compared to non-responders who were more likely to drop out prior to
study completion.20-21 In an outpatient CBT study conducted by Vroling et al, binge eating
severity, preoccupations with eating, self-evaluation of body shape and weight, social
adjustments, and social embedding were found to be significant predictors of dropout.20
Mechanisms for dropout can be used to enrich future trials to limit patient attrition and
increase the probability of trial success.
Dose-response and exposure-response relationships are often uncharacterized in a majority
of neuropsychiatric clinical trials. These relationships can help project optimal doses for
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patients by maximizing therapeutic benefit and minimizing potential risks. Dose-response
relationships can also be utilized to substantiate evidence of efficacy as outlined by the
FDA guidances for establishing drug effectiveness.22 The flexible dose administration
design utilized in many investigator led trials and several phase III trials can create
difficulty’s in measuring the true underlying dose-response relationship. Several
assumptions have to be taken in consideration and justified before establishing such a
relationship for future dose projections. Furthermore, pharmacokinetic samples are not
taken during early proof of concept and investigator led trials. This can lead to
inappropriate dose selection and potential negative outcomes for future phase II and phase
III trials.
3.1.5 Disease-Drug-Trial Models
One common theme that consistently has shown to “de-risk” drug development is the
application of prior knowledge regarding drug-specific properties and disease specific
phenomena. Translational methodologies are needed to summarize knowledge gained from
previous experiences and to guide future development and regulatory decisions.
Quantitative disease-drug-trial models have been recently used in neuropsychiatry to
mathematically represent the time course of a disease, placebo effect, a drug’s
pharmacologic effect, and trial characteristics.23 Disease models describe the physiological
system in the absence of treatment by characterizing the natural disease progression or
longitudinal changes in placebo effect. Drug models incorporate drug/exposure-response
relationships to quantify the pharmacological effect. Trial models employ patient
population characteristics, trends in premature trial discontinuation, and lack of adherence
to protocols to prevent misinterpretation of trial outcomes.23 Examples of the use of
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disease-drug-trials in psychiatry include the longitudinal evaluation of changes in Positive
and Negative Syndrome Scale (PANSS) scores in patients taking different antipsychotics,
Young Mania Rating Scale (YMRS) scores in bipolar patients receiving placebo, and
Hamilton Rating Scale for Depression (HAMD) scores in patients with depression.24-27
Ultimately, this comprehensive framework can assist in simulating virtual clinical trials to
explore different trial designs, identify sensitive endpoints, and perform dose selection to
ultimately inform future drug development programs.

Figure 3.1: Disease-Drug-Trial framework to inform future clinical trials

3.1.6 Model-Informed Drug Development for BED
In 2018, the Prescription Drug User Fee Act called for the integration of model-informed
drug development (MIDD) to streamline and accelerate future drug programs. The MIDD
approach involves the use of comprehensive quantitative frameworks using biological and
statistical models developed from preclinical and clinical data sources to inform drug
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development and regulatory decision making.28 By using diverse data sources across the
drug development program, MIDD can decrease failure rates, uncertainty, and create new
information that was not feasible to obtain from previous trials, animal studies, or
experiments. MIDD has been applied to clinical outcome prediction, dose optimization,
informing clinical trial design, and the evaluation of safety and efficacy. Areas such as
pediatric drug development, rare diseases, and medical countermeasures have relied on
MIDD pathways for regulatory approval. Modeling and simulation plays an important role
throughout the drug development process, but especially during the transition from phase
II to phase III. Questions regarding dosing regimen selection, patient selection, trial
duration, and trial design have been explored and confirmed through advanced quantitative
techniques. Clinical trial simulations provide a powerful opportunity to explore different
scenarios a priori to streamline and accelerate a products path to market.28 Only one drug
to date is approved for the treatment of BED, while another is facing regulatory approval.
The increased incidence of BED warrants the expansions of the lackluster armamentarium
and availability of diverse treatment options to individualize patient care. Furthermore,
information from previous small investigator trials can be leveraged to compare relative
effect sizes and to identify certain subgroups that could respond to different drugs.
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Chapter 3.2: An Innovative Disease-Drug-Trial Framework to Guide Binge Eating
Disorder Development: A Case Study for Topiramate
3.2.1 Abstract
As with other psychiatric disorders, development of drugs to treat binge eating disorder
(BED) has been hampered by high placebo response and dropout rates in randomized
controlled trials (RCTs). Though not approved for use in BED, several RCTs have
suggested that topiramate is efficacious for BED in obese individuals. Using data from a
positive investigator-initiated RCT of topiramate in 61 obese individuals with BED, the
objective of the present study is (1) develop a quantitative disease-drug-trial framework to
inform future BED clinical trial designs and to (2) determine the optimal topiramate dose
to achieve therapeutic efficacy. Disease-drug-trial models were developed separately for
the two efficacy measures, namely, longitudinal normalized weekly binge episodes (BEF)
and binge day frequency (BDF). Model building consisted of (1) developing a placebo
effect model that describes response from the placebo group, (2) adding a drug effect to
the placebo model to describe dose-response relationships, and (3) developing a parametric
time to event model to characterize patient dropout patterns. The placebo effect on
normalized BEF and BDF over time demonstrated a maximum decrease of approximately
57% by 5 weeks. Participants had a higher dropout probability if no weight loss occurred
during the trial period. The identified dose-response relationship demonstrated a daily dose
of 125 mg was needed to exhibit a marked reduction in weekly BEF. The developed
comprehensive disease-drug-trial model will be utilized to simulate different clinical trial
designs to increase the success for future BED drug development programs.
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3.2.2 Introduction
Over the past several years, new drug development programs in psychiatry have become
sparse due to disinvestment by the pharmaceutical industry.29 Substantially large placebo
response, underexplored exposure-response relationships, and high dropout rates are
potential factors that can cause neuropsychiatric programs to fail.30,31 One common theme
that consistently has shown to “de-risk” drug development is the application of prior
knowledge regarding drug-specific properties and disease specific phenomena using
quantitative translational methods. Quantitative disease-drug-trial models have been
recently used in neuropsychiatry to mathematically represent the time course of a disease,
placebo effect, a drug’s pharmacologic effect, and trial characteristics to guide drug
development and regulatory decision making.23,24
Binge eating disorder (BED) is a psychiatric disorder characterized by recurrent and
distressing binge-eating episodes, defined as eating unusually large quantities of food with
a sense of lack of control over eating, without an inappropriate compensatory weight loss
behavior.9 Treatment goals include the reduction of binge eating, improvement in
emotional well-being, and, for those with obesity, weight loss.12 The recent recognition of
BED as mental health disorder has resulted into widespread insurance coverage that
subsequently incentivizes pharmaceutical companies to develop additional treatment
options. Several pharmacological treatments have been studied and used off-label to treat
BED.13
Often times, it is also of best interest for the pharmaceutical industry to re-evaluate their
current pipeline for potential investment in repurposing drugs for newer indications. In
particular, topiramate is currently approved to treat partial onset and general tonic-clonic
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seizures as monotherapy or in combination with other anti-epileptics.32 Topiramate can
also be used to prevent migraines in patients. This is most likely due to its non-specific
neuro-stabilizing behavior. One key adverse effects that was identified from previous
clinical trials was the ability of toprimate to induce weight loss. A successful drug for binge
eating disorder should not only assist in reducing eating pathology severity, but
simultaneous promote weight loss. The advantages of weight loss in an already obese
populations can subsequently lead to better cardiovascular outcomes and a sense of body
weight and size approval upon self-evaluation. In three randomized controlled trials
(RCTs), topiramate has demonstrated to be efficacious for reducing binge eating and body
weight in obese individuals.
To take advantage of an untapped market and guide BED drug development, prior
knowledge from previous clinical trials can be utilized to improve design and increase the
success of future trials.33 Quantitative approaches have been explored to compare different
treatment options and statistical methods in the setting of BED.34,35 Disease-drug-trial
models can serve as a platform to enable simulations of various BED trial design scenarios
and to select the design with the highest net treatment effect signal to ensure development
success. This present study utilizes data from an investigator initiated clinical trial
evaluating topiramate in the treatment of BED in obese individuals.36 The aims of the
current research are to 1) develop a quantitative disease-drug-trial model to describe
longitudinal changes in clinical endpoints and dropouts in patients receiving topiramate or
placebo, and 2) utilize the developed model to determine the optimal topiramate dose
needed to achieve therapeutic efficacy in patients with BED.
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3.2.3 Methods
3.2.3.1 Data

Longitudinal data were obtained from an investigator-led single-center, randomized,
double-blind, flexible dose trial evaluating the efficacy and tolerability of topiramate for
BED in obese individuals.18 Data included participants diagnosed with BED by DSM-IV
criteria were randomized to topiramate (N=30) or placebo (N=31). The original trial
consisted of a 2-5 week screening period, a 14-week treatment period, and a 2 week
treatment taper/discontinuation period. The forced titration dosing algorithm (dose range:
25-600 mg/day) used in the study is described in detail in McElroy et al.18 Baseline
demographics provided in the analysis dataset include: age, age of BED onset, gender, race,
co-morbid psychiatric disorders, and alcoholism. Laboratory measures such as vital signs,
weight, height, body mass index, body fat percentage, lipid panel, blood pressure, and
glucose were measured at baseline and every visit. Plasma concentrations for topiramate
were not collected.
The primary efficacy measure assessed in the trial was the number of binge eating episodes
(binge eating episode frequency - BEF) during the 7 days before each visit.18 Binge eating
episodes, including duration and amount of food consumed, were recorded by participants
in take-home diaries, and then evaluated by an investigator to confirm whether they were
in fact binge eating episodes. A secondary efficacy measures evaluated in the study was
the number of binge eating days (binge day frequency - BDF) during the 7 days before
each visit. A binge day was defined as a day on which a patient had at least one binge
eating episode. It is also important to note that the Food and Drug Administration (FDA)
considered BDF as an appropriate efficacy measure in the approval for lisdexamfetamine.37
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For visits that occurred greater than or less than 7 days after the previous visit, the number
of BEF and BDF were normalized to a weekly frequency.36 Both efficacy measures were
recorded at baseline and 7 additional visits through week 14.
3.2.3.2 Disease-Drug-Trial Model

Disease-drug-trial models were developed independently to describe the time course
(baseline to week 14) for normalized BEF and normalized BDF. Provided datasets lacked
any record of daily binge eating information which could have been used to model daily
binge frequencies as a discrete count variable and derive weekly BEF and BDF. However,
for several patients, weekly BEF/BDF was reported in time periods of less than 7 days.
Therefore, due to normalization and the occurrence of non-integer values, the two response
measures were treated as continuous variables.34 The modeling and simulation approach
included the following steps: 1.) develop a disease model utilizing information from
patients receiving placebo, 2.) develop a disease-drug model utilizing information from
patients receiving topiramate and placebo, 3.) develop a dropout model to characterize
BED trial attrition trends, 4.) qualify the model using simulations and compare with
internal data (internal validation), and 5.) qualify the model using simulations and compare
with external data (external validation). The rationale for each model component is
explained sequentially below:
Disease model: Because patients receiving placebo in clinical trials do not receive active
drug, spontaneous changes in BEF or BDF in the placebo group can be viewed as a proxy
for the natural course for BED. Hereafter, the placebo effect model will be referred to as
the disease model. Therefore, the placebo group data was used to build a disease model
that described the trend in the placebo response over time. Several empirical mathematical

173

equations including the linear, exponential, power, and Weibull models, were first explored
as potential models to describe the change in normalized BEF and BDF over time in the
placebo group.38
Disease-Drug model: One of the main goals to incorporate the drug effect on the change
in response is to ascertain the optimal dose needed to achieve therapeutic outcomes. Given
the flexible dose trial design and the lack of pharmacokinetic data, special attention is
needed to discern the dose-response relationship using the disease-drug-trial model
framework.39-41 A major challenge in investigating dose-response relationships in flexible
dose titration designs is to avoid attributing a “time effect” as a “dose effect”. Delay
between drug administration and achievement of steady state pharmacodynamic response
could be related to several reasons including time to pharmacokinetic steady state, the
presence of a time-varying placebo response, or indication of a delayed drug response.
These factors were taken into consideration when developing the dose-response
relationship. Both patients randomized to placebo and topiramate were used to build the
drug model. Simultaneous analysis of the drug effect model was explored additively and
proportionally on the placebo effect using different mathematical functions to describe
relationship between dose and change in normalized BEF/BDF.
Dropout model: Missing data due to dropouts could lead to biased interpretations of
efficacy and safety. A meta-analysis of eating disorder trials indicated that dropout rates
can range upwards to 73%, with higher dropouts occurring in the outpatient setting.42
Dropouts could contain information about the benefits or risks of therapy that may not be
evident from clinical endpoints. To predict the unbiased mean change in BEF and BDF,
the probability of patients dropping out was modeled using parametric time-to-event
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analysis that describes the hazard of dropout over time. Based on exploratory analysis,
exponential and Weibull hazard models were tested to determine the predicted dropout
probability.25
3.2.3.3 Model Development

A non-linear mixed effect modeling approach was used to develop the disease-drug-trial
models using Phoenix NLME version 7 (Certara, St. Louis, MO). First order conditional
estimation method with interaction was used to develop the disease and drug effect models.
Dropout patterns were analyzed using the Laplace estimation method. R software version
3.4.1 (www.r-project.org) was used for graphical exploration, data manipulation, and
evaluation of the results. Because there were multiple measurements per subject, both
between and within subject variability in the parameters were estimated along with the
population mean estimates. Variability between subjects (IIV) for disease and drug model
parameters were evaluated assuming random effects following a lognormal or normal
distribution (Eq 1):
𝑃𝑖 = 𝑡𝑣𝑃 ∙ 𝑒𝑥𝑝 ηi or 𝑃𝑖 = 𝑡𝑣𝑃 + ηi

(Eq 1)

Where Pi is the individual parameter, tvP is the population mean parameter estimate, and
ηi is the individual-specific random effect that is assumed to be normally distributed with
a mean of zero and variance of Ω2. Correlations amongst random effects were also tested.
Within-subject variability (RUV) was included using an additive structure to account for
any unexplained variability in normalized BEF and BDF. Subject-specific prognostic
factors (age, gender, race, co-morbid psychiatric illness, alcohol abuse, substance abuse,
age of BED onset) were included into the final model based on statistical significance
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(decrease in objective function value by 3.84 units at α=0.05), clinical relevance, model
diagnostics.
3.2.3.4 Model Qualification

The final disease-drug-trial model was selected based on the following criteria: successful
model minimization, comparison of full vs. reduced models using the Akaike Information
Criterion (AIC), visual inspection of goodness of fit and individual model fit plots,
reasonable/plausible parameter estimates and standard errors, and a mechanistic
understanding of parameter estimates. The precision of final model parameters was
obtained using nonparametric bootstrap with replacement using 200 datasets. Five hundred
identical replicates of the original dataset were used as inputs into the final models to
perform in-silico clinical trial simulations and to obtain longitudinal normalized BEF,
BDF, and probabilities of trial adherence from baseline to week 14 for each patient. Due
to the use of an additive error model, it is possible to obtain weekly BEF and BDF that are
less than zero and weekly BDF greater than 7. Therefore, negative frequencies were
truncated to zero and weekly binge day frequencies greater than 7 were reduced to 7. An
indicator for the occurrence of a dropout event was recorded if simulated probabilities were
less than a randomly generated number from a uniform distribution with bounds between
0 and 1. The 5th, 50th, and 95th percentiles at each week for model predicted and observed
total BEF and BDF scores were obtained and visually compared (visual predictive checks
[VPC]). The corresponding 95% confidence bands were used to assess the uncertainty
around model predictions. The ability to predict clinical therapeutic outcomes was a major
component of model qualification. Responder analysis is typically done to provide clinical
relevance to changes in a continuous primary efficacy measure. In FDA’s review of
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lisdexamfetamine for the treatment of BED, the agency noted that the proportion of
subjects with a 4-week cessation of binge eating (zero events of binge eating for at least 4
weeks prior to study endpoint or end of treatment) is a key secondary endpoint in evaluating
therapeutic success.43 To qualify the disease-drug-trial model, quantitative predictive
check plots (QPC) were assessed for similarity between simulated vs. observed clinical
therapeutic outcomes as described above.44
3.2.3.5 Dose-Response Simulations

In order to recommend an optimal toprimate dose, a population average dose-response
relationship was simulated using the average parameter estimates from the final model.
Optimal dose range selection was based on the ability achieve a marked response (greater
than 75% change from baseline in binge episodes).

3.2.4 Results
A total of 384 observations from 61 patients were included for model development.
Patients receiving topiramate were administered doses in between the range of 50-600
mg/day. Descriptive summary of the baseline demographic characteristics are provided in
Table 3.1. Mean observed BEF and BDF over time for patients taking placebo and
topiramate are provided in Figure 3.2. Patients randomized to topiramate experienced a
greater reduction from baseline in BEF and BDF than placebo (94% vs. 46% and 93% vs.
46% respectively). The mean profiles demonstrate that on average, patients receiving
placebo or topiramate reached a steady state normalized BEF/BDF at approximately 6
weeks. Exploratory analysis suggested that patients with a higher BEF or BDF at baseline
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A.

Mean normalized weekly binge episodes (A) and binge day frequency (B) versus time profiles in patients randomized to
topiramate (N=30) and placebo (N=31). Error bars represent 95% confidence intervals.

B.

Figure 3.2: Mean normalized weekly binge episode frequency (BEF) and
binge day frequency (BDF) versus time profiles.

experienced a larger absolute reduction in frequency at Week 14 in patients taking placebo

and topiramate. Table 3.2 provides the median and range of topiramate doses by week.

Figure 3.0.2:
Mean normalized weekly binge episode frequency (BEF) and
binge day frequency (BDF) versus time profiles.
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Table 3.1: Baseline demographic characteristics
Baseline Characteristic*

Treatment Group

Age (years)
Normalized Binge Frequency (per week)
Normalized Binge Day Frequency (per week)
Assessment Scores
CGIS
HAMD-20
YBOCS-BE
2
Body Mass Index (kg/m )
Weight (kg)
Mood Disorder Diagnosis – n (%)
Major Depressive Disorder (Current)
Major Depressive Disorder (Lifetime)
Bipolar Disorder (Lifetime)

Topiramate
(N=30)

Placebo
(N=31)

40.9 (8.2)
5.3 (2.8)
4.3 (1.8)

40.7 (9.1)
6.3 (2.8)
4.8 (1.8)

4.7 (0.9)
5.9 (5.1)
21.5 (3.9)
44.2 (7.1)
120.4 (18.8)

4.9 (0.8)
5.8 (4.8)
21.6 (4.6)
42.0 (6.7)
123.4 (24.4)

4 (13.3)
18 (60)
2 (6.6)

5 (16.7)
15 (50)
4 (13.3)

CGIS: Clinical Global Impression Scale for severity of illness; HAMD-20: Hamilton Depression Rating
Scale-20 items; YBOCS-BE: Yale Brown Obsessive Compulsive Scale Score Modified for Binge Eating
Disorder
*Baseline characteristics other than mood disorder diagnosis reported as mean (SD)

Table 3.2: Median weekly dosing history in patients receiving topiramate
Week
0
1
2
4
6
8
10
14*

Median Dose (mg)

Dose Range (mg)

0
50
100
175
200
225
250
250

0
25-75
25-100
50-250
50-375
75-450
75-600
75-600

*Only 9 out of 19 patients received 600 mg of topiramate at week 14
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3.2.4.1 Disease Model

An exponential model best described the change in normalized BEF and BDF over time.
The impact of the placebo effect was parameterized to be proportional to the baseline
frequency based on exploratory findings. The final disease model is described in Equation
2 where: BASL is the baseline BEF or BDF, Pmax is the maximum proportional change in
placebo response, and kp is the rate constant associated with the time to achieve maximum
placebo effect. The random effect model for the baseline frequency and kp parameters
assumed a log-normal distribution, while for the Pmax parameter, a normal distribution was
assumed to allow for a reduction or increased binge frequency at steady state as compared
to baseline.

𝐵𝑖𝑛𝑔𝑒 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦: 𝐵𝐹 (𝑡) = 𝐵𝐴𝑆𝐿 ∙ [1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝−𝑘𝑝 ∙ 𝑡 )]

(Eq 2)

Population mean parameter estimates for BASL in the normalized BEF and BDF disease
models were 5.88 and 4.6 respectively. The population parameter estimates for Pmax and kp
were also similar for both models (Table 3.3). Maximum proportional change in placebo
response was approximately 55% and time to reach steady state placebo response was
approximately 4 weeks (5 ×

0.693
𝑘𝑝

) for both efficacy measures. During model development,

no significant covariates were found to influence placebo effect parameters.
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Table 3.3: Model parameter estimates with nonparametric bootstrap-based 95%
confidence intervals (N=200 replicates)
Disease Model

Disease-Drug Model

Disease-Drug-Trial
Model*

Normalized Weekly Binge Episodes
Estimate (95% CI)
Estimate (95% CI)

Parameter

Estimate (95% CI)

BSL (unit)

5.9 (4.82 – 7.00)

5.4 (4.75 – 6.02)

5.4 (4.65 – 6.12)

Pmax

0.56 (0.4 – 0.72)

0.60 (0.48 – 0.74)

0.57 (0.45 – 0.81)

kp (week-1)

0.81 (0.21 – 1.43)

0.57 (0.41 – 0.74)

0.54 (0.24 – 0.80)

38 (54 – 69)

43 (35 – 50)

45 (33 – 51)

IIV Pmax (SD)

0.30 (0.19 – 0.40)

0.28 (0.20 – 0.35)

0.31 (0.18 – 0.37)

IIV kp (CV%)

94 (81 – 127)

112 (86 – 145)

112 (86 – 145)

ID50 (mg/day)

-

155 (104 – 207)

170 (125 – 308)

IIV ID50 (CV%)

-

159 (95 – 210)

143 (97 – 201)

𝜆0 (week-1)

-

-

0.042 (0.03 – 0.05)

𝛽1

-

-

0.16 (0.09 – 0.27)

1.86 (1.31 – 2.41)

1.53 (1.18-1.87)

1.55 (1.19 – 1.91)

IIV BSL (CV%)

RUV (additive)
Parameter

Estimate (95% CI)

Normalized Weekly Binge Day Frequency
Estimate (95% CI)
Estimate (95% CI)

BSL (unit)

4.4 (3.97 – 5.31)

4.4 (4.01 – 5.00)

4.3 (4.6 5 – 6.12)

Pmax

0.55 (0.41 – 0.69)

0.62 (0.49 – 0.88)

0.59 (0.49 – 0.86)

kp (week-1)

0.79 (0.11 – 1.46)

0.48 (0.17 – 0.83)

0.55 (0.23 – 0.94)

39 (31 – 45)

33 (35 – 50)

34 (26 – 40)

IIV Pmax (SD)

0.29 (0.20 – 0.35)

0.28 (0.20 – 0.39)

0.33 (0.22– 0.41)

IIV kp (CV%)

97 (77 – 128)

116 (70 – 155)

65 (31 – 111)

ID50 (mg/day)

-

215 (104 – 350)

227 (125 – 308)

IIV ID50 (CV%)

-

147 (98 – 207)

81 (37 – 153)

𝜆0 (week-1)

-

-

0.044 (0.03 – 0.06)

𝛽1

-

-

0.17 (0.06 – 0.34)

1.18 (0.92 – 1.44)

1.11 (0.92 – 1.31)

1.10 (0.96 – 1.27)

IIV BSL (CV%)

RUV (additive)

BSL: baseline; Pmax: maximum proportional placebo response; kp: placebo response rate constant; IIV:
inter-individual variability; RUV: intra-individual variability; ID50: dose required to achieve 50% of
maximal drug effect; CI: confidence interval; 𝜆0 : baseline hazard; 𝛽1 : covariate coefficient
*Shrinkage on random effect parameters for BSL, Pmax, kp, ID50 ranged from 25-61% and percent relative
standard error (%RSE) for all parameters ranged from 6-28% for the final disease-drug-trial models (BEF &
BDF)
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3.2.4.2 Disease-Drug Model

After adding the topiramate treatment group data to the placebo data, an Imax drug effect
model was found to best characterize the dose-response relationship. An Imax model is a
nonlinear function that is frequently used in dose-response analysis to describe an increase
in response that reaches an asymptotic point with increasing doses. Although
pharmacokinetic data was not collected, different exposure metrics such as previous daily
dose and cumulative dose were tested to best quantify the drug effect. The final diseasedrug model is represented Equation 3: where Imax is the maximum proportional change in
drug response and ID50 is the dose required to achieve 50% of the maximal drug effect.
Total daily dose just prior to each weekly visit was found to be the optimal drug exposure
metric. The random effect model for ID50 was assumed to follow a log-normal distribution.

𝐼

∙ 𝐷𝑂𝑆𝐸

𝑚𝑎𝑥
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙ (1 − (𝐼𝐷
))
+𝐷𝑂𝑆𝐸
50

(Eq 3)

Initially, all placebo effect and drug effect parameters were estimated simultaneously, and
it was found that the Imax parameter was estimated to be approximately 1. Preliminary
analysis of the data demonstrated that 81% of patients on topiramate experienced complete
remission of binges at study endpoint. Therefore, model development was continued by
fixing the Imax parameter to 1. Estimates for ID50 when assessing change in normalized BEF
and BDF was found to be 170 mg and 228 mg respectively (Table 3.3). No significant
covariates for ID50 were identified.
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3.2.4.3 Trial Model

Data used for dropout model building indicate that 14 of 30 patients in the topiramate group
(46.7%) and 12 of 31 patients in the placebo group (38.7%) did not complete all 14 weeks
of treatment. Based on data exploration and model comparison, an exponential time-toevent dropout model was selected to best describe the hazard of dropout (Equation 4).

ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝[𝛽1 ∙%𝐶𝐹𝐵 𝐵𝑜𝑑𝑦 𝑊𝑒𝑖𝑔ℎ𝑡(𝑡)]

(Eq 4)

The baseline hazard (λ) is the hazard of a patient dropout without the influence of any
predictors. Various predictors of dropouts were evaluated using exploratory Kaplan-Meier
plots and cox-proportional hazard models. Time varying predictors including: observed
binge frequencies, change from baseline in BEF or BDF, percent change from baseline in
BEF or BDF, change from baseline in body weight, and percent change from baseline in
body weight were identified as potential predictors for dropout. However, observed percent
change from baseline in weight demonstrated largest reduction in objective function value
(OFV) and an adequate Kaplan-Meier based VPC plot (Figure 3.3). Parameters for the
dropout model were estimated simultaneously with the developed disease-drug model
(Table 3.3). The final dropout model suggests that for every unit increase in percent change
from baseline in body weight (weight increase), the hazard for dropout increases by 18%.
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Figure 3.3: Kaplan-Meier based VPC for final dropout model (N=500 simulations).

Solid and dashed lines represent observed and predicted probabilities for dropout. Shaded regions represent
the prediction interval for dropout probabilities in each category.

3.2.4.4 Weight Sub-Model

Because percent change from baseline in weight was found to be a significant time-varying
predictor for dropout, a sub-model to describe the change in weight over time is needed to
simulate BED clinical trials for model qualification. Mean weight loss in patients receiving
topiramate was greater than the placebo group (5.9 kg vs. 1.2 kg). Although, no correlation
was found between binge frequency and weight, preliminary analysis suggested that the
change in weight over time could be described using a linear relationship. A linear model
was developed with treatment arm as the only significant covariate on the slope parameter
(Equation 5). The random effect for the slope parameter was assumed to follow a normal
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distribution to account for patients that could experience weight loss or weight gain during
the trial period.
𝑊𝑒𝑖𝑔ℎ𝑡 (𝑡) = 𝑊𝑇𝐵𝑆𝐿 − [𝑠𝑙𝑜𝑝𝑒 ∙ (1 + 𝛽 ∙ (𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = 𝑇𝑜𝑝𝑖𝑟𝑎𝑚𝑎𝑡𝑒)) ∙ 𝑡]

(Eq 5)

Parameter estimates for the weight sub model are provided in Table 3.4. Slope parameters
for patients taking topiramate and placebo were estimated to be 0.36 kg/wk and 0.04 kg/wk
respectively. This reflects that patients on topiramate lost an average of 9 times more
weight per week than patients receiving placebo.

Table 3.4: Weight sub-model parameter estimates with non-parametric bootstrap
based 95% confidence intervals (N=200 replicates)

Parameter

Estimate (95% CI)

WTBSL(kg)

119 (114 – 125)

Slope Placebo

0.0401 (-0.12 – 0.19)

Treatment Coefficient (β)

7.99 (0.78 – 19.12)
18 (7.2 – 26.5)

IIV WTBSL (%CV)

28 (17 – 38)

IIV Slope Placebo (%CV)

0.010 (0.008 – 0.011)

RUV (additive)

WTBSL: Baseline weight; Slope Placebo: slope parameter for patients receiving placebo; IIV: inter-individual
variability; RUV: intra-individual variability
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3.2.4.5 Final Model Evaluation

Supplementary Table 1 provides diagnostic comparisons between several investigated
structural models. Diagnostic plots for the final combined disease-drug-trial model
displayed reasonable agreement between individual predicted versus observed frequencies
and no bias trends in conditional weighted residual versus population predicted frequencies
(Figure 3.4). Individual normalized BEF and BDF versus time profiles depict adequate
fitting by the final disease-drug-trial model. Because of the final model structure,
spontaneous increases in BEF or BDF were not captured. Nonetheless, individual
predictions were able to describe different trends inherent in the data (Figure 3.5). Median
parameter estimates obtained from the bootstrap replicates agreed with the final diseasedrug-trial models. VPC plots for the disease-drug-trial model are shown in Figure 3.6.
Simulated median weight over time profiles matched the observed trend in patients taking
placebo and topiramate. Model evaluation using QPCs demonstrated capability of the
developed disease-drug-trial model in predicting key clinical outcomes. Clinically
meaningful QPCs are presented in Figures 3.7-3.9 demonstrating predictions for
categorical response outcomes, percentage of patients exhibiting 4-week binge cessation,
and percentage of patients exhibiting clinical meaningful weight loss (≥ 5% reduction in
weight) in agreement with the observed outcomes. The population average dose-response
relationship was derived using the parameter estimates from the disease and drug model
(Figure 3.10). Based on the population dose-response relationship illustrated in Figure
3.10, a target daily dose range between 125-150 mg should be considered to achieve a
marked response (greater than 75% change from baseline in binge episodes).
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D.

A.

E.

B.

F.

C.

Figure 3.4: Diagnostic plot for final disease-drug-trial model for weekly binge episodes (A-C) and binge
day frequency (D-7)

Figure3.0.4: Diagnostic plot for final disease-drug-trial model for weekly binge
episodes (A-C) and binge day frequency (D-7)
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Figure 3.5: Individual prediction plots for normalized weekly binge eating
frequency and binge day frequency.

A.

B.

Individual prediction fit plots for (A) normalized weekly binge episodes and (B) normalized weekly binge
day frequency
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Figure 3.6: VPC plots for the final disease-drug-trial models characterizing
normalized weekly binge episodes and binge day frequency (N=500 simulations).
A.

B.

Panel (A) and (B) represent normalized weekly binge eating frequency and binge day frequency versus time
plots. Solid and dashed lines represent the observed and model-simulated 5th, 50th and 95th percentiles.
Colored bands demonstrate the 95% CI for the simulated 5 th, 50th, and 95th percentiles.
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3.2.5 Discussion
Topiramate, in combination with phentermine is currently FDA approved for chronic
weight management in adults.45 Three randomized controlled trials and one open-label long
term study have been conducted to evaluate topiramate for the treatment of BED.18,46-48
Findings from these trials have resulted in off-label use and the inclusion of topiramate as
a pharmacologic option in BED treatment guidelines.32 However, consideration of using
topiramate as first-line therapy is limited due to its side effect profile which includes:
cognitive dysfunction, paresthesia, taste perversion, metabolic acidosis, and ocular
toxicity.49 Therefore, appropriate dose selection is necessary to maximize benefit of
reducing BED symptoms and limiting risks associated with adverse effects.
One of the many challenges in drug development involves making key “go” or “no-go”
decisions after conducting proof of concept trials and selecting the optimal design for late
phase clinical trials. The research presented provides the first quantitative approach that
leverages existing BED clinical trial data to guide appropriate dose selection for future
BED trials. Nonlinear-mixed effect modeling approach was utilized to develop diseasedrug-trial models that adequately characterized changes in normalized BEF and BDF over
time. In the psychiatry setting, it is very difficult to parse out the natural disease course
from the large observed placebo effects due to other contributing factors such as individual
regression towards the mean natural state, external factors leading to symptom fluctuation,
and/or concurrent psychological intervention.50,51 Because underlying mechanism for
placebo response in mental disorders are still unclear, empirical models were explored.
Parameter estimates from the disease models suggest that patients experience a similar
reduction in normalized weekly BEF and BDF and similar time to steady state placebo
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response. Given that weekly BEF and BDF are highly correlated, it is not surprising to see
similar parameter estimates. Relative treatment effects appeared to be consistent across
both variables based on descriptive analysis and final model development (without fixing
the maximum proportional drug effect parameter to 1). The results of this analysis suggest
that either weekly BEF or BDF could be used as primary endpoints. Sample size
calculations for future clinical trials should lead to similar results (similar treatment effect
sizes and variability) if one were to choose either measure as an endpoint.
When developing the disease-drug model, several exposure metrics were explored to
quantify the drug effect. Cumulative drug effect (cumulative dose) was taken into
consideration to account for the impact of prior dosing history on current response.
However, several patients experienced increases in weekly BEF and BDF after receiving a
decreased dose as compared to the week before. In these scenarios, cumulative exposures
would not be able to capture the increase in response. In contrast, prior daily dose was
found to have the strongest relationship with response. The half-life of topiramate is
approximately 21 hours and to reach a pharmacokinetic steady state, it would take
approximately 4-5 days. Therefore, at each visit, one can assume that a patient has at least
reached steady state drug exposures based on the dose they received. Distribution of
topiramate doses indicated that patients received an average dose of 250 mg after 6 weeks.
Eight patients received doses greater than 400 mg/day at approximately 10 weeks. Because
a majority of patients in the active treatment arm demonstrated a complete session of
binges, the Imax parameter in the drug model was fixed to 1. The estimated ID50, dose
needed to achieve 50% of drug effect, was found to be similar when using BEF or BDF as
the primary outcome. Under the assumption that there was no delay in drug effect,
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exploratory analysis of the average net treatment effect and dose versus time suggested that
a dose of approximately 150 mg/day would elicit a 50% net treatment effect
(Supplementary Figure 2). Final model estimates for ID50 were in agreement with the
preliminary exploratory findings for both BEF and BDF. The high between subject
variability on ID50 can be potentially attributed to non-responders and patients that relapsed
on treatment during the trial period. The suggested dose range of 125-150 mg falls within
recommended topiramate dose ranges for other indications (Figure 3.10).32 Dose-limiting
toxicities prevent patients from starting at the target dose and current practice suggests that
patients should be titrated over several weeks. Further research is needed to characterize
the exposure-safety relationship in BED patients treated with topiramate to maximize
benefit-risk profiles.
Figure 3.7: Categorical responder analysis comparing patients receiving placebo
versus topiramate.

Circle point and associated error bars represent model-simulated (N=500 simulations) mean and 95%
confidence intervals. Square and triangle points represent observed percentage of patients in each responder
category from two randomized controlled trials evaluating topiramate for BED. 14,24 No response: less than
50% reduction; moderate response: 50-74% reduction; marked response: 75-99% reduction; remission:
cessation of binges
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Figure 3.8: Comparison of percentage of patients with 4-week cessation of binges in
patients receiving topiramate versus placebo based on simulations of BEF.

Dashed lines represent observed percentage of patients with 4-week cessation of binges. The histogram
displays the distribution of percentage of patients with 4-week cessation of binged from model-based
simulations (N=500 simulations).
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Figure 3.9: Quantitative predictive check plots for the final weight sub-model.
A.

B.

Panel (A) represents longitudinal change from baseline in weight (kg) in patients taking topiramate and
placebo. Solid and dashed lines represent the observed mean and model-simulated 50% percentile
respectively (N=1000 simulations). Panel (B) represents the comparison of percentage of patients with
clinically meaningful weight loss. Dashed lines represent observed percentage of patients with ≥ 5% weight
loss. The histogram displays the distribution of percentage of patients with ≥ 5% weight loss from modelbased simulations (N=500 simulations).
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Figure 3.10: Dose-response curves for assessing percent change from baseline in
normalized weekly BEF and BDF.

Dose-response curves were developed using population mean parameter estimates from the final diseasedrug-trial model. Dashed lines represent the corresponding dose to achieve a marked reduction (≥ 75%) in
weekly binge episodes or binge day frequency.

For the purpose of simulating clinical trials for both model validation and future research
purposes, patient dropouts were taken into consideration. The inclusion of percent change
from baseline in body weight as a significant predictor for patient dropouts led to the
development of a sub-model to describe longitudinal changes in weight. Majority of
patients with BED are known to be overweight and medications used to induce weight loss
in patients have shown as a beneficial treatment strategy.52 In the current study, patients
receiving topiramate experienced an average weight loss of 5.9 kg after 14 weeks as
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compared to patients receiving placebo who experienced an average weight loss of 1.2
kg.36 It is noteworthy to discuss that a disconnection between weight loss and reduction in
weekly BEF/BDF existed in both studies.36,46 In patients receiving placebo, even though
BEF and BDF decreased, there was no significant reduction in weight at the study endpoint.
For those receiving topiramate, reduction in normalized BEF and BDF was highly
correlated with weight loss in the first 4 weeks of treatment after which, weight loss
continues until the end of study in the presence of a stabilized binge episode/binge day
frequencies. This phenomenon was also observed in patients who received cognitive
behavioral therapy.48 Clinical trials assessing maintenance of weight loss have commonly
used the benchmark of greater than 5% reduction in weight to be clinically meaningful.54
QPC plots demonstrate the ability to predict changes in weight of ≥ 5% in patients
undergoing treatment with topiramate and placebo (Figure 3.9). Unlike topiramate which
is known to reduce weight in patients, other treatment options may not have a similar effect.
One of the challenges of this research was the inability to determine a population doseresponse relationship given the specific flexible-dose study design. The titration design
used in this proof of concept study increased a patient’s dose at each visit unless tolerability
concerns were present in order to identify a potential signal for efficacy. The major
challenge in evaluating a dose-response relationship when doses are increased in this
manner is to justify that the effect of dose on response is not confounded by a time effect
(ruling out a delay in drug effect). Based on average binge episode and binge frequency
versus time profiles, steady state pharmacodynamic response was observed approximately
at 4 weeks in both patients receiving topiramate and placebo. This information gives an
understanding that if there was a delay drug effect, it would be less than or equal to the rate
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associated with the time to achieve maximal placebo effect. It is possible that in this
scenario, that the delay in placebo response is the rate limiting factor in achieving steady
state response. Therefore, one could assume that any delay in drug response can be
explained by the delay in the placebo response. In an open-label extension following the
presented randomized controlled trial, completers in both placebo and topiramate treatment
groups were given topiramate for an additional 40 weeks.27 A taper period of 2 weeks was
provided for patients receiving topiramate in the controlled trial where there was a
substantial increase in weekly BEF. This finding was also observed during the one week
taper period for two lisdexamfetamine phase III clinical trials, where BEF and BDF
increased and regressed towards the maximal placebo response. Furthermore, there was no
difference found between weekly BEF observed at the end of the open label study (56
weeks) versus at the end of the controlled trial (14 weeks). The increase in BEF in a short
time frame in patients getting tapered and the sustained drug effect over 56 weeks provides
further justification for the assessment of dose-response without being confounded with
time.
The proposed quantitative disease-drug trial modeling framework can be utilized to guide
future BED trials by leveraging several information from the data such as average time to
pharmacodynamic steady state response, a proportional relationship between baseline
binge frequency and placebo response, and correlation between early and later time point
efficacy measures such as change from baseline in BEF and BDF. The developed model
could be used to simulate and explore shortened trial durations of six-eight weeks which
could potentially lead to decreased patient dropouts and trial costs in both fixed and flexible
dosing designs. Simulations enrolling patients with a higher baseline binge frequency may
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demonstrate increased treatment effect sizes and thus, increase the probability of trial
success. The proposed model could also serve to predict responses at later timepoints based
on efficacy measures at early time points. Shortened proof of concept studies assessing the
primary endpoint (for ex: 2 weeks) for different therapies could assist with deciding which
treatment arms to carry forward to future confirmatory trials. Furthermore, placebo run-in
periods have been commonly used to decrease placebo response. Using the model could
inform the duration of placebo run-in periods, which may identify placebo responders
earlier on for exclusion and clinical trial enrichment. The final disease-drug-trial model can
also be used to evaluate different weekly titration designs and dosing regimens. Because
BEF and BDF were measured in weekly or biweekly increments and the developed doseresponse relationship was based on weekly titrated topiramate doses, the final model can
only be applied to simulate weekly titration designs.
This case-study provides an example of the development of a comprehensive disease-drugtrial model that successfully captures prior information from a single clinical trial. The
derived population dose-response relationship indicates that a lower dose range should be
considered for BED patients receiving topiramate. Although no significant covariates were
identified, advance methodologies are currently under investigation to capture the
variability in BED symptoms.
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3.2.6 Supplementary Figures
Supplementary Figure 3.1: Distribution of doses administered by week

Supplementary Figure 3.2: Derived average net topiramate treatment effect and
average dose over time
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3.2.7

Supplementary Tables

Supplementary Table 3.1:
Akaike
Information
Criterion - BEF
1070.2

Akaike
Information
Criterion - BDF
1056.9

Linear Model:
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑅𝑎𝑡𝑒 ∙ 𝑡)

774.2

621.4

Exponential Model:
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))

756.9

602.6

761.1

620.1

1682.2

1466.4

1663.4

1417.2

1664.5

1419.9

Structural Model
Null Model

BF(t) = BF

Disease Model

Weibull Model:
𝑡 𝑃𝑂𝑊

𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −(𝑇𝐷)

))

Disease-Drug Model
Linear Drug Effect Model:
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))
∙ (1 − 𝐷𝑟𝑎𝑡𝑒 ∙ 𝑡)
Emax Drug Effect Model:
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙
𝐼

(1 − ( 𝑚𝑎𝑥

∙ 𝐷𝑂𝑆𝐸

𝐼𝐷50 +𝐷𝑂𝑆𝐸

))

Emax Drug Effect Model with Exponential Time Effect:
𝐵𝐹(𝑡) = 𝐵𝑆𝐿 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙
𝐼

(1 − ( 𝑚𝑎𝑥

∙ 𝐷𝑂𝑆𝐸

𝐼𝐷50 +𝐷𝑂𝑆𝐸

) ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))

Dropout Model

Akaike Information Criterion (AIC)
Exponential Hazard Model: ℎ(𝑡) = λ

301.2

Exponential Hazard Model with Change from Baseline in
BEF as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝 [𝛽1 ∙%𝐶𝐹𝐵 𝐵𝐸𝐹(𝑡−1)]

235.7

Exponential Hazard Model with Change from Baseline in
BDF as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝 [𝛽1 ∙%𝐶𝐹𝐵 𝐵𝐷𝐹(𝑡−1)]

237.1

Exponential Hazard Model with Change from Baseline in
Weight as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝 [𝛽1 ∙%𝐶𝐹𝐵 𝑊𝑇(𝑡−1)]

219.6

BF: binge frequency; BEF: normalized binge eating frequency; BDF: normalized binge day frequency;
BSL: baseline binge frequency; Prate: linear placebo response rate; kp: placebo response rate constant;
Pmax: maximum proportional placebo effect; TD: time to 63.2% placebo effect; POW: Weibull shape
parameter; Drate: linear drug response rate; Imax: maximum proproportional drug effect; ID 50: doses
needed to illicit 50% of maximum proportional drug effect; CFB: change from baseline; λ: baseline
hazard; β1: covariate coefficient
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Chapter 3.3: An Exploratory Machine-Learning Approach to Identify Placebo
Responders in Binge Eating Disorder Trials
3.3.1 Abstract
Randomized, placebo-controlled trials for binge eating disorder (BED) have revealed
highly variable, and often marked, rates of short-term placebo response. Several
quantitative based analyses in patients with BED have inconsistently demonstrated which
patient factors attribute to an increase in placebo response. The objective of this study is to
utilize machine learning algorithms to identify moderators of placebo response in patients
with BED. Data was pooled from 12 randomized placebo-controlled investigator led trials
evaluating different treatment options for BED. The final dataset consisted of 188 adult
patients receiving placebo with complete information of baseline variables. Placebo
responders were defined as patients experiencing greater than or equal to 75% reduction in
binge eating frequency at study endpoint. Eleven patient pre-randomization variables were
included in the dataset as potential predictors. Patients were randomly divided into training
and testing subsets according to an 75%:25% distribution while preserving the proportion
of placebo responders. Recursive partitioning, random forest, support vector machine, and
Adaboost algorithms were applied using the CARET package in R 3.4.1. Sensitivity
analysis was also conducted to evaluate the impact of reducing the percent threshold for
defining placebo responder status. Results suggested that patients with low baseline
normalized weekly binge eating frequencies and anxiety status were strong moderators of
placebo response. This is the first application of machine learning methodology to identify
moderators of placebo response in BED. The results of this analysis confirm previous
findings of lesser baseline severity and additionally add that patients with no anxiety are
more susceptible to placebo response.
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3.3.2 Introduction
A significant proportion trials for binge eating disorder (BED) demonstrate a lack of
separation between active treatment and placebo. Approximately 50% of all investigatorled trials were therefore determined to be negative.17 Randomized, placebo-controlled
BED trials have revealed highly variable, and often marked, rates of placebo response.17,18
Depending on the primary endpoint, placebo response is defined as a clinically significant
reduction in binge eating symptomology in patients that receive placebo. Carter et al
identified a mean placebo response rate (proportion of patients with a > 50-75% reduction
in binge eating frequency) of 33% based on a literature review of randomized placebo
controlled trials.55 The placebo response rate in BED is also within the reported range for
other affective disorders.56-58
As the search for new therapies in BED progresses, further knowledge of potential
predictors of placebo response and cessation in BED will be instrumental to enrich future
clinical trials and increase the probability of trial success. Several analyses in patients with
BED have inconsistently demonstrated which patient factors attribute to an increase in
placebo response. In a natural progression study conducted by Fairburn et al, BED patients
that were not receiving treatment were followed for 5 years and evaluated for BED
symptomology.59 Only 24% of patients with BED were still diagnosed after 15 months of
study follow-up and 9% after 60 months of study follow-up. However, it is important to
note that the BED patients enrolled were younger on average compared to the average age
of patients enrolled in investigator-led and randomized clinical trials. Jacobs-Pilipski et al
further analyzed a randomized, placebo controlled, placebo run-in trial that evaluated the
effect of sibutramine on BED.18 During the baseline placebo run-in period, 33% of patient
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(147/451) were categorized as placebo responders (≥ 75% reduction in binge frequency
from baseline). A higher proportion of patients had reported less emphasis on shape and
weight upon self-evaluation and domain specific quality of life during the baseline period.
At follow-up, patient attributed their placebo response to increased awareness of their
eating, increased accountability, self-monitoring, motivation to change, social support, and
positive expectations regarding placebo. However, most placebo responders reported
experiencing binge eating symptoms at some point during the follow-up period. In contrast,
Crow et al identified that 93% of patients still reported BED symptomology after a 1 year
follow-up.60 The mixed results across studies make it difficult to understand whether BED
is a chronic disease, a disease that waxes and wanes, or a disease that entirely remits in
patients.
Machine learning is an area of artificial intelligence that involves the construction and
study of systems that can learn from data.61 The ultimate goal is to solve a given problem
by applying knowledge acquired from an automatic learning process using past experiences
and data. Recently, the use of machine learning approaches is widespread in the field of
neuropsychiatry for illness such as depression, Alzheimer’s disease, and schizophrenia.6264

Machine learning has been applied to the detection and diagnosis of conditions,

prediction of long term prognosis, timing and selection of treatment, impact assessment on
public health, and mental health resource allocation.62-67 Data from neuroimaging studies,
electronic health records, healthcare insurance claims, social media, and traditional clinical
trials have been commonly used to develop algorithms. Applications of machine learning
could expedite the path to personalized medicine due to the growing interest to identify
potential objective biomarkers, biological mechanisms, and genetic predictors.
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Several methods have been explored to identify placebo responders a priori to limit the
magnitude of placebo response and increase the probability of clinical trial success.
Traditionally, placebo-run in periods have been used to identify placebo responders for
exclusion before trial randomization. This can lead to longer overall trial durations and
need for larger sample sizes.67-70 Machine learning algorithms can be used to systematically
identify placebo responders for trial exclusion during the screening period. This trial
enrichment method could therefore increase the efficiency of future clinical trials. The use
of machine learning in binge eating disorder is relatively unexplored. Given a large amount
of studies have demonstrated negative outcomes, different advanced quantitative methods
could be utilized to improve upon the signal to noise ratio in BED clinical trials. The
objective of this study is to apply supervised machine learning algorithms to identify
moderators of placebo response in patients with BED.
3.3.3

Methods

3.3.4.1 Data

Subject level longitudinal normalized binge eating frequency (BEF) from adult patients
receiving placebo in twelve investigator led trials conducted by McElroy et al were
collected to develop the main dataset (N=288). Clinical trial procedures are also previously
described by McElroy et al.71-82 All studies were approved by the Institutional Review
Board and patients were appropriately consented at the time of enrollment. Predictors of
interest included demographic characteristics and co-morbid characteristics. However, due
to differences in data collection methods across clinical studies, a reduced dataset was
created to ensure no missing predictors (N=188). Predictors in the final reduced dataset
included: age, gender, clinical global impression of severity at baseline, binge eating
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frequency at baseline, binge day frequency at baseline, lifetime diagnosis of major
depressive disorder, current diagnosis of major depressive disorder, diagnosis of bipolar
disorder, alcohol abuse, substance abuse, and diagnosis of anxiety. Placebo responders
were identified as patients experiencing greater than or equal to 75% reduction in binge
eating frequency at study endpoint. Studies were truncated to six weeks in length (length
of the shortest BED clinical trial incorporated into the dataset) in order to avoid
confounding responder status due to trial length (e.g. patients in longer trials are more
likely to experience a larger percent reduction in BED due to regression towards the mean
and/or natural progression). Patients were randomly divided into training and testing
subsets according to an 75%:25% distribution while preserving the proportion of placebo
responders.
3.3.4.2 Machine Learning Algorithms

Various supervised machine learning algorithms were utilized to predict placebo response
status. Supervised learning algorithms are based on developing a function that maps an
input to an output based on a labelled learning dataset with both inputs and outputs. For
the purpose of this study, random forest, support vector machines, recursive partitioning,
and AdaBoost algorithms were applied to the final reduced dataset using the CARET
package in R 3.4.1 (www.r-project.org). The choice of algorithms was motivated by need
to solve a classifier problem: is a patient a placebo responder or non-responder? Table 3.5
provides a descriptive summary of each algorithm.83 An automated ten-fold cross
validation was repeated five times to quantify the average accuracy of the final model.
Cross validation involves splitting the training dataset into k-subsets for the purpose of
estimating model performance. For each of the k-folds, a machine learning algorithm is
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built using data from k-1 folds and the remaining fold is used for model evaluation. The
training and testing process occurs k number of times and the average performance across
all folds is reported. A repeated k-fold cross validation repeats the aforementioned process
n number of times. The final model performance is an average of n x k ressamples.83 For
the purpose of this exploratory analysis, automated hyperparameter tuning was applied to
all algorithms using the default grid search method. Figure 3.11 displays the machine
learning and feature selection workflow. Sensitivity analysis was conducted to evaluate the
impact of reducing the percent threshold for defining the placebo responder status on
feature selection. Percent reduction of 50% and 60% were used to redefine placebo
response status. Model accuracy was synonymous to model concordance and defined as
the proportion of true positives and true negatives using the training dataset. The
calculation of the kappa statistic is defined by Equations 1 below, where po is the observed
agreement and pe is the expected agreement by chance.
κ=

𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

Figure 3.11: Supervised machine learning and feature selection workflow to identify
predictors for placebo response.
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Table 3.5: Descriptive summary of various supervised machine learning algorithms
Supervised
Learning Algorithm

Description

Advantages

Disadvantages

Support Vector
Machines

-creates a hyperplane
which divides the
multidimensional space to
homogenous partitions on
either side

-not influenced by noisy
data and not prone to
overfitting
-used for classification
or numerical prediction
problems

-need various
combinations of
kernels and
hyperparameters
-slow to train and
difficult to interpret

Recursive
Partitioning

-creates a decision tree that
aims to classify members
by splitting the data into
subsets based on a feature
most predictive of the
target class, similar to the
“divide and conquer”
concept

Random Forest

-uses the principle of
bagging (generates a
number of bootstrap
datasets that are used to
generate a set of models
and predictions are
combined using voting)
with random feature
selection to add diversity
into decision tree models
-uses adaptive boosting by
generating weak learners
that iteratively learn a
larger portion of the
difficult-to-classify
examples by giving more
weight to frequently
misclassified examples

-can handle numeric or
nominal features, as well
as missing data
-results can be
interpreted without a
mathematical
background
-excludes unimportant
features
-can handle noisy or
missing continuous or
categorical data
-selects only the most
important features
-can be used on datasets
with large number of
features
-less prone to overfitting

-biased toward splits
on features having a
large number of levels
-overfitting and
underfitting could
occur
-small changes in
training data can result
in different decisions
-model is not easily
interpretable
-requires appropriate
tuning methods

-can be used for both
classification and
regression
-ability to adjust for nonlinear relationships
between features
-less susceptible to
overfitting

-sensitive to noisy data
and to outliers
-weak classifiers that
are too weak can lead
to overfitting

AdaBoost

3.3.4

Results

3.3.4.1 Descriptive Summary

Table 3.6 provides a summary of demographic and clinical features in patients receiving
placebo across 12 investigator-led BED clinical trials. Majority of patients enrolled were
female with an average weekly normalized BEF and BDF of 4.7 and 4.0, respectively. The
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average percentage change from baseline in BEF was approximately 56%, indicating a
large placebo response. Placebo response rate was approximately 40%, 52%, and 61%
when placebo response was defined as a 75%, 60%, and 50% reduction in BEF from
baseline, respectively. Approximately 30% of patients experienced cessation of binges at
the end of six weeks. Supplementary Figure 1 provides a scatterplot matrix of continuous
variables and Supplementary Figure 2 provides a bar graph for categorical variables.
Preliminary visual exploratory analysis did not indicate any differences in demographic
characteristics between placebo responders and placebo non-responders. However, average
baseline BED severity (BDF and BEF at baseline) was lower in placebo responders versus
placebo non-responders (BEF: 4.02 vs. 5.16, BDF: 3.61 vs 4.25). Furthermore, no
differences in proportion of patients were observed among current or lifetime co-morbid
psychiatric condition predictors.
Table 3.6: Demographic and clinical characteristics of BED patients receiving
placebo
Characteristics

BED Placebo Patients
(N=188)

Age, mean ± SD

40.5 ± 10.9

Female, n (%)

161 (86)

Major Depressive Disorder – Lifetime, n (%)

82 (44)

Major Depressive Disorder – Current, n (%)

44 (23)

Alcohol Abuse – Current, n (%)

13 (7)

Substance Abuse – Current, n (%)

6 (3)

Anxiety – Current, n (%)

28 (15)

Binge Eating Frequency at Baseline, mean ± SD

4.65 ± 2.44

Binge Day Frequency at Baseline, mean ± SD

3.97 ± 1.35

Clinical Global Impression - Severity, median (range)

5 (3-6)

Average Percent Change from Baseline in Binge Eating
Frequency, mean ± SD

-56.6% ± 47%

Placebo Responders, n (%)

75 (40)
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3.3.4.2 Machine Learning Analysis

A comparison of four supervised machine learning algorithms are provided in Figure 3.12.
Model accuracy was observed to be the same across all four machine learning algorithms.
The median accuracy ranged from 57-64%. The kappa statistic was also similar across all
four algorithms with the median kappa statistic ranging between 0.08-0.22. This suggests
that the model performance in predicting placebo response was slight to fair in terms of
strength of agreement. Numerically, model performance was the highest with recursive
partitioning algorithm and lowest with random forest.
Variable of importance was scaled to a maximum value of 100 and used to create a heatmap
to visualize strong predictors for placebo response (Figure 3.13). BEF and BDF at baseline
were consistently the strongest predictors across the different algorithms (patients with
lower baseline BED severity were more likely to experience a clinically significant placebo
response). Anxiety was identified consistently as a moderate predictor and age was found
to be a strong predictor when using recursive partitioning and random forest (younger
patients and patients who were diagnosed with general anxiety disorder are more likely to
experience a clinically significant placebo response). To test the robustness of the study
results, the analysis was repeated using a redefend placebo response criteria of at least 50%
and 60% change from baseline in BEF. However, the findings were similar to those
reported with the predefined clinically significant placebo response criteria of 75%, with
baseline BEF and BDF identified as the strongest predictors.
To identify and visualize numeric cutoffs for BEF and BDF baseline values that
differentiate placebo responders and non-responders, a decision tree was created based on
the output from the recursive partitioning analysis (Figure 3.14). For patients with a
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baseline weekly normalized BEF of 5.5 or greater, the probability of experiencing a
significant placebo response is less than 10 percent. However, for a patient with a baseline
weekly normalized BEF of less than 5.5, the probability of experiencing a clinically
significant placebo response is approximately 50%. An anxious patient that is over the age
of 45 with a baseline weekly normalized BEF of less than 5.5 will have a probability of
37% in favor of experiencing a clinically significant placebo response.
The final algorithms were applied to the testing dataset (25% of the final reduced dataset)
and evaluated based on sensitivity and specificity. In general, limited differences were
observed between the four algorithms with regards to predictive accuracy. The specificity
and sensitivity were less than 62% for all algorithms and the average accuracy was between
50-60% (Table 3.7). Since the average placebo response rate was 40% and model accuracy
was between 50-60%, classification is essentially equal to chance.
Figure 3.12: Evaluation of model performance during training and validation

SVM: support vector machine; RF: random forest; RPART: recursive partitioning
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Figure 3.13: Heatmap of the variables of importance across various supervised
machine learning algorithms

SVM: support vector machine; RF: random forest; RPART: recursive partitioning; CGIS: clinical global
impression of severity; BEF: normalized weekly binge eating frequency; MDC: current diagnosis of major
depressive disorder; ANX: diagnosis of generalized anxiety disorder; SUB: substance abuse; ALC: alcohol
abuse; BDF: normalized weekly binge day frequency

Figure 3.14: Decision tree learning using recursive partitioning analysis of placebo
responders and non-responder

BSL_BEF: baseline normalized weekly binge eating frequency ANX1>=0.5: indicates a confirmed diagnosis
of generalized anxiety disorder; Grey and pink boxes indicate placebo non-responders and placebo
responders respectively. First probability in second row describes the probability of the response status noted
by the first row and the second probability in the second row describes the probability of not having the
response status noted by the first row. Percentage in the third row denotes the proportion of patients that
fulfills the decision as noted by the preceding node.
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Table 3.7: Model performance on test datasets for each final supervised algorithm
Learning Algorithm

Model Sensitivity

Model Specificity

Model Accuracy

Support Vector
Machines

0.33

0.86

0.65

Recursive Partitioning

0.25

0.79

0.58

Random Forest

0.22

0.71

0.52

AdaBoost

0.33

0.75

0.59

3.3.5

Discussion

This study evaluated four different machine learning algorithms to predict placebo
response in BED patients enrolled in small investigator-led trials. The overall placebo
response rate observed in twelve studies was similar to what was previously reported for
BED and other psychiatric conditions. Although the sample size of the final reduced dataset
was relatively low and only a limited number of predictors were available for analysis, all
machine learning algorithms demonstrated that baseline binge eating severity is a strong
predictor for placebo response. Patients that had a lower normalized binge eating frequency
or binge day frequency at baseline were more likely to experience a clinically significant
placebo response.
This finding is consistent with the results observed by Blom et al which analyzed ten of the
twelve investigator led trials used in the present study.17 Blom et al utilized a mixed logistic
regression model that identified lower baseline binge eating episode frequency and longer
study participation was associated with an increased likelihood of being categorized as a
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placebo responder.17 Furthermore, the developed logistic regression model with baseline
binge frequency as the only predictor suggested that a cut-off of 5.5 binge eating episodes
per week provided maximum sensitivity and specificity. This cut-off value was similar to
the decision criteria for the baseline binge eating frequency node demonstrated by the
recursive partitioning analysis (Figure 3.14). Approximately, 11% of patients with an
observed baseline BEF of greater than 5.5 and 49% of patients with an observed BEF less
than 5.5 experienced a clinically significant placebo response. However, it is important to
note that a baseline of 5.5 binge episodes/week represents the 78th percentile of the
observed data. This implies that a little less than half of the patients enrolled in a clinical
trial will experience a significant placebo response. It is also expected that patients with
less severe eating pathology have fewer binge eating episodes to resolve as compared to
patients that are classified with severe (BEF: 8-13) or extreme (BEF > 13) BED.
A previous quantitative modeling approach that utilized an empirical disease-drug-trial
framework attempted to model longitudinal BEF and BDF in patients receiving placebo
and topiramate.84 Parameters for the model were estimated using a maximum likelihood
approach. When developing the disease model, an additive (assumes change from baseline
is constant and percent change from baseline increases with an increase in baseline
severity) and proportional (assumes percent change from baseline is constant and change
from baseline increases with an increase in baseline severity) model structure was used to
predict the longitudinal BEF course in patients receiving placebo. When comparing model
adequacy, the Akaike information criterion (AIC) was lower for the proportional structural
model. This finding was also further corroborated by prior exploratory analysis that
suggested the change from baseline in BEF was proportional to the baseline severity. For
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patients were higher baseline binge eating severity, a larger change from baseline in
symptoms is expected. The proportional nature of the structural model also indicates that
percent change from baseline should remain constant regardless of the level of BED
severity. Quantile plots of change from baseline and percent change from baseline across
baseline BEF are provided in Supplementary Figure 3 and 4. The discrepancy between the
machine learning approach (identified lower baseline BEF is associated with an increase
likelihood of placebo response) versus the disease-drug-trial approach (identified that the
likelihood of placebo response was similar regardless of baseline severity) can be attributed
to differences with regards to the time in question. The machine learning approach takes
percent change from baseline in placebo response at the study endpoint (Week 6), whereas
the longitudinal disease-drug-trial model takes the entire time course into consideration.
Supplementary Figure 5 provides the observed trends in patients classified based on
responder status and baseline BED severity. Although the trend appear to be consistent
over time in the placebo responder group, non-responder patients with a baseline BEF > 6
exhibited a u-shape response curve that signified worsening of symptoms between weeks
4 and 6. Calculation of percent change from baseline at week 6 in the responder group
reveals that the placebo effect was similar in patients regardless of baseline severity.
However, patients with higher baseline BED severity are at high risk for relapse (worsening
of symptoms) as compared to patients with a lower BED severity. This creates a
mathematical artifact that contributes to analyzing the effect at a single time point. In
disease states where both improvement and worsening can be observed within specified
time frame, longitudinal based methodologies may provide a better understanding of
potential predictors for response.
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Several limitations should be acknowledged with this study. Inclusion and exclusion
criteria across studies were not identical and could have led to different subpopulation of
BED patients. Some studies only evaluated patients with co-morbid obesity, while other
enrolled patients with just BED. Follow-up periods varied amongst trials and ranged
between 6-14 weeks. For this analysis, trials were truncated to a common week due to a
plateauing effect observed after 6 weeks on the average weekly normalized BEF versus
time profile. Previous analysis of placebo response for other conditions suggest that trial
length is also a strong moderator for placebo response.85,86 It is unclear whether trial length
influences patient expectations prior to enrollment. Furthermore, participation in longer
term studies could cause subsequent worsening of BED severity that may not be captured
from short-term studies. Patients with a higher disease-severity could have also relapsed
during the trial period and falsely be categorized as a placebo non-responder. Another
limitation to this study was that placebo responder status was determined by the percent
change from baseline in weekly normalized BEF at each patient’s last visit. Last
observation carried forward was assumed for patients that dropped out prior to week 6. In
this analysis, 51 out of 188 patients (27%) did not complete at least 6 weeks of placebo
therapy. Previously reported dropout analysis of patients with neuropsychiatric conditions
suggest that patients with high disease severity and those with limited to no change in BED
severity were more likely to drop out before study completion.84,87 However other factors
could have also played a role in a patient’s decision to drop that may also confound the
results of this analysis. In addition, all the investigator-trials included in this analysis
utilized a flexible dose titration design. Flexible dose-design studies have been shown to
elicit a higher placebo response as compared to fixed dose study designs. It is possible that
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patients who are aware that their “placebo dose” is titrated based on efficacy and safety
targets may have higher expectations that could result in a higher placebo response.88-90
Finally, all investigator-led trials leveraged in this analysis was conducted by one study
group. Although standard of care was not provided to patients, it is unknown whether
patients participated in multiple trials or if the expertise of the research group may have
influenced placebo response. Analysis of two additional large randomized, placebo
controlled trials evaluating the effectiveness of lisdexamfetamine in BED demonstrated a
lack of association between placebo response and less severe BED symptomology at
baseline.91 Therefore, generalization of results to multi-center and multi-regional studies
should be taken with caution.
Although this analysis provides an application of four different machine learning
algorithms in determining predictors for placebo response, the analysis was not designed
to evaluate differences amongst algorithms and to compare against empirical
pharmacodynamic modeling approaches. Future simulation based analyses could provide
a better understanding of the advantages and disadvantages of various methods. The
application of the findings from this exploratory machine learning approach should be
contingent upon supportive validation in future studies. Future analysis of placebo response
in BED should include a diverse set of patient related and disease related features collected
from various sources of data (e.g. patient reported outcomes, BED specific questionnaires,
wearable devices, neuroimaging, biomarkers, etc.). Caution is warranted when applying
the results of this study to future drug development trials. Because total drug effect is
assumed to encompass a combination of placebo effect and net drug effect, lowering
placebo response may not enrich the signal to noise ratio. Enrolling patients with high
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baseline severity could also be difficult from a recruitment point of view and lead to
additional loss of trial efficiency due to an increased risk for dropouts. Therefore, additional
research is needed to investigate other methods of increasing the separation between drug
and placebo.
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3.3.6 Supplementary Figures
Supplementary Figure 3.3: Scatterplot matrix for continuous features using patients
from the final reduced dataset (N=188)

BSL_BEF: baseline normalized weekly binge eating frequency; BSL_BDF: baseline normalized weekly
binge day frequency; BSL_CGIS: baseline clinical global impression of severity

Supplementary Figure 3.4: Bar plot for binary co-morbid disease features using
patients from the final reduced dataset (N=188).

ALC: Alcohol abuse; ANX: generalized anxiety disorder; BPD: Bipolar Disorder; MDC: Current episode
of Major Depressive Disorder; MDL: Lifetime history of Major Depressive Disorder; SUB: Substance Use
Disorder
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Supplementary Figure 3.5: Quantile plot for change from baseline in weekly
normalized BEF at study endpoint versus baseline weekly normalized BEF

Each black dot represents a single quantile (20%) of the observed data. The blue solid line represents a
linear regression between change from baseline in BEF vs. baseline BEF.

Supplementary Figure 3.6: Quantile plot for percent change from baseline in weekly
normalized BEF at study endpoint versus baseline weekly normalized BEF

Each black dot represents a single quantile (20%) of the observed data. The blue solid line represents a
linear regression between percent change from baseline in BEF vs. baseline BEF.
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Supplementary Figure 3.7: Normalized weekly binge episode frequency (BEF)
versus time plot for placebo responders and non-responders

Blue and grey lines represent the longitudinal normalized weekly BEF in patients with a baseline BEF > 6
and BEF ≤ 6.
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Chapter 3.4: Comparative Efficacy of Drugs for Binge Eating Disorder in Adults: A
Disease-Drug-Trial Model-Based, Patient Level Meta-Analysis
3.4.1 Abstract
Although lisdexamfetamine is the only drug approved by the US Food and Drug
Administration for the treatment of moderate to severe BED, several other “off-label”
pharmacotherapeutic options have been evaluated in small investigator-led trials. Diseasedrug-trials are frequently utilized to make key “go” or “no-go” decisions for drugs
undergoing development and to support optimal dose selection. The objectives of this study
are to develop a holistic quantitative disease-drug-trial model for the purpose of comparing
the relative efficacy amongst potential treatment options and validate the established
modeling framework’s ability to inform future phase II and phase III clinical trials. The
final disease-drug-trial model adequately characterized longitudinal changes in three
commonly used endpoints, described the dose-response relationship for 10 different drugs,
and predicted the probability of patient dropouts in short-term clinical trials. Comparison
of dose-response relationships indicated larger treatment effects for anticonvulsants and
stimulants as compared to antidepressants. Doses selected to demonstrate a clinically
meaningful reduction in binge day frequency were within the dose ranges utilized in each
respective trial. Knowledge pertaining to placebo response and dose-response relationships
obtained from investigator led trials was also successfully applied to confirm results from
larger late phase clinical trials.
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3.4.2 Introduction
Binge eating disorder (BED) is the most prevalent eating disorder and is characterized by
frequent and distressing binge episodes without inappropriate compensatory weight loss
behaviors.12 Although BED is increasing in prevalence, the therapeutic armamentarium is
limited and remains without a standard of care.3 The pathophysiology is relatively
unknown and is often accompanied by other co-morbid psychiatric conditions such as
major depressive disorder, bipolar disorder, substance abuse, and alcoholism.5 Patients
with BED that are overweight or obese have greater concerns regarding body weight and
shape dissatisfaction, qualify of life, and cognitive related issues.13 Thus, key goals for
treatment have centered around treating the eating pathology, treating any underlying comorbid psychiatric conditions, and weight management. Psychotherapy with cognitive
behavioral therapy (CBT) or interpersonal therapy (IPT) have been considered as first line
therapy options due to their effects on lowering binge eating pathology only. 16 Although
lisdexamfetamine is the only drug approved by the US Food and Drug Administration for
the treatment of moderate to severe BED, several other “off-label” pharmacotherapeutic
options have been explored to treat the multifaceted clinical presentation of BED. Due to
the lack of appropriately sized randomized controlled trials, current consensus guidelines
are also silent with regards to recommending first line treatment options, treatment options
for specific BED subpopulations, and optimal doses for available therapies.92
Other than lisdexamfetamine and dasotraline, another stimulant-like drug, drug
development for BED has been fairly lack-luster.13 Challenges related to increase placebo
response, high disease heterogeneity, and significant trial attrition rates have made it
difficult to demonstrate a positive clinical trial.17 Model based drug development
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approaches have become effective tools in “de-risking” drug development and provide an
opportunity to apply knowledge gained from previous studies.23 Quantitative disease-drugtrial models are mathematical representations of the disease, placebo effect, a drug’s
pharmacological effect, and trial design characteristics. The comprehensive framework is
developed to characterize the longitudinal changes in efficacy and safety variables and can
serve as a platform to enable simulation of hypothetical clinical trial scenarios. Diseasedrug-trial models are capable of selecting optimal doses based on risk-benefit assessment,
identifying key predictors of interest that could modulate different model components (e.g.
placebo response, drug response, trial dropouts, medication compliance, etc.), and
determining the best combination of trial design elements to inform future clinical trials.23
Several examples that have leveraged these models include modeling changes in Positive
and Negative Syndrome Scale scores in patients with schizophrenia to compare treatment
effect sizes between typical and atypical antipsychotics, developing a disease progression
model in Parkinson’s disease patients using the Unified Parkinson’s Disease Rating Scale
to create trials to discern disease modifying effects, and characterizing the longitudinal
changes in the Hamilton Depression Rating Scale to identify placebo responders in patients
with depression.24-28
A recent proof of concept analysis conducted by Kalaria et al, utilized the disease-drugtrial approach to describe longitudinal changes in binge eating frequency (BEF) and binge
day frequency (BDF) in obese patients enrolled in a randomized placebo controlled trial
evaluating topiramate for BED.84 A maximum decrease in BEF and BDF in patients
receiving placebo was approximately 60% and was achieved by 5 weeks. Patients with
higher baseline severity symptoms were also shown to demonstrate a large placebo
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response and treatment response. The model further suggested a daily dose of 125 mg was
needed to exhibit, on average, a 75% reduction in weekly binges. This study demonstrated
that a lower topiramate dose was sufficient in demonstrating a clinically significant
reduction in binges without the added safety risk associated with higher doses. Clinical
trial simulations using the established model adequately captured longitudinal changes in
binge eating frequency in a larger trial conducted by McElroy et al.46 The power of
applying information gained from smaller studies to predicting outcomes in larger clinical
trials can be valuable to maximize the probability of success for a specific compound.
Previous meta-analyses in BED mainly focus on comparing the efficacy of psychological
versus pharmacotherapeutic options using summary level data obtained from systematic
literature review.14,16,35,93,94 Psychotherapy and structured self-help were shown to
outperform drug therapy options. Although studies evaluating different drug therapies for
BED were incorporated into the study, analyses ranking the different treatment options
based on effect size on BED symptoms are usually not reported. Available treatment effect
size information could assist clinicians in selecting an appropriate medication based on an
individual’s benefit-risk profile. Drug developers can also utilize comparative efficacy
information to support decisions regarding pipeline investment of new compounds and
potential repurposing of older drugs that share a similar mechanism of action to that
observed with drugs already studied for BED. The objectives of this study are to 1.) develop
a holistic quantitative disease-drug-trial model using data from various investigator led
trials, 2.) compare the relative efficacy amongst diverse treatment options, and 3.) validate
the established modeling framework’s ability to use small proof of concept studies to
inform future phase II and phase III clinical trials.
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3.4.3 Methods
3.2.3.1 Data

Longitudinal data were obtained from twelve investigator-led, outpatient, single-center,
randomized, double-blind, flexible dose trials evaluating the efficacy and tolerability of
twelve different drugs for the treatment of BED.71-82 A summary of each trial is available
in Table 3.8. Each study protocol was approved by the University of Cincinnati
Institutional Review Board and patients were appropriately consented before any study
procedure was performed. The drugs included in this analysis were acamprosate,
armodafinil, atomoxetine, citalopram, duloxetine, escitalopram, fluoxetine, lamotrigine,
lisdexamfetamine, sertraline, topiramate, and zonisamide. Data included adult participants
diagnosed with BED by the Diagnostic and Statistical Manual of Mental Disorders, Fourth
Edition criteria and were randomized to active treatment or placebo. Five out of the twelve
trials included a 1 week single blind placebo run in period to ensure patients had a minimum
baseline binge episode frequency per week and/or binge day frequency per week prior to
randomization. Post-randomization phases were between 6-16 week in length. Patients
were not provided with adjunctive psychological interventions. The forced titration dosing
algorithm was followed as per protocol for each study. Study medication dose was
increased based on tolerability. Baseline demographics provided in the analysis dataset
include age, age of BED onset, gender, race, and co-morbid psychiatric disorders.
Laboratory measures such as vital signs, weight, height, body mass index, body fat
percentage, lipid panel, blood pressure, and glucose were also measured at baseline and
every post-randomization visit. Plasma concentrations for potential pharmacokinetic
analysis or to measure medication compliance were not collected in any of the studies.

225

Primary efficacy measure evaluated in this analysis included BEF and BDF during the 7
days before each visit. Details regarding each binge eating episodes, including duration
and amount of food consumed, were recorded by participants in identical take-home
diaries, and then evaluated by an investigator to confirm whether they were in fact true
binge eating episodes. A binge day was defined as a day on which a patient had at least one
binge eating episode. For visits that occurred greater than or less than 7 days after the
previous visit, the number of BEF and BDF were normalized to a weekly frequency.
Secondary efficacy measures collected in the final dataset included the Yale-Brow
Obsessive Compulsive Scale – Modified for Binge Eating (YBOCS-BE) total score and
the Clinical Global Impression – Severity (CGIS) scale score. The YBOCS-BE is a 10 item
clinician rated scale that measures a patient’s obsessive thoughts and compulsive behaviors
towards binge eating. The total YBOCS-BE score can range from 0-40, with higher scores
indicating extreme symptoms.95 The CGIS is a clinician-rated 7 point scale that measures
the severity of a patient’s illness at the time of assessment relative to the clinician’s past
experience with patients with the same diagnosis. Both efficacy measures were recorded
at baseline and at all post-randomization visits.
3.2.3.2 Disease-Drug-Trial Model

A single disease-drug-trial model was developed to describe the time course for weekly
normalized BEF, weekly normalized BDF, and the YBOCS-BE total score. Available
datasets lacked any record of daily binge eating information that could have used to model
daily binge frequencies as a discrete count variable. Furthermore, several patients reported
BEF and BDF in time periods of less than 7 days. Therefore, BEF and BDF were
normalized to seven days and treated as continuous variables. Due to the wide scale range,
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the distribution of YBOCS-BE was assumed to follow a normal distribution and was
considered as a continuous variable.34 The modeling and simulation approach included the
following steps: 1.) develop a disease model utilizing information from patients receiving
placebo across all twelve trials, 2.) develop a uniform disease-dropout model to describe
trial attrition trends, 3.) build upon the disease-trial model by incorporating dose-response
relationships of all twelve drugs to create one final disease-drug-trial model, 4.) qualify the
model using simulations and compare with internal data (internal validation), and 5.)
qualify the model by simulating results of larger phase II and phase III registration trials
to demonstrate model applicability. The rationale for each model component is explained
sequentially below: Disease model: Because patients receiving placebo in clinical trials do
not receive active drug, spontaneous changes in BEF or BDF in the placebo group can be
viewed as a proxy for the natural course for BED. Therefore, the placebo group data from
all twelve studies was used to build a common disease model that described the trend in
the placebo response over time. Different empirical mathematical equations including
variations of the exponential and Weibull models with and without relapse related
parameters were explored as potential structural models to describe longitudinal change in
BEF, BDF, and YBOCS-BE over time.38 Disease-Dropout model: Missing data due to
dropouts could lead to biased interpretations of efficacy and safety. For several psychiatric
conditions, patients are more likely to drop out of a trial if they do not perceive any
improvement in their condition. A previous meta-analysis of eating disorder trials indicated
that dropout rates as high as 73%, with higher dropouts occurring in outpatient settings.42
To predict the unbiased mean change in BEF, BDF, and YBOCS-BE, the probability of
patients dropping out was modeled using parametric time-to-event analysis to estimate the
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hazard of dropout over time. Based on exploratory analysis, exponential and Weibull
hazard models were evaluated.25 To avoid multiple dropout models for each active drug, a
single parametric time to dropout model was developed and estimated simultaneously with
the disease model using only placebo data. The assumption of utilizing a single diseasetrial model will be validated by evaluating if the final disease-dropout model can
adequately capture the dropout trends observed in the other twelve drug placebo arms.
Disease-Drug-Trial model: One of the main objectives of this study is to ascertain the
optimal dose for each drug needed to achieve therapeutic outcomes and to compare
maximal treatment effects and potency across different treatment options. Since
pharmacokinetic information was not collected in any study, a drug specific dose-response
was incorporated into the final disease-trial model. Because all trials utilized employed a
flexible dose study design, discerning a dose-response relationship can be challenging.39-41
Different doses are often given every week and it can be difficult to rule out whether or not
there is a carry-over effect on pharmacodynamic response from previous doses. Delay in
drug effects could be related to failure to achieve pharmacokinetic steady state, the
presence of a time-varying placebo response, or a true delayed drug response attributed to
complex biological pathways. However, a previous disease-drug-trial model case study for
topiramate indicated a lack of a delay between drug administration and achievement of
steady state pharmacodynamic response at each week. Therefore, drug-specific doseresponse relationships were incorporated without a time effect into the final disease-trial
model. Disease parameters were fixed (not estimated) from the final disease-dropout
model. Trial model parameters were re-estimated when exploring the optimal disease-
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drug-trial model. The effect of each drug was added as covariate based on the following
structure:
θ𝑑 = 1 ∙ (α𝑑𝑟𝑢𝑔𝑥 )

where θd is the drug specific population parameter estimate and α𝑑𝑟𝑢𝑔𝑥 is the estimated
coefficient value for each drug. Linear, exponential, and sigmoidal dose-response
relationships were explored additively and proportionally on the disease structural model.
3.2.3.3 Model Development

A non-linear mixed effect modeling approach was used to develop the disease-drug-trial
model using Phoenix NLME version 8.1 (Certara, St. Louis, MO). R software version 3.4.1
(www.r-project.org) was used for graphical exploration, data manipulation, and evaluation
of the results. Inter-invidual variability (IIV) for disease and drug model parameters and
inter-trial variability for disease model parameters were evaluated assuming patient
specific random effects followed a lognormal or normal distribution (Eq 1):
θ𝑖 = θ𝑝𝑜𝑝 ∙ 𝑒𝑥𝑝( ηi+

ηt )

or θ𝑖 = θ𝑝𝑜𝑝 + ηi + ηt

(Eq 1)

Where θi is the individual parameter, θ𝑝𝑜𝑝 is the population mean parameter estimate, ηi is
the patient-specific random effect that is assumed to be normally distributed with a mean
of zero and variance of ωi2, and ηt is the trial-specific random effect that is assumed to be
normally distributed with a mean of zero and variance of ωt2. Correlations amongst random
effects were also tested. Residual unexplained variability (RUV) was included using an
additive structure to account for any unexplained variability in normalized BEF and BDF
and is shown in Equation 2:
𝑦𝑖𝑗 = 𝑦̂
𝑖𝑗 + 𝜖𝑖𝑗
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(Eq 2)

Subject-specific prognostic factors (age, gender, race, co-morbid psychiatric illness,
alcohol abuse, substance abuse, age of BED onset) were included into the final model based
on statistical significance (decrease in objective function value by 3.84 units at α=0.05),
clinical relevance, and model diagnostics. First order conditional estimation with
interaction was used to estimate all disease and drug specific parameters, while the Laplace
method was used to estimate dropout model parameters.
3.2.3.4 Model Qualification

Selection of the final disease-drug-trial model was based on the following criteria:
successful model minimization, comparison of full vs. reduced models using the Akaike
Information Criterion (AIC), comparison of nested models using a statistical significant
decrease in objective function value, visual inspection of goodness of fit and individual
model fit plots, reasonable/plausible parameter estimates and standard errors, and a
mechanistic understanding of parameter estimates. The precision of final model parameters
was obtained using nonparametric bootstrap with replacement using 200 datasets.
Monte-Carlo simulations were performed using 500 identical replicates of the original
dataset with identical baseline demographic and disease characteristic values to obtain
longitudinal normalized weekly BEF, BDF, total YBOCS-BE scores, and probabilities of
trial adherence at each study specific visit. An indicator for the occurrence of a dropout
event was recorded if simulated probabilities were less than a randomly generated number
from a uniform distribution with bounds between 0 and 1. Since each drug utilized a
different dose titration design, for the purpose of simulations, dose titrations for each
patient from the original dataset were also applied to the replicated dataset. It is also
possible that the same patient from the original dataset may drop out at later visits as
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compared to what was observed. Therefore, the last observed dose was carried forward for
any simulated visit time point greater that the observed study endpoint for each patient.
Due to the use of an additive error model, it is possible to obtain weekly BEF and BDF that
are less than zero and weekly BDF greater than 7 and YBOC-BE total scores greater than
40 and less than 0. Therefore, negative frequencies were truncated to zero, weekly BEF
greater than 7 were reduced to 7, weekly BEF were truncated to the maximum observed
BEF from across all studies, and YBOCS-BE total scores were truncated to the maximum
observed YBOCS-BE total score observed across all studies. The 5th, 50th, and 95th
percentiles at each week for model predicted and observed efficacy measures were
obtained and visually compared (visual predictive checks [VPC]) for placebo and each
drug. The corresponding 95% confidence bands were used to assess the uncertainty around
model predictions. The ability to predict clinical therapeutic outcomes was a major
component of model qualification.44 Internal validation of the disease-drug-trial model
involved the use of quantitative predictive check plots (QPC) that assessed for similarity
between simulated vs. observed proportion of patients with 4-week cessation of binges
(zero events of binge eating for at least 4 weeks prior to study endpoint or end of treatment)
and proportion of patients with no response, mild response, moderate response, or complete
remission at study endpoint.43
External qualification of the final disease-drug-trial model was based on showcasing the
ability to describe longitudinal changes in BEF, BDF, and YBOCS-BE in larger phase II
and phase III trials. Average longitudinal profiles from a dose-ranging study and two phase
III studies for lisdexamfetamine were digitized from publicly available FDA review
reports.43 The disease-drug-trial model with lisdexamfetamine drug specific parameters
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was used to simulate efficacy measures based on identical trial elements including sample
size, number of visits, length of study, baseline BED severity, and dose titration scheme
(N=200 trial replications). To preserve the inherent correlation between BEF, BDF, and
YBOCS-BE, a database of baseline efficacy measure combinations was created from each
observed combination in the original database of the 12 investigator led trials. Each set of
baseline severity combinations were categorized by BED severity using the following
definitions: mild: 1-3 binge episodes/week, moderate: 4-7 binge episodes/week, severe: 813 binge episodes/week, or extreme: 14 or more binge episodes/week.4 For the
lisdexamfetamine simulation dataset, baseline combinations that were categorized as
moderate to severe were randomly selected as baseline values for each patient and
replication.
3.2.3.5 Dose-Response Simulations

Drug specific, population average dose-response relationship were simulated using the
average parameter estimates from the final model. Recommended doses for each drug were
selected by demonstrating a clinical meaningful placebo corrected change from baseline in
binge eating days (0.5 binge day/week).96 BDF is currently accepted by the FDA as primary
efficacy variable to represent BED severity and thus selected as the endpoint of interest to
guide dose selection.43 The maximum proportional drug effect (Imax) was undertaken to
compare the relative efficacy amongst individual drugs and groups of drugs by similar
mechanism of action.

232

Key Inclusion
Criteria
Age: 18-65 years
Weight: ≥ 85% of
midpoint of ideal body
weight for height
BEF: ≥ 3 in week prior
to randomization
BDF: ≥ 2 in week prior
to randomization

Age: 18-65 years
Weight: BMI ≥ 25
mg/kg2
BEF: ≥ 3 per week for
the two weeks prior to
randomization

Age: 18-65 years
Weight: ≥ 85% of
midpoint of ideal body
weight for height
BEF: ≥ 3 in week prior
to randomization
BDF: ≥ 2 in week prior
to randomization

Study Drug

Acamprosate
(Nplacebo: 20, NDrug: 20)

Armodafinil
(Nplacebo: 30, NDrug: 30)

Atomoxetine
(Nplacebo: 20, NDrug: 20)
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150 mg/day taken every
morning; if patient had not
stopped binge eating after 4
weeks, dose was increased to
250 mg/day every morning;
dose reduction back to 150
mg/day due to side effects
could occur between week 4
and 10

40 mg/day for first week, at the
beginning of the second week
dose can be increased to 80
mg/day if tolerated, at the
beginning of the third week
dose can be increased to 120
mg/day as tolerated

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

666 mg three times a day for
first 2 weeks; increase as
tolerated to a maximum of 999
mg three times a day or a
minimum of 999 mg daily due
to unwanted side effects

Dose Titration Protocol

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Key Exclusion Criteria

Table 3.8: Summary of investigator-led trials evaluating treatments for BED

1-2 week
screening period
which included a
1-week single
blind placebo run
in

2 week screening
period

1-2 week
screening period
which included a
1-week single
blind placebo run
in

Screening/
Placebo Run-In

10 weeks
(0, 1, 2, 3, 4 ,6,
8, 10)

10 weeks
(0, 1, 2, 3, 4 ,6,
8, 10)

10 weeks
(0, 1, 2, 3, 4, 6,
8, 10)

Trial Length
(Visit Weeks)

Table 3.0.8: Summary of investigator-led trials evaluating treatments for BED
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Key Inclusion
Criteria
Age: 18-60 years
Weight: ≥ 85% of
midpoint of ideal body
weight for height
BEF: ≥ 3 in week prior
to randomization

Age: 18-65 years
Co-morbid Diag: met
DSM-IV criteria for
major depressive
disorder for at least 1
month
BDF: ≥ 2 in week prior
to randomization

Age: 18-60 years
Weight: BMI ≥ 30
mg/kg2
BDF: ≥ 2 in week prior
to randomization

Study Drug

Citalopram
(Nplacebo: 19, NDrug: 19)

Duloxetine
(Nplacebo: 20, NDrug: 20)

Escitalopram
(Nplacebo: 23, NDrug: 21)

30 mg/day for first week,
increase dose to 60 mg/day at
the beginning of second week
as tolerate and continue for at
least 2 weeks; in the absence of
remission of BEF and
intolerable side effects increase
dose to 90 mg/day at beginning
of 4th week and 120 mg/day at
the beginning of the 6th

10 mg/day for the first week,
increase dose to 20 mg/day for
second week and then 30
mg/day for the remainder of the
study if tolerated; dose
reduction to a minimum of 10
mg/day if intolerable

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance or alcohol use
disorder within 6 months of
study entry, lifetime history
of psychotic disorder,
bipolar disorder, dementia,
or other cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 12 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

20 mg/day for the first week,
increase dose to 40 mg for
second week if tolerated, then
increase to 60 mg/day for the
remainder of the study; dose
can be reduced to a minimum
to 20 mg/day due to intolerable
side effects

Dose Titration Protocol

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 12 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Key Exclusion Criteria

Table 3.8: Summary of investigator-led trials evaluating treatments for BED

1 week screening
period

1-2 week
screening period

1-week single
blind placebo run
in

Screening/
Placebo Run-In

12 weeks
(0, 2, 4, 6, 8,
10, 12)

12 weeks
(0, 1, 2, 4 ,6, 8,
10, 12)

6 weeks
(0, 1, 2, 3, 4, 5,
6)

Trial Length
(Visit Weeks)
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Key Inclusion
Criteria
Age: 18-60 years
Weight: ≥ 85% of
midpoint of ideal body
BEF: ≥ 3 in week prior
to randomization

Age: 18-65 years
Weight: BMI ≥ 30
mg/kg2
BDF: ≥ 2 in week prior
to randomization

Study Drug

Fluoxetine
(Nplacebo: 30, NDrug: 30)

Lamotrigine
(Nplacebo: 25, NDrug: 26)

25 mg/day for the first 2 weeks,
then increase dose to 50 mg/day
for the next 2 weeks; on day 28
the dose can increase to 50
twice daily as tolerated; on day
35 the dose can increase to 100
mg twice daily as tolerated; if
no response or inadequate
response is observed by week
6, increase dose to 150 mg
twice daily; if no response or
inadequate response is observed
by week 8 increase to a
maximum of 200 mg twice
daily; no dose changes should
occur between week 12 through
week 16 unless for intolerable
adverse effects; minimum dose
to remain in study was 50
mg/day

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

20 mg/day for the first three
days and increased to 40
mg/day for the next 3 days and
then to 60 mg/day; after 2
weeks with 60 mg/day the dose
can be increased to 80 mg/day

Dose Titration Protocol

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 12 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Key Exclusion Criteria

Table 3.8: Summary of investigator-led trials evaluating treatments for BED

1-2 week
screening period

1-week single
blind placebo run
in

Screening/
Placebo Run-In

16 weeks
(0, 1, 2, 3, 4, 5,
6, 8, 10, 12,
14, 16)

6 weeks
(0, 1, 2, 3, 4, 5,
6)

Trial Length
(Visit Weeks)

236

Key Inclusion
Criteria
Age: 18-55 years
Weight: ≥ 85% of
midpoint of ideal body
BDF: ≥ 3 per week for
2 weeks prior to
randomization

Age: 18-60 years
Weight: ≥ 85% of
midpoint of ideal body
BEF: ≥ 3 in week prior
to randomization

Age: 18-60 years
Weight: BMI ≥ 30
mg/kg2
BDF: ≥ 2 in week prior
to randomization

Study Drug

Lisdexamfetamine
(Nplacebo: 25, NDrug: 25)

Sertraline
(Nplacebo: 16, NDrug: 18)

Topiramate
(Nplacebo: 30 NDrug: 31)

50 mg/day for at least 3 days;
dose increases up to a
maximum of 200 mg/day for
the rest of the postrandomization phase

25 mg/day and for 3 days,
increase to 50 mg for 3 days,
dose increase to 75 or 100 mg
for 2 weeks; if no response,
increase to a maximum of 50
mg/week for 4 weeks to a max
dose of 300 mg/day at 6 weeks;
the dose was increased at a
maximum of 75 mg/week for 4
weeks to a max dose of 600
mg/day at 10 weeks; no change
in dose after 10 weeks

•

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder

•

Substance use disorder
within 6 months of study
entry, unstable bipolar
disorder within the past 3
months, lifetime history of
psychotic disorder, bipolar
disorder

30 mg/day for 1 week, dose
increase to 50 mg/day for 2
weeks, dose increase to 70
mg/day for the remainder of the
study; dose reduction to 30
mg/day if intolerable side
effects present at any time
during post-randomization

Dose Titration Protocol

Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Key Exclusion Criteria

Table 3.8: Summary of investigator-led trials evaluating treatments for BED

2-5 week
screening period

1-week single
blind placebo run
in

2-week
screening period

Screening/
Placebo Run-In

14 weeks
(0, 1, 2, 4, 6, 8,
10, 14)

6 weeks
(0, 1, 2, 3, 4, 5,
6)

12 weeks
(0, 1, 2, 3, 4, 6,
8, 10, 12)

Trial Length
(Visit Weeks)
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Zonisamide
(Nplacebo: 30 NDrug: 30)

Study Drug

Key Inclusion
Criteria
Age: 18-62 years
Weight: BMI ≥ 30
mg/kg2
BDF: ≥ 2 in week prior
to randomization
Concurrent anorexia nervosa
or bulimia nervosa
• Substance use disorder
within 6 months of study
entry, lifetime history of
psychotic disorder, bipolar
disorder, dementia, or other
cognitive disorders
• Received CBT, IPT, or
behavioral weight
management within 3
months of study entry

•

Key Exclusion Criteria
100 mg/day for first 7 days,
dose increase by 100 mg/day
every 7 days to a maximum of
600 mg/day; for last 4 weeks of
the treatment period, dose was
not changed unless a medical
reason necessitated; minimum
dose of 100 mg/day due to
bothersome side effects

Dose Titration Protocol

Table 3.8: Summary of investigator-led trials evaluating treatments for BED
Screening/
Placebo Run-In
1-2 week
screening period

Trial Length
(Visit Weeks)
16 weeks
(0, 1, 2, 3, 4, 5,
6, 8, 10, 12,
14, 16)

3.4.4 Results
A total of 7,443 observations from 527 patients were included for model development.
Dosing information was available at each visit for all studies except for acamprosate.
Therefore, only data from the placebo arm was utilized for the development of the disease
model. It is also important to note that binge day frequency data was not collected in the
study evaluating sertraline. Because exploratory analysis of the lamotrigine study indicated
that the placebo group outperformed the active drug arm, only the placebo arm data was
leveraged for the disease model. Descriptive summary of the baseline demographic
characteristics for each study have been previously reported and not included in this
analysis. Mean observed percent change from baseline in BEF, BDF, and YBOCS-BE over
time plots for patients taking placebo and active drug are provided in Supplementary
Figures 1-3. The mean profiles demonstrate consistent trends in placebo and drug response
over time and on average patients receiving placebo or topiramate reached a
pharmacodynamic steady state at approximately 6-8 weeks. Exploratory analysis suggested
that patients with a higher BEF, BDF, and YBOCS-BE total scores at baseline experienced
a larger change from baseline at study endpoint across all drugs. However, when comparing
baseline scores to percent change from baseline, no trend was observed across all drugs.
3.4.4.1 Disease Model

Supplementary Table 1 provides a summary of placebo models that were explored. Based
on the pre-specified model selection criteria, an exponential model with a linear relapse
parameter best described the change in normalized weekly BEF and BDF over time.
Although there was no significant difference in the objective function value between the
exponential structural model with or without the linear relapse parameter when modeling
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YBOCS-BE, the exponential model with the linear relapse parameter provided better
individual fits and was consistent with the BEF and BDF disease models. Equation 3
describes the final disease structural model where y(t) is the efficacy measure at time t, y0
is the baseline value of each efficacy measure, Pmax is the maximum proportional change
in placebo response, kp is the rate constant associated with the time to achieve maximum
placebo effect, and kr is the linear relapse coefficient. The impact of the placebo effect was
parameterized to be proportional to the baseline frequency based on exploratory findings
as explained before. The patient specific random effects for the baseline frequency, kp, and
kr parameters assumed a log-normal distribution, while for the Pmax parameter, a normal
distribution was assumed to allow for an early increase in binge eating symptoms. The
inclusion of trial specific random effects did not effectively reduce the inter-individual
variability and thus were not included in the final disease model (Supplementary Table 2).

𝑦(𝑡) = 𝑦0 ∙ [1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝−𝑘𝑝 ∙ 𝑡 )] ∙ [1 + (𝑘𝑟 ∙ 𝑡)]

(Eq 3)

Population mean parameter estimates for y0 for weekly normalized BEF, BDF, and
YBOCS-BE disease models were 4.56, 3.91, and 19.8 respectively. This is in agreement
with the average baseline values typically observed across studies

The population

parameter estimates for Pmax, kp, and kr were also similar for BEF and BDF but were lower
for YBOCS-BE (Table 3.9). During model development, no significant covariates were
found to influence placebo effect parameters.
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3.4.4.2 Disease-Trial Model

Various predictors of dropouts were evaluated using exploratory Kaplan-Meier plots and
cox-proportional hazard models. Based on preliminary analysis, the time varying
predictors investigated in the parametric time to dropout model included: observed BEF,
BDF, or YBOCS-BE from the previous visit, change from baseline in BEF, BDF, or
YBOCS-BE from the previous visit, and percent change from baseline in BEF, BDF,
YBOCS-BE from the previous visit. Treatment group (whether a patient was on active drug
or placebo) was not a significant predictor for dropout. Although observed percent change
from baseline in weight was shown to be the main predictor for dropout in previous analysis
for topiramate, weight change was not prevalent in patients receiving placebo.
Furthermore, since reduction in BED symptoms was a significant predictor based on
exploratory analysis, the strongest efficacy measure must be selected. For simulation
purposes, it is only feasible to determine patient dropout based on a single probability and
not three (one for each endpoint). Supplementary Table 1 provides an evaluation of the
different dropout models that were investigated. Model parameter λ is the baseline hazard
of a patient dropout when the predictor of interest is equal to 0, and 𝛽1 represents the
coefficient for the predictor. The final selected dropout model is shown in Equation 4,
where the major predictor for drop out was percent change from baseline in BEF (% CFB
BEF). The final disease and final dropout models were simultaneous estimated and
parameter estimates are provided in Table 3.9. The final disease-trial model suggests that
for every 10% increase in change from baseline in BEF, the hazard for dropout increases
by 10%. Visual predictive checks for the final disease-trial model are provided in
Supplementary Figures 6. Because trial dropouts in placebo arms were adequately captured
across most studies (Supplementary Figure 7) and treatment group was not a significant
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predictor for dropout when evaluated during exploratory analyses, trial specific drop out
models were not created.
ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝[𝛽1 ∙% 𝐶𝐹𝐵 𝐵𝐸𝐹(𝑡)]

(Eq 4)

3.4.4.3 Final Disease-Drug-Trial Model

Although pharmacokinetic data was not collected, different exposure metrics such as
previous daily dose and cumulative dose were tested to best quantify the drug effect. After
adding the active treatment group data to the placebo data, a sigmoidal Imax drug effect
model was found to best characterize the dose-response relationship. The final diseasedrug model is represented Equation 5: where Imax is the maximum proportional change in
drug response, ID50 is the daily dose required to achieve 50% of the maximal drug effect,
and γ represents the shape parameter of the sigmoidal curve. Total daily dose just prior to
each weekly visit was found to be the optimal drug exposure metric. The random effect
model for Imax and γ was assumed to follow a log-normal distribution. Random effects for
ID50 was not included due to model estimation instability. No significant covariates for Imax
or γ were identified. All ID50 values were within the dose ranges utilized for each specific
drug (Table 3.10). Figure 3.15 provides a comparison of the dose-response relationship to
compare potency and maximal proportional drug effects across all studies.
(Eq 5)
∙ 𝐷𝑂𝑆𝐸 𝛾

𝐼

𝑦(𝑡) = 𝑦0 ∙ [1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝−𝑘𝑝 ∙ 𝑡 )] ∙ [1 + (𝑘𝑟 ∙ 𝑡)] ∙ [1 − (𝐼𝐷𝑚𝑎𝑥𝛾+𝐷𝑂𝑆𝐸𝛾)]
50
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3.4.4.4 Final Model Evaluation

Diagnostic plots for the final combined disease-drug-trial model displayed reasonable
agreement between individual predicted versus observed frequencies and no bias trends in
conditional weighted residual versus population predicted frequencies (Supplementary
Figure 6). Individual normalized BEF, BDF, and YBOCS-BE versus time profiles depicts
adequate fitting by the final disease-drug-trial model. Median parameter estimates obtained
from the bootstrap replicates agreed with the final disease-drug-trial models (Table 3.9 and
3.10). VPC plots for the disease-drug-trial model for all three efficacy measures across all
drugs are shown in Figures 3.16-3.18. In addition, model evaluation using QPCs
demonstrated capability of the developed disease-drug-trial model in predicting key
clinical outcomes across all drugs (Supplementary Figures 7 and 8).
The final disease-drug-trial model with lisdexamfetamine drug specific parameters was
used to simulate a phase II dose ranging (Study 208) and two phase III trials (Study 343
and 344).96-98 The final model adequately captured the longitudinal changes in the primary
efficacy measure, BDF, for the placebo group and all three doses evaluated in Study 208
(Figure 3.19). QPC plots also demonstrated that the final model was captured clinically
meaningful endpoints observed from Study 208 (Supplementary Figure 9). However, when
simulating Study 343 and 344, only the longitudinal trend in BDF was captured in the
lisdexamfetamine arm and not the placebo arm (Figure 3.20). The observed placebo
response from baseline to approximately week 3 was similar to the simulated data, after
which the observed placebo response plateaued from weeks 4 to 12 and the simulated
placebo response continued until week 5 and then plateaued off.
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3.4.4.5 Dose Selection and Comparative Relative Efficacy

All recommended doses except for armodafinil, sertraline, escitalopram, and fluoxetine
were approximately within the dose ranges used in each respective study (Figure 3.15).
Lower doses used for armodafinil and escitalopram could explain the negative outcome for
each trial. In the case for sertraline, the relative lower placebo response (percent change
from baseline of approximately 25%) may have contributed to a positive finding, even
though the dose needed is significantly higher than the maximum dose allowed for the
study. Distribution of individual post-hoc maximum drug effect (Imax) values were used to
compare the relative efficacy amongst drugs (Figure 3.21). Imax values for drugs that exhibit
stimulant and anticonvulsive properties on average were higher than antidepressants. This
finding was consistent across all three efficacy measures.
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Table 3.9: Final disease-drug-trial model parameter estimates with nonparametric
bootstrap based 95% confidence intervals (N = 200 replicates)
Parameter
Disease Model
Parameters
y0 (units)
Pmax
kp (week-1)
kr (week-1)
IIV y0 (CV%)
IIV Pmax (SD)
IIV kp (CV%)
IIV kr (CV%)
RUV (additive)
Dropout Model
Parameters
λ0 (week-1)
β1
Non-specific Drug
Model Parameters
IIV Imax (CV%)
IIV γ (CV%)

BEF Model Estimates
(95% CI)

BDF Model Estimates
(95% CI)

YBOCS-BE Model
Estimates (95% CI)

4.56 (4.26 – 4.82)
0.91 (0.88 – 0.94)
0.37 (0.34 – 0.40)
0.07 (0.05 – 0.10)
45.93 (40.20 – 51.51)
0.06 (0.03 – 0.09)
76.74 (53.67 – 88.62)
107.01 (96.57 – 118.32)
1.30 (1.17 – 1.41)

3.91 (3.72 – 4.16)
0.91 (0.88 – 0.94)
0.42 (0.37 – 0.46)
0.09 (0.06 – 0.13)
30.38 (22.68 – 37.12)
0.07 (0.03 – 0.10)
75.66 (61.24 – 84.17)
121.45 (101.6 – 140.56)
0.93 (0.87 – 0.98)

19.79 (19.24 – 20.17)
0.65 (0.59 – 0.69)
0.27 (0.24 – 0.29)
0.007 (0.006 – 0.008)
15.23 (12.64 – 19.58)
0.27 (0.152 – 0.39)
78.80 (67.51 – 89.98)
108.12 (97.71 – 119.57)
3.48 (3.29 – 3.70)

0.047 (0.038 – 0.056)
0.0023 (0.0012 – 0.0060)

61.81 (45.12 – 76.87)
94.82 (84.22 – 105.61)

55.79 (47.23 – 64.79)
84.08 (72.27 – 96.54)

93.75 (85.28 – 101.44)
105.88 (92.77 – 115.32)

BEF: normalized binge eating frequency; BDF: normalized binge day frequency; YBOC: Yale-Brown
Obsessive Compulsive Scale; y0: baseline efficacy; kp: placebo response rate constant; Pmax: maximum
proportional placebo effect; kr: relapse coefficient; ID50: doses needed to illicit 50% of maximum
proportional drug effect; γ: shape parameter (Hill); λ: baseline hazard; RUV: residual unexplained
variability; IIV: interindividual variability; SD: standard deviation; CV%: percent coefficient of variation;
CI: confidence interval
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Table 3.10: Final drug specific disease-drug-trial model parameter estimates with
nonparametric bootstrap based 95% confidence intervals (N = 200 replicates)
Drug

Armodafinil

Atomoxetine

Citalopram

Duloxetine

Escitalopram

Fluoxetine

Lisdexamfetamine

Sertraline

Topiramate

Zonisamide

Parameter

BEF Model
Estimates

BDF Model
Estimates

YBOCS-BE
Model Estimates

Imax

0.79

0.71

0.52

ID50

222.30

264.08

213.51

γ

1.03

1.01

0.98

Imax

0.86

0.88

0.50

ID50

135.32

142.1

150.68

γ

0.98

0.96

1.12

Imax

0.67

0.85

0.31

ID50

48.77

47.19

51.36

γ

0.87

0.86

0.70

Imax

0.76

0.74

0.25

ID50

66.71

61.27

69.32

γ

0.84

0.74

0.86

Imax

0.55

0.57

0.40

ID50

27.50

25.59

28.63

γ

0.91

0.86

0.85

Imax

0.11

0.12

0.39

ID50

97.44

92.01

99.12

γ

0.98

0.94

0.95

Imax

0.91

0.90

0.47

ID50

59.25

64.73

42.04

γ

0.84

0.90

1.10

Imax

0.55

0.53

0.42

ID50

155.15

155.37

101.43

γ

1.08

1.10

1.17

Imax

0.91

0.78

0.56

ID50

204.06

165.93

178.98

γ

1.00

1.11

0.91

Imax

0.95

0.99

0.68

ID50

566.42

373.91

460.26

γ

1.58

1.83

2.29

Imax: maximum proportional drug effect; ID50: dose at which to expect 50% of the maximum proportional
drug effect; γ: shape parameter for the sigmoidal Emax dose-response relationship
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BEF: weekly normalized binge eating frequency; BDF: weekly normalized binge day frequency; YBOCS-BE: Yale-Brown Obsessive Compulsive
Scale total score; Shaded pink regions highlight dosing range used in each specific study; Red horizontal dashed line indicates the drug effect
needed to elicit a clinical meaningful placebo corrected change from baseline of 0.5 binge eating days; Red vertical dashed line represent the
dose needed to elicit a clinical meaningful placebo corrected change from baseline of 0.5 binge eating days

Figure 3.15: Comparison of dose-response profiles amongst various treatments for BED

Figure 3.0.15: Comparison of dose-response profiles amongst various treatments for
BED

246

The final disease-drug-trial models characterizing longitudinal normalized weekly binge episode frequency in patients receiving placebo (N = 200
simulations). Solid and dashed lines represent the observed and model-simulated 5th, 50th, and 95th percentiles. Colored bands demonstrate the 95%
confidence interval for the simulated 5th, 50th, and 95th percentiles.

Figure 3.16: Visual predictive check plot for the final BEF disease-drug-trial model across all drugs

Figure 3.0.16: Visual predictive check plot for the final BEF disease-drug-trial
model across all drugs
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The final disease-drug-trial models characterizing longitudinal normalized weekly binge episode frequency in patients receiving placebo (N = 200
simulations). Solid and dashed lines represent the observed and model-simulated 5th, 50th, and 95th percentiles. Colored bands demonstrate the 95%
confidence interval for the simulated 5th, 50th, and 95th percentiles.

Figure 3.17: Visual predictive check plot for the final BDF disease-drug-trial model across all drugs

Figure 3.0.17: Visual predictive check plot for the final BDF disease-drug-trial
model across all drugs
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The final disease-drug-trial models characterizing longitudinal normalized weekly binge episode frequency in patients receiving placebo (N = 200
simulations). Solid and dashed lines represent the observed and model-simulated 5th, 50th, and 95th percentiles. Colored bands demonstrate the 95%
confidence interval for the simulated 5th, 50th, and 95th percentiles.

Figure 3.18: Visual predictive check plot for the final YBOCS-BE disease-drug-trial model across all drugs

Figure3.0.18: Visual predictive check plot for the final YBOCS-BE disease-drugtrial model across all drugs
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Figure 3.19: Using final disease-drug-trial model to predict Study 208: a phase II
dose ranging study evaluating lisdexamfetamine in patients with moderate to severe
BED

Solid lines represent the observed longitudinal change in the primary efficacy variable, binge day
frequency. Dashed lines represent the simulated median longitudinal trend in binge day frequency. Shaded
bands represent the 95% confidence interval of binge day frequency over time.
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Figure 3.20: Using final disease-drug-trial model to predict Study 343 and 344: two
phase III registration evaluating lisdexamfetamine in patients with moderate to
severe BED
A. Study 343

B. Study 344

Solid lines represent the observed longitudinal change in the primary efficacy variable, binge day
frequency. Dashed lines represent the simulated median longitudinal trend in binge day frequency. Shaded
bands represent the 95% confidence interval of binge day frequency over time.
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BEF: weekly normalized binge eating frequency; BDF: weekly normalized binge day frequency; YBOCS-BE: Yale-Brown Obsessive Compulsive
Scale total score

Figure 3.21: Distribution of individual maximum drug effect (Imax) values across different treatments for BED

Figure 3.0.21: Distribution of individual maximum drug effect (Imax) values across
different treatments for BED
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3.4.5 Discussion
Various drugs have been investigated for BED, but only one is currently approved for
treatment.43 The increasing prevalence of BED calls for the need of more therapeutic
options for patients. However, as with many case examples, psychiatric drugs that have
shown promise in early studies rarely make it to market. Advanced quantitative methods
are frequently utilized to make key “go” or “no-go” decisions for drugs undergoing
development. Disease-drug-trial frameworks provides an understanding of the natural
progression of disease, drug behavior in select populations, and how patients perform
during clinical trials.23 To the authors’ knowledge, this research provides the first
comprehensive, quantitative approach that leverages the largest existing investigator-led
clinical trial database for BED. The developed disease-drug-trial model adequately
characterized longitudinal changes in three commonly used endpoints (BEF, BDF, and
YBCOS-BE), described the dose-response relationship for 10 different drugs, and
predicted the probability of patient dropouts in short-term clinical trials.
Meta-analyses using systematic literature reviews have been the traditional method of
choice to compare different treatments for a specific disease. Summary estimates for
comparison are generated from pooling of multiple primary studies since individual-level
data is often not-available.99 However, the results of these analyses are typically biased by
different doses administered to patients, patient dropouts, and different trial lengths.
Model-based meta analyses have been used previously as a means to compare efficacy and
safety amongst multiple treatments, but still at the study level.100 When compared to
classical meta-analytical method, model based approaches incorporate pharmacological
principles related to dose, time, and trial design. The present disease-drug-trial model based
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analysis incorporated differences in study design, duration, dose administration,
demographic characteristics, and patient dropouts to ultimately compare the relative
efficacy of drugs to treat BED by pooling information at the patient level. This approach
can account for the correlation between repeated observations for the same patient in each
trial. Model based meta analyses based on trial summary data typically have a limited
ability to estimate covariate effects compared to pooled analyses using individual patient
data. Individual patient data can also enable the characterization of non-linear and time
dependent treatment effects. Furthermore, analysis done at the individual level can
circumvent publication and reporting biases associated with aggregate trail summaries.
Analysis of individual dose-response information allowed for the estimation of population
dose-response parameters that were used as a basis to compare efficacy. For the purpose
of this analysis, Imax, or the maximum drug effect was chosen as the parameter of interest
for comparison. Imax directly related to the efficacy of the drug, while ID50 relates to the
drug potency (effect of drug in relation to its dose). When comparing relative efficacy, Imax
is favored over ID50 because one can simply increase the dose of a less potent drug to obtain
the effect seen of a more potent drug. In this analysis, the Imax values are in terms of the
maximum proportional effect of drug to baseline and the placebo effect. These results
suggest that the highest effect when using BEF or BDF as the primary endpoint is observed
with zonisamide and the lowest effect with fluoxetine. Comparison of population Imax
parameter also indicated that anticonvulsants (zonisamide, topiramate) and stimulants
(lisdexamfetamine, armodafinil, and atomoxetine) exhibit higher drug effects as compared
to antidepressants (fluoxetine, escitalopram, citalopram, duloxetine, and sertraline).
Previously reported network meta-analyses have corroborated the finding that
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lisdexamfetamine

improves

BED

outcomes

compared

to

second

generation

antidepressants.93,94 Stimulants exert their effects by releasing and inhibiting the uptake of
norepinephrine. This results in reduced appetite, weight loss, and improved cognitive
control.79 In contrast, most antidepressants are considered to be weight neutral, while some
are known to increase weight in patients. Changes in weight can influence one’s self-image,
perception of body shape and weight, and disinhibition, which could improve BED
pathology.53 Further analyses also indicate a disconnection between weight loss and
reduction in weekly BEF/BDF across all drugs. In patients receiving placebo, even though
decreases in BEF and BDF were observed, there was no significant reduction in weight
(Supplementary Figure 10). For those receiving lisdexamfetamine, topiramate, zonisamide,
and atomoxetine, changes in normalized BEF and BDF was highly correlated with weight
loss in the first 4 weeks of treatment after which, weight loss continued in the presence of
a stabilized binge episode/binge day frequencies. By combining this knowledge, drugs with
stimulant like properties that induce weight loss may be promising to treat BED.
Nonetheless, this analysis did not identify any subpopulations that may benefit with one
drug over another. Therefore, having alternative treatment options can increase the
probability of treatment success for an individual patient.
Failure to utilize prior knowledge to inform future trials is a known predictor for drug
development failure. Confirmation of the developed BED disease-drug-trial model to
predict future pivotal studies was an important objective of this analysis. Only summary
level clinical trial data was available from 3 studies used to substantiate evidence of
efficacy for the lisdexamfetamine BED drug development program.96-98 Each study
randomized approximately 400 patients to drug or placebo and evaluated reduction in BDF
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as their primary efficacy measure. Using the same trial design elements and dosing
administration, the final BDF disease-drug-trial model adequately captured trial results
from Study 208, a dosing ranging study that evaluated fixed doses of 30, 50 and 70 mg/day.
This suggests that the placebo response and dose-response relationship quantified in the
smaller investigator led trial was similar to the dose ranging study. However, when
applying the same principle to Study 343 and 344, two flexible dose trials, only the
longitudinal trends in the drug group was adequately captured. This discrepancy was also
observed with the BEF and YBOCS-BE efficacy measures. The disease-drug-trial model
assumes that the placebo effect and drug effect components contribute together to the total
drug effect. Therefore, the inability to capture the longitudinal placebo response in both
studies, while the simulated drug response was similar, is unclear. Relatively low dropouts
were observed in the placebo arms across both studies (~15% of patients). Although a
uniform dropout model was developed to estimate dropout probabilities in all BED trials,
preliminary analysis demonstrated that dropout probabilities were well predicted in the
lisdexamfetamine investigator led trial. Because the main predictor of interest was not
specific to treatment arm, any bias attributed to dropout would have been seen in both the
lisdexamfetamine and placebo arms in Study 343 and 344. One could argue that the
disagreement could stem from the use of multiple trial sites and enrollment of patients
from different regions outside the US. Analysis of the combined phase III data indicated
that the mean changes in BDF was greater in US patients in comparison to non-US patients
(-1.6 vs. -0.5).43 However, the number of patients in the non-US subgroup was
approximately 10% of the total sample size and may not explain most of the observed
difference (Supplementary Figure 11). Previous studies also have reported that number of
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treatment arms could play a role in moderating placebo response. Study 208 randomized
patients into four study arms, whereas Study 343 and 344 only had two. Although the larger
placebo response in Study 208 agrees with the acknowledged predictor, the investigator
led trial that was used to develop the disease-drug-trial model also evaluated only two study
arms. Furthermore, all baseline characteristics were similar between the dosing ranging
study and the two phase III trials. In order to evaluate if the difference in placebo response
was attributed to trial conduct related issues associated with conducting larger phase III
trials versus phase II and investigator led trials, digitized data from Study 321 of the
ongoing dasotraline development program was analyzed (Supplementary Figure 12).101
Observed placebo response from Study 321 was also adequately captured by the simulated
placebo response. The observed placebo response was similar to observed placebo
response from the lisdexamfetamine investigator led trial and Study 208. It is uncertain if
functional unblinding due to secondary effects of lisdexamfetamine can be ruled out from
any of the studies.
This study had several challenges that should be addressed. The disease model was
fundamentally based on the placebo response data. It is very difficult to parse out the
natural disease course from the large observed placebo effects due to other contributing
factors such as individual regression towards the mean natural state, external factors
leading to symptom fluctuation, and/or concurrent psychological intervention.50,51 In
addition, the dose-response relationship was estimated under the assumption that there is
no confounding time effect. Although a majority of drugs used in this analysis achieve
pharmacokinetic steady state at approximately 1 week, drug such as fluoxetine and
citalopram have much longer half-lives and could possibly take more than 2 weeks to
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achieve steady state. However, information available during the taper period for citalopram
suggested a rapid increase in BEF and BDF after just one week. This may indicate a lack
of delay between drug exposure and response when observed at weekly intervals.
Furthermore, a common disease model was utilized to predict placebo response across all
studies. Study-specific placebo response parameters could provide a more accurate
interpretation of the individual drug effects. However, when estimating the disease model
with pooled placebo data, no significant covariates were identified to explain the variability
on any model parameter. In general, the trial design and patient population was fairly
similar across all investigator led trials. Supplementary Figure 13 provides a visualization
of the longitudinal trends in the placebo response over time across all studies. This
suggested that trajectory in placebo response was relatively similar across all trials. In
addition, exploratory analysis indicated that using either study specific placebo corrected
percent change from baseline or average placebo corrected percent change from baseline
demonstrated similar drug effects (Supplementary Figure 14). During model development,
the inclusion of trial specific random effects did not reduce the variability at the individual
patient level. When ITV was ignored, it is assumed that the estimated ITV was incorporated
into the RUV. However, in the previous case-study for topiramate, the IIV and RUV
estimated on disease model parameters was similar to the IIV and RUV estimated from
this pooled analysis.84 For the purpose of clinical trial simulations, the inflated IIV provides
a conservative scenario for sample size estimation and could potentially prevent
underpowered studies.
The proposed quantitative disease-drug trial modeling framework can be utilized to inform
future trials. Parameter estimates for the final BDF and BEF models suggest similarity in
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placebo response and dose-response. Given that weekly BEF and BDF are highly
correlated, it is not surprising to see similar parameter estimates. Therefore, either weekly
BEF or BDF could be used as primary endpoints. Sample size calculations for future
clinical trials based on either endpoint should lead to similar results. However, difficulties
in understanding when the time of onset and length of an episode may warrant the use of
binge eating days as a more valid primary endpoint. Because steady state
pharmacodynamic response was observed by week 6, shortened trial durations of six-eight
weeks could potentially lead to decreased patient dropouts and trial costs. Optimal doses
identified in this study could assist with repurposing several drugs. For drugs currently in
development for BED with a similar mechanism of action to one of the drugs utilized in
this study, drug specific parameter estimates can be leveraged to inform key “go” or “nogo” decisions. Further research is needed to characterize the exposure-safety relationship
in BED patients in order to optimize doses from an efficacy and safety point of view.
In conclusion, the comprehensive disease-drug-trial model based individual patient level
meta-analysis provided clear insights into the relative efficacies across drugs with different
mechanisms of action. Drugs with stimulant-like properties exhibited larger drug effects as
compared to antidepressants. Knowledge pertaining to placebo response and dose-response
relationships obtained from investigator led trials was also successfully applied to confirm
results from larger late phase clinical trials. Future research on applying the disease-drugtrial framework to optimize BED clinical trial elements will assist in increasing the
probability of trial success and bring additional diverse treatment options for patients.
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3.4.6 Supplementary Figures
Supplementary Figure 3.8: Average percent change from baseline in weekly
normalized binge eating frequency (BEF) vs. time profiles by study
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Supplementary Figure 3.9: Average percent change from baseline in weekly
normalized binge eating frequency (BDF) vs. time profiles by study
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Supplementary Figure 3.10: Average percent change from baseline in Yale Brown
Obsessive Compulsive Scale total score for Binge Eating (YBOCS-BE) vs. time
profiles by study
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Supplementary Figure 3.11: Visual predictive check plot for the BEF disease-trial
model

The final disease-trial models characterizing longitudinal normalized weekly binge episode frequency in
patients receiving placebo (N = 200 simulations). Solid and dashed lines represent the observed and
model-simulated 5th, 50th, and 95th percentiles. Colored bands demonstrate the 95% confidence interval
for the simulated 5th, 50th, and 95th percentiles.

Supplementary Figure 3.12: Visual predictive check plot for dropouts using the
final disease-trial model across different drugs

Solid lines represent observed dropout probability, while dashed lines represent the median simulated
dropout probabilities using disease-trial model. Shaded bands represent the 95% confidence band around
the simulated dropout probabilities.
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Supplementary Figure 3.13: Diagnostic goodness of fit plots for the BEF final
disease-drug-trial model
A. Binge eating frequency model

A. Binge day frequency model

A. YBOCS-BE model
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Pink shaded histograms and dashed lines represent the distribution and observed proportion of patients with 4-week cessation of
binges in the drug group, respectively; Grey shaded histograms and dashed lines represent the distribution and observed proportion of
patients with 4-week cessation of binges in the placebo group, respectively;

Supplementary Figure 3.14: Quantitative predictive check plot for 4-week cessation of binges using the final
disease-drug-trial model (N=200 simulations)00
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Pink points and error bars represent the median and 95% confidence interval of simulated proportion of responders receiving active drug in each
category, respectively. Grey points and error bars represent the median and 95% confidence interval of simulated proportion of responders
receiving placebo drug in each category, respectively.

Supplementary Figure 3.15: Responder’s analysis quantitative predictive check plot using the final disease-drugtrial model (N=200 simulations)
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Shaded histograms and dashed lines represent the distribution and observed proportion of patients with 4-week cessation of binges in
each drug group, respectively;

Supplementary Figure 3.16: Quantitative predictive check plot for 4-week cessation of binges using the final
disease-drug-trial model to predict Study 208 (N=200 simulations)

Supplementary Figure 3.17: Change from baseline in weight across different drugs
evaluated for BED

Supplementary Figure 3.18: Least squared mean difference (95% CI) in change
from baseline at week 12 in number of binge days per week by subgroup – FAS
(Study 344)
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Supplementary Figure 3.19: Change from baseline binge day frequency across proof of concept, phase
II, and phase III trials for lisdexamfetamine and dasotraline

Supplementary Figure 3.20: Comparison of percent change from baseline in mean
normalized binge episodes in patients receiving placebo across twelve different
investigator led-trials
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Supplementary Figure 3.21: Comparison of using study-specific placebo response or
average placebo response across twelve investigator led trials to determine the
maximum proportional drug effect
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3.4.7 Supplementary Tables
Supplementary Table 3.2: Final model selection
AIC - BEF

AIC - BDF

AIC - YBOCS

8184.7

6321.5

11762.6

8010.3

6291.15

11747.2

8015.6

6301.9

11742.5

7901.5

6190.9

11690.3

Disease Model
Exponential Model (Additive):
𝑦(𝑡) = 𝑦0 −( 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))
Exponential Model (Proportional):
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))
Weibull Model:
𝑡 𝑃𝑂𝑊

𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −(𝑇𝐷)

))

Exponential Model (Proportional) with Linear Drift :
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙ (1 + (𝑘𝑟 ∙ 𝑡))
Dropout Model

Akaike Information Criterion (AIC)

Exponential Hazard Model: ℎ(𝑡) = λ

975.9

Exponential Hazard Model with Change from Baseline in
BEF as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝[𝛽1 ∙%𝐶𝐹𝐵 𝐵𝐸𝐹(𝑡−1)]
Exponential Hazard Model with Change from Baseline in
BDF as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝 [𝛽1 ∙%𝐶𝐹𝐵 𝐵𝐷𝐹(𝑡−1)]
Exponential Hazard Model with Change from Baseline in
Weight as a Predictor: ℎ(𝑡) = λ ∙ 𝑒𝑥𝑝[𝛽1 ∙%𝐶𝐹𝐵 𝑌𝐵𝑂𝐶(𝑡−1)]
Disease-Drug-Trial Model
Linear Drug Effect Model:
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ))
∙ (1 + (𝑘𝑟 ∙ 𝑡)) ∙ (1 − 𝐷𝑟𝑎𝑡𝑒 ∙ 𝑡)
Additive Emax Drug Effect Model:
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 ) −
(

𝐼𝑚𝑎𝑥 ∙ 𝐷𝑂𝑆𝐸
𝐼𝐷50 +𝐷𝑂𝑆𝐸

𝐼

∙ 𝐷𝑂𝑆𝐸

𝐼𝐷50 +𝐷𝑂𝑆𝐸

) ) ∙ (1 + (𝑘𝑟 ∙ 𝑡))

Emax Drug Effect Model with Hill Coefficient
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙
(1 − (

𝐼𝑚𝑎𝑥 ∙ 𝐷𝑂𝑆𝐸 𝛾
𝐼𝐷50 𝛾 +𝐷𝑂𝑆𝐸

930.7
935.4

17121.2

14561.3

26197.3

16987.1

14117.1

23219.8

16910.6

14109.7

23266.6

16840.8

14010.6

22919.9

)) ∙ (1 + (𝑘𝑟 ∙ 𝑡))

Proportional Emax Drug Effect Model:
𝑦(𝑡) = 𝑦0 ∙ (1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝 −𝑘𝑝 ∙ 𝑡 )) ∙
(1 − ( 𝑚𝑎𝑥

922.5

)) ∙ (1 + (𝑘𝑟 ∙ 𝑡))
𝛾

BEF: normalized binge eating frequency; BDF: normalized binge day frequency; YBOC: Yale-Brown
Obsessive Compulsive Scale; y0: baseline efficacy; Prate: linear placebo response rate; kp: placebo response
rate constant; Pmax: maximum proportional placebo effect; TD: time to 63.2% placebo effect; POW:
Weibull shape parameter; kr: relapse coefficient; Drate: linear drug response rate; Imax: maximum
proproportional drug effect; ID50: doses needed to illicit 50% of maximum proportional drug effect; γ:
shape parameter (Hill); CFB: change from baseline; λ: baseline hazard; β1: covariate coefficient
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Supplementary Table 3.3: Binge eating frequency model estimation with and
without specifying between-trial variability
BSV for Placebo Response
Parameter

Estimation without
Between Trial Variability

Estimation with Between
Trial Variability

IIV y0 (CV%)

45.9%

46.5%

IIV Pmax (CV%)

6.9%

7.1%

IIV kp (CV%)

76.8%

68.7%

IIV kr (CV%)

108%

124%

BTV y0 (CV%)

-

5.4%

BTV Pmax (CV%)

-

7.5%

BTV kp (CV%)

-

54%

BTV kr (CV%)

-

119%

IIV: inter-individual variability; BTV: between trial variability; y0: baseline efficacy; Prate: linear placebo
response rate; kp: placebo response rate constant; Pmax: maximum proportional placebo effect; TD: time to
63.2% placebo effect; POW: Weibull shape parameter; k r: relapse coefficient
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Chapter 3.5: Optimizing Binge Eating Disorder Clinical Trial Design Elements to
Increase Probability of Success
3.5.1 Abstract
Given the need to increase the efficiency of BED drug development, optimizing clinical
trial design elements could increase the probability of success for future trials. Clinical trial
simulations are frequently used to apply previous experience gained from earlier studies to
inform future trials. The primary objective of the present analysis is to leverage the existing
disease-drug-trial model to propose an efficient clinical trial design by optimizing the
following elements: 1.) trial duration, 2.) primary clinical endpoint, 3.) statistical methods
to demonstrate efficacy, and 4.) methods to enrich the net treatment effect signal. Initial
exploratory analysis of the data was performed to evaluate the influence of trial duration
and primary clinical endpoint on probability of trial success. Two hundred virtual clinical
trials were designed to evaluate each trial design element scenario. Different primary
efficacy measures (binge eating frequency, binge day frequency, and the Yale-Brown
Obsessive Compulsive Scale total score) and statistical analysis procedures to demonstrate
evidence of drug efficacy (two-sample t-test, MMRM based analysis, and dose-response
model based analysis) were compared relative to sample size requirements. Three different
enrichment trial designs (placebo run-in, drug run-in, and sequential parallel comparison
design) were also explored. Result suggested the weekly normalized binge day frequency,
shorter trial lengths, and a dose-response model based analysis provided the highest
statistical power. Although placebo run-in and SPCD trial designs also demonstrated
higher statistical power, the increase number of patients required to be screen and the lack
of a significant signal enrichment may prevent their use in future trials.
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3.5.2 Introduction
In 2013, binge eating disorder (BED) was officially recognized as an illness that is
characterized as the recurrence of distressing binge episodes without the compensatory
weight loss behavior. An estimated 2.8 million patients suffer with BED in the US alone.102
The mean persistence of BED is approximately 16 years and can occur in all age groups
and races. Analysis of a US commercially insured population suggests that the average
adjusted annual cost for adult patients is estimated to be upwards of $31,000.103,104 This is
most likely attributed to the fact that 80% of patients with BED will meet the clinically
accepted criteria for other psychiatric disorders. A recent online survey by the National
Eating Disorders Association indicated that only 3% of adults in the US who met the
criteria for BED reported receiving a diagnosis.105,106 The goals for treatment include the
reduction in binge eating episodes, weight loss and improved metabolic health, and
controlling co-morbid psychiatric conditions.12 Of those diagnosed, only 43% of patients
with BED will receive treatment. However, currently only one drug (lisdexamfetamine) is
currently approved by the US Food and Drug Administration (FDA) for the treatment of
moderate to severe BED.13 Given that BED is now recognized as a psychiatric condition,
an open market space exists for the development of newer treatment options for patients
who may not respond to currently available therapies.
Increased placebo response, poor characterization of exposure-response relationships, high
trial attrition rates, and among all, a lack of clear mechanistic understanding of the
underlying pathophysiology has led to several negative clinical trials for BED.3
Investigated treatment options for BED include stimulants (dasotraline, atomoxetine,
armodafinil, methylphenidate), anticonvulsants (topiramate, zonisamide, lamotrigine),

275

antidepressants (sertraline, fluoxetine, duloxetine, citalopram, escitalopram), antiaddictive agents (acamprosate, samidorphan, disulfiram), and weight loss agents
(sibutramine, orlistat, liraglutide, phentermine, naltrexone/bupropion).3,13 Although
investigator-led trials compose of most of the available data to date on treatments for BED,
only a few have progressed through drug development. Hence, most BED treatment
options are used off-label. Experts predict that the BED market is expected to grow
exponentially over the next ten years across the seven major markets.
Most BED treatments are evaluated in randomized, double-blind, placebo controlled
clinical trials of 6-16 weeks in duration. Efficacy measures that are often measured include
normalized weekly binge eating frequency (number of binge episodes per week - BEF),
normalized binge day frequency (number of days with at least one binge episode – BDF),
and the Yale-Brown Obsessive Compulsive Scale score (YBOCS-BE). The YBOCS-BE is
a 10 item clinician rated scale that measures a patient’s obsessive thoughts and compulsive
behaviors towards binge eating. The total YBOCS-BE score can range from 0-40, with
higher scores indicating extreme symptoms.95 Details regarding each binge eating episodes,
including duration and amount of food consumed, are recorded by patients in standardized
take-home diaries. Patient reported binge episodes are then adjudicated by an investigator
to confirm a true binge event. Most investigator led trials utilize flexible dosing
administration, whereby the dose is forced titrated based on tolerability. By having patients
on their individual maximum tolerated dose, the signal for efficacy can be strengthen and
allow for key “go” or “no-go” decisions to be made. Several trials have also attempted to
investigate the effect of a drug on specific subpopulations, such as depressed patients,
obese patient, or a BED severity group.75,78,81 Primary efficacy analysis is conducted using
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a “mixed models for repeated measures” (MMRM) approach over all post-baseline visits
during the double blind treatment phase, with change from baseline in the efficacy measure
as the primary outcome variable of interest. Secondary clinical meaningful endpoints
include proportion of subjects with 4-week cessation of binge eating for the last 28 days
prior to study endpoint, percent change from baseline in body weight, and/or change from
baseline in triglycerides.43
Given the need to increase the efficiency of BED drug development, optimizing clinical
trial design elements could increase the probability of success for future trials. The ICH E8
and E9 guidance on clinical trials emphasize the need for thorough trial planning.107,108
Appropriate study designs should be chosen to address key scientific questions. Selection
of subjects, control group, number of subjects, response variables, and methods to
minimize bias should be guided by previous knowledge of the intervention and disease
state. From a statistical point of view, the estimand (i.e. what is to be estimated) and
estimator (i.e. main analytical approach) will often be guided by key scientific questions
that a proposed trial aims to answer. In particular, the estimand reflects the target
population, primary efficacy variable, specification for inter-current events, and a
population-level summary for comparison.107,108
Clinical trial simulations are frequently used to apply previous experience gained from
earlier studies to inform future trials. The development of disease-drug-trial models that
capture disease progression, placebo response, exposure-response relationships, and trial
characteristic (e.g. dropouts, compliance) are often used as the basis for simulations. In a
previous analysis by Kalaria et al, a BED specific disease-drug-trial model was developed
to predict longitudinal changes in BEF, BDF, and YBCOS-BE.84 The pre-established
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model could be utilized to predict outcomes of various trial designs. Therefore, the primary
objective of the present analysis is to leverage the existing disease-drug-trial model to
propose an efficient clinical trial design by optimizing the following elements: 1.) trial
duration, 2.) primary clinical endpoint, 3.) statistical methods to demonstrate efficacy, and
4.) methods to enrich the net treatment effect.
3.5.3 Methods
3.5.3.1 BED Database

A large BED clinical trial database consisting of twelve investigator led trials, twelve
different active treatments, 527 patients, and 7,443 longitudinal observations was utilized
for this analysis. All trials were conducted at a single outpatient center site and a summary
of each trial is available in Table 3.8. Each study protocol was approved by the University
of Cincinnati Institutional Review Board and patients were appropriately consented before
any study procedure was performed.71-82 The drugs included in this analysis were
acamprosate, armodafinil, atomoxetine, citalopram, duloxetine, escitalopram, fluoxetine,
lamotrigine, lisdexamfetamine, sertraline, topiramate, and zonisamide. Baseline
demographics provided in the analysis dataset include age, age of BED onset, gender, race,
and co-morbid psychiatric disorders.
3.5.3.2 Non-Simulation Based Exploratory Analysis

Prior to using simulations to select optimal trial design elements, a thorough exploratory
analysis of the data was performed to evaluate the influence of trial duration and primary
clinical endpoint on probability of trial success. Initially, longitudinal mean plots of change
from baseline for each clinical trial efficacy measure were explored to assess trends in
placebo and active drug response across all drugs. This would allow for a visual inspection
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of the data to understand whether a plateauing effect occurred at after a specific timepoint
or if the change in BED severity continually progressed in each study arm. Scatterplot
matrices were also created to analyze the correlation between change from baseline for
each efficacy measure at different timepoints (2, 4, 6, 8, 10, and 12 weeks). Due to the
regulatory acceptance of registration trials to support the approval of lisdexamfetamine, a
maximum of twelve weeks was considered for this analysis.43 When considering a shorter
trial duration, it is also important to evaluate if the primary endpoint is statistically
significant at earlier time points as compared to the generally accepted trial duration. The
placebo corrected least square mean change from baseline in each efficacy measure was
estimated using an MMRM based analysis for each included study. The MMRM model
included fixed effect for treatment group, visit week, interaction of treatment group and
visit week, and baseline BED severity corresponding to the endpoint of interest as
displayed in Equation 1:
𝑦𝑖𝑗𝑡 = 𝑉𝐼𝑆𝐼𝑇𝑡 + 𝑇𝑅𝑇𝑗 + (𝑉𝐼𝑆𝐼𝑇𝑡 ∙ 𝑇𝑅𝑇𝑗 ) + 𝐵𝑆𝐿_𝐵𝐸𝐷_𝑆𝐸𝑉𝑖 + 𝑆𝑖 + 𝜀𝑖𝑡

(Eq 1)

where yijt is the change from baseline for each patient i, in treatment group j, at visit week
t. TRT and VISIT represents the treatment group for each patient and the visit week for
each observation. BSL_BED_SEVi is the baseline BED severity of the efficacy variable of
interest for each subject. Si and εit represent the random effect for each patient (patient
specific deviation from in intercept) and subject specific residual error at each visit. An
unstructured covariance matrix was used to estimate patient specific random effects. A
positive significant result was noted if the upper band of the 95% confidence interval of
the placebo corrected least square mean change from baseline at each visit week of interest
was less than 0. A concordance matrix was generated to compare visit weeks 2, 4, 6, 8, and
279

10 with the results at 12 weeks. The probability of concordance was calculated using
Equation 2:
𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 =

# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑒𝑠𝑢𝑙𝑡𝑠+# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑟𝑒𝑠𝑢𝑙𝑡𝑠
# 𝑜𝑓 𝑡𝑟𝑖𝑎𝑙𝑠

(Eq 2)

.
3.5.3.3 Disease-Drug Model

A BED disease-drug model was used to simulate placebo response and drug response for
different clinical trial design scenarios. The development of the model and model
parameter estimates are described in detail by Kalaria et al, and is represented in Equation
3:84
(Eq 3)
∙ 𝐷𝑂𝑆𝐸 𝛾

𝐼

𝑦(𝑡) = 𝑦0 ∙ [1 − 𝑃𝑚𝑎𝑥 ∙ (1 − 𝑒𝑥𝑝−𝑘𝑝 ∙ 𝑡 )] ∙ [1 + (𝑘𝑟 ∙ 𝑡)] ∙ [1 − (𝐼𝐷𝑚𝑎𝑥𝛾+𝐷𝑂𝑆𝐸𝛾)]
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where Imax is the maximum proportional change in drug response, ID50 is the dose required
to achieve 50% of the maximal drug effect, DOSE is the total daily dose just prior to each
visit, and γ represents the shape parameter of the sigmoidal curve. Random effect model
for kp, kr, Imax and γ was assumed to follow a log-normal distribution, while random effects
form Pmax was assumed to follow a normal distribution. For the purpose of this analysis,
one set of parameter estimates will be used to simulate longitudinal BEF, BDF, and
YBOCS-BE (Table 3.11). The drug-specific parameter estimates were chosen to reflect
similar estimates observed with topiramate in a previous analysis.84 In order to understand
the impact of dose on the magnitude of drug effect and trial efficiency gains, three different
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doses equivalent to 1x (200 mg), 1.25x (250 mg), and 1.5x (300 mg) of topiramate’s ID50
mean parameter estimate were investigated.
3.5.3.4 Optimizing of Trial Design Elements

Based on the results from exploratory analysis, an acceptable trial duration cutoff will be
determined for simulation. Two hundred virtual clinical trials were designed to evaluate
each trial design element scenario. The design of the simulated trials was similar to that of
the observed trials. To preserve the inherent correlation between baseline BEF, BDF, and
YBOCS-BE, a database of observed baseline efficacy measure combinations was created
from patients in the original dataset. Each set of baseline severity combinations were
categorized by BED severity using the following definitions: mild: 1-3 binge
episodes/week, moderate: 4-7 binge episodes/week, severe: 8-13 binge episodes/week, or
extreme: 14 or more binge episodes/week.4 Baseline combinations that were categorized
as moderate to severe were randomly selected as baseline values for each patient and
replication. Patients randomized to the treatment arm were also assumed to initiate with
their intended dose without being titrated.
Different statistical analysis procedures to demonstrate evidence of drug efficacy included:
1.) two-sample t-test, 2.) MMRM based analysis, and 3.) dose-response model based
analysis. The description of each analytical procedure is summarized in Table 3.12. The
MMRM based analysis utilized Equation 3 to evaluate placebo-corrected change from
baseline at each trial endpoint. The dose-response model based analysis consisted of using
the linear regression represented in Equation 4 below:
𝑦𝑖 = 𝛽0 + 𝛽1 ∙ 𝐷𝑂𝑆𝐸𝑖 + 𝛽2 ∙ 𝐵𝑆𝐿_𝐵𝐸𝐷_𝑆𝐸𝑉𝑖 + 𝜀𝑖
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(Eq 4)

where the outcome yi is the change from baseline in the efficacy measure for the i-th
patient, β0 is the model intercept (i.e. the mean change from baseline in the efficacy measure
for patients receiving placebo), β1 represents the slope for the dose-response relationship,
β2 represents the slope for baseline BED severity, and 𝜀 is the residual error for the i-th
patient assuming a normal distribution. Preliminary empirical sample size calculations
were undertaken using the t-test and MMRM based methodologies to estimate the range of
sample sizes for simulation. The same clinical trial replication set of 200 trials was
subjected to the different analytical methods. Sample size per treatment arm to achieve
90% power was used as the metric for optimization. Patient dropouts were not taken into
consideration when making comparison across different trial design scenarios. Multiplicity
and inflated type I error rate due to statistical testing for multiple drugs was addressed using
the Bonferroni correction (alpha/3).
3.5.3.5 Trial Design to Enrich Efficacy Signal

Trial enrichment strategies are frequently used to help facilitate signal detection and
improve overall trial efficiency. Utilizing a patient’s own response pattern can serve as a
powerful tool to predict future response in a trial. Results from the exploratory analysis
will indicate the earliest visit week that demonstrates a high correlation with the endpoint
of interest at week 12. This information could provide insight into the length of a potential
run-in period. Three different trial designs will be used to evaluate a patient’s early
responder status for potential exclusion from randomization: the “placebo run-in”, “drug
run-in”, and sequential parallel comparison design (SPCD). In the placebo run-in design,
all patients are assigned to placebo for a relatively short amount of time and only those
who did not experience a minimal response are excluded from randomization. Non-
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responders are then enrolled into the double-blind placebo-controlled phase and followed
until the end of post-randomization phase.110 In the drug run-in design, all patients are
assigned to active drug for a relatively short amount of time and only responders are
enrolled into the double-blind placebo controlled phase. Non-responders are then
randomized to active drug or placebo and followed until the end of post-randomization
phase.110 The SPCD study is conducted in two treatment stages of equal or unequal
duration. In the first stage, patients are enrolled into a double-blind placebo controlled
phase. A larger allocation of patients are randomized to the placebo group as compared to
the active drug group in this initial stage. At the end of the first stage, placebo nonresponders are re-randomized and enrolled into a second double-blind placebo, controlled
phase. All other non-randomized patients continued their assigned treatment.111 An average
test statistic is estimated using results from both stages to determine if the active drug was
efficacious (Eq 5). 𝛿̂1 is the difference in mean change from baseline to the end of stage I
between treated and placebo patients, 𝛿̂2 , is the difference in mean change from stage II
baseline to the end of stage II for placebo non-responders randomized to treatment or
placebo in stage II, and 𝜔 is the pre-specified weight for stage I.112

𝑍𝑂𝐿𝑆 =

̂1 +(1−𝜔) 𝛿
̂2
𝜔𝛿
̂1 )+(1−𝜔)2 𝑉𝑎𝑟(𝛿
̂2 )
√𝜔2 𝑉𝑎𝑟(𝛿

(Eq 5)

Factors such as the weighting criteria and stage length could potentially affect the outcome
of an SPCD trial.112 Therefore, weighting criteria of 0.1-0.7 and stage I lengths of 2 weeks
and 4 weeks were analyzed to determine the most efficient design. Only weekly normalized
BDF was simulated to compare across different designs. Because the disease-drug model
includes random effects on drug and placebo model parameters, each subject-specific
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random effect was unchanged for all patients that progressed from the run-in phase to the
double blind treatment phase. This was to insure that each patient specific placebo response
and drug response trajectories were consistent when transitioning from the run-in phase to
the double blind phase. The MMRM analytical approach was used to compare the placebo
run-in and drug run-in designs. To demonstrate that the different trial designs are better
than the traditional randomized placebo controlled trial (RPCT), the highest sample size
for a traditional RCT that did not demonstrate at least 90% power, using BDF as the
primary endpoint and the MMRM as the method of analysis, was selected as the
approximate sample size during the post-run in phase. Therefore, the initial sample size
prior to the run-in period (screening sample) was determined based on the number of
patients that would fulfill a specific response criteria. The screening sample size was used
as the metric of interest to compare between the two different run-in designs. The initial
sample size required for the SPCD was based achieving the same sample size identified for
the post-run in phases for the placebo run-in and drug run-in designs. Dropout patterns
were not taken into consideration so that an unbiased comparison could be made amongst
different enrichment trial designs.
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Table 3.11: Disease-Drug model parameter estimates to simulate different clinical
trial scenarios
Parameter

BEF Model

BDF Model

YBOCS-BE Model

0.91
0.45
0.13
0.06
76.74
107.01
1.30

0.91
0.42
0.14
0.06
75.66
121.45
0.93

0.65
0.27
0.007
0.27
78.80
108.12
3.48

0.90
204
1.00
61.81
94.82

0.95
166
1.11
55.79
84.08

0.57
179
0.90
93.75
105.88

Disease Model
Parameters
Pmax
kp (week-1)
kr (week-1)
IIV Pmax (SD)
IIV kp (CV%)
IIV kr (CV%)
RUV (additive)
Non-specific Drug
Model Parameters
Imax
ID50 (mg)
γ
IIV Imax (CV%)
IIV γ (CV%)

BEF: normalized binge eating frequency; BDF: normalized binge day frequency; YBOC: Yale-Brown
Obsessive Compulsive Scale; kp: placebo response rate constant; Pmax: maximum proportional placebo
effect; kr: relapse coefficient; ID50: doses needed to illicit 50% of maximum proportional drug effect; γ:
shape parameter (Hill); λ: baseline hazard; RUV: residual unexplained variability; IIV: interindividual
variability; SD: standard deviation; CV%: percent coefficient of variation; CI: confidence interval

Table 3.12: Statistical approaches to demonstrate evidence of drug efficacy
Statistical
Approach

Hypothesis test

Criteria for statistical significance
for each clinical trial replicate

2 Sample t-test

H0: Δμdrug – Δμplacebo = 0

p-value for at least one placebo corrected
least square mean change from baseline
(among 3 doses) is ≤ 0.0167 and mean
estimate is < 0

Ha: Δμdrug – Δμplacebo ≠ 0

MMRM based
analysis

H0: Δμdrug – Δμplacebo = 0
Ha: Δμdrug – Δμplacebo ≠ 0

p-value for at least one placebo corrected
least square mean change from baseline
(among 3 doses) is ≤ 0.0167 and mean
estimate is < 0

Dose-Response
model based
analysis

H0: β1 = 0

p-value for β1 is ≤ 0.05 and β1 < 0

Ha: β1 ≠ 0

H0:null hypothesis; Ha: alternative hypothesis; Δμ: mean change from baseline; β1: slope effect of dose;
two sided alpha of 0.05 was prespecified. Bonferroni correction was used to adjust for multiplicity (3 dose
group comparisons to placebo)
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3.5.4 Results
3.5.4.1 Exploratory Analysis

Plots for mean change from baseline in placebo and drug response across all twelve clinical
trials displayed similar trends (Supplementary Figures 1-3). Most profiles demonstrated a
plateauing effect after approximately 6 weeks, after which change from baseline was
relatively constant in both drug and placebo groups. Scatterplot matrices for each efficacy
measure also suggested a high degree of correlation between early and late responses in
both drug and placebo arms (Supplementary Figures 4-6). Correlations among time-points
were similar in both treatment arms and were also stronger for BEF as compared to BDF
and YBOCS-BE. These exploratory findings suggest that shortening trials is feasible based
on the high degree of correlation observed (> 0.8). An MMRM based analysis was utilized
to demonstrate whether positive or negative findings for a given trial was still demonstrated
at earlier timepoints (Supplementary Figures 7-9). The concordance probability for BEF,
BDF, and YBOCS-BE ranged from 0.6 – 0.83, 0.22 – 0.87, and 0.44 – 0.90, respectively.
Concordance probabilities of greater than 0.8 were observed for earlier timepoints ≥ 6
weeks. However, false negative rates (trials demonstrating positive results at earlier time
points yet were determined to be negative at Week 12) were between 15-50%, which
suggests that separation between drug and placebo may be larger at earlier as compared to
later time points. Empirical power based calculations based on the t-test and MMRM
analytical procedures indicated that the sample size for studies using either efficacy
measure would range from 18-50 patients per treatment arm depending on the effect size
(dependent on dose). An observed average dropout probability of 30% at twelve weeks
would further suggest that 24-65 patients would need to be enrolled per treatment arm.
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3.5.4.2 Optimized Trial Design Elements

Power curves were generated for BDF, BEF, and YBOCS-BE endpoints at various time
points using three different statistical approaches for demonstrating evidence of
effectiveness (Figure 3.22). The results suggest that a lower sample size was required to
demonstrate at least 90% power for earlier endpoints as compared to week 12. This further
indicates that the net treatment effect difference at earlier study visits is larger as compared
to later timepoint. This finding is also corroborated by exploratory analysis that indicate
that the average placebo corrected differences at week 4 and week 6 for BEF, BDF, and
YBOCS-BE were consistently larger than at week 12. With regards to the primary efficacy
measure, statistical power was consistently higher when analyzing YBOCS-BE endpoint
using the two sample t-test and MMRM relative to BEF and BDF. This is most likely
attributed to the larger scale range for the YBOCS-BE measure (0-40), whereas BEF and
BDF is typically constrained between 0 and 7. Furthermore, the dose-response model based
analytical method required a substantially fewer number of patients than the traditional
MMRM based method and two sample t-test. Approximately 35 patients per treatment arm
are needed for the dose-response model based analysis and more than 50 patients per
treatment arm would be need for the MMRM based analysis when evaluating BDF as the
primary endpoint. The sample size requirement was also similar between the YBOCS-BE
and BDF endpoint when using the dose-response model based analysis as compared to
BEF. The lack of any major differences in sample size when comparing the MMRM
method to the t-test was likely due to the assumption of no patient dropouts. Although only
doses between 200-300 mg were used in this analysis, higher doses could lead to larger
treatment effect sizes and ultimately reduce the required sample size to demonstrate 90%
power.
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Figure 3.22: Power curves for the BEF, BDF, and YBOCS endpoints at various time
points using three different methods of generating evidence of effectiveness

3.5.4.5 Trial Design to Enrich Efficacy Signal

In the placebo run-in design, patients with greater than 50% reduction from baseline in
BDF were considered to be placebo responders. This led to an average exclusion of 37%
of patients from participating in the pos-randomized phase (Figure 3.23). In the drug runin design, patients with greater than 75% reduction from baseline in BDF were considered
to be drug responders. This led to an average exclusion of 50% of patients from
participating in the pos-randomized phase (Figure 3.23).
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Figure 3.23: Average percent of patients participating in the post-randomization
double blind period after a placebo-run in phase.

Previous power curves in Figure 3.22 indicate the highest sample size to show an
improvement over the standard RPCT design is approximately 20 patients per arm.
Therefore, the initial screening sample size for the placebo run-in and drug run-in periods
were 120 patients and 160 patients, respectively. Simulated longitudinal change from
baseline in BDF profiles for the placebo run-in and drug run-in designs are displayed in
Figures 3.24 and 3.25. In the placebo run-in design, the exclusion of placebo responders
(patients with ≥ 50% reduction in BDF during the run-in period) resulted in a decrease in
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the average placebo response during the double blind phase. This subsequently led to a
relative increase in net treatment effect as compared to the traditional RPCT. The
simulations suggest that given a sample size of 20 patients per arm, the statistical power
using MMRM was greater than 90% at weeks 6, 8, 10, and 12 (starting from study
enrollment). The placebo run-in design also indicated a higher statistical power to detect a
significant drug effect at the given sample size when compared to the drug run-in design
at each study visit post-randomization.
Figure 3.24: Simulation of a placebo run-in phase III study design (N=200 clinical
trial simulations)

Solid lines represent the simulated longitudinal trend in BDF based on the placebo-run study design.
Dashed lines represent the simulated longitudinal trend in BDF based on the traditional randomized
placebo controlled trial. Weeks 0-2 were considered to be the placebo-run in phase, and weeks 2-12 were
considered to be the double blind phase. Estimation of statistical power was based on the mixed models for
repeated measures analysis for the placebo-run in study.
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Figure 3. 25: Simulation of a drug run-in phase III study design (N=200 clinical trial
simulations)

Solid lines represent the simulated longitudinal trend in BDF based on the drug-run study design. Dashed
lines represent the simulated longitudinal trend in BDF based on the traditional randomized placebo
controlled trial. Weeks 0-2 were considered to be the drug-run in phase, and weeks 2-12 were considered
to be the double blind phase. Estimation of statistical power was based on the mixed models for repeated
measures analysis for the drug-run in study.

The purpose of the drug run-in design was to increase the net treatment effect signal by
increasing the drug response. Figure 3.25 indicates that the exclusion of drug nonresponders (patients with ≤ 75% reduction in BDF during the run-in period) resulted in an
increase in the average drug response across all three doses during the double blind phase.
This also subsequently led to a relative increase in treatment effect signal as compared to
the traditional RPCT. Figure 3.26 provides the distribution of median net treatment effect
estimated by dose-group and week for the three different study designs.
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Figure 3.26: Distribution of median net treatment effects simulated using a placebo run-in, drug run-in, and RPCT
study designs at each study week for three different doses

Figure 3.0.26: Distribution of median net treatment effects simulated using a placebo
run-in, drug run-in, and RPCT study designs at each study week for three different
doses
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The magnitude of the least mean square difference in treatment effects was greatest for the
placebo run-in compared to the other designs at all timepoints evaluated. In most cases,
net treatment effect was also larger for both run-in designs relative to the RPCT design.
This may suggest that trial enrichment using the placebo run-in design may prove to be
beneficial in increasing the signal for drug efficacy.
Five different combinations of stage I and II trial durations were simulated using the SPCD
design. A higher allocation of patients to the placebo group is needed, so that enough
placebo non-responders can enroll into stage II. A total sample size of 100 patients with a
2:1:1:1 (40% allocation to placebo) randomization to placebo was utilized to preserve a
sample size of 20 patients per active treatment arm. A strong treatment effect signal was
observed as early as two weeks based on exploratory analysis. Furthermore, due to the
strong correlation between early and late timepoints and achievement of a steady
pharmacodynamic response between 6 and 8 weeks, a maximum SPCD trial duration of 8
weeks and stage I durations of 2 and 4 weeks were evaluated. Therefore, the five
combinations (stage I length x stage II length) included a 2x2, 2x4, 2x6, 4x2, and 4x4
design. Figure 3.27 provides a visualization of the 2x6 and 4x4 SPCD study designs. Stage
I should resemble the average response profiles observed with an RPCT trial. Because the
same definition for placebo response was applied to the SPCD design, a Stage II should
resemble the average profiles of patients similar to the post-randomization phase in the
placebo run-in study if preceded by a 2 week Stage I duration. The net treatment effects
observed at Week 8 in the placebo run-in and the SPCD 2x6 simulations were similar (1.2
vs 1.1). Power curves for the various SPCD design scenarios are provided in Figure 3.28.
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Figure 3.27: Simulated SPCD trial for a 2x6 and 4x4 design

A.

B.

Panel (A) and (B) represents the 2x6 and 4x4 trial design, respectively. The baseline value for stage II is
equal to the BDF simulated at the end of stage I.
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The simulations demonstrated that the power of the SPCD design was larger when more
weight is placed on stage I treatment effect. This is due to the larger separation between
drug and placebo in stage I as compared to stage II. Furthermore, the two week stage I
periods had a higher statistical power across all weights as compared to the four week stage
I periods. This was a result of a larger net treatment effect observed at week 2 as compared
to week 4 (1.9 vs. 1.4). Therefore, these findings suggest that an SPCD design with a 2week stage I period will demonstrate at least 90% power with an total sample size of 100
patients. Table 3.13 provides a summary of the results, required sample sizes, study
enrollment times and advantages and disadvantages for each type of study design.
Figure 3.28: Power curves for a two-stage SPCD study design

Dashed line represents a 90% statistical power threshold. One hundred patients in total were randomized
to a 2:1:1:1 allocation to placebo and 3 active treatment arms.
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Trial designs were 6 weeks in duration and evaluated normalized weekly binge day frequency as the primary efficacy measure.
Total screening sample size based on 33% placebo response rate (proportion of patients receiving placebo with at least 50% reduction in BDF),
50% drug response rate (proportion of patients receiving active drug with at least 75% reduction in BDF), and a 10% trial dropout rate.
c
Statistical analysis based on the MMRM based analysis for the traditional randomized placebo controlled trial, placebo run-in , and drug run in
design. The pre-specified ordinary least squares regression test-statistic calculation was performed for the SPCD design.
d
Enrolllment rates were based on recently completed investigator led single site trials (35 patients/year) and multicenter registration trials (350
patients/year) submitted to the FDA.

b

a

Table 3.13: Comparison of different trial design and sample size requirements

Table 3.13: Comparison of different trial design and sample size requirements

3.5.5 Discussion
This research provides a comprehensive analysis of different aspects of BED clinical trial
design and utilizes several quantitative approaches for optimization. Building upon the
previous research, this analysis demonstrated the ability to apply an established diseasedrug-trial framework to inform future clinical trial design. Preliminary exploratory analysis
of change from baseline in BEF, BDF, and YBOCS-BE suggested that a consistent
separation of drug response from placebo response was seen as early as four weeks across
a majority of drugs. Most drugs exhibited a plateauing effect in pharmacodynamic response
after 6 weeks. Furthermore, early response to drug and placebo was highly correlated with
responses observed at later timepoints. For drugs that exhibited a net treatment effect of
approximately 1 binge day/week difference, empirical based sample size calculations
demonstrated that range between 23-65 patients would be sufficient. Therefore, it was
evident that by optimizing different trial design elements, more efficient trials could be
conducted to generate evidence of efficacy for future BED treatment options.
One of the objectives for this analysis was to determine the key primary endpoint of interest
for BED clinical trials. Findings suggested that BDF and YBOCS-BE could be both used
as primary endpoints. The BDF endpoint is currently accepted by the FDA based on its
regulatory approval of lisdexamfetamine.43 Because it is difficult to identify when a binge
episode begins and resolves, the BDF endpoint was determined to be more precise and was
accepted as the standard endpoint. Furthermore, the BED clinical community determined
that a mean reduction of ≥0.5 binge days per week was clinically meaningful.43 With
regards to sample size, the YBOCS-BE endpoint would require a lower sample size
compared to BDF when using the conventional MMRM based analysis. The YBOCS-BE
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instrument measures BED severity based on questionnaire items related to binge eating
thoughts and actions. A recent psychometric validation indicated that the YBCOS-BE can
be separated into three separate domains: obsessive/compulsive, restraint, and control. It is
possible that drugs that exhibit diverse mechanisms of actions could affect different aspects
of the YBOCS-BE measure rather than just reduction in binge episode frequencies.113
Given that BED is frequently co-morbid with other psychiatric illnesses and may manifest
differently across patients, measures of binge eating episodes may not capture the entire
BED pathology. Furthermore, patients are required to enter their binge episode experience
into patient diaries. It is unknown whether this procedure creates additional burden to the
patient over more advance methods such as integrated voice response systems. However,
at this time, because the YBOCS-BE endpoint has not been formally accepted by the FDA,
change from baseline in BDF should be considered as the primary efficacy measure.
This analysis also supported the use of shortened trial durations to demonstrate efficacy.
Six week trials were previously conducted to evaluate sertraline, citalopram, and
fluoxetine. Since citalopram and sertraline both demonstrated drug efficacy, there was
already preliminary evidence to suggest that shorter trials could be feasible. Trial
simulations also indicated a larger net treatment effect at early study endpoints. A six week
trial would ensure appropriate evaluation of other key secondary endpoints such as percent
change from baseline in weight and 4 week cessation of binge episodes. It is uncertain
whether BED symptoms wax and wane or if patients experience acute on chronic
pathology. Although BED can persist in patients for more than 10 years, patients could
present with different severities throughout this time course.102 The risk for spontaneous
improvement of BED symptoms is higher as trials get longer. In a previous study
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evaluating lamotrigine for BED, over 90% reduction in BEF was observed in patients
receiving placebo at the study endpoint of 16 weeks.78 A shorter trial duration would also
increase trial efficiency from a patient dropout perspective. Dropout rates were predicted
to be between 15-20% between weeks 4 and 6 and increased to 30-40% after 12 weeks.
The current FDA guidance on developing antidepressant drugs indicate that appropriate
length of depression studies should typically last 6-8 weeks in duration.114 With the reduced
trial length, there is potential uncertainty regarding adequate safety information. The
majority of the studies leveraged for this analysis are drugs currently approved for other
psychiatric conditions such as attention deficit hyperactivity disorder and depression.
Safety information from other psychiatric indications could be leveraged to adequately
inform drug labeling. Required long term open label studies could also provide information
on the long-term risks associated with a specific product. In addition, more than 40% of
BED patients are overweight and obese. It is unclear whether exposure-safety relationships
are consistent with other disease states that are not co-morbid with obesity. Therefore,
careful considerations should be taken prior to leveraging data from other studies.
Current regulatory guidances state that a positive dose-response relationship can be used
as direct evidence of drug efficacy.22 Several case examples of using dose-response as a
primary endpoint are available in drug development.115 This study utilized a placeboanchored dose-response analysis over a small dose range and demonstrated higher
statistical power over conventional methods such as MMRM. The popularity of the
MMRM based approach for longitudinal psychiatric trials has increased due to the common
occurrence of missing data in the form of dropouts. Application to dose-ranging studies or
registration trials with multiple doses can increase the type I error rate due to multiple
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comparisons of each treatment arm with placebo. In the dose-response model based
analysis, all the doses are used together as a continuous variable in a linear regression
model. For drugs that do not exhibit a delayed response, flexible dose trials can provide
individual dose-response relationships that can be used to identify the optimal dose for
each patient. When considering the dose-response model based analysis, the design of the
study should include multiple dose arms and a placebo arm to maximize the power to
establish evidence of efficacy.115
Several design options have been used to increase the net treatment effect signal in clinical
trials. The use of placebo-run in designs in the field of psychiatry have been controversial.
Placebo run-in trials are thought to serve two major purposes: to increase compliance rates
and to curtail the large placebo response observed in traditional randomized placebo
controlled trials. Because the results of trials that include placebo run-in phases apply to
subgroups of patients that cannot be defined based on clinical characteristics, the
applicability of the results in clinical practice is diluted. Trivedi et al provides a metaanalysis of antidepressant drugs to evaluate the influence of placebo run-in periods on the
magnitude of the drug-placebo difference.116 Although the results indicated that placebo
run-ins provide no advantage in acute phase trials, the analysis was based solely on
“placebo response rate” (proportion of patients with placebo response based on a prespecified criteria). The drug-placebo difference observed in our study increased by
approximately 0.2-0.3 normalized weekly binge eating days at each post-randomization
week evaluated. Although a relatively small number, the statistical power increased by
approximately 15%. A potential reason for an improved efficacy signal is based on the prespecified model. If an additive model for drug and placebo effect on baseline BDF (BDF
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= Baseline BDF – Placebo Effect – Drug Effect) was used, there would be no difference in
the net treatment effect with or without the placebo run-in phase because the drug effect is
constant regardless of the placebo response. However, in this case, the placebo and drug
effects were proportional to baseline BDF (BDF = Baseline BDF ∙ (1 – Placebo Effect) ∙
(1 – Drug Effect). Therefore, if the placebo response is reduced, such as in placebo nonresponders, then the drug effect will result in a larger change from baseline in patients
receiving active drug. Active drug run-ins are rarely used to assess drug efficacy in shortterm trials. This is most likely due to a diminished net treatment effect when compared to
traditional RPCTs as observed in this analysis. The aim of this design is to enrich the double
blind phase with true drug responders and exposing fewer patients to placebo. This design
is often used in randomized withdrawal studies to evaluate the maintenance effects.
However, given the large magnitude in placebo response and drug effect, it is unlikely for
a significant number of patients to experience an exacerbation or relapse in binge eating
episodes at earlier post-randomization time points.
The SPCD design uses an efficacy analysis from two stages, stage I consisting of all
patients and stage II consisting of placebo non-responders. Since data from subjects are
utilized from both stage I and 2, the use of the SPCD with a given sample size can
demonstrate an increase in trial power to detect a statistically significant difference. This
analysis demonstrated that if a large treatment effect difference is weighted more with the
first stage, the power of the SPCD design will increase. Although simulations using the
SPCD study design demonstrated favorable results, previously reported clinical trials that
employed the same design did not demonstrate an increase in the net treatment effect
signal. In several of these cases, the placebo response was larger than the drug response
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during stage I and was later reversed in stage II.117-119 There are also a number of
unresolved concerns regarding the clinical interpretability and statistical analysis of SPCD
related results. Two stages can have unequal duration, where one stage has the typical
population and other with an enriched population. The weight assigned to each placeboresponder is larger as they are counted twice from both stages. It is unclear as to how much
weight should be applied to which stage when calculating the final weighted treatment
effect and test statistic. Furthermore, SPCD trials present a unique challenge in interpreting
product safety. In most RPCT, drug and placebo are usually administered to equal number
of patients. Patients are usually exposed to each treatment arm for the same duration.
However, in the SPCD design, the stage II drug group is comprised of naïve drug users and
can complicating the safety analysis.
This analysis also has several limitations that should be noted. The pre-specified model
used for this simulation was assumed to represent the true longitudinal placebo response
and drug response. All simulations and results are dependent that the model is correct and
not mis-specified. In addition, results of all simulations are based on a drug effect of
approximately 50% based on the pre-specified dose-response relationship. It is possible
that a larger drug effect could lead to even smaller sample sizes and increased statistical
power. Although the dose-response model based analysis was found to be statistically
superior in demonstrating a drug effect, not every study will evaluate multiple dose
treatment arms. Patient dropouts were also not taken into consideration throughout this
analysis in order to make effective comparisons across different trial design elements.
Although MMRM based analyses utilize a maximum likelihood approach to account for
dropouts, an imputation method was not pre-specified for patient dropouts when using the
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two sample t-test and dose-response model based analysis. It is also possible for differences
in dropout rates to occur when conducting larger multicenter, multiregional trials.
For future BED drug development, a dose-ranging study could serve as a “go-no go”
milestone and could also be utilized as one of the trials needed to substantiate evidence of
efficacy for a new treatment. Whether a traditional MMRM or dose-response model based
analysis is undertaken, a negative dose-ranging study would warrant the decision to either
re-invest in the compound, conduct another dose-response study with different doses, or
stop drug development completely. If the study is positive, a disease-drug-trial model using
appropriately selected doses can be leveraged to simulate and design the next confirmatory
trial. Either fixed dose, parallel dose study designs or flexible dose designs could be used
evaluate treatments for BED due to the absence of a delayed-drug effect. These pathways
also provide optimal dosing recommendations that could be communicated through drug
labels. Using the sample size requirements to demonstrate 90% statistical power for a given
trial design, approximately 240 patients (70-80 patients on placebo and 160-170 patients
receiving active treatment) would be needed for a single dose ranging study and another
subsequent confirmatory trial. The required sample size could be sufficient to describe
safety related events for patients receiving placebo or active drug.
In conclusion, this study proposes key trial designs elements to increase the probability of
success for future BED trials. To increase trial efficiency, future trials should utilize change
from baseline in normalized binge day frequency at 6 weeks as their primary endpoint
using the traditional randomized placebo controlled trial design. A dose-response model
based statistical analysis approach can also be an efficient method to demonstrate evidence
of efficacy for dose-ranging studies. This proposed trial design would lead to a decrease in
303

sample size by 40% and a reduction in patient dropouts by 50%. The increase in trial
efficiency will hopefully lead to additional diverse, safe and efficacious treatment options
and improve clinical outcomes for BED patients.
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3.5.6 Supplementary Figures
Supplementary Figure 3.22: Mean change from baseline in weekly normalized BEF
versus time across twelve drugs for BED

Supplementary Figure 3.23: Mean change from baseline in weekly normalized BDF
versus time across twelve drugs for BED
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Supplementary Figure 3.24: Mean change from baseline in YBOCS-BE total score
versus time across twelve drugs for BED
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Supplementary Figure 3.25: Scatterplot matrix for change from baseline in BEF
between visit weeks 2 through 12.
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Supplementary Figure 3.26: Scatterplot matrix for change from baseline in BDF
between visit weeks 2 through 12.

308

Supplementary Figure 3.27: Scatterplot matrix for change from baseline in BDF
between visit weeks 2 through 12.
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Supplementary Figure 3.28: MMRM based analysis to demonstrate evidence of
efficacy at earlier study visit for BEF.

310

Supplementary Figure 3.29: MMRM based analysis to demonstrate evidence of
efficacy at earlier study visit for BDF.
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Supplementary Figure 3.30: MMRM based analysis to demonstrate evidence of
efficacy at earlier study visit for YBOCS-BE.
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Summary of Current Research and Future Research Considerations to Innovate
Binge Eating Disorder Drug Development
Research Highlights
•

A proof of concept disease-drug-trial model adequately captured the clinical trial
results from a topiramate study evaluating patients with BED. A dose of 125-150
mg/day is recommended to exhibit a marked reduction in BED symptoms.

•

Machine learning approaches confirmed similar predictors for placebo response in
comparison to traditional mixed effect modeling methods.

•

The developed comprehensive disease-drug-trial model indicated higher treatment
effects associated with stimulants and anti-convulsants as compared to
antidepressants.

•

In-silico clinical trial simulations suggested that the use of a traditional placebo
controlled trial design that evaluated change from baseline in binge day frequency
at week 6 using a dose-response model based analysis would decrease the required
sample size by 40% and dropouts by 50% as compared to current standard
designs.

Albert Stunkard first recognized binge eating disorder (BED) in 1959 by describing the
disorder as an eating pattern that consisted of excessive eating at irregular times,
particularly at night. Since then, BED was not officially recognized by the psychiatric
community until 2013. The acknowledgement not only separated BED from other subtypes
but became a major step in the development of new treatment options. There is still ongoing
research to learn how BED affects different subpopulations and which treatment options
would maximize benefit-risk profiles in an individual patient.
Although lisdexamfetamine is currently the only drug approved for the treatment of
moderate to severe BED, research efforts to develop the next novel option are underway.
Given that BED patients suffer with other co-morbid psychiatric illnesses, it would be
interesting to see how treatment options for one disease could influence the severity of the
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other. Although the data provided for the subsequent analyses was not consistent in
detailing rich clinical characteristics, future trials should aim to describe each BED patient
in terms of not only the underlying eating pathology, but also other conditions related to
anxiety, depression, hyperactivity/mania, compulsions, and psychosis. For example, it is
possible that a patient with underlying schizophrenia and BED may benefit from the use
of antipsychotics rather than an antidepressant. Although most patients are treated in the
outpatient setting, data collected from online surveys, outpatient chart records, and health
insurance claims data can provide insight on specific subpopulations of BED.
There are also several research questions that relate to both drug development and patient
care. The results presented in the aforementioned analyses may not be applicable to longterm studies. The disease progression captured in placebo patients may only be applicable
to short-term studies and it is unknown whether the drug effect persists when used as
maintenance therapy. Analysis of long term studies could provide information on the rate
of relapse in untreated patients and patients receiving pharmacotherapy. Safety outcomes
can also be evaluated with long term use of drugs in the setting of BED. Furthermore, BED
in pediatric patients is relatively unexplored. Defining and measuring binge episodes could
be a challenge in children since the overeating could be limited by parental restrictions.
Children could have difficulties determining the relative quantity a food consumed.
Research that focuses on at what severity level and age should psychological and
pharmacotherapeutic interventions be given at is also crucial. Future studies should
evaluate the interaction BED pathology and physical and environment variables.
Although binge episodes decreased in patients receiving drug and placebo, weight loss was
not as prominent. Mechanistic pathways that interlink disordered eating with weight
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dysregulation should be further explored. It is also uncertain whether weight loss itself
improves the underlying binge eating pathology. Studies could also examine whether
neurobiological abnormalities related to addictions are present in obese patients with BED
and non-obese patients without BED. Understanding hormonal changes could shed light
on potential biomarkers related to loss of control eating.
There is also an ongoing debate regarding the use of psychotherapy with pharmacotherapy.
Many studies have indicated no added benefit on eating pathology when adding
pharmacotherapy to patients receiving CBT and IPT. It is also known that weight loss may
not occur when using psychotherapy alone. More quantitative research is needed to
understand the relationship between using pharmacotherapy adjunctively with
psychotherapy. This could allow for identification of specific patient populations that could
benefit both modes of therapy or patients who may benefit with psychotherapy or
pharmacotherapy alone. With the given advancements of technology, it would also be
interesting to evaluate whether telemedicine could have an impact on BED patients, as a
majority of them are in the outpatient setting.
In summary, utilizing advanced quantitative methods have demonstrated the ability to
optimize BED drug development. Knowledge gained from previous, small investigator led
trials were applied to understand the relative efficacies of different treatment options and
to inform future trial designs. As more quantitative approaches are taken to build upon our
current understanding of BED, many more innovative strategies can be implemented to
improve outcomes in patients.
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Appendix Table 2.1: Intra- and Inter-day assay precision and accuracy for
measuring levetiracetam in human plasma.
Sample

Concentration
(μg/mL)

LLOQ

2

Intra-day Assay (n=6)
Mean
CV* Relative
†
Calculated
(%)
Bias
Concentration
(%)
(μg/mL)
(SD)
1.95 (0.06)

Inter-day Assay (n=12)
Mean
CV* Relative
Calculated
(%)
Bias
†
Concentration
Range
(μg/mL)
(%)
(SD)

3.1%

-6% to
1.98 (0.11)
5.7%
-9% to
3%
6%
QC1
6
5.70 (0.26)
4.6% -11% to
6.00 (0.21)
3.5% -9% to
3%
4%
QC2
20
19.0 (0.51)
2.7%
-9% to
20.5 (0.70)
3.4%
-12%
-2%
to 7%
QC3
60
57.7 (3.94)
6.8%
-9% to
61.6 (1.63)
2.7%
-13%
4%
to 6%
LLOQ: Lower Limit of Quantification; QC1: Low Quality Control; QC2: Medium Quality Control; QC3:
High Quality Control;
*%CV (Precision) = standard deviation / mean calculated concentration;
†
Relative bias (Accuracy) = 100 x (measure concentration – expected concentration) / expected
concentration

Appendix Table 2.2: Intra- and Inter-day assay precision and accuracy for
measuring lacosamide in human plasma.
Intra-day Assay (n=6)
Inter-day Assay (n=12)
Mean
CV* Relative
Mean
CV* Relative
†
Calculated
(%)
Calculated
(%)
Bias
Bias
†
Concentration
Concentration
Range
(%)
(μg/mL)
(μg/mL)
(%)
(SD)
(SD)
LLOQ
2
1.92 (0.16)
8.3%
-8% to
1.75 (0.15)
8.6% -18% to
6%
9%
QC1
6
5.42 (0.25)
4.6% -14% to
6.08 (0.53)
8.7% -11% to
4%
12%
QC2
10
10.6 (0.35)
3.3%
-9% to
10.5 (0.89)
8.5% -8% to
1%
13%
QC3
16
17.0 (0.17)
1.0%
4% to
16.2 (1.07)
6.6%
-13%
8%
to 7%
LLOQ: Lower Limit of Quantification; QC1: Low Quality Control; QC2: Medium Quality Control; QC3:
High Quality Control;
*%CV (Precision) = standard deviation / mean calculated concentration;
†
Relative bias (Accuracy) = 100 x (measure concentration – expected concentration) / expected
concentration
Sample

Concentration
(μg/mL)
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Appendix Table 2.3: Stability testing for levetiracetam in human plasma
Sample

Mean Calculated
Concentrations
(μg/mL)
(SD)

CV*
(%)

Relative Bias
Range†
(%)

Bench Top Stability
(24 hours)

QC1
QC2
QC3

5.29 (0.35)
17.3 (0.68)
51.2 (3.19)

6.6%
3.9%
6.2%

-10% to -7%
-12% to -10%
-14% to -10%

Stock Solution Stability
at -80°C (3 months)

QC1
QC2
QC3

6.70 (0.40)
18.9 (0.69)
53.6 (2.13)

5.9%
3.6%
4.4%

7% to 12%
-9% to -3%
-12% to -6%

Long term Stability at 80°C (3 month)

QC1
QC2
QC3

5.29 (0.20)
17.4 (0.52)
52.0 (0.11)

3.7%
3.0%
0.2%

-14% to -8%
-12% to -11%
-14% to -13%

Extracted Stability at 80°C (1 month)

QC1
QC2
QC3

6.12 (0.19)
20.1 (0.12)
64.1 (0.39)

5.9%
2.3%
1.4%

-12% to -7%
-6% to -4%
-5% to -4%

Freeze-Thaw Stability
(after 3 cycles)

QC1
QC2
QC3

5.29 (0.18)
23.5 (1.12)
66.5 (2.01)

3.7%
4.7%
3.0%

-11% to -9%
2% to 15%
9% to 15%

Reinjection Stability
(24 hours at room
temperature)

QC1
QC2
QC3

6.39 (0.38)
21.4 (1.31)
67.8 (2.15)

5.9%
6.2%
3.2%

1% to 4%
2% to 4%
1% to 10%

Stability Test

LLOQ: Lower Limit of Quantification; QC1: Low Quality Control; QC2: Medium Quality Control; QC3:
High Quality Control;
*%CV (Precision) = standard deviation / mean calculated concentration;
†
Relative bias (Accuracy) = 100 x (measure concentration – expected concentration) / expected
concentration
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Appendix Table 2.4: Stability testing for lacosamide in human plasma
Sample

Mean Calculated
Concentrations
(μg/mL)
(SD)

CV*
(%)

Relative Bias
Range†
(%)

Bench Top Stability
(8 hours)

QC1
QC2
QC3

5.97 (0.51)
11.2 (0.95)
15.2 (0.72)

8.5%
8.5%
4.7%

-2% to 15%
-10% to 9%
-8% to 0%

Stock Solution Stability
at -80°C (3 months)

QC1
QC2
QC3

6.10 (0.18)
9.97 (0.23)
14.4 (1.43)

3.0%
2.3%
9.9%

-1% to -5%
-3% to -2%
-14% to -1%

Long term Stability at 80°C (3 month)

QC1
QC2
QC3

6.10 (0.62)
9.84 (0.29)
15.5 (0.38)

9.9%
2.3%
2.5%

-10% to 4%
-5% to 1%
-6% to -1%

Freeze-Thaw Stability
(after 3 cycles)

QC1
QC2
QC3

5.27 (0.16)
9.12 (0.21)
16.8 (0.20)

3.0%
2.3%
1.2%

-12% to 3%
-11% to -6%
5% to 6%

Reinjection Stability
(24 hours at room
temperature)

QC1
QC2
QC3

6.15 (0.30)
11.6 (0.29)
15.3 (0.42)

4.9%
2.5%
2.7%

-7% to -6%
12% to 15%
-7% to -1%

Stability Test

LLOQ: Lower Limit of Quantification; QC1: Low Quality Control; QC2: Medium Quality Control; QC3:
High Quality Control;
*%CV (Precision) = standard deviation / mean calculated concentration;
†
Relative bias (Accuracy) = 100 x (measure concentration – expected concentration) / expected
concentration
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Appendix Figure 2.1: Chromatograms for quality control samples in plasma and
effluent
A

AU

QC1: 6 μg/mL

0.10

CAF
LEV

0.00

AU

QC2: 20 μg/mL

0.10

CAF
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AU

QC3: 60 μg/mL
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CAF

0.00
2.00

B

0.40
AU

LEV

4.00

6.00

8.00
Minutes

10.00

12.00

14.00

QC1: 6 μg/mL

0.20

CAF
LEV

0.00

AU

0.40

QC2: 20 μg/mL

0.20

AU

0.00
0.40

QC3: 60 μg/mL

LEV

0.20
0.00
2.00

CAF

LEV

CAF

4.00

6.00

8.00
Minutes

10.00

12.00

14.00

QC1: Low Quality Control; QC2: Medium Quality Control; QC3: High Quality Control; LEV:
levetiracetam; CAF: caffeine (I.S.)
Representative chromatograms for quality control samples: (A) extracted human plasma with levetiracetam
and (B) effluent samples with levetiracetam spiked in water
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Appendix Figure 2.2: Ex-vivo experiment setup in the intensive care unit
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Appendix Figure 2.3: Pre-filter, post-filter, and effluent concentration versus time
curve collected from a proof of concept ex-vivo study using normal saline as control
vehicle of choice.

Average in-vitro SC for CVVH study runs was found to be 1.05 and 0.83 in saline and plasma drug vehicles
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Appendix Figure 2.4: Pre-filter, post-filter, and effluent concentration versus time
curve collected from a proof of concept ex-vivo study using normal saline as control
vehicle of choice.

341

Ex-vivo in-vivo analysis code and output for normal saline containing albumin
based vehicles

summary(lm(CLCVVH ~ CL_CVVH_IVIVC_Control-1, data=lac_invivo_dataset))
Call:
lm(formula = CLCVVH ~ CL_CVVH_IVIVC_Control - 1, data = lac_invivo_data
set)
Residuals:
Min
1Q
Median
-0.27106 -0.08880 -0.02820

3Q
0.06642

Max
0.37860

Coefficients:
Estimate Std. Error t value Pr(>|t|)
CL_CVVH_IVIVC_Control
0.9062
0.0334
27.13 1.66e-07 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.2027 on 6 degrees of freedom
Multiple R-squared: 0.9919, Adjusted R-squared: 0.9906
F-statistic:
736 on 1 and 6 DF, p-value: 1.657e-07
> summary(lm(CLCVVH ~ CL_CVVH_IVIVC_Control,data=lev_invivo_dataset))
Call:
lm(formula = CLCVVH ~ CL_CVVH_IVIVC_Control, data = lev_invivo_dataset)
Residuals:
Min
1Q
Median
-0.21324 -0.08769 -0.01984

3Q
0.05623

Max
0.35456

Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-0.004068
0.213676 -0.019
0.985
CL_CVVH_IVIVC_Control 1.044976
0.105206
9.933 3.79e-06 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.1605 on 9 degrees of freedom
Multiple R-squared: 0.9164, Adjusted R-squared: 0.9071
F-statistic: 98.66 on 1 and 9 DF, p-value: 3.785e-06
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Ex-vivo in-vivo analysis code and output for human plasma based vehicles
> summary(lm(CLCVVH ~ CL_CVVH_IVIVC_plasma, data=lev_invivo_dataset))
Call:
lm(formula = CLCVVH ~ CL_CVVH_IVIVC_plasma, data = lev_invivo_dataset)
Residuals:
Min
1Q
Median
-0.21324 -0.08769 -0.01984

3Q
0.05623

Max
0.35456

Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-0.004068
0.213676 -0.019
0.985
CL_CVVH_IVIVC_plasma 0.976077
0.098270
9.933 3.79e-06 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.1605 on 9 degrees of freedom
Multiple R-squared: 0.9164, Adjusted R-squared: 0.9071
F-statistic: 98.66 on 1 and 9 DF, p-value: 3.785e-06
> summary(lm(CLCVVH ~ CL_CVVH_IVIVC_plasma-1,data=lac_invivo_dataset))
Call:
lm(formula = CLCVVH ~ CL_CVVH_IVIVC_plasma - 1, data = lac_invivo_datas
et)
Residuals:
Min
1Q
Median
-0.27106 -0.08880 -0.02820

3Q
0.06642

Max
0.37860

Coefficients:
Estimate Std. Error t value Pr(>|t|)
CL_CVVH_IVIVC_plasma 0.97333
0.03588
27.13 1.66e-07 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 0.2027 on 6 degrees of freedom
Multiple R-squared: 0.9919, Adjusted R-squared: 0.9906
F-statistic:
736 on 1 and 6 DF, p-value: 1.657e-07
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Appendix: Section III
Appendix Figure 3.1: Similarity in longitudinal trends between YBOCS-BE and
BEF across all drugs.

Solid lines represent percent change from baseline in YBOCS-BE and dashed lines represent percent
change from baseline in BEF.
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Appendix Figure 3.2: Relationship between baseline demographic covariates and
BDF study endpoint.
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Appendix Figure 3.3: Cumulative distribution for placebo responders and nonresponders by baseline binge eating disorder severity.

Appendix Figure 3.4: Individual placebo response trends in patients with high and
low baseline binge frequency

Blue and grey lines represent patients with baseline binge frequency > 6 episodes/week and < 6
episodes/week. Red dashed lines indicate last study visit time.
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Appendix Figure 3.5: Time trends in baseline binge episode frequency and change
from baseline in binge episode frequency.

Dark red line represents a linear regression between baseline BEF or change from baseline in BEF versus
median year of patient enrollment
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Appendix Figure 3.6: Exploratory dose-response relationship for normalized weekly
binge eating frequency.

Treatment effect calculated at study endpoint by assuming average placebo effect observed across all
trials.
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Appendix Figure 3.7: Visual predictive check plots for BEF using the disease-trial
model across all drugs.

Figure 7. Visual predictive check plots for BDF using the disease-trial model across all
drugs.
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Appendix Figure 3.9: Visual predictive check plots for dropouts using the disease-drug--trial model across all
drugs.

Appendix Figure 3.10: Final disease-drug-trial model to predict responder outcomes
from Study 208 (Phase II dose ranging study for lisdexamfetamine)

Appendix Figure 3.11: Final disease-drug-trial model to predict responder outcomes
from Study 343 and 344 (Phase III study for lisdexamfetamine)
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Appendix Figure 3.12: Final disease-drug-trial model to predict dropout probability
from lisdexamfetamine investigator led-trial

Solid lines represent observed dropout probability, while dashed lines represent the median simulated
dropout probabilities using disease-drug-trial model using lisdexamfetamine specific parameters. Shaded
bands represent the 95% confidence band around the simulated dropout probabilities.

Appendix Figure 3.13: Percentage change in total body weight is a strong predictor
for trial dropout based on topiramate clinical study
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Figure 3.14: Sequential Parallel Comparison Trial Design

Appendix Figure 3.15: Longitudinal change in BEF and BDF from 2
lisdexamfetamine registration trials (Study 343 and 344).
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Appendix Figure 3.16: Distribution of percent change from baseline in binge day
frequency in patients receiving placebo across 12 BED trials.

Appendix Figure 3.17: Distribution of percent change from baseline in binge day
frequency in patients receiving active treatment across 12 BED trials.
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Appendix Figure 3.18: Type I error rate for the BEF, BDF, and YBOCS endpoints
at various time points using three different methods of generating evidence of
effectiveness
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Appendix Figure 3.19: Potential drug development pathways for BED after
conducting a dose-ranging study.

A

B
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Disease-Trial Simulation Code for BEF, BDF, and YBOCS-BE
test(){
deriv(T=1)
###############-----BF MODEL-----#################
bf_tot = (bf_ba * (1-pmax*(1-exp(-kp*T))) *(1+kr*T))
per_cfb_bf = (bf_tot - bf_ba)*100/bf_ba
stparm(bf_ba = BF_NORM_BA)
stparm(pmax = tvpmax +npmax)
stparm(kp = tvkp * exp(nkp))
stparm(kr = tvkr * exp(nkr))
fixef(tvbf_ba = c(,4.56014,))
fixef(tvpmax = c(,0.910432,))
fixef(tvkp = c(,0.370218,))
fixef(tvkr = c(,0.0678006,))
fcovariate(BF_NORM_BA)
error(bf_Eps = 1.30388)
observe(bf_obs = bf_tot + bf_Eps)
ranef(diag(npmax,nkp,nkr) = c(0.0036430191,0.57228088,1.1475109))
###############-----BDAYF MODEL-----#################
bdayf_tot = (bdayf_ba * (1-pmax2*(1-exp(-kp2*T))) *(1+kr2*T))
stparm(bdayf_ba = BDAY_NORM_BA)
stparm(pmax2 = tvpmax2 +npmax2)
stparm(kp2 = tvkp2 * exp(nkp2))
stparm(kr2 = tvkr2 * exp(nkr2))
fixef(tvbdayf_ba = c(,3.90603,))
fixef(tvpmax2 = c(,0.907595,))
fixef(tvkp2 = c(,0.423999,))
fixef(tvkr2 = c(,0.089122,))
fcovariate(BDAY_NORM_BA)
error(bdayf_Eps = 0.92559)
observe(bdayf_obs = bdayf_tot + bdayf_Eps)
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ranef(diag(npmax2,nkp2,nkr2) = c(0.005482093,0.43718124,0.491294))
###############-----YBOCSBE-----#################
yboc_tot = (yboc_ba * (1-pmax3*(1-exp(-kp3*T))) *(1+kr3*T))
stparm(yboc_ba = YBOC_TOT_BA)
stparm(pmax3 = tvpmax3 +npmax2)
stparm(kp3 = tvkp3 * exp(nkp3))
stparm(kr3 = tvkr3 * exp(nkr3))
fixef(tvybocs_ba = c(,19.7672,))
fixef(tvpmax3 = c(,0.646827,))
fixef(tvkp3 = c(,0.274369,))
fixef(tvkr3 = c(,0.0078242,))
covariate(YBOC_TOT_BA)
error(yboc_Eps = 3.47893)
observe(yboc_obs = yboc_tot + yboc_Eps)
ranef(diag(npmax3,nkp3,nkr3) = c(0.07426449,0.62190868,1.1694923))
###############-----DROPOUT MODEL-----#################
hazard = lambda
deriv(cumhaz=hazard)
S= exp(-cumhaz)
stparm(lambda = tvlambda *exp(Beta*per_cfb_bf))
fixef(tvlambda=c(0,0.0473905,))
fixef(Beta=c(,0.00118928,))
}
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Disease-Drug-Trial Simulation Code for BEF, BDF, and YBOCS-BE

test(){
deriv(T=1)
fcovariate(DOSE_GRP)
###############-----BF MODEL-----#################
bf_tot = bf_ba * (1-pmax*(1-exp(-kp*T))) *(1+kr*T) * (1((Imax*(DOSE^HILL))/((DOSE^HILL)+(ID50^HILL))))
per_cfb_bf = (bf_tot - bf_ba)*100/bf_ba
stparm(bf_ba = BF_NORM_BA)
stparm(pmax = tvpmax +npmax)
stparm(kp = tvkp * exp(nkp))
stparm(kr = tvkr * exp(nkr))
stparm(ID50 =
tvID50*((ARM*(STUDYID==1))+(ATOM*(STUDYID==2))+(CIT*(STUDYID==3))+
(DUL*(STUDYID==4))+(ESC*(STUDYID==5))+(FLU
*(STUDYID==6))+(LIS*(STUDYID==7))+
(SER*(STUDYID==8))+(TOP*(STUDYID==9))+(ZON
*(STUDYID==10))))
stparm(Imax = tvImax
*((ARM2*(STUDYID==1))+(ATOM2*(STUDYID==2))+(CIT2*(STUDYID==3))+
(DUL2*(STUDYID==4))+(ESC2*(STUDYID==5))+(FLU2*(STUDYID==6))+(LIS2*(
STUDYID==7))+
(SER2*(STUDYID==8))+(TOP2*(STUDYID==9))+(ZON2*(STUDYID==10)))*exp(nI
max))
stparm(HILL = tvHILL
*((ARM3*(STUDYID==1))+(ATOM3*(STUDYID==2))+(CIT3*(STUDYID==3))+
(DUL3*(STUDYID==4))+(ESC3*(STUDYID==5))+(FLU3*(STUDYID==6))+(LIS3*(
STUDYID==7))+
(SER3*(STUDYID==8))+(TOP3*(STUDYID==9))+(ZON3*(STUDYID==10)))*exp(n
HILL))
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fixef(tvpmax(freeze) = c(,0.910432,))
fixef(tvkp(freeze) = c(,0.370218,))
fixef(tvkr(freeze) = c(,0.0678006,))
fixef(tvID50(freeze) = c(,1,))
fixef(tvImax(freeze) = c(,1,))
fixef(tvHILL(freeze) = c(,1,))
fixef(ARM = c(,222.291,))
fixef(ATOM = c(,135.315,))
fixef(CIT = c(,48.772,))
fixef(DUL = c(,66.7092,))
fixef(ESC = c(,27.4952,))
fixef(FLU = c(,97.4378,))
fixef(LIS = c(,59.2476,))
fixef(SER = c(,155.148,))
fixef(TOP = c(,204.057,))
fixef(ZON = c(,566.421,))
fixef(ARM2 = c(,0.790422,))
fixef(ATOM2= c(,0.861715,))
fixef(CIT2= c(,0.669501,))
fixef(DUL2 = c(,0.755476,))
fixef(ESC2 = c(,0.547675,))
fixef(FLU2 = c(,0.070883,))
fixef(LIS2 = c(,0.906936,))
fixef(SER2 = c(,0.553725,))
fixef(TOP2 = c(,0.90019,))
fixef(ZON2 = c(,0.946532,))
fixef(ARM3 = c(,1.0305,))
fixef(ATOM3= c(,0.982454,))
fixef(CIT3 = c(,0.86505,))
fixef(DUL3 = c(,0.844417,))
fixef(ESC3 = c(,0.907191,))
fixef(FLU3 = c(,0.98212,))
fixef(LIS3 = c(,0.840437,))
fixef(SER3 = c(,1.08406,))
fixef(TOP3 = c(,1.00422,))
fixef(ZON3 = c(,1.58673,))
covariate(STUDYID())
covariate(DOSE)
covariate(TRT())
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covariate(BF_NORM_BA)
covariate(SS)
error(bf_Eps(freeze)= 1.303)
observe(bf_obs = bf_tot + bf_Eps)
ranef(diag(npmax,nkp,nkr)(freeze) = c(0.0035727999,0.58960643,1.147065))
ranef(diag(nImax,nHILL) = c(0.38250582,0.89947486))
###############-----BDAYF MODEL-----#################
bdayf_tot = bdayf_ba * (1-pmax*(1-exp(-kp*T))) *(1+kr*T) * (1((Imax2*(DOSE^HILL2))/((DOSE^HILL2)+(ID502^
HILL2))))
stparm(bdayf_ba = BDAY_NORM_BA)
stparm(pmax2 = tvpmax2 +npmax2)
stparm(kp2 = tvkp2 * exp(nkp2))
stparm(kr2 = tvkr2 * exp(nkr2))

stparm(ID502 =
tvID502*((ARM_2*(STUDYID==1))+(ATOM_2*(STUDYID==2))+(CIT_2*(STUDYI
D==3))+
(DUL_2*(STUDYID==4))+(ESC_2*(STUDYID==5))+(
FLU_2*(STUDYID==6))+(LIS_2*(STUDYID==7))+
(SER_2*(STUDYID==8))+(TOP_2*(STUDYID==9))+(
ZON_2*(STUDYID==10))))

stparm(Imax2 = tvImax2
*((ARM2_2*(STUDYID==1))+(ATOM2_2*(STUDYID==2))+(CIT2_2*(STUDYID==
3))+
(DUL2_2*(STUDYID==4))+(ESC2_2*(STUDYID==5))+(FLU2_2*(STUDYID==6))+(
LIS2_2*(STUDYID==7))+
(SER2_2*(STUDYID==8))+(TOP2_2*(STUDYID==9))+(ZON2_2*(STUDYID==10)))
*exp(nImax2))

stparm(HILL2 = tvHILL2
*((ARM3_2*(STUDYID==1))+(ATOM3_2*(STUDYID==2))+(CIT3_2*(STUDYID==
3))+
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(DUL3_2*(STUDYID==4))+(ESC3_2*(STUDYID==5))+(FLU3_2*(STUDYID==6))+(
LIS3_2*(STUDYID==7))+
(SER3_2*(STUDYID==8))+(TOP3_2*(STUDYID==9))+(ZON3_2*(STUDYID==10)))
*exp(nHILL2))

fixef(tvpmax2(freeze) = c(,0.907595,))
fixef(tvkp2(freeze) = c(,0.423999,))
fixef(tvkr2(freeze) = c(,0.093122,))
fixef(tvID502(freeze) = c(,1,))
fixef(tvImax2(freeze) = c(,1,))
fixef(tvHILL2(freeze) = c(,1,))
fixef(ARM_2 = c(,264.082,))
fixef(ATOM_2 = c(,142.122,))
fixef(CIT_2 = c(,47.1937,))
fixef(DUL_2 = c(,61.2696,))
fixef(ESC_2 = c(,25.5934,))
fixef(FLU_2 = c(,92.0162,))
fixef(LIS_2 = c(,64.7275,))
fixef(SER_2 = c(,155.368,))
fixef(TOP_2 = c(,165.924,))
fixef(ZON_2 = c(,373.913,))
fixef(ARM2_2 = c(,0.806118,))
fixef(ATOM2_2= c(,0.884011,))
fixef(CIT2_2= c(,0.849802,))
fixef(DUL2_2 = c(,0.753838,))
fixef(ESC2_2 = c(,0.566232,))
fixef(FLU2_2 = c(,0.120718,))
fixef(LIS2_2 = c(,0.904392,))
fixef(SER2_2 = c(,0.531752,))
fixef(TOP2_2 = c(,0.946782,))
fixef(ZON2_2 = c(,0.984181,))
fixef(ARM3_2 = c(,1.01421,))
fixef(ATOM3_2= c(,0.95539,))
fixef(CIT3_2 = c(,0.864371,))
fixef(DUL3_2 = c(,0.73604,))
fixef(ESC3_2 = c(,0.863484,))
fixef(FLU3_2 = c(,0.940822,))
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fixef(LIS3_2 = c(,0.904838,))
fixef(SER3_2 = c(,1.08754,))
fixef(TOP3_2 = c(,1.11192,))
fixef(ZON3_2 = c(,1.83129,))
covariate(STUDYID())
covariate(DOSE)
covariate(TRT())
covariate(BDAY_NORM_BA)
error(bdayf_Eps(freeze)= 0.92559)
observe(bdayf_obs = bdayf_tot + bdayf_Eps)
ranef(diag(npmax2,nkp2,nkr2)(freeze) = c(0.005482093,0.5718124,1.471294))
ranef(diag(nImax2,nHILL2) = c(0.31306954,0.7057092))
###############-----YBOCSBE MODEL-----#################
yboc_tot = yboc_ba * (1-pmax3*(1-exp(-kp3*T))) *(1+kr3*T) * (1((Imax3*(DOSE^HILL3))/((DOSE^HILL3)+(
ID503^HILL3))))
stparm(yboc_ba = YBOC_TOT_BA)
stparm(pmax3 = tvpmax3 +npmax3)
stparm(kp3 = tvkp3 * exp(nkp3))
stparm(kr3 = tvkr3 * exp(nkr3))

stparm(ID503 =
tvID503*((ARM_3*(STUDYID==1))+(ATOM_3*(STUDYID==2))+(CIT_3*(STUDYI
D==3))+
(DUL_3*(STUDYID==4))+(ESC_3*(STUDYID==5))+(
FLU_3*(STUDYID==6))+(LIS_3*(STUDYID==7))+
(SER_3*(STUDYID==8))+(TOP_3*(STUDYID==9))+(
ZON_3*(STUDYID==10))))

stparm(Imax3 =
tvImax3*((ARM2_3*(STUDYID==1))+(ATOM2_3*(STUDYID==2))+(CIT2_3*(STU
DYID==3))+
(DUL2_3*(STUDYID==4))+(ESC2_3*(STUDYID==5))+(FLU2_3*(STUDYID==6))+(
LIS2_3*(STUDYID==7))+
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(SER2_3*(STUDYID==8))+(TOP2_3*(STUDYID==9))+(ZON2_3*(STUDYID==10)))
*exp(nImax3))

stparm(HILL3 = tvHILL3
*((ARM3_3*(STUDYID==1))+(ATOM3_3*(STUDYID==2))+(CIT3_3*(STUDYID==
3))+
(DUL3_3*(STUDYID==4))+(ESC3_3*(STUDYID==5))+(FLU3_3*(STUDYID==6))+(
LIS3_3*(STUDYID==7))+
(SER3_3*(STUDYID==8))+(TOP3_3*(STUDYID==9))+(ZON3_3*(STUDYID==10)))
*exp(nHILL3))
fixef(tvpmax3(freeze) = c(,0.646827,))
fixef(tvkp3(freeze) = c(,0.274369,))
fixef(tvkr3(freeze) = c(,0.0078242,))
fixef(tvID503(freeze) = c(,1,))
fixef(tvImax3(freeze) = c(,1,))
fixef(tvHILL3(freeze) = c(,1,))
fixef(ARM_3 = c(,213.501,))
fixef(ATOM_3 = c(,150.677,))
fixef(CIT_3 = c(,51.3603,))
fixef(DUL_3 = c(,69.3238,))
fixef(ESC_3 = c(,28.6267,))
fixef(FLU_3 = c(,99.1239,))
fixef(LIS_3 = c(,42.0407,))
fixef(SER_3 = c(,101.438,))
fixef(TOP_3 = c(,178.986,))
fixef(ZON_3 = c(,460.264,))
fixef(ARM2_3 = c(0,0.519594,))
fixef(ATOM2_3= c(0,0.500654,))
fixef(CIT2_3= c(0,0.314953,))
fixef(DUL2_3 = c(0,0.25031,))
fixef(ESC2_3 = c(0,0.400506,))
fixef(FLU2_3 = c(0,0.396708,))
fixef(LIS2_3 = c(,0.474156,))
fixef(SER2_3 = c(0,0.428172,))
fixef(TOP2_3 = c(,0.566238,))
fixef(ZON2_3 = c(0,0.679002,))
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fixef(ARM3_3 = c(,0.977865,))
fixef(ATOM3_3= c(,1.12215,))
fixef(CIT3_3 = c(,0.701194,))
fixef(DUL3_3 = c(,0.861278,))
fixef(ESC3_3 = c(,0.84861,))
fixef(FLU3_3 = c(,0.945394,))
fixef(LIS3_3 = c(,1.09584,))
fixef(SER3_3 = c(,1.17465,))
fixef(TOP3_3 = c(,0.90921,))
fixef(ZON3_3 = c(,2.28584,))
fcovariate(YBOC_TOT_BA)
error(yboc_Eps(freeze)= 3.47893)
observe(yboc_obs = yboc_tot + yboc_Eps)
ranef(diag(npmax3,nkp3,nkr3)(freeze) = c(0.07426449,0.62190868,1.1694923))
ranef(diag(nImax3,nHILL3) = c(0.87948731,1.1015684))

###############-----DROPOUT MODEL-----#################
hazard = lambda
deriv(cumhaz=hazard)
S= exp(-cumhaz)
stparm(lambda = tvlambda * exp(Beta*per_cfb_bf))
fixef(tvlambda(freeze)=c(0,0.0473905,))
fixef(Beta(freeze)=c(,0.00118928,))
}
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Acamprosate Disease-Drug-Trial Simulation Code for BEF
test(){
deriv(T=1)
###############-----DISEASE-DRUG MODEL-----#################
bf_tot = bf_ba * (1-pmax*(1-exp(-kp*T))) *(1+kr*T) *(1-trtmax*(TRT==1))
stparm(bf_ba = tvbf_ba * exp(nbfba))
stparm(pmax = tvpmax +npmax)
stparm(kp = tvkp * exp(nkp))
stparm(kr = tvkr * exp(nkr))
stparm(trtmax = tvtrtmax* exp(ntrtmax))
fixef(tvbf_ba(freeze) = c(,4.56014,))
fixef(tvpmax(freeze) = c(,0.910432,))
fixef(tvkp(freeze) = c(,0.370218,))
fixef(tvkr(freeze) = c(,0.0678006,))
fixef(tvtrtmax = c(0,0.000161032,))
covariate(DOSE)
covariate(TRT())
error(bf_Eps(freeze)= 1.303)
observe(bf_obs = bf_tot + bf_Eps)
ranef(diag(nbfba, npmax,nkp,nkr)(freeze) =
c(0.21105899,0.0035727999,0.58960643,1.147065))
ranef(diag(ntrtmax)=c(0.042833543))
###############-----DROPOUT MODEL-----#################
event(occur, hazard)
deriv(cumhaz=hazard)
S= exp(-cumhaz)
hazard = lambda
stparm(lambda = tvlambda *exp(Beta*PER_DELTA_BF))
fixef(tvlambda(freeze)=c(0,0.473905,))
fixef(Beta(freeze)=c(,0.00118928,))
covariate(PER_DELTA_BF)
}
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Machine learning workflow using the caret package in R 3.4.1
################## Machine Learning Workflow ##################
#Remove other response variables
plb_responders_no_miss <- plb_responders_no_miss %>% select(-BF_NORM,)
plb_responders_no_miss <- plb_responders_no_miss %>% mutate(responder =
ifelse(responder==0,"Non-responder","Responder"))
# Step 1: Get row numbers for the training data
trainRowNumbers <- createDataPartition(plb_responders_no_miss$responder, p=0.75,
list=FALSE)
# Step 2: Create the training dataset
trainData <- plb_responders_no_miss[trainRowNumbers,]
# Step 3: Create the test dataset
testData <- plb_responders_no_miss[-trainRowNumbers,]
testData$responder <- as.factor(testData$responder)
# Store X and Y for later use.
x = trainData[, 1:10]
y = trainData$responder
# Step 4: Running ML algorithms Training Data
fitControl <- trainControl(method = "repeatedcv", number=10,repeats=5)
model_rf = train(responder~ ., data=trainData, method='rf',trControl=fitControl)
model_svm = train(responder~ ., data=trainData,
method='svmRadial',trControl=fitControl)
model_rpart= train(responder~ ., data=trainData, method='rpart',trControl=fitControl)
model_adaboost= train(responder~ ., data=trainData,
method='adaboost',trControl=fitControl)
# Step 5: Model Output
models_compare <- resamples(list(RPART=model_rpart,
SVM=model_svm,ADABOOST=model_adaboost,RF=model_rf))
summary(models_compare)
scales <- list(x=list(relation="free"), y=list(relation="free"),cex=1.15,font=2)
tiff("../Plots/ML_BEF_final.tiff", width =8, height = 6, units = 'in', res = 300)
bwplot(models_compare,
par.strip.text=list(cex=1.25),
scales=scales,
col="deeppink3",
lwd=2,
par.settings=list(box.rectangle=list(col="salmon",fill="salmon",alpha=0.5),
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box.umbrella=list(col="salmon",alpha=0.5),
plot.symbol=list(col="deeppink",alpha=0.6)),
fill= "lightpink2",alpha=0.5)
dev.off()
ggplot(varImp(model_rpart,scales=FALSE))+
geom_bar(stat="identity",fill="steelblue",alpha=0.75)+
my_theme2()
tiff("../Plots/ML_BEF_CART_final.tiff", width =8, height = 6, units = 'in', res = 300)
fancyRpartPlot(model_rpart$finalModel, palettes = c("Greys","PiYG"))
dev.off()
# Step 6: Predictions using developed model on test data
test <- testData %>% mutate(predict=predict(model_rpart, testData))
train <- trainData %>% mutate(predict=predict(model_rf, trainData))
# Step 7: Model Concordance Evaluation
confusionMatrix(reference = as.factor(testData$responder), data=as.factor(test$predict),
mode='everything', positive='Responder')
confusionMatrix(reference = as.factor(trainData$responder),
data=as.factor(train$predict), mode='everything', positive='1')
##############################################################
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Binge Eating Disorder MMRM Function
BED_MMRM_fun <- function(df,endpoint,maxweek){
df <- df %>% mutate(bdayf_ba_log = log(bdayf_ba + 1),
bf_ba_log = log(bf_ba + 1),
bdayf_obs_log = log(bdayf_obs + 1),
bf_obs_log = log(bf_obs + 1))

if (endpoint == "bdayf"){
fit <- lmer(bdayf_obs ~ factor(DOSE_GRP) + factor(WEEK) +
factor(DOSE_GRP)*factor(WEEK) + bdayf_ba + (1|USUBJID), data = df)
df1 <- summary(lsmeans(fit, pairwise ~ factor(WEEK)|factor(DOSE_GRP))$contrast)
df1 <- df1 %>% filter(contrast == paste("0 -",maxweek))
df1 <- df1 %>% rename(.,GRP = 'DOSE_GRP') %>% mutate(Measure = "LSM Delta
Diff")
df2 <- summary(lsmeans(fit, pairwise ~ factor(DOSE_GRP)|factor(WEEK))$contrast)
df2 <- df2 %>% filter(WEEK==maxweek&grepl("^0 -", contrast))
df2 <- df2 %>% rename(.,GRP = 'WEEK') %>% mutate(Measure = "LSM Double
Delta Diff")
}
else if (endpoint == "bf"){
fit <- lmer(bf_obs~ factor(DOSE_GRP) + factor(WEEK) +
factor(DOSE_GRP)*factor(WEEK) + bf_ba + (1|USUBJID), data = df)
df1 <- summary(lsmeans(fit, pairwise ~ factor(WEEK)|factor(DOSE_GRP))$contrast)
df1 <- df1 %>% filter(contrast == paste("0 -",maxweek))
df1 <- df1 %>% rename(.,GRP = 'DOSE_GRP') %>% mutate(Measure = "LSM Delta
Diff")
df2 <- summary(lsmeans(fit, pairwise ~ factor(DOSE_GRP)|factor(WEEK))$contrast)
df2 <- df2 %>% filter(WEEK==maxweek&grepl("^0 -", contrast))
df2 <- df2 %>% rename(.,GRP = 'WEEK') %>% mutate(Measure = "LSM Double
Delta Diff")
}
else
fit <- lmer(yboc_obs~ factor(DOSE_GRP) + factor(WEEK) +
factor(DOSE_GRP)*factor(WEEK) + yboc_ba +(1|USUBJID), data = df)
df1 <- summary(lsmeans(fit, pairwise ~ factor(WEEK)|factor(DOSE_GRP))$contrast)
df1 <- df1 %>% filter(contrast == paste("0 -",maxweek))
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df1 <- df1 %>% rename(.,GRP = 'DOSE_GRP') %>% mutate(Measure = "LSM Delta
Diff")
df2 <- summary(lsmeans(fit, pairwise ~ factor(DOSE_GRP)|factor(WEEK))$contrast)
df2 <- df2 %>% filter(WEEK==maxweek&grepl("^0 -", contrast))
df2 <- df2 %>% rename(.,GRP = 'WEEK') %>% mutate(Measure = "LSM Double
Delta Diff")

df_return <- rbind(df1,df2)
return(df_return)
}

Dose Titration Administration Function
titration_function <- function(df,initial_dose,increment,timing){
df$DOSE<-0
for (i in 1: length(df$WEEK)){
if(df$WEEK[i]==1){
df$DOSE[i]<-initial_dose
}
else if(df$WEEK[i]>1){
df$DOSE[i] <- df$DOSE[i-1] + increment*(df$WEEK[i]-df$WEEK[i-1])
}
}
df <- df %>% mutate(DOSE = ifelse(df$TRT==0,0,DOSE))
df <- df %>% mutate(DOSE = ifelse(DOSE > as.numeric(as.character(DOSE_GRP)),
as.numeric(as.character(DOSE_GRP)),DOSE))
return(df)
}
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Creation of Binge Eating Disorder Trial Dataset Function
BED_Trial_Dataset <- function(nrep,n,severity,timepoints,arms,print=TRUE){

datalist = list()
datalist2 = list()
for(i in 1: nrep){
#######Simulate patients into treatment and placebo groups
#TRT <- rbinom(n, 1, ratio)
####### Data frame to IDs---------data <-data.frame(rep=i,
ID=1:n)
data <- data %>% rowwise() %>% mutate(BED_SEV =
ifelse(severity=="mild",sample(ddt_dataset_mild$BED_SEV,1),
ifelse(severity=="moderate",sample(ddt_dataset_mod$BED_SEV,1),
ifelse(severity=="severe",sample(ddt_dataset_sev$BED_SEV,1),
ifelse(severity=="mild/moderate",sample(ddt_dataset_mildmod$BED_SEV,1),
ifelse(severity=="moderate/severe",sample(ddt_dataset_modsev$BED_SEV,1),sample(d
dt_dataset_all$BED_SEV,1)))))))

datalist[[i]] <- data
}

BED.trial.data = do.call(rbind,datalist)
BED.trial.data <- BED.trial.data %>% separate(BED_SEV,
c("BF_NORM_BA","BDAY_NORM_BA","YBOC_TOT_BA"),sep="_")
BED.trial.data <- BED.trial.data %>% group_by(rep) %>% mutate(TRT =
ifelse(ID<=n*(1/(length(arms))),0,1))
BED.trial.data <- BED.trial.data %>% group_by(rep) %>%
mutate(DOSE_GRP= cut(ID,length(arms), labels=arms))
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BED.trial.data <- BED.trial.data %>% mutate(ntimepoints = length(timepoints))
BED.trial.data <- BED.trial.data %>% map_df(.,rep,.$ntimepoints) %>%select(ntimepoints)
BED.trial.data <- BED.trial.data %>% group_by(rep,ID) %>%
mutate(WEEK=timepoints,
bf_obs = 0,
bdayf_obs=0,
yboc_obs =0)

return(data.frame(BED.trial.data))
}

Dose-Response Model Based Analytical Method Functions
MMRM_fun_OTCD1 <- function(df){
fit <- tidy(lm(DELTA_BDAY ~ bdayf_ba + DOSE_GRP, data = df))
fit <- fit %>% filter(grepl("DOSE_GRP", term))
return(fit)
}
MMRM_fun_OTCD2 <- function(df){
fit <- tidy(lm(DELTA_BF ~ bf_ba + DOSE_GRP, data = df))
fit <- fit %>% filter(grepl("DOSE_GRP", term))
return(fit)
}
MMRM_fun_OTCD3 <- function(df){
fit <- tidy(lm(DELTA_YBOCS ~ YBOCS_TOT_BA + DOSE_GRP, data = df))
fit <- fit %>% filter(grepl("DOSE_GRP", term))
return(fit)
}
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Sequential Parallel Comparison Design Analytical Method Function
SPCD_function <- function(df,weight,STAGE_1_LEN,TOT_LEN){
df <- df %>% filter(WEEK==STAGE_1_LEN|WEEK==TOT_LEN)
df <- df %>% filter(STAGE==1|(RESP==0&DOSE_GRP==0))
fit1 <-lm(DELTA_BDAY ~ BDAY_NORM_BA + factor(DOSE_GRP), data=df %>%
filter(STAGE==1))
fit2 <-lm(DELTA_BDAY ~ BSL_bdayf2 + factor(DOSE_GRP2), data=
df%>%filter(STAGE==2))
fit1 <- tidy(fit1)
fit2 <- tidy(fit2)
fit1 <- fit1 %>% filter(grepl("DOSE_GRP",term)) %>% mutate(STAGE =
ifelse(grepl("DOSE_GRP2",term),2,1))
fit2 <- fit2 %>% filter(grepl("DOSE_GRP",term)) %>% mutate(STAGE =
ifelse(grepl("DOSE_GRP2",term),2,1))
fit1$DOSE <- c(200,250,300)
fit2$DOSE <- c(200,250,300)
fit1 <- fit1 %>% select(DOSE,estimate,std.error)
fit2 <- fit2 %>% select(DOSE,estimate2=estimate,std.error2=std.error)
fit_new <- left_join(fit1,fit2)
fit_new <- fit_new %>% mutate(
test_statistic = ((weight*estimate)+((1weight)*estimate2))/sqrt(weight^2*(std.error^2)+((1-weight)^2*(std.error2^2))),
pvalue = 2*(1-pnorm(abs(test_statistic))))
return(fit_new)
}
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Hypothetical Drug Model Based Simulation in R
DDT_Long_Model <function(df,Imax_bf,Imax_bdayf,Imax_yboc,ID50_bf,ID50_bdayf,ID50_yboc,HILL_bf,
HILL_bdayf,HILL_yboc){
df <- df %>%
mutate(pmax1 = 0.91 * exp(rnorm(1,mean=0,sd=0.059)),
pmax2 = 0.905* exp(rnorm(1,mean=0,sd=0.06)),
pmax3 = 0.647 * exp(rnorm(1,mean=0,sd=0.272)),
kp1 = 0.37 * exp(rnorm(1,mean=0,sd=0.767)),
kp2 = 0.423 * exp(rnorm(1,mean=0,sd=0.756)),
kp3 = 0.275 * exp(rnorm(1,mean=0,sd=0.788)),
kr1 = 0.0678* exp(rnorm(1,mean=0,sd=1.07)),
kr2 = 0.139* exp(rnorm(1,mean=0,sd=0.21)),
kr3 = 0.0078 * exp(rnorm(1,mean=0,sd=1.08)),
Imax1 = Imax_bf * exp(rnorm(1,mean=0,sd=0.618)),
Imax2 = Imax_bdayf * exp(rnorm(1,mean=0,sd=0.559)),
Imax3 = Imax_yboc * exp(rnorm(1,mean=0,sd=0.966)),
ID501 = ID50_bf,
ID502 = ID50_bdayf,
ID503 = ID50_yboc,
HILL1 = HILL_bf * exp(rnorm(1,mean=0,sd=0.948)),
HILL2 = HILL_bdayf * exp(rnorm(1,mean=0,sd=0.839)),
HILL3 = HILL_yboc * exp(rnorm(1,mean=0,sd=1.02)),
###############-----BF MODEL-----#################
bf_tot = ifelse(WEEK>0,BF_NORM_BA * (1-pmax1*(1-exp(-kp1*WEEK)))
*(1+kr1*WEEK) * (1((Imax1*(DOSE^HILL1))/((DOSE^HILL1)+(ID501^HILL1)))),BF_NORM_BA),
###############-----BDAYF MODEL-----#################
bdayf_tot = ifelse(WEEK > 0, BDAY_NORM_BA * (1-pmax2*(1-exp(-kp2*WEEK)))
*(1+kr2*WEEK) * (1((Imax2*(DOSE^HILL2))/((DOSE^HILL2)+(ID502^HILL2)))),BDAY_NORM_BA),
###############-----YBOCSBE MODEL-----#################
yboc_tot = ifelse(WEEK>0,YBOC_TOT_BA * (1-pmax3*(1-exp(-kp3*WEEK)))
*(1+kr3*WEEK) * (1((Imax3*(DOSE^HILL3))/((DOSE^HILL3)+(ID503^HILL3)))),YBOC_TOT_BA)
)
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df <- df %>% group_by(rep,ID,WEEK) %>% mutate(sigma1 = rnorm(1,0,1.303),
sigma2 = rnorm(1,0,0.926),
sigma3 = rnorm(1,0,3.047),
bf_obs = ifelse(WEEK>0, bf_tot + sigma1, BF_NORM_BA),
bdayf_obs = ifelse(WEEK>0,bdayf_tot + sigma2,BDAY_NORM_BA),
yboc_obs = ifelse(WEEK>0,yboc_tot + sigma3,YBOC_TOT_BA))
df <- df %>% mutate(bf_obs = ifelse(bf_obs<1,0,bf_obs),
bf_obs = ifelse(bf_obs>11,11,bf_obs),
bf_tot = ifelse(bf_tot>11,11,bf_tot),
bdayf_obs = ifelse(bdayf_obs>7,7,bdayf_obs),
bdayf_obs = ifelse(bdayf_obs<0.5,0,bdayf_obs),
bdayf_tot = ifelse(bdayf_tot>7,7,bdayf_tot),
yboc_obs = ifelse(yboc_obs<1,0,yboc_obs),
yboc_obs = ifelse(yboc_obs>35,35,yboc_obs),
yboc_tot = ifelse(yboc_tot>35,35,yboc_tot))
df<- df %>% mutate(DELTA_BF = bf_tot - BF_NORM_BA,
PER_DELTA_BF = DELTA_BF/BF_NORM_BA *100,
DELTA_BDAY = bdayf_tot - BDAY_NORM_BA,
PER_DELTA_BDAY = DELTA_BDAY/BDAY_NORM_BA *100,
DELTA_YBOC = yboc_tot - YBOC_TOT_BA,
PER_DELTA_YBOC = DELTA_YBOC/YBOC_TOT_BA *100)
}
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