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Drug development and safety data
I

Loosely, drug development takes place in 3 phases
I

I
I

I

Phase 1 – small numbers of healthy volunteers, checking
tolerability
Phase 2 – more patients, finding right dose
Phase 3 – many patients, confirming efficacy

Trials designed to characterize efficacy, but most data relate
to safety
I
I
I
I

Adverse events – did the patient notice any side effects?
Lab data – measurements on various chemicals in the blood
Vital signs – heart rate, blood pressure
Medical history, concomitant medications, ECGs, etc.
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The problem

I

The pharmaceutical industry is in crisis
I
I

The cost of drug development has been rising steadily for years
The difficulty of getting a drug to market has been rising
steadily for years

I

The second most common cause of late phase failure is safety

I

The most common cause of market withdrawal is safety
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Why aren’t safety issues identified sooner
I

Difficult to address in a formal hypothesis testing framework
I
I
I

I

The data are messy
I
I
I

I

Safety questions are generally not known in advance
There are lots of them
Concerns over multiple comparisons
Binomial or time-to-event data, often sparse
Continuous data often highly skewed and subject to outliers
Data collected at several points in time

Usually, only the outliers are of interest
I

I

Methods concerned with characterizing central tendency can
imply misleading conclusions
Outliers are, by definition, rare
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Outliers and ALT
I

The rest of the presentation focusses on outliers and on ALT
(alanine aminotranferase).
I
I

Large values of ALT suggest potential liver injury
Potential for liver injury has been the most frequent reason for
safety related withdrawl of drugs from the market [1]
I

I

ticrynafen, benoxaprofen, bromfenac, troglitazone,
nefazodone, ximelagatran...

According to published guidance (CTC [4]):
ULN ≤ ALT < 2.5 × ULN
2.5 × ULN ≤ ALT < 5 × ULN
5 × ULN ≤ ALT < 20 × ULN
ALT > 20 × ULN
I

Grade
1
2
3
4

Severity
Mild
Moderate
Severe
Life threatening

ULN can be thought of as the units of measurement for ALT
7/26

Example: troglitazone
Troglitazone (for treatment of diabetes). FDA review states
Mean [ALT] levels fell in patients receiving troglitazone in phase 3
trials... It was also stated that 2.2% of patients in phase 3 trials
had an [ALT] level exceeding 3 × ULN... What was not appreciated
by [FDA] was that many of the patients classified as ALT
> 3 × ULN actually had ALT values that were VERY much higher
than 3 × ULN... 23 patients had treatment-emergent ALT values
over 3 × ULN... In 14 of these 23 patients, the ALT value exceeded
8 × ULN... and in 5/23 patients the ALT value exceeded 30 × ULN.

The drug was withdrawn from the market after reports of liver
failure and death
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A short aside

I

In fact, the liver data is at least 4-dimensional
I

I

But ALT contains most of the information
I

I

Need to look at least at AST, bilirubin and alkaline
phosphatase as well
... and keeps this presentation fairly simple

See Southworth & Heffernan [9] for the multivariate version
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Extreme value modelling
I

A mature branch of statistics
I
I
I

Key publication by R. A. Fisher and L. H. C. Tippett, 1928
First full length textbook by E. Gumbel, 1958
In the context of predicting the frequency and severity of
floods, Gumbel wrote:

“At present the statistical nature of these problems
has been realized and the empirical procedures are
slowly being replaced by methods derived from the
theory of extreme values”
I

These days, the methods are used in many areas of
application:
I

Meteorology, insurance, finance, geology, metallurgy, breaking
rates of fibers, network traffic, ...
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The generalized Pareto distribution
I

Asymptotically, a threshold exists above which the data are
well approximated by a generalized Pareto distribution (GPD)

F>u (x) = 1 − 1 + ξ

I

ξ: the shape parameter
I
I

I



−1/ξ

for x > u

ξ < 0: short tailed distribution
ξ ≥ 0: heavy tailed distribution

The scale and shape parameters don’t have a straightforward
physical meaning
I

Therefore present results in terms of predictions from the
model
I
I

I

x−u
σ

I

Predicted probabilities of exceeding certain thresholds
Predicted extreme quantiles of the distribution – return levels

Can allow σ and/or ξ to depend on covariates
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The need for evaluation
The methods are in widespread usage, but:
I

Apparently unused in the context of clinical lab data

I

Asymptotic justification for GPD, but clinical trials are ‘small’
The ideas feel quite alien to most statisticians and clinicians
alike

I

I
I

I

Various issues relating to clinical trials don’t arise in other
applications
I

I

Throw away at least half of the data
Extrapolating outside the range of the data

See Southworth & Heffernan [8] for a more complete account

If it works, will need concrete examples to sell the idea to
colleagues

Suggests some evaluation should be performed
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Evaluation
Approach:
Use existing clinical trial data to fit GPD models and
predict frequency and magnitude of outliers in established
drugs whose impact on ALT is known.

I

I

Identified 3 old clinical trials with appropriate data, including
some data from patients receiving placebo
Began modelling using the ismev [3] package for R [7]
I

I

(Others exist)

Quickly ran into trouble
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Issues with extreme value modelling of clinical trial data
I

No reason to suppose quadratic approximations are good
I
I

I

MLEs can fail to converge (especially in the sample sizes we
encounter)
I

I
I

Can use profile likelihood for inference [2]
... but profile likelihood gets awkward when there are multiple
parameters in the model

Fewer convergence issues if reparameterize in terms of
φ = log σ

No extreme value methods exist(ed) for longitudinal data
The appropriate multivariate method [5] had no
implementation
I

and had a known glitch [6]
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Approaches
Write new software: texmex [10]
I Use penalized likelihood, Bayesian or bootstrap approaches to
inference
I
I
I

I

Use on-treatment maxima and ignore longitudinal structure
I

I

What choice of penalty or prior?
Empirical bootstrap badly behaved, need parametric bootstrap
Use R’s usual formula interface for model specification
Or use data from a single on-treatment clinic visit

Implement the Heffernan-Tawn model [5]
I

Made contact with the authors and have worked with them
ever since

Various other issues eventually addressed as part of a PhD
I

... and others remain to be addressed
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On with the evaluation

I

I

For 2 of the clinical trials used for evaluation, predictions for
ALT were in line with what is known in practice
For the other, I found something I hadn’t expected
I

I

I

There were 4 doses of the drug, approximately 160 patients
per dose
Models predicted approximately 1 in 400 patients taking the
highest dose would have an ALT > 20 × ULN
Knowing the drug, I didn’t believe it
I

Remember CTC classification:
ALT > 20 × ULN = “life threatening”
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Literature search

I
I

Spent a week checking my code
Gave up and did a literature search
I

I

I

Found published information that approximately 1 in 400
patients had a severe liver related adverse event when taking
the highest dose in clincial trials
No cases of liver related events on the lowest dose

From a study of approximately 160 patients per group,
extreme value modelling had correctly predicted the rate of
serious liver related events
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Selling the idea within AstraZeneca
I
I

Audience is advisory panel on liver tox: largely medics
Need to anticipate and address the concerns of the audience
I

Extreme value modelling feels uncomformable
I

I

I
I

Emphasize prediction, not hypothesis testing
Need to explain what it can offer that they don’t already have
I

I
I

It’s old, it has pedigree, it has been used in many important
applications for a long time
But it’s just a limit theorem and no one worries that means
aren’t Gaussian

Can predict the 99th percentile of ALT from a few dozen
observations
Can predict P(ALT > 3 × ULN) even if we have seen no cases

... and the 1 in 400 patients example won the day
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Next steps
I

Got to present to the lead medic and lead statistician in
AstraZeneca
I
I

I

They got it!
Asked for analysis of phase 2 ximelagatran data

Started to use for real with a couple of examples
I
I

Mostly liver-related stuff (ALT)
... but then a phase 2 study threw up a few big changes in left
ventricular ejection fraction (LVEF), and someone involved had
heard of my work with extremes
I
I
I

LVEF is the proportion of blood pumped out by the heart
If it gets low, that’s bad - heart failure
So we’re interested in extreme small values, not big values, so
multiply by -1 before modelling
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Further roll-out
I

I

AstraZeneca’s internal governance and advisory bodies
commonly request extreme value modelling to be performed
The most common examples include
I

I

ALT, LVEF, creatinine, neutrophils

Most of the modelling is performed by a specialized group of
statisticians
I

I
I
I

Avoids having to train dozens of statisticians in a niche area of
modelling they might never use
Allows the specialized group to gain experience quickly
Enables faster execution
Makes clear who to go to to ask for modelling to be done
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Closing remarks:
Extreme value modelling of clinical trial safety data
I

Experience to date suggests
I

I

Extreme value modelling really can predict toxicities from early
phase data
Approximately 50% of the time, outliers that appear worrying
turn out to be consistent with no treatment effect
I

I

“Proceed with caution” rather than “clean bill of health”

Perhaps it is the case that
“the statistical nature of these problems has been realized
and the empirical procedures [will slowly be] replaced by
methods derived from the theory of extreme values”
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And finally

I

The “1000 years” remark was made by then Environment
Secretary, Hilary Benn

I

According to Jan Heffernan’s analysis of rainfall data from 2
weather stations in the region, once every 1000 is a plausible
estimate
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