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DR. O'CONNELL:  Well, thanks for the invitation to speak.  It has been a really exciting meeting.  As did the last speaker, I'll diverge from yesterday's emphasis on genetics and focus specifically on small molecule metabolites today and our work with metabolomics and acetaminophen injury.


Clinical Study Designs of Human of APAP

Challenge

Single dose study

9 healthy volunteers, men & women, age 18-55
Inpatient for 7 days & given controlled diet

3 days on a controlled diet

A single 4gm dose given on day 4

Urine, serum collected daily

Multiple dose study

72 healthy volunteers, men & women, age 18-55
Inpatient for 14 days & given controlled diet

4gm APAP/day (2 500mg tablets 4 times) for 7 days
Urine and serum collected daily
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I'll talk about two studies today.  First was a small study and you will hear more about that later today from Dr. Paules over in the corner.  This was a single-dose study, very small, 9 patients, in-patient for 7 days on a highly controlled diet, given a single 4 gram bolus of acetaminophen and then we followed it up with transcriptomics studies and metabolomics.

And the other study was a much larger one.  It was precipitated by a study that Dr. Watkins was involved with as were I think a few others in the room.  It came out a few years ago.  They found that about 30 percent of  healthy volunteers displayed elevated ALT elevations with repeated acetaminophen dose. 
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Metabolomics Study of a Single 4 gm Dose of APAP
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Here are the data from the single 4 gram dose.  You can see here that the ALT elevations with a single dose didn't elevate.  There was no overt phenotypic change that was found in this study.  On your left is a principal components scores plot.  You saw at least one or two of those yesterday.  Each one of those points is one of the time points and we were looking to see if there was any metabolic changes as indicated by the perturbations in the spectra that were taken to see what the effect was of the acetaminophen dosing. And there are really not a whole lot of alterations there.  But the corollary part of the principal components scores plot is on the right and that's called the loading spot.  That identifies some variables that were changed in this study that are significant. The two points labeled lactate are clearly outliers.  So what we did next was a quantitative profiling of the 21 most abundant metabolites in the serum in this case and we found that most of them stayed right around baseline, but lactate was significantly elevated around the 72 hour mark.

This, as you will hear about again later from Dr. Paules, was in accord with some of the transcriptomics data that said that there was mitochondrial dysfunction.  Again, this is just a single 4 milligram bolus of acetaminophen. 
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The next study is the bigger one, where we had enough to observe responder and non-responder groups.  So we had 72 patients and they were dosed from days 4 through 10, and one dose in the morning of day 11.  You will see that the non-responders on the right stayed towards the baseline.  But around day 8 or 9 in the responders, they start to elevate.  That's around day 4 of the dosing regimen.  So our first question is can metabolomics identify or distinguish responders from non-responders?  Is there enough information, in this case, in the urinary metabolome to distinguish one from the other?

We looked at the dosing days and as a start and focused on days 9 and 10 and we wanted to see, if there enough information to distinguish between responders and non-responders?  This is the first pass principal component analysis plot and you can see that there is somewhat of a prevalence of non-responders at the top and responders on the bottom.  So we were encouraged by this data.

Less than 1.5-fold change was considered a non-responder and greater than twice was responder.  So we have about 40 patients that are represented here. One of the things to be careful of with principal component analysis is if you've got 40 patients and several hundred variables, that's a lot of statistical firepower to come up with pretty pictures that don't have any meaning. 
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Responders and Non-Responders in the
Two Week APAP Study
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The next step in the statistical analysis was to run what is called a supervised approach.  So instead of just explaining the variance in the data and hoping that you get some segregation, what we do is we say explain the variance that is correlated to this class membership. Integral to this is to come up with a cross-validation scheme.  Again, this is a wonderful way to come up with very pretty meaningless plots, but if you do a standard cross-validation, take a subset out, train your model and back predict it, you can come up with a good honest plot, which I'll say is what I have here. 


Can Metabolomics Distinguish
Responders from Non-Responders?
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Down in the lower right are the cross-validation statistics which meet the standard criteria for significance.

So we are encouraged that we can, indeed, see a difference in the urinary metabolome between responders and non-responders, in days 9 and 10, after they have expressed their phenotype, after their ALTs have risen. 
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PCA Analysis of Responders & Non-responders

at Days 9-10
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This brings up the notion that we may be able to use metabolomics in a predictive capacity?  Not just confirm what we already knew by ALT elevations, but to do metabolomics in a predictive fashion and that brings up this concept that was introduced several years ago from the Nicholson group of pharmaco-metabonomics.


OPLS Analysis of Responders vs.
Non-responders at Days 9-10
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The notion is that metabolic and other individual characteristics can predict or are influential on the metabolite profiles pre-dose and what I'll say as pre-adverse events, so your genes and environment influence your baseline metabolite levels.  They also influence the inter-subject variation on drugs.
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Pharmaco-Metabonomic Hypothesis

The prediction of the outcome of a drug or xenobiotic intervention based

on a mathematical model of pre-intervention metabolite signatures.
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The notion is can you use these pre-dose profiles or we'll say pre-adverse event profiles to predict differences in responses to drugs?


Metabonomic Prediction of Hepatotoxicity
Prior to ALT Rise
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In order to test that out, our first step was to not go pre-dose, but to look early in the dosing regimen.  We look now at days 5 and 6 to see if we could predict what was the eventual ALT outcome starting at days -- around days 9 or 10.


OPLS Analysis of Responders vs.
Non-responders at Days 5-6
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And so indeed, we got a very similar model.  If you think of what was shown before, these model statistics are nearly identical to what we had before.  So we are encouraged and it seems that we have some predictive capacity of what will happen several days later.
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Pharmaco-Metabonomic Approach for the
Hepatotoxicity in Humans
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The big question that everyone is wondering is can you do it with the pre-dose?  That would be really the home run.  Can we do it from days 2 and 3?  And the unfortunate answer is no. 
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Pre-dose Metabolite Models Were Much Weaker

2-Component OPLS Model Statistics
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I show on the left the three plots from days 9 and 10, 5 and 6 and 2 and 3.  They are a little bit small, but by and large, if you just look at those plots, you would see that the separation is nearly similar, but the cross-validation statistics drop by about 50 percent and are well into the range where you would call that just a statistical over-fitting.

It doesn't appear that we can do this prediction.  By and large, we weren't surprised, because the inherent inter-subject variability in a human population, irrespective of the highly controlled clinical research center environment, people are still very different, not like rats or mice. 
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The next question we had was are the changes in the metabolome that we see on days 5 and 6 the same as they are at days 9 and 10?  Are we looking at the same phenomenon?  What I have here is called a shared and unique structures plot and that's basically looking at the variable changes, so the individual spectral features are plotted against one another and as they lie along the diagonal, by and large you can conclude that the changes that we see between these days are largely the same.  If points are a little off axis on the y-axis, those might be somewhat unique to days 9 and 10.  A little off axis on the y-axis may be a little unique to days 5 and 6.
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But by and large, everything lies quite close to the diagonal.  So this is another view of this plot with a few of the metabolites labeled, and you can see there is a combination of endogenous and exogenous metabolites.  There are some amino acids and then there are some conjugates of the acetaminophen 
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One of the things that concerned us was how much were these acetaminophen metabolites driving the model?  If we were just getting segregation based on acetaminophen metabolites,  that would really take much of the wind out of the sails.

So we did a quantitative profiling of the acetaminophen itself, the glucuronide,  sulfate, cysteine and the mercapturate conjugates.  You can see the non-responders are shown in red and the responders in blue and by and large they track quite well and there is really no statistical difference between them, given the arrow bars. 
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We went ahead just to push it a little bit further and we looked at days 9 and 10 and 5 and 6 and instead of doing the principal component or OPLS plots based on all of the spectral features we just used the actual APAP-metabolite concentrations to see if we could get any segregation whatsoever.  And we couldn't even fake a pretty picture with this data.  You can see down in the bottom that the model statistics are quite poor.

This Q-Square value is roughly correlated to the predictive capacity.  It's generally accepted that values in the neighborhood of .4 or .5 indicate a robust model.  The value 0.1 is definitely not. 

We went ahead and did a further round of cross-validation to see what we could come up with an actual number for predictive accuracy and so we generated these confusion matrices based on leave one subject out cross-validation model.


Prediction Accuracy of OPLS Models

Confusion matrices

Actual
Resp
Non-resp

Actual
Resp
Non-resp

Actual
Resp
Non-resp

Predicted
Resp Non-resp
23 9
9 27
Predicted
Resp Non-resp
24 10
10 25
Predicted
Resp Non-resp
19 12
11 24

Predictive Accuracy

Accuracy
avg data

Accuracy
avg data

Accuracy
avg data

73.5%
12.7%

71.0%
74.3%

65.2%
61.8%

(0.0004)
(0.015)

(0.038)
(0.007)

(0.153)
(0.300)


Presenter
Presentation Notes
The predictive accuracy of the days 9 and 10 was in the low 70s.  Days 5 and 6 quite similar and of course, day 2 and 3 actually was in the 60s, but if you notice on the far right are the p-values, and day 2 and 3 again is not coming up to meet standard acceptable criteria.

I'll explain real quickly that the -- I have two lines for the accuracy.  I just have to preempt a possible question that will come up.  Because each subject is represented by two days in these confusion matrices, it may not be fully allowable to consider them completely independent.

So we took the average of those two days.  On the top line the accuracy is based on each subject having a day 9 and a day 10 and the bottom line has a single point take as the average of the days 9 and 10 values. That way we don't have any issues with statistical independence of individual samples. 
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Early Intervention Pharmaco-metabonomics
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 Pre-dose profiles may not be predictive in many cases
 Early doses may evoke the predictive metabolic phenotype
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What we conclude is that pharmaco-metabonomics, this approach of looking at pre-dose profiles to predict post-dose outcomes, which has been shown now twice in rodent models, may or may not be realizable with the human population.  There may be, of course, instances where it is.  In this case, it was not, but one of the things that may be a useful step is rather than pre-dose, looking at what we will call an early intervention pharmaco-metabonomics.  In that manner, you can, essentially, elicit a response or as we have said, evoke the phenotype that you may be looking for at an early stage and detect predictive metabolic perturbations well before there is the classical presentation of the phenotype. So we are proposing this as something to at least consider when doing safety trials. 


Conclusions

« Metabolomics can distinguish responders from non-
responders in urine

 Early biomarkers of toxicity (pre-ALT rise) are largely
the same as the later biomarkers (during-ALT rise)

e Significant predictive capacity arises from combined
endogenous and exogenous metabolite changes

o Early Intervention pharmaco-metabolomics is
practical for predicting potential hepatotoxicity in
humans
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So to conclude, we did find that the metabolomics can distinguish responders from non-responders.  That was our first hurdle.  In this case, the early biomarkers of toxicity were largely the same as those that were later.  We did find a significant, statistically significant predictive capacity.

And then finally, the early intervention pharmaco-metabonomics approach is practical now in a human population. 
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