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Abstract

Cytochrome P450 (CYP) inhibition often occurs in a strongly substrate- and inhibitor-dependent
manner, with a given inhibitor affecting the metabolism of different substrates to differing
degrees, and with a given substrate responding differently to different inhibitors. Traditionaly,
patterns of functional similarity and dissmilarity among substrates and inhibitors have been
studied using clustering analysis of pairwise correlation coefficients. Principal component
analysis (PCA) is awidely-used statistical technique that identifies the globally most significant
independent trends in a set of data. Here, we show that PCA can be usefully applied to study the
differential effects on a panel of CY P probe substrates by a panel of inhibitors, using published
data on CYP3A4 (Kenworthy et al., 1999) and CYP2C9 (Kumar et al., 2006). PCA can detect
functional similarities among substrates and inhibitors that are not readily apparent using
pairwise clustering analysis. PCA also allows identification of the functionally typical and
atypical substrates that might be used in combination to fully explore the CYP functional

landscape.
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The choice of optimal probe substrates for in vitro inhibition studies of cytochrome P450s
(CYPs) — especially relevant to pharmacokinetic predictions and in vivo-in vitro correlation — is
complicated by the diverse nature of substrate-inhibitor interactions for some of these enzymes
(Kenworthy et al., 1999; Kumar et al., 2006; Foti and Wahlstrom, 2008). A single probe
substrate can respond differently to various inhibitors, a single inhibitor can have different
effects on a panel of probe substrates. The differential behavior of substrates and inhibitors with
drug-metabolizing CYPs is presumably due to their promiscuity and catalytic alosterism

(Guengerich, 2001; Atkins, 2006; Nath and Atkins, 2008).

Two recent studies provide valuable insight into the varied nature of substrate-inhibitor
interactions, and into the patterns of smilarity among substrates and inhibitors: Houston and co-
workers (Kenworthy et al., 1999) studied the effects of 34 different inhibitors on the metabolism
of 10 probe substrates by CY P3A4. Subsequently, Tracy and co-workers (Kumar et al., 2006)
studied how 21 different inhibitors affected the metabolism of 5 probe substrates by the CY P2C9
variants *1 and * 3. Both groups used hierarchical clustering to analyze relative similarity among
their respective panels of substrates and inhibitors; here, we show how principal component
analysis (PCA), applied to both groups datasets, can serve as a powerful global alternative to
clustering analysis. This application of PCA is similar to its previous use in functionally

characterizing CY P102 variants generated by directed evolution (Bloom et al., 2007).

PCA (Wall et al., 2003) is a mathematical technique to extract the most significant trendsin a set
of observations. PCA relies on the assumption that the most significant trends (called ‘ principal
components or PCs) are those that show the greatest covariance between different observables
over multiple observations. For a data set with n observables, PCs can be thought of as vectorsin

n-dimensional space, and each observation can be transformed from the original observable-
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space to PC-space, where its coordinates (scores) reflect how much each component contributes
to the observation. PCs are ranked in order of variance (i.e., significance): because there are
typically more observables than significant PCs, PCA serves as a multidimensional scaling
technique. The locations of different observations in component-space provide a quick and

global comparison of relative similarity and dissimilarity.

Our intent is to demonstrate how PCA can be used to empirically analyze functional patterns
among CYP substrates and inhibitors. We should emphasize that a compound’'s score in a
particular PC does not necessarily correlate with any one of its functional, physical or chemical
characteristics. More advanced statistical techniques, such as common factor analysis or partial
least squares regression, can be used to explain how specific characteristics of compounds

contribute to their scores, but such analysis is beyond the scope of this paper.

Methods

CYP3A4 data from Kenworthy et al. consist of relative (%) inhibition of 12 probe reactions by
single concentrations of 34 different inhibitors, and are presented in Table 1. CY P2C9 data from
Kumar et al. consist of K; values measured for 21 inhibitors using 5 probe substrates, for allelic
variants CYP2C9* 1 and CYP2C9* 3, presented in Table 2 respectively. To study the functional
similarity of substrates, data were entered into a matrix with each row representing a probe
substrate and each column representing an inhibitor. PCA was performed using a script,
available upon request, in the Python programming language with the SciPy module (Jones et al .,
2001). Briefly: columns were mean-centered, and compact singular value decomposition was
performed on the resulting matrix using the 1inalg.svd () function of SciPy. The matrix of
PC scores for al substrates is given by the product of the left singular vector matrix and the

singular value matrix. To study the functional similarity of inhibitors, the matrix was transposed
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so that rows represented inhibitors and each column represented a probe substrate, and then PCA

was performed as described above.

Resultsand Discussion

CYP3A4 Subgtrates: PCA of CYP3A4 probe substrate responses to inhibitors (Fig. 1a) shows all
11 probe substrates plotted in terms of their scores in the first two PCs. (There are 12 points
because Kenworthy et al. monitored two different products from terfenadine — C-hydroxylation
(TFA) and N-demethylation (TFZ). Additionally, the authors used seven of their probe substrates
(TS: testosterone, CY: cyclosporine, ER: erythromycin, DZ: diazepam, DX: dextromethorphan,
NF: nifedipine, and terfenadine) as inhibitors as well, approximating the extent of ‘inhibition’ of
a probe substrate by itself as the percent maximal activity at 30 uM substrate concentration. Any
resulting errors should be minor in a global analysis such as PCA.) It isimmediately obvious that
the two fluorescent substrates ethoxyresorufin and benzyloxyresorufin (EROD and BROD) are
markedly different in their response from the other nine probe substrates. Thisis borne out by the
raw datain Table 1, with BROD in particular showing marked activation by several compounds
that inhibit all or most of the other probe substrates, and EROD showing a weaker response in

general to most compounds than the nine other probes.

Kenworthy et al. correctly recognized that these two fluorescent substrates are highly dissimilar
from the other nine probe substrates, and therefore may not be representative of CYP3A4
subgtrates in general. To more closely examine the relationships between the nine remaining
probe substrates (i.e., the ten remaining probe reactions), we therefore eliminated all data for
EROD and BROD from the dataset. The first three PCs of the remaining data (Fig. 1b) together
describe 56.1% of the variance in the data — meaning that analysis of even less significant PCs

can provide additional useful information. Nonetheless, scores in PCs 1-3 show a central cluster
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(TS, CY, ER, MZ: midazolam, and DZ). Slightly removed, and similar to each other, are the
terfenadine reactions (TFA, TFZ). Further out are DX, NF and triazolam (TZ), all about
equidistant from the central cluster. The PCA results suggest that the experimental use of any of
the central cluster (as representative substrates) could be complemented by also using DX, NF

and/or TZ to better explore CY P3A4 functional space.

Compared to the hierarchical clustering (Fig. 1c) based on pairwise correlation coefficients
presented by Kenworthy et al., PCA provides a more global and comprehensive picture of the
patterns of smilarity and dissimilarity between various probe substrates. For example, pairwise
clustering fails to capture the similarity in responses between TS and MZ, or the distance
between DX and DZ. (Part of the reason that the authors underestimate the dissimilarity of DX
and TZ from other substrates is that their clustering calculations ignored activation, although DX

and TZ were activated by several of the ‘inhibitors' in the panel.)

CYP3A4 Inhibitors: When the input data are transposed, PCA illustrates how various CY P3A4
inhibitors/effectors relate to each other functionally. As one might expect, the greatest amount of
variance in the transposed data set is explained by the average extent of inhibition by each
member of the inhibitor panel —the relevant [1]/K, with [I] = 30 uM, under assay conditions. This
is clearly demonstrated by the very high correlation (R? = 0.9999, Fig. 2a) between the average
inhibition % and inhibitors' scores in the first PC. Therefore, the most useful information about
functional differences is contained in PCs 2-4. (PCs 1-4 account for 75.6% of variance.) From
plots (Fig. 2b) of these three PCs, we see most members of the inhibitor panel cluster together,
with testosterone and haloperidol (and perhaps diazepam and quinidine) as outliers. Compounds
in the center of the cluster, such as cyclosporine or ketoconazole, may be good prototypical

CYP3A4 inhibitors, while outliers can be used as probes of atypical heterotropic effects.
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CYP2C9 Substrates. K, values of 21 substrates using five probe substrates of CYP2C9.1 and .3
presented by Kumar et al. are shown in Table 2. PCs 1-3 (>95% of variance) from these data,
showing how probe substrates cluster in terms of their response to the inhibitor panel, are
presented in Fig. 3 aand b. Interestingly, the single sequence alteration (l1e359Leu) between the
*1 and *3 allelic variants results in markedly different probe substrate responses. for CYP2C9.1,
phenytoin, tolbutamide and diclofenac form a distinct cluster with flurbiprofen and warfarin as
outliers, as observed using pairwise clustering by Kumar et al. In contrast, the five substrates do

not form adistinct cluster for CY P2C9.3 and are more evenly distributed in functional space.

CYP2C9 Inhibitors: PCs 1-3 (>95% of variance) of the transposed CY P2C9 data (Fig. 3 ¢ and d)
illustrate the functional relationships between the various inhibitors. Analogous to the CYP3A4
result, the greatest fraction of variance is explained by each inhibitor’s potency: this is reflected
in the high correlation between K; and PC1 scores: R? = 0.9906 and 0.9997 respectively for
CYP2C9.1 and .3. Both isoforms show a large central cluster comprising most of the panel,
implying relatively similar patterns of inhibition; our analysis supports the continued use of
sulfaphenazole as a prototypical CYP2C9 inhibitor, since it is located in this central cluster.
Quinine and thiobendazole (and perhaps indomethacin) are outliers. There is in general less

variation in inhibitor function between allelic variants than was observed with probe substrates.

In conclusion, we have shown how PCA can be used to globally compare the functional
characteristics of CY P substrates and inhibitors. The global nature of PCA allows the recognition
of similarities or dissmilarities that may not be evident in traditional pairwise clustering
analysis;, similarly, mapping a new drug-like compound into functional space (usng known
substrate or inhibitor panels) could augment predictions of allosteric behavior and drug-drug

interactions. As an important caveat, PCA is sendtive to systematic biases in the original data,
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and its meaningful application to in vitro metabolism studies relies on the type of high-quality,

consistent and extensive datasets generated by Kenworthy et al. and Kumar et al.
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Figure Legends

Figure 1. a) Scoresin the 1% and 2"-most significant PCsfor 12 CY P3A4 probe reactions. (The
units of both axes do not have direct physical relevance, and should be taken to represent only
the relative ssimilarity of the various probe reactions.) Fluorescent substrates BROD and EROD
are markedly different functionally from non-fluorescent substrates. b) PCA with fluorescent
substrates BROD and EROD omitted, showing scores for the 1%, 2™ and 3"-most significant
PCs. DX, TS, CY, ER and MZ form a central cluster that may comprise the best-representative
subgtrates of CYP3A4. ¢) Hierarchical clustering analysis for pairwise correlation coefficients of
inhibition, taken from Fig. 3 of Kenworthy et al. (1999).

Figure 2. PCA of transposed CY P3A4 inhibition/activation data from ref. (Kenworthy et al.,
1999), showing how inhibitors from the pane cluster in functional space. Only selected
inhibitors (black dots) are labeled. a) Inhibitor score PC1 is aimost entirely determined by the
average inhibition, a function of the average [I]/K, for each inhibitor ([I] = 30 uM in the
experimental conditions). b) Functionally relevant characteristics of the various inhibitors are
encapsulated in the 2™ through 4™ PCs. Under experimental conditions, testosterone is the most
atypical inhibitor in the panel, followed by haloperidol.

Figure 3. PCA of 21 K, values using 5 probe substrates for CYP2C9. a,b) PCA showing
relationships between probe substrates for alelic variant CYP2C9.1 and .3 respectively.
Tolbutamide, phenytoin and diclofenac form an apparent cluster for .1, but all five substrates are
more evenly dispersed for .3. ¢,d) PCA of transposed data sets, showing the relative positions of
inhibitors in functional space for CYP2C9 all€elic variants .1 and .3 respectively. The recovered
functional mapping is quite similar for both variants: quinine and thiobendazole are distinct

outliersin both cases.

12

20z ‘6T |Udy UOSeUINOr 13dSY e BIosfeuIno fipdsepuwip Woly papeojumod


http://dmd.aspetjournals.org/

DMD Fast Forward. Published on June 19, 2008 as DOI: 10.1124/dmd.108.022061
This article has not been copyedited and formatted. The final version may differ from this version.

DMD #22061

Table 1. Data from Table 1 in Kenworthy et al. (1999), showing the percent inhibition achieved
by 34 effectors for 11 different CYP3A4 substrates. Italicized values in parentheses represent

percent activation.

DX DzZ MZ TZ TFA TFZ ER CY TS NF BROD EROD
Astemizole 65 | 74 | 78 | 48 | 70 | 70 | 90 | 80 | 83 | 94 | (221) 3
Budesonide 30 | 48 | 71 | 56 | 73 | 77 | 91 | 77 | 64 | 49 | (3509) 3
Caffeine 8 2 0 (22| (2 1 3 2 @ | 3 34 9
Cisapride 41 | 72 | 48 | 66 | 43 | 52 | 24 | 52 | 54 | 78 | (70) 11
Clotrimazole 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 64
Clozapine 20 | 23 | 26 9 15 14 | 31 | 19 | 43 | 50 49 11
Cyclosporin 90 | 8 | 75 | 85 | 68 | 77 | 90 | 93 | 90 | 82 90 2
Dextromethorphan | 9 5 34 | 15 15 | (17)| 9 5 9 28 44 3
Diazepam (62| 17 | 25 1 11 9 12 | 20 | 22 6 | (159 (3)
Digitoxin 31 | 27 | 21 | (7)) | 26 | 33 | 57 | 28 | 49 | 47 35 8
Disopyramide 46 | 54 | 4 | 3R 6 9 35 | 38 | 55 | 50 50 (3)
Erythromycin 71 | 63 | 44 | 33 | 23 24 | 60 | 64 | 28 | 37 71 5
Ethionamide 6 11 |1 @ | © | 27 | 21 0 0 15| 2 39 5
Fluconazole 42 | 59 | 65 | 46 | 35 42 | 42 | 53 | 37 | 44 90 11
Gentamycin 14 5 (11| (21| (10) | (18 | 11 2 (1) 1 16 3
Haloperidol 200 3 2 52 | 17 | 27 | 33 | 36 | 29 | 96 | (33) 1
I buprofen 16| @ [ 13) 9 | D 6 0 0 | (17| (1 25 10
Itraconazole 75 | 8 | 86 | 73 | 8 | 8 | 86 | 92 | 97 | 91 89 4
Ketoconazole 96 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 97 7
Metoclopramide 7 5) | 8 2 ) 6 1 9 6 10 36 27
Metronidazole (3 | 10 0 ® @O @@ 3 (15| 3 27 2
Nifedipine 68 | 47 | 54 | 39 | 41 | 50 | 62 | 70 | 77 | 55 71 89
Nimodipine 69 | 89 | 60 | 74 | 78 | 76 | 100 | 9% | 96 | 85 85 27
Nitrendipine 74 | 63 | 60 | 60 | 43 | 51 | 79 | 84 | 82 | 66 28 3
Phenacetin 11 |(13) | 5 | (30)| 4 2 2 24 0 | 26 27 18
Phenytoin 1 4 6 | (77| 4 6 |(16)| 3 16 | 3 36 (1)
Piroxicam 24 3 2 | (13)| 3 3 9 5 14 4 37 6
Procainamide 16 | 11 2 (15| 3 0 17 | (15 | (D) 1 34 7
Propofol (3) | 18 3 11 | 37 17 7 (7) | 19 | 30 51 8
Quinidine 30 | 29 | 47 | 34 | 16 | 20 | 37 | 32 | 49 | 88 61 13
Roxithromycin 52 | 37 | 40 7 11 14 | 30 | 37 | 20 | 20 71 0
Salbutamol 7 3 1 9 | ® | @ 8 3 6 | (D 31 15
Terfenadine 64 | 67 | 77 | 77 | 86 | 86 | 94 | 89 | 88 | 84 | (472 9
Testosterone B3| (7| 28 |(399] 35 | 29 | 74 | 60 | 38 | 3 | (364 2

13

20z ‘6T |Udy UOSeUINOr 13dSY e BIosfeuIno fipdsepuwip Woly papeojumod


http://dmd.aspetjournals.org/

DMD Fast Forward. Published on June 19, 2008 as DOI: 10.1124/dmd.108.022061
This article has not been copyedited and formatted. The final version may differ from this version.

DMD #22061

Table 2. K, values (in uM) calculated for 21 inhibitors and 5 probe substrates of CY P2C9. Taken

from Table 1 of Kumar et al. (2006).

CYP2C9.1 CYP2C9.3
FlurbiprofenWarfarin Phenytoin| T ol butamide Dicl of enadFl urbi profen WarfarinPhenytoin [T olbutamide Diclofenac

Amiodarone 2.1 2.99 4,03 0.69 1.89 3.64 1.66 1.87 0.81 2.1

Benzbromarone 0.004 0.001 0.04 0.02 0.01 154 0.01 0.71 0.03 0.04
Clozapine 4.13 3.46 12.88 11 11.43 10.49 2.8 5.07 5.92 8.04
Fluvoxamine 0.63 0.58 2.46 274 412 4,19 0.67 2.37 1.57 2.53
Gemfibrozil 12.43 0.79 2.38 2.83 3.64 14.33 1.65 4.95 7.21 14.41
(S)-1buprofen 4.27 3.06 4,02 3.95 4.46 9.78 3.15 55 14.03 14.68
Indomethacin 53.41 0.66 15.76 14.24 14.47 38.74 5.04 12.66 16.87 25.62
Ketoconazole 0.38 0.08 181 1.79 152 151 0.08 0.69 0.7 0.79
Mibefradil 111 1.04 6.75 6.63 13.79 13.08 18 6.9 6.9 14.3
Miconazole 0.03 0.01 0.11 0.05 0.04 0.1 0.02 0.12 0.06 0.07
a-Naphthoflavongl  0.78 0.29 0.75 0.34 0.41 1.13 0.18 0.39 0.24 0.44
Nicardipine 0.07 0.01 0.33 0.03 0.03 0.29 0.01 0.02 0.02 0.02
Nifedipine 114 0.34 1.35 0.84 0.57 153 0.28 0.61 0.28 1.18
Omeprazole 5.33 0.64 2.16 0.92 0.41 16.24 0.9 1.6 1.46 0.3

Progesterone 1.72 141 4.3 4,01 5.2 11.03 1.97 3.27 2.58 7.91
Quercetin 1.18 0.25 0.27 0.14 0.13 0.25 0.11 0.29 0.08 0.13
Quinine 3.45 19.8 85.53 76.35 100 21.2 18.89 | 39.68 86.52 96.7
Sulfamethizole 17.9 2.22 13.08 7.17 14.69 35.04 3.87 24.74 25.93 31.86
Sulfaphenazole 0.06 0.12 0.23 0.22 0.15 0.72 0.15 0.39 0.33 0.36
Tamoxifen 3.44 0.66 3.77 3.32 4.67 9.77 0.58 6.69 2.72 8.36
Thiobendazole >100 17.22 | 36.21 33.09 41.08 100 11.02 | 26.92 24.54 69.85
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