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Abstract

PDZ domains have long been thought to cluster into discrete functional classes defined by their
peptide-binding preferences. We used protein microarrays and quantitative fluorescence polarization
to characterize the binding selectivity of 157 mouse PDZ domains with respect to 217 genome-
encoded peptides. We then trained a multidomain selectivity model to predict PDZ domain—peptide
interactions across the mouse proteome with an accuracy that exceeds many large-scale, experimental
investigations of protein-protein interactions. Contrary to the current paradigm, PDZ domains do not
fall into discrete classes; instead, they are evenly distributed throughout selectivity space, which
suggests that they have been optimized across the proteome to minimize cross-reactivity. We predict
that focusing on families of interaction domains, which facilitates the integration of experimentation
and modeling, will play an increasingly important role in future investigations of protein function.

Eukaryotic proteins are modular by nature, comprising both interaction and catalytic domains
(1,2). One of the most frequently encountered interaction domains, the PDZ domain, mediates
protein-protein interactions by binding to the C termini of its target proteins (3-6). Previous
studies of peptide-binding selectivity have placed PDZ domains into discrete functional
categories: Class | domains recognize the consensus sequence Ser/Thr-X-y-COOH, where X
is any amino acid and v is hydrophobic; class Il domains prefer y-X-y-COOH; and class 111
domains prefer Asp/Glu-X-y-COOH (5,7). More recent information has suggested that these
designations are too restrictive and so additional classes have been proposed (8,9). The idea
that domains fall into discrete categories, however, raises questions about functional overlap:
Domains within the same class are more likely to cross-react with each other’s ligands. To
resolve this issue, we characterized and modeled PDZ domain selectivity on a genome-wide
scale.
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We began by cloning, expressing, and purifying most of the known PDZ domains encoded in
the mouse genome (10-12) (table S1). Soluble protein of the correct molecular weight was
obtained for 157 PDZ domains (fig. S1). Whereas previous efforts to characterize the selectivity
of PDZ domains have relied on collections of peptides with randomized sequences (7,9,13,
14), our goal was to focus on genome-encoded sequences. We therefore synthesized and
purified fluorescently labeled peptides derived from the 10 C-terminal residues of mouse
proteins. In total, we synthesized 217 such peptides, which we termed our “training set” (table
S2) (15). Although our training set is not guaranteed to contain ligands for every PDZ domain,
it permitted us to obtain a broad view of binding selectivity.

To investigate biophysical interactions between the 157 well-behaved PDZ domains and each
of the 217 fluorescent peptides, we devised a strategy that combines the throughput of protein
microarrays and the fidelity of fluorescence polarization (FP) with predictive modeling (Fig.
1A). Microarrays of PDZ domains were prepared within individual wells of microtiter plates
and probed, in triplicate, with a 1 uM solution of each peptide (Fig. 1B) (16). Interactions with
a mean fluorescence that was at least three times the median fluorescence on the array were
scored as “array positives” (17). This process yielded 1301 putative interactions involving 127
PDZ domains. Little can be concluded about the 30 domains for which no array positives were
found. For domains that bound at least one peptide, however, the inability to bind other peptides
provides important information: These noninteractions were scored as “array negatives.”

As with any high-throughput method, there are error rates associated with identifying both
positives and negatives. To eliminate array false positives, we retested and quantified every
array positive with a solution-phase FP assay (Fig. 1C), which served as our “gold

standard” (17). By measuring FP at 12 concentrations of PDZ domain, we determined the
dissociation constant (Kq) for each of the 1301 array positives (table S3). Interactions that
showed saturation binding (18) with a Kq < 100 uM were considered “positives”; those that
did not were considered “negatives.” On the basis of these criteria, 85 PDZ domains bound at
least one peptide in the training set. Although our Ky cutoff was high, ~90% of the interactions
had a Kg <50 uM, and ~60% of interactions had a Kq < 20 uM (fig. S2). In addition, FP assays
revealed the false-negative rate of the protein microarray assay to be 6.6% (19).

To extract from our data the rules that govern the peptide-binding selectivity of PDZ domains,
we built amodel that predicts the PDZ domains to which a peptide will bind, given its sequence.
Peptide recognition is often modeled with a position-specific scoring matrix (PSSM), ® =
{6p,q}, where 0y 4 is defined as the probability of observing amino acid g at position p in the
subset of peptides that bind to that domain (20). This scoring approach is useful for predicting
peptides that bind to a single domain, but it is not ideally suited to our purpose for two reasons.
First, our peptide sequences are derived from the genome and thus are not random. Second,
our goal is to learn how one domain differs from another, (i.e., how selectivity is achieved).
This information is not captured in a traditional PSSM because peptide residues that contribute
strongly to binding affinity, such as the C-terminal residue, dominate the model, even if they
are not important in distinguishing one domain from another.

To construct a single model that includes many PDZ domains, we developed a variation of a
PSSM in which a peptide is predicted to bind to PDZ domain i if

¢i:ZAp.q0i.p.q>Ti
p.q (1)

where ¢ is a binding score, A is an indicator of peptide sequence, (Ap q = 1 if the amino acid
at position p of the peptide is q and A, = 0 otherwise), and ; is a scoring threshold, specific
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to each domain. To ensure that our model focuses on PDZ domain selectivity, we constrained

Zel‘p'qto be O for every position p and every amino acid g. Thus, 0; , 4 is positive if PDZ
domain i prefers amino acid q at position p more than the other PDZ domains, negative if it
prefers it less, and O if it has no bias relative to the other domains. To tailor the threshold
appropriately for each domain, we defined 7; to be the mth percentile of ¢;’s for all of the
peptides in our training set that bound to PDZ domain i. Empirically, we found that setting
m = 5 provides a good balance between false-positive predictions and false-negative
predictions. Because this model is designed to highlight selectivity across many members of
a domain family, we refer to it as a multidomain selectivity model (MDSM).

Our model takes into account the five C-terminal residues of the peptide ligand: positions —4,
—-3,—2,—1, and 0. Even with 217 data points for each domain, there is insufficient information
to train such a high-dimensional model. To avoid overfitting, we implemented a smoothing
technique. If two PDZ domains bind a similar subset of peptides, it is reasonable to expect that
their Op 4’s are also similar, unless the data suggest otherwise. Likewise, if two amino acids
have similar physicochemical properties, it is reasonable to expect that their 0; ,’s will be
similar. Smoothing requires a quantitative measure of pairwise distance. With PDZ domains,
distance was defined as the Hamming distance of their binding vectors across the training-set
peptides. With amino acids, we relied on previously reported “z scales” to capture their
physicochemical properties, where z; is considered a descriptor of hydrophilicity, z, is a
descriptor of molecular weight and surface area, and z3 is a descriptor of polarity and charge
(21). We reduced the equivalent degrees of freedom in our model by smoothing over PDZ
domains and over amino acids with a Gaussian kernel during regression (22).

We were able to model 74 of the 85 PDZ domains, which suggests that the majority of PDZ
domains (87%) conform to the assumption that the contribution of each peptide position to
selective binding is additive. Having trained the MDSM, we used it to predict false negatives
in our microarray data (Fig. 1A). Predicted array false negatives were assayed experimentally
by quantitative FP, and the MDSM was retrained using the updated information. This cycle of
prediction, experimentation, and retraining was performed three times. In total, we tested 303
predicted array false negatives, of which 133 (44%) were found to be positives, yielding a high-
quality, quantitative interaction matrix for mouse PDZ domains (Fig. 2A and table S3). Overall,
we found that the average binding affinity of the array false negatives was slightly lower than
that of the array true positives. The distributions of binding affinities, however, overlapped
considerably (fig. S3).

The refined model performs well on the updated data set, with a true-positive rate of 96% (it
correctly identifies 515 of 536 FP-confirmed positives) and a false-positive rate of 15% (it
predicts an interaction for 186 of 1229 FP-confirmed negatives) when m is set to 5 (Fig. 2B).
The parameters of the MDSM are depicted as a heat map in Fig. 2C and are provided in table
S4. As anticipated, position 0 does not contribute strongly to discriminative binding, but the
four other positions contribute substantially (Fig. 2C).

To extract biophysical modules out of the resulting interaction network, we designed a modified
version of the Markov cluster algorithm (23), tailored to the special situation of a bipartite
network (22). The algorithm simulates a random walk on the graph and is based on the
observation that random walks tend to be confined within “tight clusters” of nodes. The
algorithm identified four tight clusters of PDZ domains and their binding partners (Fig. 2D).
For example, the claudins (tight junction proteins) cluster with ZO-1 and ZO-2, whereas the
N-methyl-o-aspartic acid (NMDA) receptor subunit isoforms NMDAR2A and NMDAR2B, as
well as several voltage-gated potassium channels, cluster with PSD-95, SAP-97, Magi-1,
Magi-2, and Magi-3.
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Encouraged by the close agreement of our model with the training-set data, we used the MDSM
to predict to which proteins in the mouse proteome each of the 74 PDZ domains are able to
bind. In total, we surveyed 31,302 peptide sequences corresponding to the C termini of all
translated open reading frames (24). We have previously shown that our domain-based in vitro
strategy faithfully captures ~85% of the previously reported interactions involving PDZ
domains (17). We therefore provide these predictions (18,149 PDZ domain-peptide
interactions) as supplemental information (table S5) to help guide future biological
investigations (25). We note, however, that not all interactions that are observed in vitro
necessarily occur in vivo.

To further assess the accuracy of our model, we selected a “test set” of 48 proteins from the
mouse proteome that were predicted to be highly connected to PDZ domains (table S6). We
synthesized fluorescently labeled peptides corresponding to their C termini and assayed them
for binding to the 74 PDZ domains in our MDSM with the use of a single-point FP assay
(26). These peptides were not included in the training set and so offer a stringent test of our
model. In total, 493 new interactions and 3059 noninteractions were identified. Our model
predicted 48% (237) of the new interactions and 88% (2680) of the noninteractions when m
was set to 5 (Fig. 2E), with a true-positive/false-positive (TP/FP) ratio of 0.63 (237/379). The
TP/FP ratio of our model predictions exceeds by a factor of more than 20 the TP/FP ratio of a
Bayesian model that integrates information from two large-scale yeast two-hybrid experiments
and two large-scale in vivo pull-down experiments in Saccharomyces cerevisiae, while
maintaining the same true-positive rate (27). We attribute the accuracy of our MDSM to its
focus on arelated family of domains, rather than on a broad collection of proteins with disparate
properties. This argues strongly for a systematic but segmented effort to uncover protein-
protein interactions by focusing on families of interaction modules.

We also observed a positive correlation between the model output (¢;) and binding affinity
(fig. S5). We found that smoothing over both PDZ domains and amino acids substantially
contributes to the accuracy of the model, boosting the TP/FP ratio by 44% over the model
constructed without smoothing, while maintaining the true-positive rate essentially the same
(Fig. 2E). Most of the effect was derived from smoothing over PDZ domains, but smoothing
over amino acids was also beneficial. To exclude the possibility that the model performance
was due to chance correlation, we performed a Y-randomization test (28) in which the
interaction data were shuffled. The resulting receiver operating characteristic (ROC) curve was
indistinguishable from the no-discrimination line (fig. S6), indicating the effectiveness of our
training and test sets.

Having established that the model accurately captures information about the binding selectivity
of PDZ domains, we asked which physicochemical properties each domain uses at each
position to define its selectivity. For example, if we look at the amino acid preferences of DIgh3
(1/1) at position —4, we find that the 20 6’s are positively correlated with z; but are not correlated
with z, or z3 (Fig. 3A). In contrast, z,, but not z; or z3, correlates with discriminative binding
at position —4 for Magi-1 (4/6) (Fig. 3B), whereas z3, but not z; or z,, correlates with
discriminative binding at position —4 for MUPP1 (10/13) (Fig. 3C). These three examples are
extremes; in general, PDZ domains rely on all three z scales for discriminative binding. To
capture this information for all PDZ domains at all positions, we constructed a correlation
matrix between the model parameters and the first three z scales of amino acids (Fig. 3D).
Because the contribution to discriminative binding at position 0 is weak, we omitted this
position from our analysis to avoid biasing our results with artificially amplified effects.

To understand the organization of peptide-binding selectivity on a global level, we
deconvoluted the correlation matrix through singular-value decomposition and found that the
distribution of PDZ domain binding preferences can be largely explained by three principal
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axes. The space defined by these axes can be thought of as “PDZ domain selectivity space.”
Each of the first two axes explains ~30% of the variance in the correlation matrix, whereas the
third axis explains ~14% (Fig. 3E). The first axis (Fig. 3F) can distinguish canonical class |
PDZ domains, which are preferred by peptides with a small, hydrophilic residue at position
—2, from canonical class Il domains, which are preferred by peptides with a large, hydrophobic
residue at position —2. Thus, the class | domains PSD-95 (1/3) and Shank3 (1/1) lie at the
negative end of the first principal axis (Fig. 3G), whereas the class 11 domains PDZ-RGS3 (1/1)
and Gripl (6/7) lie at the positive end. Erbin (1/1), which has been shown to bind both class |
and class Il peptides (28-31), lies between the two extremes. The second and third principal
axes (Fig. 3F) add further resolution. In particular, the third axis distinguishes class 111 domains,
such as neuronal nitric oxide synthase (nNOS) (1/1) (preferred by peptides with a negatively
charged residue at position —2), from the other PDZ domains. The closer a PDZ domain lies
to the positive end of the third principal axis, the more it falls into the class Il designation.

There are, however, two important differences between the standard view of PDZ domain
selectivity and the view that emerges from our broad investigation. First, positions —4, =3, =2,
and —1 all contribute substantially to the definition of our three principal axes (Fig. 3F). This
implies that selectivity is derived from interactions throughout the binding pocket, whereas
peptide library screens have shown that affinity is derived largely from the recognition of amino
acids at positions —2 and 0 (7). Second, and more importantly, PDZ domains do not fall into
discrete classes but instead lie on a continuum. Indeed, the canonical classes lie only in select
portions of this continuum (i.e., at the extremes of the first and third principal axes). Moreover,
the PDZ domains represented in our model are evenly distributed throughout selectivity space
(Fig. 3G). Zarrinpar et al. previously showed that the 23 Src homology 3 domains in S.
cerevisiae are optimized to avoid cross-reactivity with the mitogen-activated protein kinase
signaling protein Pbs2 (32). Here, we find on a much broader scale that a similar principle is
in effect among mouse PDZ domains and their ligands. Although the selectivity of protein-
protein interactions could, in a multicellular organism, be controlled at the level of gene
coexpression and protein colocalization, our results indicate that the intrinsic selectivity of
PDZ domains is tuned across the mouse proteome to minimize cross-reactivity.

Finally, we observed only a weak correlation (correlation coefficient r = 0.23) between the
pairwise sequence divergence of PDZ domains and their distances in selectivity space (Fig.
3H). Similarity at the overall sequence level is thus a poor predictor of PDZ domain function.
This low correlation suggests that most of the sequence variation among PDZ domains is
neutral with respect to peptide-binding selectivity and that only a subset of residues—
presumably in the binding pocket of the PDZ domain—is responsible for the distribution of
PDZ domains in selectivity space.
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Fig. 1.

(A) Strategy for constructing a multidomain selectivity model for mouse PDZ domains. Protein
microarrays were used to test all possible interactions between 157 mouse PDZ domains and
217 genome-encoded peptides. Array positives were retested and quantified by FP, thereby
correcting array false positives. The resulting data were used to train a predictive model of
PDZ domain selectivity. The model highlighted putative array false negatives, which were
tested by FP, and the corrected data were used to retrain the model. After three cycles of
prediction, testing, and retraining, the refined model was used to predict PDZ domain—protein
interactions across the mouse proteome. (B) Representative images of protein microarrays,
probed with fluorescently labeled peptides. PDZ domains were spotted in quadruplicate in
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individual wells of 96-well microtiter plates. (Four wells were required to accommodate all of
the domains.) The red images (Cy5) show the location of the PDZ domain spots. The green
images show arrays probed with a promiscuous peptide derived from Kv1.4 (left) and a
selective peptide derived from ephrin B1/2 (right). (C) FP titration curves obtained for the array
positives identified in (B).
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Fig. 2.

(A) Graphical view of the training-set data. Kq4’s of FP-confirmed positives are represented by
colors, ranging from high affinity (red) to low affinity (light blue). Array negatives are shown
in black, and FP-confirmed negatives are shown in dark blue. Numerical values are provided
in table S3. (B) Performance of the MDSM on the training set, with m set to 5. True positives
are shown in red, false positives in green, true negatives in blue, and false negatives in yellow.
(C) Graphical representation of the MDSM parameters, 0; . Positive contributions to
discriminative binding are graded from black to yellow, and negative contributions are graded
from black to light blue. Numerical values are provided in table S4. Single-letter abbreviations
for the amino acid residues are as follows: A, Ala; C, Cys; D, Asp; E, Glu; F, Phe; G, Gly; H,
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His; I, lle; K, Lys; L, Leu; M, Met; N, Asn; P, Pro; Q, GIn; R, Arg; S, Ser; T, Thr; V, Val; W,
Trp; and Y, Tyr. (D) Tight clusters embedded in the bipartite interaction network between the
74 PDZ domains and the 217 training-set peptides. (E) ROC curves for three versions of the
MDSM, obtained with the test set of 48 peptides. The best performance was obtained after
smoothing over both PDZ domains and amino acids. The performance of each version of the
MDSM with m set to 5 is indicated with an arrow.

Science. Author manuscript; available in PMC 2009 April 29.



1duasnue Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duosnuely Joyiny vd-HIN

Page 12
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Fig. 3.

(A to C) Correlations between z scales and model parameters at position —4 for three PDZ
domains. (A) z; positively correlates with 6_4 o for DIgh3 (1/1). (B) z; negatively correlates
with 0_4 o for Magi-1 (4/6). (C) z3 negatively correlates with 0_4  for MUPP1 (10/13). (D)
Correlation matrix between the model parameters for all 74 PDZ domains at positions —4, —3,
—2, and —1 and the first three z scales of the amino acids. (E) Percentage of variance in the
correlation matrix that is explained by the 12 principal axes identified through singular-value
decomposition. (F) Graphical representation of the first three principal axes, used to define
PDZ domain selectivity space. (G) Distribution of the 74 PDZ domains in selectivity space.
Selected PDZ domains are shown, representing class | domains [PSD-95 (1/3) and Shank3
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(1/1)], class Il domains [Gripl (6/7) and PDZ-RGS3 (1/1)], and class 111 domains [nNNOS (1/1)].
Erbin (1/1), which has been described as a dual-specificity domain, lies between the class |
and class Il domains. (H) Correlation between pairwise sequence divergence of PDZ domains
and their pairwise distances in selectivity space. Sequence divergence was obtained from
pairwise alignments performed with Vector NTI version 8 (InforMax, Invitrogen Life Science
Software, Frederick, Maryland), using the blosum62mt2 matrix. Pairwise distances in
selectivity space are Euclidean distances obtained from the three-dimensional plot in (G).
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