Estimating and improving protein interaction error rates

Patrik D’haeseleer
Lipper Center for Computational Genetics
Harvard Medical School
patrik@genetics.med.harvard.edu

Abstract

High throughput protein interaction data sets have
proven to be notoriously noisy. Although it is possible
to focus on interactions with higher reliability by
using only those that are backed up by two or more
lines of evidence, this approach invariably throws out
the majority of available data. A more optimal use
could be achieved by incorporating the probabilities
associated with all available interactions into the
analysis.

We present a novel method for estimating error
rates associated with specific protein interaction data
sets, as well as with individual interactions given the
data sets in which they appear. As a bonus, we also
get an estimate for the total number of protein inter-
actions in yeast. Certain types of false positive results
can be identified and removed, resulting in a signifi-
cant improvement in quality of the data set. For co-
purification data sets, we show how we can reach a
tradeoff between the “spoke” and “matrix” repre-
sentation of interactions within co-purified groups of
proteins to achieve an optimal false positive error
rate.

1. Introduction

The arrival of large-scale protein-protein interac-
tion data over the past few years opens up the possi-
bility to gain insight in the rich network of interac-
tions inside living cells. Mirroring the excitement
engendered by the arrival of large-scale expression
data only a few years earlier, it has spurred an explo-
sion of interest in the genome-wide study of protein
interaction networks, and (together with advances in
mass spectrometry) has given rise to the new field of
“proteomics”.

However, even more so than is the case for gene
expression data, large-scale interaction assays have
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proven to be notoriously noisy, and one simply cannot
use the data blindly, without paying attention to the
error rates, biases and artifacts involved.

The surprisingly small overlap between high-
throughput yeast 2-hybrid data sets was noticed early
on by Ito et al [1], who speculated that this might be
partly due to a lack of saturation of the screens (see
also [2]). In other words, if two assays only found a
small subset of all protein interactions, we would
expect few interactions to be found by both. An alter-
native hypothesis is that the data sets contain large
numbers of false positive errors, few of which would
be expected to occur in the overlap between the data
sets. It is impossible to distinguish between these two
scenarios by comparing only two data sets with each
other. However, we will show that by adding a third,
reference data set in the mix, we are able to separate
out the effects of lack of saturation and false positives,
and derive estimates for the error rates involved.

A number of other methods have been proposed to
estimate the reliability of protein interactions data.
Mrowka et al [3], Deane et al [4] and Deng et al [5]
note that high-throughput protein interactions tend to
have lower levels of mRNA co-expression than known
interactions, and estimate how many random protein
pairs would need to be added to achieve the same dis-
tribution of co-expression. This method (as pointed
out explicitly by Mrowka et al [3]) is sensitive to
biases in earlier proteome research towards co-
expressed proteins (see also von Mering et al [6]), and
can occasionally yield large variances on the error
estimate.

In addition to co-expression, Deane et al also uses
interactions between paralogs (similar to the notion of
“interologs” by Walhout et al [7]) to distinguish true
positive interactions [4]. This method is applicable to
individual interactions and has high selectivity, but
low sensitivity because of the absence of paralogs for
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some proteins. In addition, they do not provide a direct
estimate of the likelihood of a putative interaction.

Sprinzak et al [8] uses annotations of localization
and cellular role for the putative interacting proteins
to estimate the number of false positive interactions in
each data set, matching the observed degree of co-
localization and co-cellular role to that of a mixture of
true and random interactions. This method relies on
the accuracy and completeness of the annotations (as
the paralogs method above), as well as on assumptions
about the degree of co-localization and co-cellular role
in real interactions.

Saito et al [9], Goldberg & Roth [10] and Bader et
al [11] suggest measures based on the number of inter-
action partners shared by a protein pair, and the con-
nectivity of the pair itself. This method could poten-
tially form the basis for an estimate of the probability
that two proteins truly interact.

Lastly, Gilchrist ef al [12] use a Bayesian technique
to derive the probability that two proteins occur within
the same complex, based on the number of times a
pair has been observed to co-purify when using one of
them as bait.

Our own approach shares certain features with the
analysis presented in the review of large-scale protein
interaction data sets by von Mering et al [6], in the
sense that it uses a trusted reference data set to assess
the reliability of various data sets. But whereas von
Mering et al only calculated an accuracy value that
was directly related to the size of the reference set
(fraction of the data set covered by the reference set),
we estimate absolute error levels by incorporating a
third data set into the analysis.

Each of these methods has its own advantages and
disadvantages. Given the large number of errors, and
the existence of biases both within the experimental
data sets, as well as within the reference data sets,
literature and annotations, it is important to have a
number of independent estimators of the error rates,
based on different lines of evidence. As we will show,
the different approaches largely agree at least on the
overall reliability of the different data sets (if perhaps
not always on the reliability of individual interac-
tions). Next-generation methods will integrate these
separate lines of evidence into a single reliability/error
estimate.

2. Error Estimation

The analysis uses two experimental data sets and a
reference data set, which we will assume for now is
error-free. We will show how the error rates can be

Proceedings of the 2004 IEEE Computational Systems Bioinformatics Conference (CSB 2004)
0-7695-2194-0/04 $20.00 © 2004 IEEE

MIPS MIPS
1542 Ito full 1542
4475
Ito core
Uetz
047 806
(a) (b)

Figure 1 Relative size of the MIPS reference
set, the Uetz, Ito full (a) and Ito core (b) yeast
2-hybrid data sets and their intersections.
Numbers refer to the size of the set or subset.

estimated based on the size of the overlap between all
three data sets. For our analyses, we used a reference
data set of 1542 protein interactions culled from the
MIPS table of physical interactions [13] (after removal
of a number of high-throughput 2-hybrid data that had
already been entered into MIPS, and a small number
of interactions annotated as “most probably nonspe-
cific”). The yeast 2-hybrid data sets examined consist
of one by Uetz et al containing 947 unique protein
interactions [14], and one by Ito ef al containing 4475
putative interactions (referred to as “Ito full” for the
rest of this paper), plus a higher quality “core” data set
of 806 interactions observed three or more times (fur-
ther referred to as “Ito core”) [1]. High-throughput co-
purification data sets examined consist of one by
Gavin et al containing 3761 bait-target protein pairs
[15], and one by Ho et al containing 3618 bait-target
pairs [16].

Figure 1 illustrates the sizes of the yeast 2-hybrid
data sets compared to the MIPS reference set, and the
amount of overlap between them. (See Figure 3 for co-
purifications data sets.)

Figure 2 outlines the different subsets used in the
calculation of the false positive error rates. As a first
approximation, we will assume that the intersection
between the two experimental data sets (subsets I and
II in Figure 2a) is error-free. If subset V contains all
the false positive interactions of data set A (i.e. those
protein pairs which are included in the data set but
which do not correspond to an actual biological pro-
tein-protein interaction), then subsets I, I, III, and IV
are all error-free. If the experimental data sets are
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Figure 2. Estimation of number of true posi-
tives based on ratio of intersections. A and B
are experimental data sets. Subsets I-IV con-
tain only true interactions. (a) The size of
subset 1V is initially estimated based on the
ratio between subsets I and II. The remaining
subset V determines the false positive error
rate. (b) After calculating the false positive
rates of A and B, the size of subset II is
adjusted, and the error rates are recalculated.

independent (we will discuss later how all these
assumptions can be relaxed), the ratio between subsets
I and II on Figure 2a should be equal to the ratio
between subsets III and IV. From this we can calculate
the size of IV, i.e. the number of true interactions in A
that are not included in B or the reference set:
IV=IIIxII/I. The remainder (subset V) contains the
false positive interactions and thus determines the
false positive rate of the data set. The same method
can be used to estimate the false positive rate of the
second data set B. we can also derive an initial esti-
mate of the total number of real interactions by com-
paring which part of the intersection of A and B is
covered by the reference set. This gives us an estimate
of the false negative rate, i.e. the fraction of real inter-
actions that is missed by the datasets. In the case
where we take MIPS as our reference set, Uetz as set
A, and Ito core as set B (see Figure 1b), I = 23, II =
110, III = 61, so IV = 61 x 110 / 23 = 291.7, which
leaves an expected number of false-positive interac-
tions in Uetz equal to V =461.3.

These initial estimates for the error rates of A and
B can now be used to correct our initial assumption
that the intersection between A and B is error-free. If
we define the accuracy o to be the fraction of real
interactions in a data set, and K, and K, to be the
estimated number of real interactions and non-inter-
actions, then analogous to Equation 4 of Deng et al
[5], we can use Bayes’ rule to calculate the probability
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that an interactions is true, given the fact that it occurs
in both datasets:
Pr(interaction jj is real | ijeA, ijeB) =
(XA(XB

a,Op +%(1_(XAX1_(X‘B)

For the example above, we find that ANB is
expected to contain only 0.1% false positives (area VI
in Figure 2b). We can then use this updated estimate
of the number of true interactions in the intersection to
recalculate the error rates for A and B. This process is
iterated a small number of times until convergence is
achieved

The independence assumptions stated above can be
significantly relaxed. In fact, for the calculation of the
positive error rates, only a conditional independence is
required: Within the putative interactions listed in
data set A, whether they appear in the reference set
should be independent of whether they also appear in
data set B, and vice versa for the interactions listed in
data set B (i.e. B is independent of the reference given
A, and A is independent of the reference given B).
Since the portion of the reference set which falls out-
side the experimental data sets is irrelevant for the
calculation of the false positive error rate, the compo-
sition and biases in the makeup of the reference set are
irrelevant as well, as long as it is not biased differently
with respect to either of the two data sets, or with
respect to their intersection. This assumption is rea-
sonable when both data sets were generated from
screens using the same method (e.g. both are 2-hybrid
data sets), but would not necessarily be expected to
hold when comparing data sets generated using differ-
ent methods. For this reason, we make sure to always
use similar data sets in the analysis (e.g. two 2-hybrid
data sets vs. the reference set, or two co-purifications
data sets vs. the reference set).

Likewise, the “trusted” reference set does not need
to be 100% error-free to calculate the false positive
error rate, as long as the intersections with the
experimental data sets are close to error-free. Since
even intersections between rather poor data sets yield
high-confidence interactions, this assumption will be
valid provided the reference set is of a reasonable
quality.

For calculation of the total number of protein inter-
actions in yeast, (and thus the negative error rate of
the data sets), the composition and error rate of the
reference set does come into play. However, we may
be able to account for these effects by judicious choice
of data sets, and estimation of the error rate of the
reference set itself.
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. . Table 1. Over-represented baits in Ito full data
3. Removing auto-activators a P

- > =2 3 5 )
One important source of false positive errors in = o 3 g g GEJ. S &
yeast 2-hybrid systems consists of a relatively small set Gene E % N N3 S g g p-value
of proteins that appear to interact with a very large S S o E 8 8
number of other proteins. These can be due to "sticky" - - = =
proteins with a large number of non'speciﬁc interac- JSN1 289 0 O 4 285 0 22 0 7.09E-129
tions [15],[17], or auto-activator p.rotems that are able ATP14 124 0 0 0 123 1 7 0 2.04E-55
to activate the reporter gene even in the absence of an
interaction partner [17].[18].[19]. NUP116 127 3 0 0 125 0 15 0 2.71E-53
This type of error is particularly noticeable in the SUA7 100 1 0 0 99 0 2 0 9.25E-44
full Ito data set: of the 25 proteins with 30 or more BZz1 91 0 0 0 91 0 18 0 1.12E-41
interactions in the combined MIPS, Uetz and Ito data SER3 96 0 0 1 95 2 14 1 5.90E-39
sets, more than 90% of these interactions were only VMA6 8 0 O 1 8 1 7 1 6.12E-37
found when the proteins were used as bait in the Ito SRB4 1015 0 0 95 3 5 0 1.34E-33
data set (see alslo [18]). For example, the single most SRP1 140 8 17 0 122 1 55 O 2.03E-32
connt;cted.protem acrisi Ihese tthref? datla s(eit§ is J;ﬁk RIF2 80 2 0 0 78 1 1 1 6.99E-31
an otherwise unremarkable protein involved in m
catabolism, with a total of 289 interactions. 285 were LyS14 63 0 0 0 63 0 2 0 574E-28
found only when using JSNI as bait in the Ito assay, SOH1 69 0 0 1 67 1 9 0 6.87E-27
none when the protein was used as prey in the same MEC3 82 4 1 1 75 3 4 1 881E-24
assay, only four (and different) interactions with JSN1 RPBO 44 0 0 O 44 0 2 0 1.15E-18
were found in the Uetz data set, and no interactions SAS10 32 0 0O 0 32 0 3 0 8.62E-13
were found in the previous literature (MIPS data set). VID22 31 0 0 0 31 0 1 0 266E-12
Since the probability that such an uneven dist'ributioln MCM21 34 0 0 0 33 1 0 1 6.51E-12
across the data sitzsgwould happen at random is r?eg.ll- DID4 41 0 1 0 38 3 4 1 245E-11
gible (p:7.09xlq ), we will assume that the majority CRMI 38 5 0 0 33 1 6 0 9A49E-08
of these interactions are false positives caused by an
auto-activator bait protein, and reject them as system- TEM1 72 0 24 0 54 0 20 0 1.21E-07
atic errors in the Ito data set. DSE3 26 0 2 0 25 0 1 O 3.84E-07
Based on this criterion, we can identify a total of 32 TRM7 20 0 0 0 20 0 O O 6.46E-07
proteins (listed in Table 1) whose interactions are very YNLO92W 29 0 O 1 26 2 6 1 8.90E-07
significantly (p<0.01 after Bonferroni correction) MUK1 30 0 0 1 27 3 4 2 1.70E-06
over-represented as baits in the Ito full data set. Since GCD7 23 0 1 1 22 0 8 0O 8.92E-06
thgy also tend to be.t.he most highly connect.ed pro- TFB1 24 0 3 1 23 0 7 0 874E-05
t.elns, these false positives cover almost 2000 interac- BUD7 15 0 0 0 15 0 0 0 A1.81E-04
tions, or close to half the entire Ito full data set. As we
will see, removal of these false positives significantly SRB2 18 0 0 0 17 1 0 0 2.38E-04
decreases the false positive error rate of the data set. KAP9S 35 8 0 0 27 0 4 0 287E-04
Interestingly, although many of these spurious inter- NUP84 19 0 0 0 17 2 1 1 1.57E-03
actions were preferentially removed by the criterion ADY3 31 0 3 0 25 5 14 1 1.63E-03
used to generate the Ito core data set, a good number GTS1T 23 0 0 0 19 4 4 0 4.07E-03
of them remain: Ito core still contains 246 interactions
where these proteins were used as bait (close to 30%
of the data set). This indicates that even the already The type of data generated by the high throughput
higher quality core Ito data set can be further co-purification assays is fundamentally different in
improved by removal of these false positives. nature from the pairwise interactions derived from
yeast 2-hybrid assays. Each bait will typically co-
4. Co-purification data sets purify with a small cluster of other proteins, without

any additional information on how this small set of
proteins interact with each other. In order to integrate
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Figure 3 Relative size of the MIPS reference
set, the Gavin and Ho co-purification data
sets and their intersections. (a) Using the
spoke model for interactions within a co-
purification. (b) Using the matrix (fully
connected) model, which results in a much
larger number of putative interactions.
Numbers refer to the size of the set or subset.

this data with pairwise interaction data sets, two dif-
ferent approaches have been used: The “spoke” model
only assumes that the bait protein interacts with each
of the co-purified target proteins individually, whereas
the “matrix” model assumes that all the co-purifying
proteins interact [20]. Obviously, the latter approach
yields a much larger number of interactions, but it is
also susceptible to a larger number of false positives
[20]. Figure 3 illustrates the size of the co-purification
data sets under the spoke and matrix models, com-
pared with the MIPS reference set.

We propose an alternative approach, which scales
smoothly between the two earlier models, by adding to
the “spoke” interactions only those protein pairs that
occur in N or more different co-purifications. For
large N, this reduces to the spoke model. The most
consistently co-purifying protein pairs will get added
first, but as N decreases, the criterion for inclusion
becomes less stringent and more protein pairs are
added, until at N=1 it reduces to the matrix model
where all co-purifying protein pairs are included.
Intermediate values such as N = 2 or 3 allow us to
include consistently co-purifying proteins, without
resorting to the fully connected assumption of the
matrix model.
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Table 2 False positive rates of high-
throughput protein interaction data sets.

False pos. Number of Number of

Data set Size rate (%) true pos. false pos.
Uetz 947 46 507 440
Ito full 4475 89 504 3971
Ito full -32 2527 83 417 2110
Ito core 806 62 303 503
Ito core -32 557 55 248 309
Gavin 3761 68 1197 2564
Gavin3 5140 59 2085 3055
Gavin2 6800 50 3415 3385
Gavin1 17850 60 7059 10791
Ho 3618 83 582 3036
Ho3 4427 79 923 3504
Ho2 7595 81 1468 6127
Ho1 31045 90 3159 27886
5. Results

Table 2 shows the resulting false-positive rates
(more formally, the False Discovery Rate (FDR): the
estimated proportion of false positives in the data set)
for all the data sets examined. “Ito full =32 and “Ito
core —32” refer to the filtered versions of the Ito data
sets, with all interactions with one of the 32 auto-acti-
vators used as bait removed. “Gavinl” and “Hol”
refer to the “matrix” interpretation of the Gavin and
Ho co-precipitation data. “Gavin2” etc. refers to the
N=2 intermediate between the spoke and matrix model
for the Gavin data set, whereas “Gavin” itself refers to
the spoke model for this data set. Error rates for all the
intersections between data sets are not shown, but are
typically very low (with a high of around 20% false
positives for the intersection between the two lowest
quality data sets, Hol and Ito full). To allow for easy
comparison, the same information is also represented
in Figure 4, in a similar format as Figure 2 in von
Mering et al [6]. (“Accuracy” in Figure 4 is equal to
one minus the false positive rate).

The 46% false positive rate for the Uetz data set
was estimated using Ito core as the second experi-
mental data set. Using the much larger and more
error-prone Ito full data set to estimate the Uetz error
rate yields a value of 43%, which illustrates the
robustness of the method with respect of the third data
set used. (Both estimates for the Uetz data set are
shown in Figure 4.) In general, the error estimates
vary little depending on which second experimental
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Figure 4. Comparison of the Accuracy and
Coverage of the different data sets. N=1 to
N=3 refers to intermediates between the
“spoke” and “matrix” models, with N=1 being
the matrix model itself, and the unlabeled
point at the bottom being the spoke model.

data set was chosen (Table 2 uses Ito core for Uetz,
Gavin2 for Ho, and Ho3 for the Gavin datasets).

When comparing the error rates associated with the
Ito full data set and the “Ito full —32” version gener-
ated by removal of the bait interactions with the top 32
auto-activators, we notice that the estimated number of
false positives drops by 1861 (from 3971 to 2110),
whereas the estimated number of true positives only
drops by 87. This indicates that the interactions that
were filtered out consisted of 95.5% false positives.
Note that even the Ito core data set shows a significant
reduction in false positive rate after filtering out the
auto-activators. Comparing the numbers of true and
false positives, we estimate that the filtered-out inter-
actions consisted of 78% false positives (194 false and
55 true positives). This provides an independent veri-
fication that our method of removing auto-activators
based on overrepresentation in a single data set is
valid, even though it may also result in the removal of
a small fraction of true positives.

While the number of true positives in the co-purifi-
cation data sets strictly increases when moving from
the spoke model (Gavin, Ho) to the matrix model
(Gavinl, Hol), it does so at the expense of increas-
ingly large numbers of false positives. Moving gradu-
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Table 3. Estimates for the total number of
protein interactions in yeast

Date set 1 Data set 2 N
Uetz Ito full 10127
Uetz Ito full -32 8868
Uetz Ito core 9564
Uetz Ito core -32 8535

Ho Gavin 7257
Ho3 Gavin3 10816
Ho2 Gavin2 14829
Ho1 Gavin1 25440

Source N
Tucker et al [21] 8-12,000
Sprinzak et al [8] 10-16,600
Legrain et al [22] 15-20,000
Grigoriev [23] 16-26,000"
Walhout et al [7] < 18,000°
Bader & Hogue [20] 20,000
von Mering et al [6] > 30,000°

! The lower estimate was achieved when removing
the JSN1, SRP1 and TEM1 proteins, which were also
flagged as auto-activators in our own analysis.

2 Based on 6 hits/bait, without double-counting.
% Based on a “matrix’ definition of interactions.

ally from the spoke to the matrix model, the false
positive rate first improves when we add the protein
pairs that co-occur in N=3 or more co-purifications
(Gavin—Gavin3 and Ho—Ho3), because these highly
consistently co-purified protein pairs are actually of a
higher quality than the “spoke” interactions them-
selves. The false positive rate reaches a minimum (in
Figure 4, the accuracy reaches a maximum) for a low
value of N, and then increases again as more spurious
interactions are added. For the Gavin data set, the
false positive error rate is optimal when we add those
protein pairs that occur in at least two separate co-
purifications (although it should be noted that for this
data set, the “matrix” model is strictly better than the
“spoke” model in both accuracy and coverage). The
Ho data set requires a slightly more stringent
approach, and reaches an optimal false positive rate
when only those protein pairs that co-occur in at least
three separate co-purifications are added.

Table 3 shows the total number of protein interac-
tions in yeast, estimated using different combinations
of two experimental data sets, plus the MIPS reference
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set. The estimates are centered around 10,000 interac-
tions, with some bias relative to the size of the
experimental data sets used. We are currently working
on deriving a single consensus estimate based on all
available data sets. These estimates seem fairly low,
but they are well within the range of estimates derived
by other methods, as shown by the estimates from
other sources in the lower half of the table. Note that
some of the higher estimates such as Walhout et al [7]
and Bader & Hogue [20] do not take the 50-80% error
rates of the data sets into account. Likewise, the larg-
est estimate of >30,000 by von Mering et al [6] is
based on co-complexed proteins, not necessarily
directly interacting proteins.

6. Future Directions

The combined MIPS, Uetz, Ito full, Gavinl and
Hol data sets cover a total of 53133 unique putative
protein-protein interactions, although only 2449 of
these are supported by more than one data set (two
interactions are actually supported by all five data sets:
CKA2-CKB2, and HAP2-HAPS). If we focus only on
those data sets with the lowest false positive rates
(MIPS, Uetz, Ito core —32, Gavin2 and Ho3), this
reduces to 13075 unique interactions, with 1031
covered by more than one data set. This implies that if
we were to focus only on those interactions backed up
by multiple lines of evidence, we would be throwing
out 92-95% of the available data.

On the other hand, if we compare the estimate of
the total number of protein interactions in yeast with
the estimates of the number of true positive interac-
tions included in the data sets (see Table 2), it seems
plausible that many—if not most—teal interactions
have already been included in some high-throughput
data set. Additional high-throughput data sets of the
same level of quality would help increase the number
of real interactions covered by multiple data sets. For
example, the combined MIPS, Uetz, Ito full and Hol
data sets (minus Gavinl) only contain 512 interactions
that are covered by two or more data sets. In other
words, the addition of the relatively large and accurate
Gavinl data set caused an almost five-fold increase in
the number of well-supported protein interactions.
Nevertheless, at current error rates of around 50%
(best-case), the number of spurious interactions will
still rise much faster. Further advances in the field
may come from development of higher-accuracy
assays, rather than from collecting more data with
similar error rates.
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Meanwhile, in order to complete the protein inter-
action network, it may be useful to focus experimental
efforts on the more than 1000 yeast ORFs that have so
far not been touched by the high-throughput interac-
tion assays. This may prove to be an exercise in frus-
tration, as many of these ORFs are likely to be hard to
clone, or have failed in some other way in the previous
assays. Nevertheless, they pose a significant gap in our
knowledge of the yeast proteome.

In the introduction, we already mentioned several
methods that have been used to assess the reliability of
protein interaction data sets, or of individual protein
interactions. Rather than collecting more interaction
data, integrating and refining these error models
should allow us to get much more mileage out of the
already existing data. If it is true that many of the real
interactions have already been sampled, better error
models will allow us to pinpoint them among the
multitudes of false positive interactions. The recent
work by Jansen et al [24] and Asthana ef al [25] on
Bayesian modeling of co-complexed proteins might be
extended to direct protein-protein interactions. And
for interactions that have not yet been sampled, error
models that are based on other types of data may even
be able to predict likely interacting proteins, as shown
by Goldberg & Roth [10].

In addition to pointing out where the true interac-
tions may be found, a reliable estimate of the prob-
ability that individual interactions are real can also be
useful for various probabilistic analyses. Nearly any
type of analysis that has already been done on the net-
work of binary protein interactions could be rephrased
as acting on a weighted network of putative interac-
tions, where the interaction weights are the probabili-
ties of the individual protein-protein interactions.
Recent work by Bader [26] and Asthana et al [25] uses
protein interaction probabilities to extend partially
known protein complexes. In an earlier analysis,
Steffen et al [27] traced signaling pathways through
the network of protein interactions. Given probabili-
ties of the individual interactions in the network, we
should be able to find the most likely pathway from
receptor A to transcription factor B, where the prob-
ability of a linear pathway is simply the product of
probabilities of the protein interaction links that make
up the pathway.
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