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Abstract—We used human protein-protein interaction (PPI)
data transformed into documents to perform text-mining via
concept clusters. The advantage of text-mining PPI data is that
words (proteins) that are very sparse or over-abundant can
be dropped, leaving the remaining bulk of data for clustering
and rule mining. Libraries of tissue-speci�c binary PPIs were
constructed from a list of 36,137 binary PPIs in the Human
Protein Reference Database(HPRD). A randomization test for
intermittency in the form of spikes and holes in frequency
distributions of cluster-speci�c word frequencies was developed
using scaled factorial moments. The test was based on a per-
mutation form of a log-linear regression model to determine
differences in slopes forln.F 2/ vs. ln.M/ in the intermittent and
null distributions. Signi�cant intermittency ( p < 0:0005) in PPI
was detected for prostate and testis tissue after a Bonferroni
adjustment for multiple tests. The presence of intermittency
re�ects spikes and holes in histograms of cluster-speci�c word
frequencies and possibly suggests identi�cation of novel large
signal transduction pathways or networks.

I. I NTRODUCTION

Proteins form the building blocks of cells and are the basis
of cellular stability, enzymatic catalysis of biochemicalreac-
tions, and transmission of intra- and inter-cellular regulatory
signals. Investigations into protein-protein interactions (PPI)
can elucidate protein families and their cellular roles [1].
Macromolecular associations in the context of PPI can also
augment and facilitate drug discovery [2]. Investigative strate-
gies have been used to understand PPI from an experimental
[3]–[5] and computational perspective [6]–[10], althoughthe
greatest utility of PPIs and their sites of interaction is realized
in the development of pathway models for gene regulatory
networks [11], [12].

Given the wealth of information now available concerning
empirical PPI data raised fromin silico methods, the body
of information on clinical and biological questions concern-
ing how PPIs differ across normal and diseased and within
levels of disease is much less developed. Individualized PPI
values are also not currently available; however, proteomic and
transcriptomic differential display in the form of expression
levels are quickly becoming a reality for patients due to
lower costs for smaller diagnostic arrays, changes in insurance
coverage, and self-paying patients interested in the additional
information. Newly-developed graph kernel methods to tackle
the scaling problem during whole-graph comparison of normal
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and diseased networks, and problems from missing edges
are now being addressed [13]. The popular co-conservation
method using phylogenetic pro�ling is also not without its
problems, since recent reports have shown how the choice of
reference genome and similarity metric can bias the biological
interpretation [14]. Protein-protein interaction inhibition is
another growing area with tremendous therapeutic potential.
Earlier concerns indicated that this method was limited to
only small-molecule intervention; however, recent improve-
ments on complexities surrounding molecular binding surfaces
and choice of starting compound have gradually moved this
method to the forefront of large-molecule therapy [15]. Online
resources such as CellCircuits (http://www.cellcircuits.org)
are now available to bridge gaps between various network
resources and will likely become a useful utility for addressing
problems associated with new developments in PPI research
[16].

The assumption of a scale-free structure of networks for
transcription, metabolism, and PPI is de�ned by a universal
law known as the Power Law [17]. As early as 1964, it was
known according to the Limiting Law that the relative number
of nonpolar groups buried in the interior of a protein decreases
with decreasing molecular size [18]. The Dykhuizen-Hartl
power law-based gene duplication model introduced in 1980
stated that once gene duplication occurs, random mutations
are �xed in one gamete because of relaxed selection arising
precisely from reduced constraints due to genetic redundancy
[19]. Mutations that are �xed then cause a change in gene
function when the environment or the genetic background
is altered. The birth, death, and innovation model (BDIM)
includes domain birth (duplication with divergence), death
(inactivation and/or deletion), and innovation (emergence from
non-coding or non-globular sequences or acquisition via hori-
zontal gene transfer). Power laws also entail network evolution
with “preferential attachment,” that is, a greater chance of
nodes being added to pre-existing hubs [20]. In BDIM, the
power law applies only if the model is balanced, i.e., domain
duplication and deletion rates are asymptotically equal up
to the second order. The divergence of duplicate proteins in
PPI follows the power law [21], since proteins with little
interaction usually reside on the edges of a protein-interaction
network, whereas those with many partners commonly reside
in the central portion.

This paper involves the search for intermittency in human
PPI data. Intermittency has been studied in a variety of forms
including non-Gaussian tails of distributions in turbulent �uid
and heat transport [22], [23], spikes and holes in quantum
chromodynamic (QCD) rapidity distributions [24],1=f �icker
noise in electrical components [25], period doubling and
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tangent bifurcations [26], and fractals and long-range corre-
lations in DNA sequences [27], [28]. The QCD formalism
for intermittency was introduced by Bialas and Peschanski for
understanding spikes and holes in rapidity distributions,which
were unexpected and dif�cult to explain with conventional
models [24], [29], [30]. This formalism led to the study of
distributions which are discontinuous in the limit of very high
resolution with spectacular features represented by a genuine
physical (dynamical) effect rather than statistical �uctuation
[31]–[33].

In the presence of intermittency, the scale-free nature of
signi�cant spikes and holes follows a power law distribution.
However, we have learned to relax any references to the
term “power law” during the search for intermittency, since
power law analysis entails an entirely different approach when
compared with the QCD formalism of intermittency, which
searches for spikes and holes in distributions.

We show that hypothesis testing for the presence of sig-
ni�cant intermittency in PPI data can be performed using a
novel randomization test based on the the observed (inter-
mittent) alternative distribution, and multiple realizations of
non-intermittent null distributions.

II. M ETHODS

III. H UMAN PROTEIN REFERENCEDATABASE

PPI data were obtained from the Human Protein Reference
Database(HPRD) [34]. The binary PPI �les contained 36,137
binary interactions listing pairs of proteins con�rmed to bind
with one another. PPI data were evaluated on a tissue-speci�c
basis instead of working with PPIs for the entire human
genome. For each tissue, a library was constructed of the
proteins expressed in that tissue.

IV. CONCEPTVECTORS

For each expressed protein called a “node”, a list of proteins
identi�ed to bind singly with the expressed protein was at-
tached to form a string. The text string of proteins was assumed
to form a document, and the total number of unique proteins
in all strings was assumed to be the total number of words
for each tissue. Because only protein names were contained
in the documents, there were no stopwords to remove and
stemming was also not performed. Function words with low
and high frequency (0:002 < f < 0:15 ) were eliminated,
which removes little information but speeds up computation
time [35]. After the above word �ltering, there wered unique
words (proteins).

Let f ij be the frequency of wordj in documenti , and the
number of documents containing wordj as dj . Let x1, x2

; : : : ; xn .1 � i � n/ representn document vectors of length
d .1 � j � d /. Set thej th component of each document
vector [36] to

xj i D tj i gj si ; (1)

wheretj i D f ij , gj D log.n=dj /, and

si D
1

r � P d
j D 1.tj i gj /2

�
:

(2)

Next, performk-means cluster analysis of then document
vectors to partitionx1; x2; : : : ; xn into k disjoint clusters
! 1; ! 2; : : : ; ! k using k D

p
n. Cluster validity was not

assessed to �nd an optimal value ofk using e.g. the Davies-
Bouldin index [37], Dunn's index [38], or silhouette index
[39] because the intermittency method used later requires
word frequencies at greater resolution – almost down to the
document level wherek ! n. Hence, we usedk D

p
n to

produce more clusters and hence more word frequencies. This
will result in k centers of the formm1; m2; : : : ; mk . Determine
the concept vector for each centermj as

cj D
mj

jjmj jj
: (3)

For any unit vectorz 2 < d , the concept vectorsc1; c2; : : : ; ck

satisfy the Cauchy-Schwartz inequality

X

x2 ! j

xT z �
X

x2 ! j

xT cj : (4)

V. I NTERMITTENCY IN DOCUMENT WORD FREQUENCIES

Using the QCD formalism of intermittency introduced by
Bialas and Peschanski [24], letclm represent thel th element
.1 � l � d / of the mth concept vector.1 � m � k/ . Let
N D d � k represent the collection of all non-zero elements
in concept vectorsc1 ; c2 ; : : : ; ck for a given tissue. Lety be
the variates in a histogram constructed from log.1 C clm /
of the N concept vector elements. The range ofy in the
distribution is•y D ymax � ymin . The histogram also hasM
non-overlapping equally-spaced bins of width�y D •y=M .
The degree of intermittency in the distribution is determined
with the qth (q D 2; :::; 5) scaled factorial moment (SFM)
de�ned as

Fq D M q� 1
MX

mD 1

nm .nm � 1/ � � � .nm � q C 1/
N.N � 1/ � � � .N � q C 1/

(5)

wherenm is the bin count within binm, and N D
P

m nm .
When intermittency is present in the distribution,Fq will be
proportional toM according to the power-law

Fq / M � q ; M ! 1 (6)

(or Fq / �y � � q ; �y ! 0) where � q is the intermittency
exponent. By introducing a proportionality constantA into
(6) and taking the natural logarithm we obtain the line-slope
formula

ln.F q / D � q ln.M / C ln.A/: (7)

If there is no intermittency in the distribution then ln.F q / will
be independent from ln.M / with slope� q equal to zero and
ln.F q / equal to the constant term ln.A/ . Another important
consideration is that if� q is non-vanishing in the limit�y ! 0
then the distribution is discontinuous and should reveal an
unusually rich structure of spikes and holes.
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A. Histogram generation at the assumed experimental resolu-
tion

It was observed thatF2 increased rapidly when the bin size
was smaller than�y D 0:01. This was most likely due to
round-off error during histogram generation. Because round-
off error at high resolution can create arti�cial holes and spikes
in the data, the parameter� was introduced to represent a
nominal level of imprecision in the intermittent data, which
was assumed to be 0.01. Thus, the smallest value of�y used
was � , at which the greatest number of binsMmax D •y=�
occurred. In addition,Fq was only calculated forq D 2 in
order to avoid increased sensitivity to statistical �uctuations
among the higher moments. For a sample ofN quantiles,
“base” bin counts were accumulated and stored in the vector,
n.m/ � , which represented counts inMmax bins.

B. Simulating non-intermittent null distributions

Non-intermittent null distributions were simulated once per
intermittent distribution, and the results were used to �llcounts
in Mmax total bins when the bin width was� . First, the
underlying smooth function of the histogram for intermittent
data was determined using kernel density estimation (KDE)
[40] in the form

Of .m/ D
1

N h

NX

i D 1

K
�

y i � ym

h

�
; (8)

where Of .m/ is the smoothed bin count for themth bin for
non-intermittent null data,N is the total number of variates,
h D 1:06�N � 0:2 is the optimal bandwidth for a Gaussian
[41], and� is the standard deviation of the Gaussian.K is the
Epanechnikov kernel function [42] de�ned as

K.u/ D

(
3
4 .1 � u2/ juj � 1

0 otherwise,
(9)

where u D .y i � ym /=h and ym is the lower bound of the
mth bin.

Several kernels for KDE (Gaussian, Epanechnikov, uniform,
triweight), were evaluated using the observed and null distri-
butions. The mean integrated square error (MISE) was used
to assess global accuracy of each kernel in the form

MISE. Of .m// D
Z

. Of .m/ � n.m// 2dy: (10)

It was observed that the Epanechnikov kernel was one of the
most robust kernels for smoothing the intermittent and null
distributions over a wide range of sample sizes and bandwidth
values. The Gaussian kernel was too smooth since its MISE
was the greatest for most bandwidth (h) values. The triweight
kernel had the lowest MISE for most bandwidths and did
not smooth the data adequately. The worst kernel was the
uniform, since it resulted in jumpy transitions of MISE over
the bandwidths considered. The Epanachnikov kernel resulted
in MISE values that consistently tracked at intermediate values
of MISE and made no jumpy transitions over bandwidth. For
this reason, the the Epanachnikov kernel was selected for the
remaining analysis.

TABLE I

EXAMPLE OF COLLAPSING BINS TO CALCULATE BIN COUNTSn.m/ , AS

THE TOTAL NUMBER OF HISTOGRAM BINS(M ) CHANGE WITH EACH

CHANGE OF SCALE�y . k IS THE NUMBER OF BINS ADDED TOGETHER TO

OBTAIN BIN COUNTS FOR EACH OFM TOTAL BINS

.
�y k M Bin counts,n.m/
0.06 6 M max =6 23 68
0.05 5 M max =5 14 60
0.04 4 M max =4 7 44
0.03 3 M max =3 3 20 40
0.02 2 M max =2 1 6 16 28 23

0.01=� � 1 M max 1 0 2 4 7 9 13 15 12 11 8

* � is the assumed experimental imprecision (standard deviation) equal to 0.01.

The smooth pdf derived from KDE was used with the
rejection method to build-up bin counts,n.m/ nul l;� , until the
number of variates was equal to the number of variates in
the intermittent distribution. Under the rejection method, bins
in the simulated non-intermittent distribution are randomly
selected with the formula

m D .M max � 1/U.0; 1/1 C 1: (11)

whereU.0; 1/1 is a pseudo-random uniform distributed vari-
ate. For eachm, a second pseudo-random variate is obtained
and if the following criterion is met

U.0; 1/2 < pdf.m/=maxfpdf.i / g; i D 1; 2; :::; Mmax

(12)
then one is added to the running sum for bin count and
the running sum for the total number of simulatedy values.
The rejection method provided non-intermittent null distri-
butions with attendant statistical �uctuations to determine
whether non-intermittent data consistently has estimatesof
intermittency lower than that of a distribution with simulated
intermittency.

C. F2 calculations and collapsing bin counts intoM Bins

F2 was calculated using (5) at varying values ofM D
Mmax =k, wherek is the number of bins at the experimental
resolution collapsed together (k D 2; 3; :::; Mmax =30). It
follows that for M equally-spaced non-overlapping bins, the
bin width isk� . The smallest bin width of2� (M D Mmax =2)
used in F2 calculations allowed us to conservatively avoid
arti�cial effects, whereas the greatest bin width was limited
to •y=30 (M D 30) since widths can become comparable to
the width of the distribution. AsM changed, histogram bin
countsn.m/ were determined by collapsing together each set
of k contiguous bins at an assumed experimental resolution,
i.e., n.m/ � or n.m/ nul l;� , rather than determining new lower
and upper bin walls and adding up counts that fell within
the walls (Table I). This approach cut down on a tremendous
amount of processor time while avoiding cumulative rounding
effects from repeatedly calculating new bin walls.

D. Permutation-based log-linear regression

For intermittency and non-Gaussian distributions, it is un-
likely that the null distributions are thoroughly known. There-
fore, instead of using a single �t of the data to determine
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signi�cance for each coef�cient, permutation-based log-linear
�ts were used in which �t data were permuted (randomly
shuf�ed) and re�t in order to compare results before and after
permutation. Permutation-based regression methods are useful
when the null distributions of data used are unknown.

The presence of intermittency was determined by incorpo-
rating values of ln.F 2 / and ln.M / into a log-linear regression
model to obtain direct estimates for the difference in the
y� intercept and slope of ln.F 2 / vs. ln.M / for intermittent
and null data. The model was in the form

ln.F 2 / D � 0 C � 1 ln.M / C � 2I.nul l / C � 3 ln.M /I.nul l /;
(13)

where � 0 is the y-intercept of the �tted line ln.F 2 / vs.
ln.M / for intermittent data,� 1 is the slope of the �tted line
for intermittent data,� 2 is the difference iny-intercepts for
intermittent and null,I.nul l / is 1 if the record is for null
data and 0 otherwise, and� 3 represents the difference in
slopes for the intermittent and null data. Results of modeling
suggest that� 1 can be signi�cantly positive over a wide variety
of conditions. When� 3 < 0, the slope of the intermittent
�tted line for ln.F 2 / vs. ln.M / is greater than the slope of
ln.F 2 / vs. ln.M / for null data, whereas when� 3 > 0 the
slope of intermittent is less than the slope of null. Values
of � 0 and � 2 were not of central importance since they
were used as nuisance parameters to prevent forcing the �ts
through the origin. While� 1 tracks with the degree of absolute
intermittency in the intermittent distribution, the focusis on
the difference in slopes between the intermittent distribution
and the non-intermittent null distribution characterizedby � 3.
Again, � 3 is negative whenever the slope of ln.F 2 / vs. ln.M /
is greater in the intermittent than the null. Strong negative
values of � 3 suggest higher levels of intermittency on a
comparative basis.

For each �t, the Wald statistic was �rst calculated asZ j D
� j =s.e..� j /. Next, values ofI.nul l / , that is 0 and 1, were
permuted within the �t data records and the �t was repeated to
determineZ .b/

j for thebth permutation whereb D 1; 2; :::; B.
Permutations ofI.nul l / followed by log-linear �ts were
repeated 10 times.B D 10/ for each intermittent distribution.
Since there were 10 permutations per log-linear �t, 10 null
distributions simulated via KDE and the rejection method, and
2 shifts (see next section) in•y per intermittent distribution,
the total number of permutations for each intermittent distri-
bution wasB D 200. After B total iterations, thep-value, or
statistical signi�cance of each coef�cient was

pj D
#fb W jZ .b/

j j > jZ j jg

B
(14)

If the absolute value of the Wald statisticZ .b/
j at any

time after permutingI.nul l / and performing a �t exceeds
the absolute value of the Wald statistic derived before per-
muting I.nul l / , then there a greater undesired chance that
the coef�cient is more signi�cant as a result of the permuted
con�guration. What one hopes, however, is that �tting after
permuting labels never results in a Wald statistic that is more
signi�cant that that based on non-permuted data. Because test
statistics (e.g., Wald) are inversely proportional to variance,

it was important to useZ j as the criterion during each
permutation.

E. Shifting the range ofy

A single “shift” was performed in which the full range•y
was moved by a value of� D 0:01 followed by a repeat ofF2

calculations, log-linear �ts, and permutations. To accomplish
this, we varied the starting binn.shif t / � before collapsing
bins. For example, ifMmax D 400, the �rst value of M was
Mmax D 400=2D 200, since the �rst value ofk is 2. Bin
counts for the 200 bins were based on collapsing contiguous
pairs .k D 2/ of bins starting withn.1/ � when shif t D 1.
F2 was then calculated, linear �ts with permutations were
made, and values of ln.F 2 / and ln.M / were stored. This
was repeated withshif t D 2 so that pairs of base bin
were collapsed again but by starting with base binn.2/ �

when shif t D 2. The process of shifting the range ofy
and repeating the randomization tests for each intermittent
distribution resulted in an entirely different set of bin counts,
increasing the variation in intermittent and null data sets.
Shifting the range and re-calculatingF2 was performed in the
original Bialas and Peschanski paper (See Fig. 3, 1986).

F. Statistical signi�cance of �t coef�cients

The basis for tests of statistical signi�cance is established
by the null hypothesis. The null hypothesis states that there
is no difference in intermittency among intermittent and null
distributions whereas the alternative hypothesis posits that
the there is indeed a difference in intermittency. Formally
stated, the null hypothesis isH o W� 3 D 0 and the one-sided
alternative hypothesis isH a W� 3 < 0, since negative values
of � 3 in (13) imply intermittency. The goal is to discredit the
null hypothesis. A false positive test result causing rejection
of the null hypothesis when the null is in fact true is known
as a Type I error. A false negative test result causing failure to
reject the null hypothesis when it is not true (missed the effect)
is a Type II error. The probability of making a Type I error
is equal to� and the probability of making a Type II error
is equal to� power . Commonly used acceptable error rates in
statistical hypothesis testing are� D 0:05and� power D 0:10.
The Wald statistics described above follow the standard normal
distribution, such that aZ j less than -1.645 or greater than
1.645 lies in the rejection region wherep < 0:05. However,
since permutation-based regression models were used, the
signi�cance of �t coef�cients was not based on comparing
Wald statistics with standard normal rejection regions, but
rather the values of the empiricalp -values in (14). Whenever
pj < � , a coef�cient is said to be signi�cant and the risk of
a Type I error is at least� .

G. Summary statistics of results

Each randomization test to determine the statistical signif-
icance of �t coef�cients for a single simulated intermittent
distribution employed 200 permutation-based log-linear �ts.
The 200 total �ts per randomization test (i.e., intermittent
distribution) is based on 10 simulations to generate non-
intermittent null distributions, followed by 2 shifts, andthen
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10 permutation-based �ts (10*2*10). Within each randomiza-
tion test, the total 200 permutation-based �ts were used for
obtaining the signi�cance of each coef�cient viapj in (10).
Among the 200 total permutation-based �ts, there were 20
�ts for which �t data were not permuted. Averages of �t
coef�cients and their standard error were obtained for the 20
“non-permuted” �ts. In total, there were 20 non-permuted and
200 permuted �ts per randomization test.

TABLE II

RANDOMIZATION TEST RESULTS FOR INTERMITTENCY IN VARIOUS

TISSUES DETERMINED BY SIGNIFICANCE FOR� 3 IN (13).B D 200

ITERATIONS USED FOR EMPIRICAL P-VALUE TESTING.

Tissue Nodes P-value
Prostate 1724 0.000
Testis 1317 0.000
Fetus 1259 0.005
Liver 2077 0.010
Pancreas 2296 0.015
Ovary 1512 0.015
Ubiquitous 949 0.020
Lung 2586 0.020
Placenta 1951 0.030
Colon 1148 0.035
Brain 2403 0.045
Thymus 2007 0.045
Leukocyte 1020 0.045
Small intestine 981 0.060
Skeletal muscle 1122 0.060
Kidney 3056 0.080
Spleen 1720 0.110
Heart 2614 0.110
Thalamus 729 0.275

VI. RESULTS

Table II lists for each tissue considered the results of
randomization tests for intermittency of PPI for the listed
number of nodes and the p-value for the� 3 coef�cients.
Recall,� 3 re�ects the difference in slopes between �tted lines
ln.F 2 / vs. ln.M / for intermittent and non-intermittent data.
When � 3 < 0, the slope of the line for ln.F 2/ vs. ln.M /
of the intermittent data is greater than the slope of ln.F 2 /
vs. ln.M / for non-intermittent data. Average values of� 3 for
signi�cant tissues.p < 0:05/ were -3.5% to -6.5%.

Figure 1 shows the -log(p-value) for� 3 of randomization
tests for each of the tissues, with a line at 5.94 for the
minus natural logarithm of the Bonferroni adjusted p-value
of 0:0026 D 0:05=19 tests. It is clear that the observed
distribution of bin counts for prostate and testis tissues resulted
in signi�cant level of intermittency when compared with null.
Figures 2 and 3 illustrate the histograms of observed and
simulated (null) bin counts forM D 108 and M D 102 for
prostate and testis tissues, respectively. Several large spikes are
visible in each of the �gures (Figures 2 and 3), which were
identi�ed by the statistical test for intermittency.

VII. D ISCUSSION

A basic characteristic of QCD intermittency is that if the
smooth distribution for a histogram measured at the limit of
experimental resolution is discontinuous, it should reveal an

Fig. 1. Plot of -log(p) for randomization tests showing Bonferroni threshold
below which test results are not signi�cant.

Fig. 2. Histogram of binheights forN =1,724 hubs enumerated among
prostate PPIs.M D 108.

abundance of spikes and holes. For a discontinuous smooth
distribution, QCD intermittency is a measure of non-normality
in �uctuations and re�ects little about the deterministic or
stochastic properties of a distribution. QCD intermittency is
also independent of the scale of data and scaling in spatial or
temporal correlations. The lowest scale of resolution usedin
this paper (�y D 0:01) refers to a measure of imprecision, or
standard deviation in measured data. Thus, the quantile values
of Gaussians used were not assumed to be in�nitely precise.

The statistically signi�cant levels of intermittency identi-
�ed in this study show how various methods from applied
statistics can be assembled to form a randomization test for
intermittency. It is important to compare �t coef�cients for the
intermittent distribution versus that from a null distribution.
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Fig. 3. Histogram of binheights forN =1,317 hubs enumerated among testis
PPIs.M D 102.

This study employed a log-linear model that was able to ex-
tract simultaneously information on they-intercepts and slopes
for intermittent and null data separately. At the same time,
the log-linear model provided a method to simultaneously test
the statistical signi�cance of each coef�cient. Not surprisingly,
the most important and consistent coef�cient for identifying
intermittency was� 3, or the difference in slopes of the line
ln.F 2 / vs. ln.M / for intermittent and null distributions.

In our previous research to develop a randomization test
for intermittency in single-event distributions [43] there were
many evaluations on how best to make a smooth distribution
for the non-intermittent null distributions. The most promising
was the combined approach using KDE and the rejection
method, which is also probably the most robust. Parametric
methods were problematic when there were large holes or
spikes, and when there was a signi�cant level of kurtosis or
skewness in the data. Long tails present another challenge
for simulating an appropriate null distribution with parametric
�tting methods. KDE is non-parametric and by altering the
bandwidth settings one can closely obtain the original his-
togram, or more smoothed histograms. Because the simulated
distributions were known be standard normal Gaussian distri-
butions, the optimal bandwidthh D 1:06�N � 1=5 was used
[41].

It is important to realize the many uses of SFMs in
biomedical data. SFMs can be used for “bump hunting”
in distributions, searching for spikes and holes, and �nding
false signals arising from systematic errors. An unwanted
power law behavior in SFMs can arise from mathematical
phenomena related to period doubling and periodicities, tan-
gent bifurcations, and non-commutative operations such as
truncation(rounding). At present, the search for spikes and
holes in normally-distributed medical and biomolecular data is
not a common enterprise. Routine statistical analysis of data
involves generation of frequency histograms to assess normal-

ity, scale, and dispersion, and use of multivariate statistical
methods for identifying statistically signi�cant associations,
differences, and classi�cations. The majority of statistical com-
puter programs use low default values ofM for histograms
(e.g., < 30), which smear outs spikes that would be visible
at large M values. Overall, identi�cation of intermittency
requires an assessment of the power law behavior of SFMs.
The randomization test developed in this study can be used to
determine if intermittency is statistically signi�cant.

VIII. C ONCLUSIONS

We used human protein-protein interaction (PPI) data trans-
formed into documents to perform text-mining via concept
clusters. The advantage of text-mining PPI data is that words
(proteins) that are very sparse or over-abundant can be
dropped, leaving the remaining bulk of data for clustering
and rule mining. Libraries of tissue-speci�c binary PPIs were
constructed from a list of 36,137 binary PPIs in the Human
Protein Reference Database(HPRD). A randomization test for
intermittency in the form of spikes and holes in frequency
distributions of cluster-speci�c word frequencies was devel-
oped using scaled factorial moments. The test was based
on a permutation form of a log-linear regression model to
determine differences in slopes for ln.F 2 / vs. ln.M / in the
intermittent and null distributions. Signi�cant intermittency
(p < 0:0005) was detected in PPI for prostate and testis tissue
after a Bonferroni adjustment for multiple tests. The presence
of intermittency re�ects spikes and holes in histograms of
cluster-speci�c word frequencies possibly suggesting novel
large signal transduction pathways or networks.

We are currently mining the PPI data to gain a deeper under-
standing on which proteins contribute most to the elevated bin
heights, and what their roles are in prostate and testis tissue.
A spinoff of results from this study is the determination of
protein family and function for proteins having the greatest
weights in the concept clusters. This obviously is a more
functional based search to determine what makes up the
intermittency and what the biological interpretation is.
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