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Bursting and synchronization in gene regulatory dynamics
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*Also at Centro de Ciencias de la Complejidad, Universidad Naciong#arha de Mxico
and at Facultad de Ciencias, Universidad Aobma del Estado de &4ico, respectively.

Recibido el 23 de Marzo de 2010; aceptado el 27 de Abril de 2011

Within the enormous complexity associated with gene regulatory dynamics, recently has been discovered a sudden synchronization phe
nomenon that often occurs within sets of genes (commonly associated with energy and metabolism). This process has been called tran
scriptional bursting. To study to what extent bursting and synchronization occur in cancer-associated gene de-regulation, we applied the
tools of spectral time series analysis, detrended fluctuations analysis and information theory to categorize a set of 1191 whole genome gen
expression (steady-state) profiles of both primary breast cancer and normal breast tissue. Results are discussed towards molecular signatul
associated with disease.

Keywords: Transcriptional pulses; biological synchronization.

Dentro de la enorme complejidad asociada con laéamiica de la reguladh gerética, recientemente se ha descubierto udrfeeno de
sincronizaddn repentina que frecuentemente ocurre dentro de grupos de geném(eente asociados con la erierg el metabolismo).

Este proceso ha sido llamado estallido transcripcional. Con el fin de estudiar laptantu ocurren estos estallidos y la sincroniaa@n la
des-reguladin asociada alancer, aplicamos los @odos del aflisis espectral de series de tiempo, dilais centralizado de fluctuaciones

y la teoiia de la informadn a un conjunto de 1191 experimentos de perfilado de exprels genoma completo (en estado estacionario),

tanto de tumores primarios de mama, como de tejido sano. Se discuten algunos resultados relacionados a la presencia de firmas molecula
de la enfermedad.

Descriptores: Pulsos transcripcionales; sincronizatbiologica.

PACS: 87.10.Vg; 87.14.gn; 87.18.Tt; 02.50.Fz

1. Introduction controlled by at least five different biochemical mechanisms.
Different levels of gene regulation are thus strongly coupled.

It is known that the process of Gene Expression (GE) whichan important case of such cooperativity phenomena is that

transforms the information encoded in DNA intfuactional  of transcriptional bursts (TBs). It could be observed that pro-

RNA message sometimes occurs in bursts or pulses of actitein production often occurs in pulses, each due to a single

ity. GE bursting may result from a series of stochastic bio-promoter or transcription factor binding event [3]. TBs have

chemical events. Itis thus important to consider the role thabeen observed in a variety of biological settings such as: ul-

noise and fluctuations play in the complex series of chemeerative colitis [4], endocrine system anomalies [5], and cel-

ical reactions and physical interactions related to transcriptular differentiation in developmental processes [6]. Posi-

tional processes within the cell's mesoscopic environmentive feedback between messenger ribonucleic acid (MRNA)

since this is an important source of variation on cell behavand regulatory-protein production may result in bi-stability

ior and thus on phenotypic conditions and disease. Experiand stochastic bursts in gene transcription [7-9]. Some re-

mental data on the fluctuations in genetic activity, both besearchers even suggest that TBs are responsible for whole

tween individual cells and within the same cell over time,genome expression coordination [10].

have showed GE as a noisy process. Analyses of gene ex-

pression at the single-cell level had provided insight into os-

cillatory or nonlinear behavior in asynchronous cells and ha®.  Bursting and synchronization analyses

revealed cell-to-cell differences arising due to the stochastic

nature of gene expression [1]. Noise in gene expression aris@sl. Spectral analysis

not only from the inherent randomness of biochemical pro-

cesses just described, but also from the fluctuations in cellulafo understand the non-linear behavior of gene regulatory

components [2]. The phenomenon of gene expression (aldateractions it will be useful to consider periodic or quasi-

known as mRNA transcription or simply transcription) is a periodic expression levels of groups of genes. One important

complex one. There is a set of control mechanisms collecelass of analysis that could be made is by meanBafer

tively calledtranscriptional regulationthat take the duty to Spectral DensityPSD) calculations. PSD gives us a two-fold

controlwhentranscription occurs and alémw muchmRNA  understanding of transcriptional bursts and gene synchroniza-

is created. The transcription of a given gene by means dfon. In the one hand, PSD describes how émergyof a

the RNA polymerase enzyme (RNApol) can be regulated osignal or a time series is distributed with frequency. This
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could give us clues as to what is the dynamic behavior of Values ofg larger thanexpectedead to the rejection of
the local chemical potentials [11] that are, in turn, related tathe null hypothesis of a purely random process. The exact
intracellular biochemical activity patterns. In the other hand distribution ofg is given by:

PSD describes the evolution of the variance, giving us thus in-

sights on the correlatipn st'ructure qf the asspciated dynamic Plg>a)=a(l - x)a—l _ ala—1) (1- 23;)&_1
processes. For quasi-stationary signals which are evolving 2

in an unpredictable(i.e. complex) way, we require a fre- . al o1 4
quency up-dating (FU) PSD analysis. The PSD of stochastic ot (=) (o —r)! (1-rz) )

guasi-stationary processes can be estimated by using short
time Fourier series [12], linear autoregressive models [13] Herea = N/2 andr is the largest integer less thapx.
and window spectral algorithm [14]. An appropriate FU al- So if the observed value af is g* then there is a p-value
gorithm based on Blyquist cut-offis already implemented in  P(g > ¢*) to evaluate the null hypothesis.
the [R]-packagespectruni15].

Let us considel’ as a series containing the successive ex2 2. Detrended fluctuations analysis
pression levels of a gene, then the corresponding FGD,

is given by: It is known that a bounded time series could be mapped to
N 2 a self-similar process by integration. Peegjal. [17] intro-

I(w) = 1 Zr(t) exp(—iwt)| ; wel0,n] (1) _duced a modified root mean square analysis of the underly—

N5 ing random walk that has been termed detrended fluctuation

9nalysis (DFA). DFA detects self-similar patterns even if they
are embedded in an apparent non-stationary frame, and also
avoids the spurious detection of artificial self-similarity due
[(t) = B cos(wt + o) + ¢ (2)  to trending of the probability distribution function. To do so,

Here3 is a positive constant (amplitude),c [0, 7], ¢ is DFA first' integ.rates .the Fime serie.s as follows. ' [¥t) be
a uniformly distributecphase shif(¢ € (—n, 7]) and{e;} is @ dynamlcjser_les (with discrete stejpghen the k-integrated
a sequence of uncorrelated random variables with roea ~ ValueT'(k) is given by:
variances? independent ob (i.e. a Gaussian noise). Under X
this model periodic behavior could be traced-off by means of _ N
looking atsignificantpeaks in the PSD, either within an T(k) = Z (F(l) B F) )
continuous process or more commonly wittaking discrete

The presence of periodic behaviors could be detected b
considering the followindinear model forT":

i=1

values ok N herel is the average value (i) in the considered interval.
N k=0,1,2..., [2] , I'(k) gives a mapping from a time series to a self similar pro-
cess. To measure the characteristic scale for the integrated

each of these discrete values is known as a Fourier frequenGyme series, time is divided into isometrical bins of length
If a given time serie$’ has hidden periodic components, SaY £y every bin it is performed a least squares linear fitting of
with a given frequency”, then the PSD will show a peak at e gata (called théacal trend. The calculated coordinate
w*. If, in the other hand" is a random, aperiodic signal, then ¢ the straight line is denoted 1, (k). To detrendl (k) we

the I(w) vsw plot will be a straight line. This corresponds to ¢ \pstract the linear local trerfd, (k). For a given bin size

f = Ointhe linear model, Eq. 2. Itis importantto notice that ,, the characteristic length-scale for the fluctuations in the
only positive values ofF (¢) are physically sound, for that rea- integrated and detrended series is:

son sinusoidal models like the one in Eqg. 2 are only approx-

imations to the actual expression levels. There are two ways N
to deal with this limitation in practice, either you round off F(n) = 1 Z (T(k) — Fn(k))2 6)
negative values to zero or add a positdzekground constant N =

to all the values in the series. We took here the second option

since it preserves the relative importance of all the peaks. In  In the DFA algorithm, the value oF (n) is calculated to
the PSD analysis of stochastic variables, one is to test the nuffet a relationship betweef(n) and the bin sizer. F(n)
hypothesiss = 0 versus the data in order to explicitly state will usually increase with.. A linear relationship on a log-
what asignificantpeak is. There are many ways to do this, log plot (.e. a power law) implies self-similarity of the re-
but almost all of them deal with asymptotic considerationsated fluctuations. The slope of this log-log plot determines
Nevertheless, an early result from Fisher applies also to finitéhe scaling exponent.

time series, the so called g-statistic [16]: Thus,
maxy, I (wg F(n) ~n® 7
g = e L) @) (n) )
S I(wy) DFA has revealed the extent of long-range correlations in ap-
k=1 parently irregular time series [17,18]. A value @fgreater
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than 0.5 indicates the presence of persistent long-range powéHwy,) is the normalized likelihood of the m-bit word k,
law correlations. The case = 1.0 has raised a lot of of in- weighted by its given Shannon entrops.:
terest both from physicists and biologists for many years, it

corresponds td/f noise [19]. 0 < « < 0.5 denotes the F(wy) = l[fpl(wk)logpl(wk)

presence of power-law anti-correlations, such that large val- Z

ues are more likely to be followed by small values and vice — pa2(wg) log pa(wy)] 9)
versa [17].

in this casep; (wy) andR; (wy,) represent the probability and
2.3. Information based similarity rank of a given worduy, in the i-th series. The normalization

factor in Eq. 9 is the total Shannon’s entropy of the ensemble
The analysis of complex time series, is usually intended tend is calculated as

discover hidden information within the repetitive appearance
of certain patterns embedded in the given signals. To de- 7 = Z [—p1(wi) log p1 (wy) — p2(wy) log pa(wy,)] -
tect and quantify such underlying structures several methods &
have been developed. One approach is based on the quan- ) i o
tification of the so called Information-Based Similarity In- 2m(01,02) is called the Information Based Similarity In-
dex (IBS) [20], and has proved to be a very powerful toold€X (IBS) between series;, and o,. One notices that
in the comparison of the dynamics of highly nonlinear pro-Am(Ula_Uz) € [0,1]; Voi,09; Vm. ._In fact one is able
cesses [21, 22]. tq CODSld.erAm-(Ule'Q) as a probability measure. In the
For[(i) = {I'1,Ts,...,['x}, we map each pair of suc- situation in VYhI'Chhm Am(al,qg) — 1 the.senes are ab-
cessive points into one of the following binary states splutely dissimilar, whereas |n.the opposite case given by
if (Cys1r — ) < 0thenl, = 0; in the other case lim _A,_,L(ol,az) — 0 the two series become identical (in the
((Tps1—T,) > 0) I, = 1. This turns theV step real-valued Statistical sense).
time seried’(i) into anN — 1 step binary-valued seridg:).
It is possible then, to define a binary sequence of lemgth
(called anm-bit word). Each m-bit wordw; represents a
unique pattern of fluctuations. For every unitary time-shift  The apove mentioned techniques were applied to a set of
the algorithm makes a dnfferent collectidh, of m-bitwords  ,pjicly available whole genome (steady state) gene expres-
over the whole time series)y = {wi,ws,...,wn}r- It sjon microarray experiments. In the case of human mRNA
is expected that the frequency of occurrence of these m'bgamples taken directly from organ tissue (by a biopsy) and
words will reflect somehow the underlying dynamics of thenot from cultured cell-lines, it is extremely difficult to de-
original (real-valued) time series. sign time-course experiments. As a proxy to time-courses we
To apply this concept to symbolic sequences, one shoulfropose the following alternative: after quality control pre-
consider the frequency of every m-bit word and then sorprocessing, background correction and normalization of the
them in descending order by frequency of occurrence, in thignicroarrays [26], the samples were prioritized (ordered) ac-
way we are able to write down a probability distribution func- cording to theirBNIP3 (Affymetrix-probe ID 201848s at)
tion in therank-frequencyepresentation (RF-PDF). This RF- expression level, in such a way that sample 1 has the small-
PDF represents the statistical hierarchy of symbolic words ogst value of gene expression BNIP3and sample 1191 the
the original time series [20]. Two given symbolic sequencegargest one.BNIP3is a well known marker of progression
are taken astatistically equivalenif they give rise to similar  and malignancy in primary breast cancer that correlates both
probability distribution functions. Yang and coworkers [20] with |ab tests and clinical trials [27]. A tumor progression
defined a measure of similarity (akin to statistical equiva-marker is a molecule whose concentration steadily increases
lence) between two time series by plotting the rank number ofs the cancer cells are growing and invading healthy tissue.
every m-bit word in the first time series with the rank for the Thys within clinical standards, a higher concentration of such
same m-bit word in the second time series. Obviously if they molecule is then considered to be equivalent to a later, more
two RF-PDFs are statistically equivalent, then the scattereggvanced degree of cancer. Given these facts, our ansatz is
points will lie almost surelyn the diagonal line. The average that a higher level of BNIP3 implies a later stage of cancer
deviation of these points from the diagonal is then a measurBrogression, hence a later point in the corresponding dynamic
of the distance (or dissimilarity) between these two time seayg|ution. By ordering the independent, steady-state samples

each word by defining a weighted distankg, between two
given symbolic sequences ando- as follows:

3. Results and discussion

3.1. Spectral analysis of TBs
277L

An(o1,09) = Z Ry (wy,) — Ro(wy,)|Fwy) (8) As it could be already seen in the example given by Figs. 1
k=1

2m — 1 and 2, the dynamic behavior of the expression levels of genes
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Expression level for gene APOBEC3G APOBEC3G BLNK
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FIGURE 3. Power spectral density (PSD) for the FU-Fourier modes
of APOBEC3Gand BLNK. Significant peaks are above a g-test
threshold indicated by the red-line (p-value = 0.05 in Eq. 4). We

200000000000000

0000000000000

sampie notice that a number of significant frequency peaks are shared by
both genes, in the corresponding times these two genesyare
FIGURE 1. Expression level time series for geAROBEC3G chronizedin their expression

could serve as a basis for the propagation of TF activity from
Prineny breest corckome APOBEC3GandMNDA (for an independent confirmation of
R this motif from the standpoint of IBS calculations see Fig. 5).

Expression level for gene BLNK

e 3.2. Detrended fluctuation analysis of TBs

i il | ‘
JES— M\WW }WWWW‘“WM MM' ] J WW PMMW M‘ As it could be seen in Table I, gene expression dynamics are
T Ll "| ( WN ' ;’ I positively correlatedq, > 0.5), some genes however, are
e : i strongly correlated (AMP3 ELMO1 and TNFRSF13Bfor
instance) whereas others are just slightly correlated (being the
e most noticeable exampl&OU2AF1 ILLORAandPSCDBR
which are almost undistinguishable from white noise (spe-
cially POU2AFY). Closer inspection of the-values reveal
an interesting trend, since one could notice that genes with

normalized expression level

200000000000000

0.00000000000000

sample transcription factor (TF) activity present, in general, lower
_ _ _ values ofa (hence lowercorrelation lengthy than non-TF
FIGURE 2. Expression level time series for geBENK genes. This may point to TF genes as being more prune

to show stochastic events.§. TBs), this in turn, could be

is quite complex. In order to somehow detect the presence dgelated with TFs having lower chemical potentials of tran-
patterns of periodic or quasi-periodic behavior (more approscription [11]. This is the case with the aforementioned tran-
priately ofhintsof it) we calculate the PSD for the associated scriptional motif formed betweeAPOBEC3Gand MNDA
series, since even in the power spectra there are many signals transcription factors faBALC. A word of caution must
we choose to follow only the most significant ones. The presbe stressed however, since here we studied the evolution of
ence of statistically significant enrichment of Fourier modegust 30 genes (within a whole genome environment) there is
(quasi-periodicities) is shown in Table | (last column). Of the no conclusive evidence supported, for example, via statistical
30 genes considered just 14 of them showed quasi-periodi&gignificance analysis. More studies are to be focused on this
behavior. In some cases the Fourier modes of sets of genéandency before arlyard conclusion could be stated.
are correlated. For example in the case of geROBEC3G
the most significant peaks are showed on Fig. 3 (left panel)3.3. Information Based Similarities of TBs
By studying the frequency distribution of such significant
peaks we found that in some cycles there are a considerabWe build several sets of non-linear (IBS) correlation net-
overlap with the PSD of gergLNK (Fig. 3 right panel). works, from the series associated with the group of 30 genes

If we analyze the IBS correlation measure between thesander consideration. In each of these networks we set a value
two genes we have two independent methods pointing outf IBS cut-off and also a bin sizé.¢. a size for the maxi-
to synchronization phenomena between these two genesum length of the m-bit words considered in the analysis).
Other interesting cases of synchronization are present b&Ve could see in Fig. 4 how the number of nonlinear inter-
tweenAPOBEC3GandGALC and also betwee@ALCand  actions (network links) between the genes (nodes in the net-
MNDA. If we consider the quasi-periodic coupling betweenwork) varies as a function of bothy; ; the IBS-value andn
these genes, we could anticipate a transcriptional motif thatthe bin-size between 30 trivial interactions (every gene is

Rev. Mex. Fis. 58 (1) (2012) 6368



BURSTING AND SYNCHRONIZATION IN GENE REGULATORY DYNAMICS 67

Number of significant gene-gene correlations

TABLE |. Scaling exponent: for the linear Detrended Fluctuations
Analysis (DFA) and PSD quasi-periodic modes of expression lev-
els for the set of 30 genes. Asterisks in the last column denote the
presence of statistically significant (Eqg. 4) Fourier modes in Eq. 1:
* — less than 20 enriched Fourier modes,* more than 20 en-

riched Fourier modes, ***— seemingly chaotic behavior.€. all -m5

Number of significant dynamic correlations

computed Fourier modes are enriched) “m6
V'm7
Gene name DFA DFA R? PSD enrichment o “#mg
200 =m9
TNFRSF1B 0.83 0.98 * <mio
SELL 0.73 0.96 o o
0 SO0y
ELMOl 1.02 0.98 0.000 0.050 0.100 0.150 0.200 0.250 0.300
APOBEC3G 0.74 0.98 * IBS cut-off
MNDA 0.75 0.98 * FIGURE 4. Significant gene-gene dynamic correlations versus bin
BLNK 0.76 0.97 % sizem (form = 5,6, ...,10) and IBS-measure value.
GLDC 0.88 0.98 *
IL2RB 0.64 0.98 *
CD69 0.79 0.99 *x
SP140 0.64 0.99
ILIORA 0.58 0.99
LAMP3 1.17 0.98
IL12A 1.04 0.98
CD38 0.67 0.99 * y \
IGHM 0.64 0.98 * & e
PSCDBP 0.59 0.97 *x L -
s FIGURE 5. Synchronization network (green nodes are transcription
POU2AF1 0.54 0.99 factors, pink nodes are target genes). tegree of synchronicity
GALC 0.83 0.97 * is based on an IBS-measure.
SMADS 099 099 h in the enti twork of hronized target
NCKAPLL 071 0.98 phenomena in the entire network of synchronized targe
genes, hence abnormal systeniie.( genome-wide) tran-
TNFRSF14 0.9 0.98 scriptional behavior. Some instances of this abnormal behav-
PTPN22 0.83 0.98 ior are related to diseased states.
SKAP1 0.6 0.99
* .
SPARC 0.99 0.98 4. Conclusions
TNFRSF13B 1.03 0.98
SYK 0.88 0.98 By means of non-linear time-series techniques, such as the
SLC2A5 0.85 0.97 quantification of the Power Spectral Density profiles (PSD),
PLEK 061 0.98 as well as statistically significant frequency peaks in the re-
' ' lated spectra; Detrended Fluctuations Analysis (DFA) of the
RHOH 0.73 0.98

extent of long-range correlations and Information Based Sim-
MEF2C 0.96 0.99 ilarity (IBS) inference ofsynchronization networkse have
studied the complex phenomena of anomalowsting(sud-
dynamically correlated with itself) to 900 (all genes are con-den episodes of increased expression levels for certain genes)
nected). An intersection set of the most significant interacandsynchronizatiorfthe presence of time-correlations and si-
tions could be used as a model to builsgnchronization multaneous rising of expression within sets of genes) with re-
networkof genes that share significant patterns of variationlation to breast cancer phenomenology. Transcriptional net-
These genes are said todachronizedin Fig. 5 we present work analysis have showed that, instead of being indepen-
a transcriptional regulation network of synchronized genes, itdent, different levels of gene regulation are strongly coupled.
is noteworthy the possible role of TFs (genes shown as greehhis cooperativity-complexity relationship take special im-
nodes) asnitiators of synchronicity (they are said to hgp-  portance with regards to pathologies strongly related to gene
stream of the transcriptional cascaderhus, if TFs present de-regulation such as cancer. An important case of such co-
abnormal stochastic bursts, these would cause de-regulatiaperativity phenomena is that of transcriptional bursts (TBs)

Rev. Mex. Fis. 58 (1) (2012) 6368
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which are experimentally verifiable outcomes of this phe-even at the network level. In the other hand, DFA apparently
nomena. It has been stated that positive feedback betweestows that transcription factors (TFs) show shorter correla-
MRNA and regulatory-protein production may result in bista-tion lengths and are thus, more prune to de-correlate in time
bility and seemingly stochastic bursts in gene transcriptionand present stochastic phenomena. This could be behind the
In fact, when explicit mRNA diffusion is considered, the biological origin of anomalous transcriptional bursts, because
bursts may be much more irregular; the periods betweestochastic pulses inthe levels of TFs (that are up-stream in the
bursts may be much shorter; and, depending on the circuntranscriptional cascade) would cause their target genes (TGS)
stances, the burst window may be reduced or extended. Atb also became disturbed. Nevertheless due to the compar-
these complex physicochemical phenomena could be relateatively longer range of correlation of TGs the system could
with anomalies in their corresponding dynamics and thus careach homeostasis in many instances.

be observed in a time series of measurements of gene activity.

For examp|e' PSD points out to the presence of quasi- This study has focused on a set of 30 well-characterized
periodic behavior embedded in the apparent random patterr@&nes (mainly related to transcription factor activity and
of gene expression levels, some of the related Fourier modégetabolism) in a curated set [26] of 1191 whole genome gene
are even shared between groups of genes, this have broughtPression microarray experiments. Some trends have be-
some evidence of gene synchronization. IBS analyses alsgome apparent, nevertheless more comprehensive studies are
aport information pointing towards synchronized regulation,needed before any definite conclusion could be drawn.
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