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I. Introduction 

Biological networks are inherently dynamic. In order to reveal the dynamics of the networks, substantial effort 

has been devoted to measuring the dynamics of gene expression or protein abundance. This information 

permitted identifying genes or proteins that substantially varied with time and their correlation to other cellular 

components, but not the interactions between cellular components. It is clear that dedicated mathematical 

models have to be generated to infer the dynamics of interactions in the biological networks. Conventional 

methods of time series analysis cannot be applied to this problem due to the small number of observations (gene 

expression data) from different time points are available relative to variables (gene interaction strengths). 

Additionally, there is the inherent risk of many genes having similar expression profile, just by random chance. 

Recognizing these problems, it is only recently that dedicated methods are being developed to infer temporal 

regulation of transcription. These, and other methods reviewed recently [6] do not consider the interaction 

networks connecting the genes nor any dependency of observations between time points and hence are not 

suitable for the problem at hand. In this paper, we consider the problem of identifying temporal changes in the 

interactions in a network with a known topology from temporal profiles of gene expression data. The protein 

interaction network of baker’s yeast, Saccharomyces cerevisiae is arguably the most well-constructed with a 

high level of confidence [7]. Therefore, we used this network to study and validate our models. The proteins in 

yeast are classified according to their biological function, as defined by MIPS [8]. This annotation scheme 

provides functional description of the proteins in a hierarchical structure to a high degree of resolution. This 

Abstract: Temporal analysis of gene expression data has been limited to identifying genes whose expression 

varies with time and/or correlation between genes that have similar temporal profiles. Often, the methods do 

not consider the underlying network constraints that connect the genes. It is becoming increasingly evident 

that interactions change substantially with time. Thus far, there is no systematic method to relate the 

temporal changes in gene expression to the dynamics of interactions between them. Information on 

interaction dynamics would open up possibilities for discovering new mechanisms of regulation by providing 

valuable insight into identifying time-sensitive interactions as well as permit studies on the effect of a genetic 

perturbation. We present ,Generative model for capturing the interaction dynamics in the biological network 

as tractable model rooted in Markov dynamics, for analyzing the dynamics of the interactions between 

proteins based on the dynamics of the expression changes of the genes that encode them. The model treats the 

interaction strengths as random variables which are modulated by suitable priors. This approach is 

necessitated by the extremely small sample size of the datasets, relative to the number of interactions. The 

model is amenable to a linear time algorithm for efficient inference. Using temporal gene expression data, 

Generative model for capturing the interaction dynamics in the biological network was successful in 

identifying (i) temporal interactions and determining their strength, (ii) functional categories of the actively 

interacting partners and (iii) dynamics of interactions in perturbed networks. For our project the dynamic 

gene expression datasets from Saccharomyces cerevisiae were downloaded from Gene Expression Omnibus 

using accession numbers GSE21988 and GSE9644. The first dataset contained the expression profiles of the 

genes in S. cerevisiae during the gradual increment in the availability of glucose. And the other dataset 

contains the expression profiles of genes in S.cerevisiae during the glucose starvation and the algorithms for 

an analysing these two dataset for finding corresponding interaction network. Interaction strength has finded 

and plotted for each of the genes interactions. 
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allows the possibility to relate functional classification of the network components with the temporal 

interactions between them. This line of reasoning leads to two very fundamental questions: (i) can we distill 

observations about temporal characteristics of a group of functionally similar genes? (ii) would it be possible to 

model the effect of a genetic perturbation (gene deletion or addition) while comparing temporal interactions 

between the reference strain and its perturbed mutant? 

Our approach incorporates network effects into Markovian dynamics, and also compares the impact of genetic 

perturbation on the interaction dynamics. A fundamental premise of the model is that the evolution of the 

interaction strengths can be modeled in terms of the functional categories of the interacting genes. To handle the 

problem of low sample size, we adopt a Bayesian approach by introducing appropriate priors over the 

parameters governing the evolution of the interactions. Information from multiple mutants which differ from the 

reference strain in their network topology is incorporated by assuming that interactions closer to the perturbation 

(gene deletions) are affected more strongly 

than those further away. 

 

II. Proposed Methodology 

In this section the data set used, as well as the methods for gene interaction is introduced. 

a) DATA SET AND INTERACTION NETWORK 

Dynamic gene expression datasets from Saccharomyces cerevisiae were downloaded from Gene Expression 

Omnibus using accession numbers GSE21988 and GSE9644. The first dataset contained the expression profiles 

of the genes in S. cerevisiae during the gradual increment in the availability of glucose. Therefore, the cells 

experience a transition from glucose starvation to nitrogen starvation (unpublished data). The data was measured 

at eight time points. The second dataset contained temporal gene expression profiles in SFP1 deletion mutant 

and its isogenic reference at six time points after pulsing steadily growing cells with glucose [11]. The reference 

strain is referred to as REF, the strain in which SFP1 was deleted is referred to as MUT. The yeast interaction 

network was constructed using previously published data [14-19] as well as data downloaded from BIND [20], 

MIPS [8], MINT [21], DIP [22] and BioGRID [23]. We compiled all the interactions listed in these databases 

and retained only those interactions that were backed by at least two independent sources, resulting in a high-

confidence protein interaction network. We excluded protein-DNA interactions since the result of this 

interaction is the gene expression and including these interactions would result in a cyclic relationship between 

the interactions and gene expression. 

 

b)     MODEL DESCRIPTION 

We model the high confidence gene interactions network as a graph G = (V, E). We assume there are S 

perturbed networks or strains, indexed by the set {1, ..., S}, each having some genetic perturbation compared to 

the base network. Under different conditions, some of the edges are switched on or off, or, more generally set at 

various (discrete) levels of activation W(|W| = M). Furthermore, an edge may be active in one strain and not in 

others at the same time.  

Let  be a random variable on ℝ denoting the microarray gene expression level for gene v V in strain s at 

time t, i.e. the event { = } indicates the microarray expression level of gene v in strain s at time t is ∈ 

R. We note that the gene expressions levels are not restricted to a discrete set. Similarly, let  be a random 

variable on W representing the activation level of the edge e = (i, j)  E between the genes i V and j  V in 

strain s at time t. 

 

i). INCORPORATING FUNCTIONAL CATEGORIES VIA MIXTURE 

Since genes belong to multiple categories, a mixture model is a naturally suited model to handle the influence of 

multiple functional categories in the inference procedure. This allows us to explore the relationship between 

functional categories and the temporal evolution characteristics of the genes which fall in the same functional 

category. The remainder of this section describes the machinery for incorporating the  

functional category information into the generative model. Let there be H possible gene functional categories, 

and each gene can be a member of one or more functional classes C = {C1, ...,CH} where the hierarchical class 

Ch is characterized by evolution matrix Qh. The evolution probability matrix Qe for each edge e ∈ E is given as 

Qe =  

 

ii).ANALYSIS OF  PERTURBED NETWORK 

 We consider the problem of multiple strains which are just slightly altered versions of the networks 

where a few genes have been knocked out of the network. Therefore, most of the network remains the same 

across strains with only the “close” neighbourhood of the knocked out genes being affected. We assume that the 

weights corresponding to the reference strain  evolve according to a Markov law given by a matrix Q, 
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where   with the property that  for all the initial states wl. For other strains, 

we assume that the corresponding values are just slightly perturbed; thus 

  

 

The perturbing parameters   are determined deterministically from the underlying network G by 

= (1 −  )(1 - )  

 

We compute the damping factor  for the genes as follows: If the gene i is knocked out in strain s then we 

label it as  Now, we diffuse the labels across the graph such that  

 where d(i) and N(i) denotes the degree and the set of neighbors of gene I respectively, i.e., the damping factor at 

a node is the average of the damping factors at its neighbors. Here b is a hyper-parameter which can be used to 

control the damping effect. We investigated two schemes: a distance dependent b such that starting from the 

deleted node, all nodes at distance (in a breadth first search from the deleted node), greater than a selected 

distance have b = 0. We also investigated b in the range [0, 1]. Intuitively, while Γe = 0 for an edge directly 

incident to one of the knocked out genes, the perturbation gradually damps out with distance from the knocked 

out gene and for an edge e far away from one of the knocked out genes Γe ≈ 1. In the experiments, a value of β 

= 0.5hi is used where hi denotes the distance of node i from the knocked-out node. 

c)  GENERATIVE PROCESS 

Require: H {set of functional categories} 

Require: G = (V, E) {interaction network graph} 

Require: Λ ={ e} e E {prior on functional category       mixtures} 

Require: Θ ={θh}hÎ_H {prior on class transition probability} 

1: for all h in H do 

2: Choose Qh|θh s.t. each row i, :) ~ Dir(  (i, :)) 

3: for all e in E do 

4: Choose αe|λe s.t._αe ~ Dir(λe) 

5: for t = 1 to T do 

6: for all e in E do 

7: Choose  

8: Choose where h}=  

9: Choose ~ ( ) in (5) 

10: Compute  =  

11: Choose |  in 1 

 

d)   ARCHITECTURE 

 
Figure 1: Architecture of proposed system 
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III. Experimental Results 

We construct a synthetic graph G = (V, E) using the Erdos-Renyi model consisting of |V | = 1000 nodes, which 

represents the genes, and |E| = 5961 randomly generated edges, which represent the gene interactions. Each edge 

e Î E can have one of the following states .W = {−2,−1, 0, 1, 2}, signifying the interaction strength. We consider 

two models for interaction dynamics in the genetic network to investigate the impact of functional category 

information on the interaction dynamics in the gene interaction network, which are described below: 

The first model incorporates the functional categories, which impact the evolution of interaction strengths as 

specified in eqn. (4) and eqn. (5). We use H = 200 functional categories which govern the behaviour of the 

evolution of the gene expression. Nodes were randomly assigned to (multiple) functional categories reflecting 

the empirical distribution of functional categories for genes in MIPS database [8]. 

The second model assumes the evolution of the interaction strengths for an edge is independent of other edges. 

The transition probability matrix Qe for each edge e Î E is generated by sampling with equal probability from 

the two classes H0 : tr(Qe) >0.5W and H1 : tr(Qe) ≤ 0.5W. 

 

 

 
 

IV. Conclusion 
This is a systematic model that relates temporal changes in gene expression data to the dynamics of interactions 

in the context of a regulatory network.. The framework of the model will also inherently facilitate analyzing the 

effect of a perturbation in the network. For a given regulatory network and gene expression data, this was able to 

identify time sensitive interactions in the network and determine their strength. It was able to deduce the most 

active functional categories that interacted. In addition to these, this uses a damping feature that models the 

effect of a network perturbation by localizing more activity around the point of perturbation. These three novel 

features that offers reflect its advantage over many other time-series models that have been 

developed recently. Of particular interest is its ability to capture abrupt changes in the interaction patterns. For 

example, NETGEM identified momentary arrest in ribosome 

biosynthesis during the transition in the nutrient that limits growth from glucose to ammonia (Experiment 1). 

We identified many actively interacting genes that were implicated to play an important role in the biological 

conditions from which we obtained the data. 

This lends the promise that new insights obtained from using NETGEM are also physiologically relevant. Given 

that the inputs to NETGEM are the topology of the network and temporal variation of the nodes, it is evident 

that this methodology has widespread applications in analyzing network dynamics, beyond biological systems. 
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