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ABSTRACT OF THE DISSERTATION 

 

 

Data-driven Network Reconstruction of Biological Systems 

 

by 

 

Behrang  Asadi 

 

Doctor of Philosophy in Engineering Sciences 

 (Mechanical Engineering) 

 

University of California, San Diego, 2013 

 

Professor Shankar Subramaniam, Chair 

 

  

Inference of network topology from experimental data is a central endeavor in 

biology, since knowledge of the underlying signaling mechanisms a requirement for 

understanding biological phenomena. As one of the most important tools in 

bioinformatics area, development of methods to reconstruct biological networks has 

attracted remarkable attention in the current decade. Integration of different data types 

can lead to remarkable improvements in our ability to identify the connectivity of 

different segments of networks and to predict events within a cellular system. Several 

recent studies used data integration to reconstruct biochemical networks and to build 

predictive models from large-scale datasets.  
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In this dissertation we first prescribe directions to reconstruct biological networks 

based on data properties and priorities in terms of network reconstruction performance. 

We use experimentally measured and synthetic data sets to compare three popular 

methods—principal component regression (PCR), linear matrix inequalities (LMI), and 

Least Absolute Shrinkage and Selection Operator (LASSO)—in terms of root-mean-

squared-error (RMSE), average fractional error in the value of the coefficients, accuracy, 

sensitivity, specificity and the geometric mean of sensitivity and specificity. This 

comparison enables us to establish criteria for selection of an appropriate approach for 

network reconstruction based on a priori properties of experimental data.  

Reconstruction of biological and biochemical networks from large biological 

datasets is challenging when the data in question are dynamic. To contribute to this 

challenge, we also developed a new method, called Doubly Penalized Linear Absolute 

Shrinkage and Selection Operator (DPLASSO), for reconstruction of dynamic biological 

networks. DPLASSO consists of two components, statistical significance testing of 

model coefficients and penalized/constrained optimization. A partial least squares with 

statistical significance testing acts as a supervisory-level filter to extract the most 

informative components of the network from a dataset (Layer 1). Then, LASSO with 

extra weights on the smaller parameters identified in the first layer is employed to retain 

the main predictors and to set the smallest coefficients to zero (Layer 2). We illustrate 

that DPLASSO outperforms LASSO in terms of sensitivity, specificity and accuracy.  

Most of biological systems are nonlinear, therefore, expressing the network model 

in linear form may not be able to appropriately represent the real structure of the network 
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or to predict the response of the network as accurately as a proper nonlinear model does. 

Accordingly, as another contribution we have introduced a novel method to reconstruct 

nonlinear biological networks. In this method, we use a quadratic nonlinear model as the 

representation of second-order Taylor series expansion of a nonlinear system around an 

arbitrary point of interest. We apply LASSO to shrink some of the small coefficients to 

zero. A statistical significance testing (t-test) will complete the parameter (network link) 

selection. We demonstrate that our proposed approach will lead to considerable 

improvements in predicting the response of the system and fair improvement in accuracy 

and sensitivity of the network identified.  



1 

 

Chapter 1 

 

Introduction 

 

Inference of network topology from experimental data is a central endeavor in 

modern biology, since detailed knowledge of the underlying mechanisms and pathways is 

a pre-requisite to understanding the mechanisms of various diseases [1]. It is essential for 

meaningful interpretation and use of biological data. Biological experiments would be 

incomplete without performing a systematic analysis about variation of inputs versus 

outputs that may be either known or unknown. The growth in biology is very fast such 

that data analysis can hardly keep pace. As one of the most important tools in 

bioinformatics area, development of methods to reconstruct biological networks has 

attracted notable attention in the current decade. It will be advanced to handle the huge 

and rapidly growing amount of data stored in databases. One main effort is to group and 

compare data, to gain information about single molecules compared to similar molecules. 

“Systems biology is the study of an organism, viewed as an integrated and interacting 

network of genes, proteins and biochemical reactions which give rise to life” [2]. The aim 

of systems biology is to focus on all the components and the interactions among the 

organism, such as sugar metabolism or a cell nucleus, instead of analyzing each 

components or aspects of them individually. For instance, the immune system is not the 

result of a single mechanism or gene. Immune response is produced by the interactions of 

numerous genes, proteins, mechanisms and the organism´s external environment to fight 
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infections and diseases. Although the idea of system-level understanding is not new in 

biology [3, 4], the renewed interest can be assigned to the breakthrough advances in 

recent molecular biology studies, providing new data, and enabling applied work in this 

area. Reconstruction of biological networks from heterogeneous datasets is currently an 

active research subject with notable advances and various applications in systems 

biology. For instance, to determine functional interactions in the cell. One of interesting 

challenges is to know the network of proteins that describe interactions and functional 

relationship among proteins. This corresponds to a network with vertices and edges 

representing proteins and their interactions pass between functionally related or 

interacting proteins. Figure 1 shows an illustration of such networks. These networks are, 

more than complicated, largely unknown, and even many known networks are to some 

extent incomplete, with missing proteins and unknown interactions, hard to linearly 

model, and time varying. Experimental discovery of these networks are time consuming 

and expensive even with most recent technology, hence novel methods are being 

implemented to try to determine these networks. If a network is partially known, it is 

possible to predict which interactions are missing, which interactions already noted are 

probably incorrect or even there is lack of a new unknown protein in the network in a 

certain place [5].  

It has become evident, that theoretical approaches based on simulation still 

dominate the field. Nevertheless, their applications to experimental data become more 

and more state of the art when experimentally working scientists design their experiments 

considering systems biological objectives [6]. 

http://www.sysbio.de/info/background/biology
http://www.sysbio.de/info/background/biology
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Figure 1: Illustration of a gene network with 10 genes [7]. This network was generated 

using the software package by Mendes et al. [8] 

 

While there has been progress in developing kinetic models of biochemical 

networks with known topology and interactions (e.g. mitogen activated protein kinase 

(MAPK) pathway [9]), the number of such networks is not large [1]. Recent advances in 

high-throughput techniques have led to collection of different types of data related to 

signaling, gene regulatory, and metabolic pathways. Various data types, obtained via 

alternative experimental techniques, have distinct observational scales (e.g. high vs. low 

intensity in microarray datasets) and veracity. Integration of different data types, while 

technically challenging, can lead to dramatic improvements in one’s ability to identify the 

connectivity of different segments of a network and to predict events within a cellular 

system. Recent studies in which data integration was used to reconstruct biochemical 

networks and predictive models from large-scale data sets can be found in [10-12].  
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Modern high-throughput techniques facilitate collection of different types of data 

related to signaling, gene regulatory, and metabolic networks. Such datasets (e.g., cellular 

read outs obtained through different experimental techniques) have a large dynamic 

range, distinct observational scales (e.g., high versus low intensity in microarray 

datasets), and accuracy. Integration of different data types can lead to remarkable 

improvements in our ability to identify the connectivity of different segments of networks 

and to predict events within a cellular system. Several recent studies used data integration 

to reconstruct biochemical networks and to build predictive models from large-scale 

datasets. New algorithms were developed to reconstruct parsimonious regulatory 

networks [10],  networks with a large number of intracellular signaling events [11], the 

signaling network for cytokine release in RAW 264.7 cells [12], networks with 

identifiable subsystems [13], and protein signaling networks [14]. A recent review of the 

methods used to reconstruct biochemical networks and models when the network 

topology is either known (e.g., metabolic networks) or (partially) unknown (e.g., gene 

regulatory networks) can be found in [15]. Given the importance of network 

reconstruction, various methods have been introduced and are being developed to 

reconstruct static, dynamic, and static-dynamic networks [16, 17]. Some of the 

drawbacks of different approaches can be compensated by the others [18]. Network 

reconstruction techniques include optimization-based approaches, e.g., least-squares 

methods [19]; dimensionality reduction methods, e.g., statistical significance tests 

combined with either principal components regressions (PCR), or partial least-squares 

(PLS) [12, 20]; partial-correlation-related analyses [21]; Bayesian networks [11, 22]; 
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hybrid methods, e.g., Linear Matrix Inequalities (LMI) [23, 24] and Least Absolute 

Shrinkage and Selection Operator (LASSO) [10, 25]; and matrix-based algorithms [26-

28]. These methods highlight the importance and benefits of employing systems 

approaches to decipher and reconstruct cellular networks from high-throughput data. For 

example, a PLS approach has been used to identify the interaction of apoptotic and pro-

survival signals in cellular apoptosis [11]. Deciphering the connections in this network is 

complicated since any given stimulus activates more than one pathway, and any given 

pathway can also be activated by several stimuli. In turn, the signaling pathways act 

together as a module or network to extract specific responses. In [11] the authors used 

high-throughput data on signaling activations and apoptotic or survival phenotypes for 

reconstructing a canonical network to link signaling to apoptosis. An alternative 

algorithm proposed in [12] enables one to perform an input-output mapping by utilizing 

steady-state or time-averaged data. The algorithm was used to identify lumped networks 

from signaling pathways to cytokines in macrophages. It employed the levels of 

activation of the signaling pathway acting as inputs and the levels of cytokine release 

acting as outputs.  

To the best of our knowledge, there have been a few systematic efforts to 

compare the performance of various network-reconstruction methods in terms of their 

ability to deal with data patterns characterized by different amounts of missing data, 

dimension of the dataset, and type and level of noise. For example, the Dialogue for 

Reverse Engineering Assessments and Methods (DREAM) is an extensive effort towards 

optimal design, application and assessment of models in systems biology [29]. Several 

prediction and model assessment metrics have been used in DREAM that are common 
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with what have been presented in this PhD dissertation. There are also a number of 

worthy reviews available in the literature for comparing the network reconstruction 

methods such as [9, 30]. However, as pointed out by Cho et al. [9], there is still a need for 

improvement of our understanding regarding the fundamental idea presented by each 

method and to consider properties of input data, constraints, and specific applications for 

selecting an appropriate network reconstruction method. The ability to effectively deal 

with different levels of noise is especially important for biological data sets because 

different types of measurements, such as proteomic data [12] versus gene-expression data 

[31], inherently have different measurement errors and other uncertainties. For example, 

in gene-expression measurements, the relative level of noise in fold-change data is higher 

if the corresponding intensities are in the low-value regime [32]. In chapter 2, we provide 

a systematic comparison of the ability of three methods---principal component regression 

(PCR), linear matrix inequalities (LMI), and least absolute shrinkage and selection 

operator (LASSO) to reconstruct networks from experimentally measured biological data 

and synthetic data. Comparison criteria are the robustness in identifying a “true” network 

and the accuracy of the estimated model coefficients to different levels of 

missing/unavailable data and different types and levels of noise in the data. When 

appropriate, the comparison also includes results from a standard least squares (SLS; 

abbreviation “LS” also used) approach. This part of the dissertation is motivated by the 

fact that while a systematic comparison is theoretically intractable, it is amenable to 

computational explorations. Additional novelty of this work also includes a more 

accurate approach to statistical significance analysis of the model coefficients in the PCR 

approach than that used in [12]. Further, previous application of LMI to network 
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reconstruction [23, 24] used an ad-hoc approach to decide the threshold. We have 

improved this approach by using a cross-validation procedure to compute the threshold in 

the LMI method automatically. 

Unlike the described “standard” techniques, several recent approaches are 

designed to take advantage of dynamic nature of many biological networks and 

corresponding time-series data.  Through appropriate formulation these approaches can 

be tailored to static or temporal (dynamic) data. For example, Mondal et al. [33] used 

differential evolution on a linear time variant model structure to reconstruct gene 

regulatory networks (GRNs). Greenfield et al. [34] developed a framework based on an 

ordinary differential equation to reconstruct biological networks from both static and 

dynamic data. Weber et al. [35] proposed a heuristic network inference algorithm 

(NetGenerator v2.0) to reconstruct dynamic networks from multi-stimuli multi-

experiment data and prior knowledge of network; and Lo et al. [36] combined linear 

regression with a Bayesian model averaging approach to reconstruct biological networks 

from time-series data and prior biological knowledge. When yielding conflicting 

predictions, such alternative approaches provide opportunities to propose additional 

hypothesis and experiments. Since none of these and other algorithms outperforms their 

counterparts in terms of all relevant metrics (e.g., trading accuracy for specificity [37]), 

integration of distinct features of two or more algorithms is likely to improve the 

performance of each algorithm. For example, optimization-based methods, such as 

LASSO, use L1-penalty based constraint on the model parameters to retain coefficients 

corresponding to the most informative predictors. Regression (least squares, PCR or PLS) 

with statistical significance testing-based approaches use t-test to identify statistically 
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significant predictors. One of the findings in chapter 2 (comparison of performance of 

statistical and optimization-based methods with respect to different measures [37]) shows 

that reconstructing networks from noisy datasets using an optimization method (such as 

LASSO) provides good sensitivity but low specificity whereas statistical methods 

(PCR/PLS with statistical significance testing) provide good specificity and low 

sensitivity. Such findings suggest that an algorithm that combines more than one method 

may compensate for the deficiencies for individual methods; hence as part of this PhD 

work, we propose an algorithm to combine PLS (with statistical significance testing) and 

LASSO. In chapter 3, we present a new method, called Doubly Penalized Linear 

Absolute Shrinkage and Selection Operator (DPLASSO), to reconstruct dynamic 

biological networks. Our approach integrates statistical significance testing and 

constrained/penalized-optimization. This method employs partial least squares and 

statistical significance testing as a supervisory-level filter to extract the most informative 

connections of the network from a dataset. The lower-level reconstruction layer consists 

of LASSO with extra weights assigned to small parameters. These weights are 

determined via partial least squares in the first-layer filter to retain the significant inputs 

and set the remaining small coefficients to zero. Comparison criteria are the robustness in 

identifying a “true” network and the accuracy of estimated model coefficients with 

moderate amount of noise in the data. 

Since considerable portion of biological systems include intrinsic nonlinear 

interactions, it is essential to design network reconstruction approaches that take such 

nonlinear behaviors into account. Evidences to this important properties are the incentive 

behind introducing nonlinear models for well-known biological networks (e.g. MAPK 
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model [38], model for cell division cycle in fission yeast [39], and model of excitation 

and adaptation in bacterial chemotaxis [40]). This topic has also motivated other studies 

to concentrate on developing network reconstruction methods with inclusion of 

nonlinearities within the model. Examples of such studies can be found in [41-43]. Since 

introducing a general nonlinear model is mathematically intractable, inferring the type of 

the nonlinearity in most of the biological systems can help introduce nonlinear terms in 

the model. In chapter 4, we use a quadratic nonlinear model as the representation of 

second-order Taylor series expansion of a nonlinear system around an arbitrary point of 

interest. Then we deploy a hybrid method that uses both LASSO and statistical 

significance testing to reconstruct the network based on a nonlinear model. This method 

applies LASSO as the supervisory level complexity reduction engine and then deploys 

statistical significance t-test to pick up final links in the network.  

While we have been allocating effort to address a number of questions in 

reconstruction of dynamic biological systems in this dissertation, we have found many 

important unanswered questions left in this topic.  Chapter 5 proposes directions to future 

work such as concerns in reconstruction of dynamic biological networks. 

Chapter 6 concludes the accomplished work of this dissertation.  
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Chapter 2 

 

Comparison of Statistical and Optimization-Based Methods for 

Data-Driven Network Reconstruction of Biochemical Systems  

 

 

Chapter Abstract: While several methods have been developed recently to reconstruct 

biological networks, there are few systematic and comprehensive studies that compare 

different methods in terms of their ability to handle incomplete data sets, high data 

dimensions, and noisy data. In this chapter, we use experimentally measured and 

synthetic data sets to compare three popular methods—principal component regression 

(PCR), linear matrix inequalities (LMI), and Least Absolute Shrinkage and Selection 

Operator (LASSO)—in terms of root-mean-squared-error (RMSE), average fractional 

error in the value of the coefficients, accuracy, sensitivity, specificity and the geometric 

mean of sensitivity and specificity. This comparison enables us to establish criteria for 

selection of an appropriate approach for network reconstruction based on a priori 

properties of experimental data. For instance, while PCR is the fastest method, LASSO 

and LMI perform better in terms of accuracy, sensitivity and specificity. Both PCR and 

LASSO are better than LMI in terms of fractional error in the values of the computed 

coefficients. Trade-offs such as these suggests that more than one aspect of each method 

needs to be taken into account when designing strategies for network reconstruction. 
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 2.1. Introduction 

Given the importance of network reconstruction, various methods have been 

introduced and are being developed to reconstruct static, dynamic, and static-dynamic 

networks [16, 17]. Some of the drawbacks of different approaches can be compensated 

by the others [18]. Examples of well-developed network reconstruction techniques 

include optimization-based approaches (e.g., least-squares methods [19]), dimensionality 

reduction methods (e.g., statistical significant tests combined with either principal 

components regressions (PCR), or partial least-squares (PLS) [12, 20]), partial-

correlation-related analyses [21], Bayesian networks [11, 22], hybrid methods (e.g., 

Linear Matrix Inequalities (LMI) [23, 24] and Least Absolute Shrinkage and Selection 

Operator (LASSO) [10, 25]), and matrix-based approaches [26, 27]. Through appropriate 

formulation these approaches can be tailored to static or temporal (dynamic) data. When 

yielding conflicting predictions, such alternative approaches provide opportunities to 

propose additional hypothesis and experiments. A detailed review of various network-

reconstruction methods can be found in [1].  

In this chapter, we provide a systematic comparison of the ability of three 

methods---principal component regression (PCR), linear matrix inequalities (LMI), and 

least absolute shrinkage and selection operator (LASSO) to reconstruct networks from 

experimentally measured biological data and synthetic data. Comparison criteria are the 

robustness in identifying a “true” network and the accuracy of the estimated model 

coefficients to different levels of missing/unavailable data and different types and levels 

of noise in the data. When appropriate, the comparison also includes results from a 
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standard least squares (SLS; abbreviation “LS” also used) approach. This study is 

motivated by the fact that while a systematic comparison is theoretically intractable, it is 

amenable to computational explorations. This chapter we also include a more accurate 

approach to statistical significance analysis of the model coefficients in the PCR 

approach than that used in [12].  

In Section 2.2, we briefly describe the four network-reconstruction methods 

mentioned above. These methods are used in Section 2.3 to reconstruct biological 

networks from an experimentally measured dataset (phosphoprotein signaling and 

cytokine measurements in RAW 264.7 cells provided by the Alliance for Cellular 

Signaling (AfCS) [44]) and from simulated data for which the true network (or model 

coefficients) is known. In this Section, the effect of noise level, noise type and the size of 

data set on the performance of different methods will be investigated. The effect of the 

amount of missing data will also be studied. This section ends with a comparison of 

computation time used by these methods. Section 2.4 presents a discussion and 

comparative analysis of the different methods for non-collinear and collinear input data 

sets. Section 2.5 concludes the chapter. 

 

2.2. Methods 

In this study, we compare four methods for network-reconstruction, namely, Least 

Squares (LS), Principal Component Regression (PCR), Least Absolute Shrinkage and 

Selection Operator (LASSO), and Linear Matrix Inequalities (LMI).  The selection of 

these methods is based on the conceptual differences in the approaches they take for 
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network-reconstruction. LS is based on minimization of the sum of squared errors 

between predicted response and true response, PCR is based on dimensionality reduction, 

LASSO is based on shrinkage of the model coefficients while minimizing the sum of 

squared errors  [10, 25], and LMI is based on the minimization of L-infinity norm of the 

prediction error and shrinkage heuristics [23, 24]. Here we introduce the well-studied 

method of standard least squares. Detailed description of the other three methods, PCR, 

LASSO and LMI, are presented in Supplementary Material (Sections 1.2-1.4). 

The SLS method, one of the oldest techniques in modern statistics [45], estimates 

unknown coefficients (or parameters) of a linear model by minimizing the sum of squares 

of model deviations from an observed response. Consider a system that consists of n 

input variables (predictors) and p outputs. Let m denote the number of data points, X 

denote an m by n matrix of input data (each column normalized to zero-mean and unit 

standard deviation), and Y denote an m by p matrix of the corresponding (mean-centered) 

observed response (outputs). For simplicity, we assume that p = 1 (else repeat the 

procedure on each output individually) and hence denote the data by y as opposed to Y. 

Let b̂  be an estimate of a parameter b in the linear affine system, so that, y = Xb . 

Specifically,  

ˆ y Xb ε ,            (1) 

where ε  is the residual vector. SLS computes b̂  as, 

2ˆ argmin{ ( - ) ( - )}Te b y Xb y Xb                           (2) 

The least squares solution to (2) is 
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-1ˆ ( )T Tb X X X y .                                  (3) 

The predicted values of the output data, py , can be computed as, 

ˆ
p y Xb  

More details, such as calculation of root-mean-squared error (RMSE) for prediction, are 

described in Supplemental Material section 2.1.1. Two different metrics (fractional error 

in the estimated coefficients, and sensitivity, specificity and related metrics) have been 

utilized to evaluate the performance of the methods. They are described in 

Supplementary Material Section 2.1.5. 

 

2.3. Results 

  In this section, we present the results with input data containing independent 

columns. The case of collinear data is presented in the next section. Relative performance 

of the four network-reconstruction methods is analyzed below. 

 

2.3.1 Performance on Experimental data (phosphoprotein/cytokine Data) 

This case study deals with network reconstruction for cytokine release in RAW 

264.7 cells using the data from the AfCS [44]. In response to molecules that bind to cell 

surface receptors, these macrophage cells utilize a cascade of cellular signaling events to 

alter gene expression resulting in release of cytokines. The cytokines are hallmark of 

inflammation and innate immune response in physiology [46]. The large scale 
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measurements of phosphoproteins and cytokines as a function of stimulus and time in 

these cells serve an excellent testbed for network reconstruction methods. While these 

individual macromolecule measurements and cell phenotypes are well-characterized, the 

knowledge of precise pathways and context-specific networks is incomplete. Prior work 

has established some of these networks and hence serves as a good metric for comparison 

and validation of network reconstruction methods [46, 47]. We use this as the 

experimental case study to analyze the reconstruction methods described above. The 

phosphoprotein (PP)/cytokine data set consists of 22 inputs and 6 outputs (G-CSF, IL-1α, 

IL-6, IL-10, MIP-1α, TNFα). Both the input data and output data are time-averaged since 

the time-scales of the input (PP) data are in minutes (measurements taken at 1, 3, 10 and 

30 minutes) whereas that of the output (cytokines) data are in hours (measurements taken 

at 2, 3 and 4 hrs). Phosphoproteins were measured using western blots (AfCS protocols 

#PP00000177 and #PP00000181) and cytokines were measured using multiplex 

suspension arrays (AfCS protocols #PP00000209 and #PP00000223 [44]). More details 

about the experiments can be found on the AfCS website [44] and the procedure for pre-

processing the data is explained elsewhere [12]. RMSE of the network reconstructed with 

each of the four methods was calculated for all outputs. Figure 2 shows a scatter-plot of 

the predicted outputs vs. corresponding experimental values for the LS and PCR 

methods. The dashed and dotted lines represent the 
LSRMSE   and 2  bands, 

respectively.   
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Figure 2: Actual response (experimental data) vs. response predicted with the LS and 

PCR methods for PP/cytokine data. The dashed and dotted lines represent the   and 2  

bands, respectively. Abbreviation: IL: interleukin; TNF: tumor necrosis factor; G-CSF: 

granulocyte colony stimulating factor, MIP: macrophage inflammatory protein. 

 

 

As discussed in Section 2.2 and Supplementary Material Sections 2.1.1-2.1.4, 

each method employs a different strategy to identify the most informative/significant 

variables contributing to network identification. The number of significant variables 

depends on a selection criterion (tuning parameter). For PCR, 0.8 < FCV < 0.95 was used 

to capture 80-95% of the variance in the input data, and the significance was based on the 

average ratio for t-test to get a stable estimate. The t-test was also employed in the LS 

method to identify significant predictors (“LS_sig” in Table S1; LS refers to standard 

least squares without any significance testing). In LASSO, the criterion was set to 0.66t   

which translates into about 33% (= 1 - 0.66) of the coefficients becoming zero in the 
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resulting model. For LMI, the threshold 0.3LMIr   was used. A detailed discussion on the 

selection of appropriate thresholds for the LASSO and LMI methods using cross-

validation is presented in Supplementary Material Section 3.1. For each method the 

number of significant input variables identified and used to build the model is listed in 

Table 1 along with the number of true and false positive (TP, FP) connections. The 

method of LS with significance-testing retains the smallest number of inputs (predictors). 

PCR comes second, while LASSO tends to retain the largest number of inputs (depending 

on the value of t). Overall, LASSO and LMI are comparable.  

 

Table 1: Number of significant inputs (TP, FP) for each output of PP/cytokine data.  

Output LS_sig PCR LASSO LMI 

G-CSF 3(1,2) 11(2,9) 6(3,3) 12(3,9) 

IL-1α 4(1,3) 12(2,10) 6(3,3) 15(3,12) 

IL-6 1(1,0) 5(3,2) 2(2,0) 8(1,7) 

IL-10 3(2,1) 7(4,3) 7(4,3) 8(3,5) 

MIP-1α 2(1,1) 11(3,8) 6(3,3) 16(3,13) 

RANTES 1(1,0) 9(2,7) 4(2,2) 9(3,6) 

TNFα 4(2,2) 12(4,8) 6(4,2) 13(3,10) 

 

2.3.2 Performance on synthetic noisy data 

Next, we apply the four methods to reconstruct a network from a synthetic data 

consisting of 25 inputs and 1 output. In an effort to make the synthetic networks as 

compatible as possible with experimental datasets, several factors such as network size, 

noise variance, granularity, sparse network topology, and appropriate correlation range 
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among columns of input matrix have been taken into account in generating “synthetic” 

data for network reconstruction and analysis. Synthetic datasets, which are generated 

with a model whose parameters are known, facilitate the assessment of the overall 

accuracy of network reconstruction performed by the four methods. A portion (about a 

third) of true coefficients for the inputs are intentionally made zero to test the ability of 

these methods to identify them as insignificant. The input data can be made collinear 

based on a fraction of co-linearity (0 means all input columns are independent). The 

algorithm for generating the synthetic dataset has been described in Supplementary 

Material (Section 2.2).  

 

2.3.2.1 Effect of noise level  

The first study is designed to investigate the effect of increasing noise in the 

output data. Four sets of outputs corresponding to 5, 10, 20 and 40% noise levels, 

respectively, were generated from the noise-free (true) output. The size of the input data 

matrix is: m = 100, n = 25. Figure 3 shows the fit of predicted vs. supplied (noisy) output 

data for LMI, as a representative of all the methods. Increase in the noise is evident. In 

terms of RMSE (Supplementary Material Table S2), LS performs better than PCR, LMI 

and LASSO. Since the inputs were independent, RMSELS is comparable to the standard 

deviation of the noise added to the outputs. Overall, a similar pattern was observed for 

the training set as well. RMSELMI is very close to RMSELS for the training set.  
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Figure 3: Supplied (noisy) response vs. response predicted with the LMI method for the 

synthetic noisy data. The dashed and dotted lines represent the   and 2 bands, 

respectively. 

 

  Table 2 demonstrates how the sensitivity, specificity, accuracy, and G of PCR, 

LASSO, and LMI vary as the noise level increases. In terms of these metrics, LMI 

exhibits the best overall performance, and PCR the worst. For example, at 10% noise 

level, G = 0.71, 0.90 and 0.97 for PCR, LASSO and LMI, respectively.  However, at 

higher levels of noise, the performance of the three methods becomes similar. At 40% 

noise level, G = 0.70, 0.82 and 0.75, for PCR, LASSO and LMI, respectively. The other 

metrics (accuracy, sensitivity, and specificity) follow a similar trend with increasing 

noise levels. For example, both sensitivity and accuracy decrease with increasing noise 

level for all the three methods, whereas specificity increases for PCR and decreases for 

LASSO and LMI. We also note that with increasing noise level G of LMI and LASSO 

decreases more rapidly with increasing noise level than G of PCR does. 
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Table 2: Accuracy, Sensitivity, and Specificity of methods for white noise (m = 100, n = 

25) [based on average of 50 runs]. 

Noise % 5 10 20 40 

PCR     

ACC. 0.71 0.71 0.70 0.69 

Sense. 0.72 0.70 0.66 0.57 

Spec. 0.71 0.73 0.77 0.87 

G 0.71 0.71 0.71 0.70 

LASSO      

ACC. 0.88 0.89 0.88 0.83 

Sense. 0.81 0.83 0.83 0.84 

Spec. 0.99 0.99 0.96 0.81 

G 0.89 0.90 0.89 0.82 

LMI      

ACC. 0.97 0.97 0.93 0.79 

Sense. 0.95 0.94 0.93 0.90 

Spec. 1.00 1.00 0.92 0.63 

G 0.97 0.97 0.92 0.75 

 

  The second study is designed to analyze the effect of different types (distribution) 

of noise in the data. In terms of fractional error in estimating the coefficients, 

performance of all methods decreases with increase in the level of noise with LASSO 

exhibiting the smallest decrease. For datasets with white noise, accuracy of LMI and 

LASSO decrease with the noise level and for datasets with t-distributed and uniformly-

distributed noise, the accuracy of PCR increase with the noise level while it decreases for 

LMI and LASSO. Details are presented in Supplementary Material Section 3.1. 
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2.3.2.2 Variability between realizations of data with white noise 

  The three network reconstruction methods—PCR, LASSO, and LMI—are used to 

identify significant predictors for 1000 different realizations of white noise added to the 

output (described in Supplementary Material Section 3.2) and the resulting spectra of the 

coefficient values for the significant inputs are compared for the different methods 

(Figure 4). Lowest standard deviation and closest mean value to the true values from LMI 

(error < 3%, Supplementary Material Table S5) suggests that overall LMI is the most 

robust method for detecting the significant predictors and computing their values.  

2.3.2.3 Effect of the size of the dataset 

  Datasets extracted from many biological experiments have different sizes both in 

the number of data points (cases or experiments) and in the number of inputs. One 

important measure of the performance of network-reconstruction methods is to evaluate 

the reliability of each method in terms of the dataset structure (the number of predictors 

and the ratio of the number of data points to the number of predictors). A method’s 

performance on datasets of different sizes can be used to understand their applicability to 

datasets of a particular size and structure. In this section, we evaluate the performance of 

the four methods when (a) the ratio of the number of samples (the number of rows in the 

input/output data matrices) to the number of inputs decreases, while the number of 

samples remains fixed (comparison between the datasets with n = 25 and n = 50; m = 100 

in both cases); and (b) the numbers of both inputs and samples increase while the ratio 

m/n is kept fixed (comparison between the data sets with m = 100, n = 25, and m = 400 

and n = 100). 
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Figure 4: Histograms of the 3 selected significant coefficients from PCR, LASSO, and 

LMI [based on 1000 realizations]. 

 

 

  Table 3 shows that in case (a) for both the data sets (n = 25 and n = 50), the 

fractional error in estimation of coefficients increases with the noise level for PCR and 

LMI but decreases for LASSO. On the other hand, the geometric mean G decreases with 

the noise level for all methods and all dataset sizes. PCR exhibits the slowest rate of 

decrease in G for increasing noise but it is more sensitive as compared to other methods 

to the number of inputs. Some more details are presented in the Supplementary Material 

Section 3.3, case (a). The main result from the case (b) is that the performance of the 

methods are similar when the ratio, r = m/n, is comparable. Supplementary Material 

Section 3.3, case (b) provides more details for this conclusion. 
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Table 3: Fractional error in estimation of parameters for datasets of different sizes [based 

on average of 50 runs]. 

Noise % 5% 10% 20% 40% 

m = 100, n = 25 (same as in Supplementary Material Table S3 

for white noise)     

PCR 0.15 0.16 0.21 0.26 

LASSO 0.48 0.46 0.44 0.44 

LMI 0.12 0.15 0.22 0.35 

m = 100, n = 50   

PCR 0.33 0.35 0.36 0.43 

LASSO 0.50 0.48 0.46 0.43 

LMI 0.16 0.23 0.39 0.71 

m = 400, n = 100   

PCR 0.17 0.18 0.21 0.27 

LASSO 0.48 0.47 0.44 0.43 

LMI 0.10 0.13 0.20 0.35 

 

 

2.3.3 Effect of missing data 

   Effect of the amount of training data used on the prediction accuracy (through 

RMSE), both for the experimentally measured data and the synthetic data has been 

studied in different scenarios. 

   For testing the effect of missing data, we re-analyzed experimentally measured 

and synthetic datasets. To this end, up to 60% of data, in increments of 5%, were 

assumed to be missing. The average computed validation RMSE confirms that larger 

amount of missing data leads to less accurate predictions. Detailed procedure and results 

are presented in Supplementary Material Sections 3.4.1 and 3.4.2.  
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In terms of computing time, with increasing data sizes, PCR scales very well (sub-linear 

time-complexity), LASSO scales nearly linearly (or sub-linearly) and LMI scales in a 

quadratic manner (Supplementary Material Section 3.5). 

 

2.4. Discussion 

  In this section we provide an overall summary of the results and discuss the 

important conclusions of our analyses. We discuss the results and analysis of the methods 

in using the experimentally measured and synthetic data with correlated inputs. 

2.4.1 Comparison of different methods on the experimentally measured data 

  We found that the different methods identified unique sets of common and 

distinct predictors for each output. As an example, consider the output IL-6 of the 

experimental data (PP/cytokine). Figure 5 illustrates a comparison of the common and 

distinct sets of predictors identified for IL-6 by these methods. In the Venn diagram of 

Figure 5, the sizes of the areas labeled by each method are proportional to the number of 

significant predictors detected by the corresponding method and the largest area 

represents all the 22 inputs. The names of the true inputs are known from literature and 

are listed in the diagram in the labeled areas [12]. Zone I contains the true inputs that are 

detected by all methods, zones II represents the predictors that are detected by different 

methods as being significant but are not true in reality (related to false positive), and 

zones III correspond to the true inputs that are detected by only a specific method. For 

IL-6, the true inputs are: cAMP, JNK lg and NFkB p65. Only the PCR method detects the 

true input cAMP. Therefore, the zone III for PCR contains cAMP. On the other hand all 
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the methods identified NFkB p65 as significant predictor which belongs to zone I. In 

summary, zone I provides validation and it highlights the common output of all the 

methods. Zone III highlights the unique outcomes from individual methods. In terms of 

comparing the different methods on the experimentally measured data set, PCR  had the 

best overall performance. 

  In Supplementary Material Section 3.6, a detailed comparison of different 

methods on the experimental data is also presented with respect to whether or not one of 

the ligands applied was lipopolysaccharide (LPS). LPS activates Toll-like receptors 

(TLR) resulting in very large response, and thus masking the effect of other ligands. 

  

 

Figure 5: Graphical illustration of methods PCR, LASSO, and LMI in detection of 

significant predictors for output IL-6 in PP/cytokine experimental dataset. 
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2.4.2 Comparison of the performance of methods on the synthetic non-collinear data 

  Figure 6 provides a summary of the performance of the methods on the synthetic 

data with respect to several criteria. The variation of RMSE and fractional estimation 

error (FEE) of the parameters versus noise level for different methods are shown in 

Figure 6 A and B (Supplementary Material Tables S2 and S3), respectively. Based on 

RMSE and FEE in estimating the parameters, LMI is the best method. PCR is the next 

better method. LASSO performs least well based on these criteria. The trend of FEE for 

the LASSO method is opposite to that for PCR and LMI. However, it can be noted that 

FEE values for the LASSO method are much larger than for PCR and LMI for all noise 

levels. Mathematical reasoning of either of these trends appears intractable.  

 

  Based on accuracy and sensitivity criteria, Figure 6 (C, D) (Tables 2 and 

Supplementary Material Table S4) (accuracy value for 20% noise) show that LMI 

provides maximum accuracy and sensitivity. LASSO is next better method in this aspect 

and PCR performs least well although it is not significantly poor.   
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Figure 6: Variation of RMSE (A) (Supplementary Material Table S2), fractional error in 

estimation of coefficients (FEE) (B) (Supplementary Material Table S3), accuracy (C) 

(Tables 2 and Supplementary Material Table S4), sensitivity (D) (Tables 2 and 

Supplementary Material S4) versus noise level.  

 

 

  In this work, we have tried to provide a broad comparison of the methods by 

using the following metrics– root-mean-squared error, fractional error in the estimated 

coefficients, sensitivity, specificity and related metrics. For example, although the LMI 

study [23] claims that LMI is a leading method based on true and negative occurrence in 

reconstruction of the networks, or the LASSO study [25] claims that it is a prominent tool 

in network reconstruction based on error in finding the coefficients, the metrics are not 

unique. Therefore, even if one method outperforms others based on a certain metric 

score, it might suffer from score based on another metric. Table 4 summarizes the 

performance of the methods with respect to different criteria such as ratio of the number 

of data points to the number of inputs (dimensional ratio), data size, noise level and type 
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of noise contaminating the data, and the amount of missing data. The normalized score of 

each method is described along with how the normalized score is computed to provide a 

semi-quantitative picture of how the different methods perform. The data reported in 

Table 4 is based on the analysis on the synthetic data. Some more details of comparison 

with respect to various metrics are presented in Supplementary Material Section 3.7. In 

summary, it can be concluded that LMI is the best method overall, and is closely 

followed by LASSO. The method of PCR is comparable to the method of LASSO with 

respect to several of the above criteria, although it performs poorly with respect to a few 

other criteria such as accuracy and fractional error in parameter estimation.  
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Table 4: Summary of the performance of different methods on non-collinear data 

according to different criteria. 

Methods / Criteria PCR LASSO LMI 

Increasing noise     

RMSE (Supplementary Material Table S2) 

Score=  

= (average RMSE across different noise levels for LS)/(average 

RMSE across different noise levels for the chosen method) 

  / 0.68 

degrades 

gradually with 

level of noise 

  / 0.56 
  / 

0.94 

Standard deviation and error in mean of Coefficients.  

(Supplementary Material Table S5):  

Score = 1 – average (fractional error in mean(10,12,20) + 

(std(10,12,20)/ |true associated coefficients|) )  

  / 0.53 
  / 

0.47 

  / 

0.55 

Acc./G (Table 2 and Supplementary Material Table S4) 

Score = average accuracy across different noise levels for 

chosen method (white noise) 

  / 0.70 
  / 

0.87 

  / 

0.91 

at high 

noise all 

similar 

Fractional Error (Table 3 and Supplementary Material Table S3) 

Score = 1- average fractional error in estimating the coefficients 

across different noise levels for chosen method (white noise) 

 / 0.81   / .55 
  / 

0.78 

Types of noise     

Fractional Error  (Supplementary Material Table S3) 

Score = 1- average fractional error in estimating the coefficients 

across different noise levels and different noise types (20% 

noise level) 

   / 0.80   / 0.56 
  / 

0.79 

Accuracy and G (Table 2 and Supplementary Material Table S4) 

Score = average accuracy across different noise levels  and 

different noise types  

  / 0.71 
  / 

0.87 

  / 

0.91 

Dimension ratio / Size     

Fractional Error (Table 3)  

Score =  1- average fractional error in estimating the coefficients 

across different noise levels and different ratios (m/n = 100/25, 

100/50, 400/100) 

  / 0.77 
  / 0.53 

 

  / 

0.75 

Accuracy and G (Tables 2 and Supplementary Material Tables 

S4,S6 and S7) 

Score = average accuracy across different white noise levels and 

different ratios (m/n = 100/25, 100/50, 400/100) 

  /  0.66 
  / 

0.83 

  / 

0.90 

Missing data     

Overall (Supplementary Material Table S9)  

Let A= Max RMSE of all methods across all level of missing 

data. 

Score =  = (A - (max RMSE + fractional max deviation in 

RMSE + fractional std deviation in RMSE)/3)/A 

  / 0.68 
  / 

0.67 

  / 

0.71 
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2.4.3 Comparison with respect to amount of collinearity in the input dataset 

  In biological datasets inputs are not necessarily independent of each other. For 

example, in the PP/Cytokine data, ERK1 and ERK2 are highly correlated. To compare 

the performance of the methods in presence of collinearity a synthetic dataset with the 

same size and same levels of noise as used in Section 2.3.2.1 (m = 100, n = 25) has been 

used such that 10%-30% of the columns are linear combinations of the remaining 

independent columns. Figure 7 illustrates the outcome of applying the different methods 

on noisy datasets with different fractions of dependence among the input columns (see 

also Supplementary Material Tables S12-S16). The surface-plots shown in Figure 7 A 

and C suggest that the rate of increase of FEE for increase in the noise level is smallest 

for PCR and largest for LMI; Figures 7 A-C also show similar trend for FEE with 

increasing level of collinearity. As shown in Figure 7 (D-I), the accuracy and G metrics 

show similar trend in that they deteriorate with increasing fraction of collinearity in the 

datasets for all the methods studied. Further, Figure 7 D-I, suggest that accuracy and G 

metrics deteriorate (decrease) with increasing noise level for LASSO and LMI; however, 

they increase for PCR with increasing noise (especially when the fraction of collinearity 

is considerably high (20%-30%)) which is counter-intuitive.  



31 

 

 

 

 

Figure 7:  Fractional error in estimating the coefficients (Panels A, B, C), accuracy 

(Panels D, E, F), and geometric mean of sensitivity and specificity (Panels G, H, I) of 

each method versus level of noise and percentage of co-linearity in input data 

  

  Analysis of the number of true positives (TP) and negatives (TN) (Supplementary 

Material Table S17) offers help to resolve this anomaly. For PCR, the number of TP 

decreases with increasing noise as expected. At the same time, the number of TN 

increases. LMI and PCR exhibit largest and smallest decrease, respectively, in accuracy 

and G value with increase in collinearity across different noise levels. Hence, PCR is the 

most robust method in dealing in collinear input data with respect to the accuracy and G 

metrics. It is no surprise that PCR deals with collinear data much more effectively than 
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LMI and LASSO, especially when compared to their ability with data with independent 

input columns. 

 

 

Table 5: Summary of the performance of different methods on collinear data according 

to different criteria. 

Methods / Criteria PCR LASSO LMI 

Accuracy and  G (Tables S14 and S15) 

 Score = average accuracy across different levels of collinearity for 

40% noise level for chosen method (white noise)  

  / 

0.71 

  / 

0.65 

  / 

0.63 

at low 

noise all 

similar 

Fractional Error for the 40% white noise case (Table S13) 

Since fractional error is more than one for LASSO and LMI, the score 

(= 1- fractional error) would be negative, and hence it is not reported. 

 

 / 

0.43 
  / 1.72   / 2.30 

 

 

 

2.5. Chapter Conclusions 

Four methods for reconstruction of networks (LS, PCR, LASSO, and LMI) 

described in this work have been applied to two different types of datasets: an 

experimental dataset and a synthetically constructed dataset. First data-set comprised of 

experimental data on phosphoproteins/cytokines and the second set contained different 

artificially synthesized datasets.  

The least-squares method is seen to perform the best in terms of goodness of fit, 

but the other three methods are better in capturing most of the true inputs/predictors for 
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the outputs. Various case studies were designed on the artificially synthesized data-sets to 

evaluate the performance of the methods for increasing level of noise, noise type, 

dimension ratio (size of dataset), missing data (availability of data for building the 

models), and amount of collinearity in input dataset. LMI performed better than other 

methods for the synthetic data with increasing levels of noise. In regards to the robustness 

of the methods for different types of the noises, method of LMI exhibited the best 

performance for reconstruction of the network. LASSO and PCR followed LMI with 

respect to least fractional error in estimation of coefficients and detection of true 

predictors, respectively. Based on the dimensional ratio and size of the dataset, PCR and 

LMI were shown to be the most robust methods in terms of fractional error in estimating 

the coefficients and LMI and LASSO in terms of accuracy in detection of true predictors. 

The investigation of the missing data case demonstrates that the LASSO technique is the 

most robust method for both the experimentally measured data and synthetic data and 

LMI results in the lowest prediction error (RMSE) with low/medium percentage of 

missing data and for medium level of noise. Not surprising is the fact that LS and PCR 

are the fastest and LMI is the slowest in computational performance. The result of 

comparisons on datasets with different amount of collinearity in input dataset showed that 

PCR performs better than other methods overall. This can be owed, at least in part, to the 

fact that PCR can inherently handle the correlation among the inputs.  

There are several unanswered questions such as why LASSO performed poorly 

on synthetic data with increasingly more missing data. Nevertheless, the results presented 

for the three noise types suggest that all three methods perform similarly overall to a 



34 

 

 

 

large degree. It is imperative that the user needs to use more than one method and 

evaluate their pros and cons on the dataset of interest before deciding method of choice.  
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Chapter 3 

 
Doubly Penalized LASSO for Reconstruction of Biological 

Networks 

 

Chapter Abstract: Reconstruction of biological and biochemical networks is a crucial 

step in extracting information from large biological datasets. This task is particularly 

challenging when the data in question are dynamic. We develop a new method, called 

Doubly Penalized Linear Absolute Shrinkage and Selection Operator (DPLASSO), for 

reconstruction of dynamic biological networks. Our method consists of two components, 

statistical significance testing of model coefficients and penalized/constrained 

optimization. A partial least squares with statistical significance testing acts as a 

supervisory-level filter to extract the most informative components of the network from a 

dataset (Layer 1). Then, LASSO with extra weights on the smaller parameters identified 

in the first layer is employed to retain the main predictors and to set the smallest 

coefficients to zero (Layer 2). We use two case studies to compare the relative 

performance of DPLASSO and LASSO in terms of several metrics, such as sensitivity, 

specificity, accuracy and fractional-error in the estimates of the coefficients. The first 

case study employs a synthetic data set; it demonstrates that DPLASSO substantially 

improves the network’s reconstruction in terms of accuracy and specificity. The second 

case study relies on experimental datasets for cell division cycle of fission yeast. It 

illustrates that DPLASSO outperforms LASSO in terms of sensitivity, specificity and 

accuracy.  
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3.1. Introduction 

In this chapter, we present a new method, called Doubly Penalized Linear 

Absolute Shrinkage and Selection Operator (DPLASSO), to reconstruct dynamic 

biological networks. Our approach integrates statistical significance testing and 

constrained/penalized-optimization. This method employs partial least squares and 

statistical significance testing as a supervisory-level filter to extract the most informative 

connections of the network from a dataset. The lower-level reconstruction layer consists 

of LASSO with extra weights assigned to small parameters. These weights are 

determined via partial least squares in the first-layer filter to retain the significant inputs 

and set the remaining small coefficients to zero. Comparison criteria are the robustness in 

identifying a “true” network and the accuracy of estimated model coefficients with 

moderate amount of noise in the data. 

In Section II, we describe DPLASSO for network reconstruction and introduce 

metrics that are used to compare the relative performance of LASSO and DPLASSO 

methods. In section III, DPLASSO is used to reconstruct a synthetic network and 

evaluate the network’s performance relative to the network reconstructed with LASSO. 

In section IV, we use DPLASSO to reconstruct a biological network from a dataset 

obtained by simulating its model. Section V contains a discussion of the salient features 

of DPLASSO. Section VI concludes the manuscript with directions for future work.  

 



37 

 

 

 

3.2. Methodology 

DPLASSO takes advantage of both variance-based and optimization-based points 

of view to reconstruct networks from data. DPLASSO includes two parameter-selection 

layers. Layer 1 is a supervisory layer, in which the method of Partial Least Squares (PLS) 

is used to build a linear model while accounting for correlations among the inputs. Layer 

2 adaptively applies LASSO with extra weights on the less informative model parameters 

derived via PLS in Layer 1 to retain the significant predictors and to set the remaining 

small coefficients to zero. Both PLS and LASSO are briefly introduced bellow, followed 

by a detailed description of DPLASSO. 

3.2.1. Partial Least Squares 

The PLS method consists of a principal component analysis and a multiple linear 

regression of correlated predictor variables. The objective of PLS is to find combinations 

of the predictors that have a large covariance with the response values. The method 

projects the input and output of a linear model onto a space where multidimensional 

direction in the input space accounts for the maximum variance in multidimensional 

direction in the output space. The PLS algorithm is as follows. 

Let X (m n) denote the input data that consist of n inputs sampled at m points, 

and Y (m p) denote the output data (p outputs) of a linear model. The goal of PLS 

method is to find a linear decomposition of X and Y, such that X = TP
T 

+ E and Y = UQ
T 

+ F, where T (m r) and U (m r) are input scores and output scores, respectively; P (n

r) and Q (p r) are input loadings and output loadings, respectively; and E (m n) and F 
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(m p) are residual matrices. This decomposition is made with the objective of 

maximizing the covariance between T and U [48]. Several iterative algorithms such as 

PLS1 and SIMPLS [49] have been designed to compute the scores and loadings matrices. 

For the sake of simplicity, we perform the analysis for each output independently (p = 1). 

3.2.2. LASSO 

Least Absolute Shrinkage and Selection Operator (LASSO) represents the 

network reconstruction problem as a constrained optimization problem 





ni

LS

ij

ni

ijjj

T

jjj bqbe
,...,1,...,1

2 ˆˆsubject to )}()(argmin{ˆ XbyXbyb  (1) 

where vector jy  represents output j, matrix X  represents the input data (Section II.A), 

and e represents the fit error. The parameter q ( 10  q ) controls the amount of 

“shrinkage” in the estimation of ˆ
jb (linear model parameters for output j). The constraint 

in (1) shrinks the absolute values of the parameters. For certain values of q obtained from 

a least squares solution (
LS

ijb̂ ), the algorithm shrinks the parameters such that some of 

them become exactly zero, thus identifying a parsimonious model. The constrained 

optimization problem (1) is solved by employing a quadratic programming approach 

(e.g., an interior-point method used in this paper) [25]. 
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Figure 8: Flowchart of the DPLASSO approach. Starting with a full linear model 

(represented by a complete graph in panel A), the algorithm reduces the network size in 

two sequential steps: linear regression (e.g., PLS) with statistical significance testing 

(panel B) and LASSO (panel C). The reconstructed network is shown in panel D. 

 

 

3.2.3. DPLASSO 

As mentioned earlier, DPLASSO takes advantage of both PLS (linear regression) 

with statistical significance testing and LASSO. The DPLASSO procedure is 

schematically shown in Figure 8 and is described below: 

 Layer 1 (Figure 8B): The PLS method is implemented on a dataset with a linear 

model given by (for one output at a time, e.g., j
th

 output) 
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εbXy  jj
ˆ             (2) 

The number of latent variables in PLS can be determined by either cross-validation or 

specifying the fraction of the cumulative variance (FCV) captured (say, 0.8 < FCVk < 

0.95). To test whether an element of the parameter vector b̂  is statistically different from 

zero, a two-tailed t-test is performed on the PLS regression coefficients. First, the 

standard deviation of the model parameters, b , is obtained by computing the covariance 

matrix of model parameters b̂ [28] 

T

bb
b
























yy

ˆˆ
ˆ)ˆ(v̂co 2           (3) 

We used PLSDOF package in R [50] to compute b . Second, for the i
th

 input and the j
th

 

output with k latent vectors, the ratio ij,kkijkij br ,,, / b  and its average ijr  over k such that 

0.8 < FCVk < 0.95 are computed. Third, a significance coefficient ijs  is assigned to the 

i
th

 input with respect to the j
th 

output as follows. (Since all the calculations are performed 

for one output at the time, we suppress superscript j for the sake of simplicity.) 

- We define a significance index h  as ),2/1(tinv vrii   , where PLSDOFv   

[28] and  = 1- c is selected to achieve a confidence level c = 0.8 (80%). 

- An appropriate mapping function, referred to as a scoring function s or 

significance score, is used to transform   into a score. The range of the score is 

[0, 1]. A good candidate function for this purpose is a logistic mapping function 
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s(hi ) =
1

1+ e
(-ghi )

         (4) 

Since 0i , this function ensures that values of the significance score for the 

PLS-significant coefficients fall in the range between 0.5 and 1 (Figure 9, 

continuous curve). The width of the transition between 0 and 1 is controlled by 

the parameter   (we set  = 1).  

 

Figure 9: Variation of scoring and weighting functions with respect to significance index 

variable  . The plot shows that smaller weights are assigned to more significant 

coefficients. 

 

 Layer 2 (Figure 8C): For the chosen output, the significant coefficients identified 

by Layer 1 are used to modify the uniform weights in the LASSO module. LASSO is 

reformulated as 





ni

LS

ii

ni

ii

T bwqbwe
,...,1,...,1

2 ˆˆ subject to )}()(argmin{ˆ XbyXbyb (5)  
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where iw  is the weight for the i
th

 input. It is computed from the significance score )( is   

as 

)()(1 iii ssw             (6) 

For significant coefficients, hi > 0  which implies that 0.5 < s(hi ) <1
 and 

0 <wi < 0.5. For insignificant coefficients, hi < 0  so that 0 < s(hi ) < 0.5  and 

0.5 <wi <1. The tuning parameter t (to be determined by cross-validation on prediction 

RMSE) plays the same role as in constrained optimization problem (1). Next, the 

modified LASSO is used to set the small parameters of the model to zero while retaining 

the significant predictors. The final model is composed of the inputs that are retained 

(i.e., are non-zero) at Layer 2 (Figure 8D).  

3.2.4. Performance Metrics 

We use two metrics to evaluate the performance of DPLASSO. Each metric 

assesses different aspects of the reconstruction performance. 

 The first metric is an aggregate of several measures of model evaluation (i.e., 

accuracy, sensitivity, and specificity) that rely on the definition of positive and negative 

occurrences in the reconstructed network (with respect to one output at the time). These 

are defined as 

Accuracy =  
TN + TP

TN + TP + FN + FP
,     Sensitivity =  

TP

TP + FN

Specificity =  
TN

TN + FP
,      Lift =  

TP

TP + FN
 

n

TP + FP

     (6) 
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where TP, TN, FP and FN denote the number of true positives, true negatives, false 

positives, and false negatives, respectively. 

 The second metric is root-mean-squared error (RMSE) of prediction. RMSE is 

computed as 

RMSE =
1

m
(yi - yi,p )

2

i=1

m

å          (7) 

where yi and yi,p denote the actual value (experimental data) and the predicted value of the 

i
th

 measurement of the chosen output variable. 

 

3.3. Case Study I: Synthetic data 

We apply DPLASSO to analyze data for a synthetic linear system. The relative 

performance of DPLASSO is evaluated with respect to the metrics defined in (6) and (7). 

3.3.1. Generation of Synthetic Data 

We generate a well-sampled (in the sense of Nyquist-Shannon) synthetic dataset 

for a linear stable dynamic system 

 eAx
x


dt

d
          (9) 

The state vector x consist of n = 9 state variables, A is the system/coefficient matrix, e is 

Gaussian noise vector with zero mean and equal standard deviation (0.01) for all state 

variables.  
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The system matric A is generated as follows.  

1. An n x n random matrix A
temp

 is generated. 

2. A pre-defined percentage of the coefficients (elements in system matrix A
temp

) are 

set to zero from off-diagonal elements of matrix A
temp

 to represent negatives in 

the synthesized network.   

3. The largest negative eigenvalue   of A
temp

 is varied to generate stable systems A 

with different time-scales.  For instance, to move the location of the largest pole 

of an input-free system to zero, one may set nn
temp c  IAA  where c is the 

largest eigenvalue of the original system A
temp

 and I is the identity matrix.   

Since the synthetic dataset represents an input-free dynamic system, a set of initial 

conditions for the system states is required. For the system to be stable around the origin 

(x
ss

 = 0),  the initial state x(t=0) is chosen to be inside a small region around origin. Initial 

conditions are chosen from a Gaussian distribution excluding 0, e.g., N(0,20) – {0}, to 

prevent the presence of stationary states. 

For network reconstruction, given the time series data x(t), we discretize (9) as  

ik
t

xx

k

kk

tj

tjtj
,...,3,2,1        ,|

||

1

1 






 eAx       (10) 

where i is last time index used. Since the matrix A does not change with time, we 

transpose (10) and then stack the resulting rows on both sides to form yj and X in (2). Δt 

is equal to Nyquist sample time, 1/(2). 

In order to make our synthetic networks representative of experimental datasets, 

we consider several factors, such as noise variance, granularity and sparse network 
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topology. Synthetic datasets, which are generated with a linear stable model whose 

parameters are known (true unknowns), facilitate the assessment of the overall accuracy 

of DPLASSO. A portion (about a third) of true parameters of the synthetic system is set 

to 0 to test the ability of the method to identify them as insignificant. In all of the Monte-

Carlo simulations involving  , we use the following procedure to generate synthetic 

datasets and evaluate the performance of methods: 

 

for ...,3,2,1, i
i
  

 for ...,3,2,1, j
j

  

for k = 1,2, …, 10 (Monte-Carlo runs) 

[y, X]  generate dataset 

Apply the chosen method on [y, X] to reconstruct the network. 

Evaluate the metrics. 

end 

Compute the average of the performance metrics of 10 Monte-Carlo runs. 

end 

end 
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3.3.2. Simulation Results 

Estimation of the LASSO parameter q: An optimal value of the DPLASSO parameters 

is identified by a grid search with respect to the confidence level c in significance testing 

and the LASSO parameter q (cross validation). This procedure yields 0.8 < FCV < 0.95, 

confidence level of 0.8 in the PLS (Layer 1), and the LASSO tuning parameter q = 0.8 

(Layer 2). Synthetic datasets were also generated from a zero-input response of a stable 

linear system with 9 states variables (non-zero initial states) and 100 time points (with 

fixed sampling time of 0.1 s and settling time range of 8 s < ts < 15 s). The noise level in 

Eqn. (9) was set to 0.1 (~10% on an average over a time-span from t = 0 till 3/min 

(approximate settling time)). Network reconstruction with LASSO was used as the 

baseline against which the performance of both DPLASSO and PLS with significance 

testing were compared. 

The shrinkage parameter q was estimated using 10-fold cross-validation as 

follows. The magnitude of q is increased from 0 to 1 in steps. For each value of q, the 10-

fold cross-validation error is computed. In each fold, 90% of the data is used for training 

and 10% of the data is used for prediction. This procedure is repeated 10-times to cover 

all the data points. The mean of the RMSE for the 10-folds and the variability (standard-

error of mean) across the 10-folds are shown in Figure 10. Next, the minimum error is 

recorded and the optimal value of q is chosen so that the corresponding prediction RMSE 

is no more than the minimum error plus the standard error of the mean. In Figure 10, the 

optimal q value is between 0.2 and 0.3, which is close to the actual fractional 

connectivity/density of the network, 20%. 
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Figure 10: Root-Mean-Squared-Error in validation versus shrinkage parameter q for a 

network with 20% connection density and node size 9 (for 10-fold cross-validation) 

RMSE was normalized by the standard deviation of the noise (0.1). Plot shows that when 
  is between 0.2 and 0.3, the RMSE is within the standard deviation of the minimum 

RMSE. 

 

Performance comparison with respect to network density: As the size of a biological 

network increases, its density (fractional connectivity) generally decreases [51]. We 

compare the performance of DPLASSO against that of both linear regression with 

significance testing (labeled as PLS) and LASSO for networks with different densities. 

The comparison is carried out in terms of accuracy, sensitivity, and specificity. Figures 

11-13 demonstrate that DPLASSO provides a good compromise between LASSO and 

PLS for different network densities. In Figure 11 the accuracy of the three methods is 

plotted as a function of the time-scale parameter   and the DPLASSO parameter  . 

Since LASSO and PLS do not involve the parameter  , the variation along  axis is 

solely due to a small number of Monte Carlo runs (10). Figure 11 reveals that the 
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accuracy of DPLASSO is between those of PLS (best) and LASSO (worst), but closer to 

that of PLS. This behavior is consistent across network densities ranging between 5% and 

50%. The performance of both DPLASSO and PLS is more stable than that of LASSO as 

the network density is increased. For example, the accuracy of LASSO increases from 

about 0.2 to about 0.5 when the network density is increased from 0.2 to 0.5, whereas the 

accuracy of PLS and DPLASSO stays in the range of 0.4-0.6. This shows that DPLASSO 

retains the robustness feature of the PLS approach (regression with significance testing). 

 

Figure 11: Accuracy of DPLASSO, LASSO and PLS for different network densities. The 

quantities plotted are the averages over 10 Monte-Carlo runs. In each run, the network 

has 20 nodes and 5% noise is considered in the state-space model of Eqn. (9). 
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Figure 12: Sensitivity of DPLASSO, LASSO and PLS methods for different network 

densities. The quantities plotted are the averages over 10 Monte-Carlo runs. In each run, 

the network has 20 nodes and 5% noise is considered in the state-space model of Eqn. 

(9). 

 

Figure 12 shows the sensitivity of the three methods as a function of  and  . 

The performance of DPLASSO is again a compromise between that of PLS (worst) and 

LASSO (best). As the network density (fractional connectivity) increases from 5% to 

50%, the sensitivity of DPLASSO becomes more similar to that for PLS, especially at 

lower values of  . This means that at low density (representative of biological networks) 

DPLASSO retains the high sensitivity of LASSO.  DPLASSO’s sensitivity degrades 

slowly as network density increases. Finally, LASSO provides the best sensitivity for 

both low and high network densities and is stable around 0.8.  
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Figure 13: Specificity of DPLASSO, LASSO and PLS methods for different network 

densities. The quantities plotted are the averages over 10 Monte-Carlo runs. In each run, 

the network has 20 nodes and 5% noise is considered in the state-space model of Eqn. 

(9). 

 

Figure 13 exhibits the specificity of the three methods as a function of  and  . 

Similar to the sensitivity and accuracy, the specificity of DPLASSO falls between that of 

LASSO (the worst specificity) and PLS (the best specificity). The specificity of LASSO 

is especially poor for large  (faster systems) and for low-density (5-10%) networks. 

The specificity of DPLASSO is closer to that of PLS at various network densities. 
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Table 6: Performance of the three methods on synthetic data. Results are based on 

average of 10 runs of networks with size 20, and represent average values over 

]5.1,0[  and ]0,4[ . 

Method 

Metric 

Accuracy Sensitivity Specificity Lift SD RMSE/Mean 

DPLASSO 0.56 0.73 0.52 6.12 0.08 

LASSO 0.31 0.92 0.16 7.53 0.14 

PLS 0.60 0.67 0.63 6.05 0.09 

 

Finally, we compare the predictive capability of DPLASSO, LASSO, and PLS in 

terms of their prediction RMSE. Table 6 lists RMSEs for DPLASSO ,LASSO, and PLS 

along with the ratio std(RMSE) / mean(RMSE). The latter serves as a measure of the 

RMSE robustness. All the data reported in Table 6 represent averages over 10 

independent (Monte-Carlo) realizations, each of which is generated with a new 

coefficient matrix A but the same fraction of the non-zero coefficients (66%). Table 6 

shows that DPLASSO provides the best performance among the three methods in terms 

of RMSE and accuracy, but is suboptimal in terms of the other metrics considered. 

Overall, DPLASSO outperforms both LASSO and PLS if all four performance metrics 

are important.  

3.4. Case Study II: Dynamic biological network 

The results presented above demonstrate the ability of DPLASSO to reconstruct 

dynamic networks with a linear input-to-output mapping. In this section, we use 

DPLASSO to reconstruct a real biological network from data generated from a well-
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studied nonlinear model of a cell division cycle of fission yeast [39]. This model enables 

us to run virtual experiments and to evaluate the performance of different methods in a 

realistic nonlinear setting. We generated the dataset by numerically integrating the system 

of 9 differential and 7 algebraic equations given in [39]. The noise-free system of 

differential equations is solved for the time span of 130 s, with the fixed sampling time of 

1 s.  

The results of implementing DPLASSO are highly sensitive to the time span 

(phase of the cell cyle) on which a model is run [52]. Accordingly, we chose a slice of the 

temporal response of the system corresponding to S/G2 phases of the cell division cycle 

(20 s < t < 120 s) wherein most of the states are excited. The structure of the dynamical 

system for network reconstruction is identical to Eqn. (9). These equations were solved 

subject to initial conditions [0.59, 0.02, 0.59, 2.12, 2.12, 0.92, 0.04, 0.53, 1]
T
. The 

parameters of DPLASSO were set to achieve 0.8 significance level in the PLS layer, and 

the amount of shrinkage in the LASSO layer was chosen to be 0.8 (by cross-validation). 

The true and false connections identified by DPLASSO are listed in Table 7. We 

correctly identify several important connections such as M  M and M  Cdc13. Our 

method was not able to identify the connection Cdc13  Cdc13 which a linear matrix 

inequality (LMI)-based method was able to identify [52].  

The performance of DPLASSO, LASSO and PLS are reported in Table 8 in terms 

of accuracy, sensitivity, specificity, lift and normalized variation in RMSE. The model’s 

nonlinearity, as opposed to the linear model given by Eqns. (2) or (9), precludes the 

possibility of direct comparison of fractional error in estimating the model coefficients. 
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Table 8 demonstrates that the performance of DPLASSO is qualitatively similar to that 

observed for the synthetic dataset (Case Study I). DPLASSO is 17% more efficient and 

33% more accurate than LASSO, has the same SD RMSE / Mean of RMSE ratio as PLS 

but lower (by 12%) accuracy. DPLASSO has about the same sensitivity as LASSO but 

outperforms PLS by 12%. Finally, DPLASSO shows considerably better specificity than 

either LASSO or PLS. The low specificity in the reconstruction of networks by LASSO 

and DPLASSO arises due to low number of missing connections in the network. 

 

Table 7: Connections in the cell division network reconstructed with DPLASSO. True 

positives are denoted by TP, and false positives by FP. 

To/From Cdc13_T preMPF Ste9 Slp1_T Slp1 IEP Rum1_T SK M 

Cdc13_T 

     

FP FP 

 

TP 

preMPF TP TP 

 

FP 

 

FP FP FP FP 

Ste9 TP 

 

TP 

      Slp1_T TP TP 

 

TP 

 

FP TP FP 

 Slp1 FP FP FP 

 

TP TP FP FP FP 

IEP TP TP FP 

 

FP TP TP FP 

 Rum1_T TP TP FP 

  

FP FP TP 

 SK TP TP FP FP FP 

  

TP 

 M FP FP FP 

 

FP FP FP FP TP 
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Table 8: Performance of the three network reconstruction methods for cell division cycle 

averaged over  . 

Method 

Metric 

Accuracy Sensitivity Specificity Lift SD RMSE/Mean RMSE 

DPLASSO 0.52 0.90 0.34 2.20 0.07 

LASSO 0.39 0.90 0.05 2.30 0.06 

PLS 0.59 0.80 0.20 2.10 0.07 

 

Figure 14 provides a graphical representation of the yeast cell division cycle 

network reconstructed with DPLASSO, LASSO and PLS. The true network, inferred 

from the structure of the model equations is shown in Figure 14(a). DPLASSO identified 

most of the true connections, with a relatively small number of false connections (e.g., 

nonexistent connection from Cdc13_T to Rum1_T). However, DPLASSO also missed 

some true connections, e.g., the stimulation of Slp1 by preMPF. LASSO and PLS 

identified most of the true connections, but both have a relatively large number of false 

positives.  
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Figure 14: The true network (a) and its reconstructions with DPLASSO (b), LASSO (c) 

and PLS (d). 

 

3.5. Discussion 

DPLASSO provides an attractive compromise between LASSO and PLS if all the 

commonly used performance metrics are equally important. Below, we analyze the three 

methods further in order to identify a method most suited to a particular goal and to 

improve the performance of DPLASSO. 
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Selection of a methodology based on the desired goals of reconstruction: Table 6 

suggests that the selection of an efficient network reconstruction method depends on the 

desired outcome (e.g., better sensitivity or better specificity) and the properties of the 

network. Sensitivity represents a method’s ability to detect true positives in the network, 

and specificity provides an indicator of a method’s ability to identify true negatives 

(absence of connections). Table 6 suggests that LASSO is more effective in finding the 

true positives (has high sensitivity), while PLS is more reliable in identification of true 

negatives (has high specificity). DPLASSO provides a compromise between these two 

methods, which is attractive either in the absence of sufficient information about the 

network density or when both criteria (sensitivity and specificity) are equally important. 

DPLASSO also ensures robust prediction of the behavior of the system.  

 

Adjustment of   based on Receiver Operating Characteristic (ROC) curve: 

Performance of any network reconstruction method depends on a system’s dynamics 

(e.g., on the location of a dominant pole in a linear system). We generated ROC curves, 

which are a graphical illustration of performance of a classifier (in this case identification 

of existence of a link in a network) with respect to variation of an algorithmic parameter 

(in this case  ).  

The ROC curves for the three methods are shown in Figure 15.The upper panel 

represents the ROC curves generated by varying   (averaged over several values of  ). 

A smaller marker-size indicates a faster system (larger absolute value of  ). The 

performance of LASSO is worst overall, whereas the performance of DPLASSO and PLS 
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is comparable. As   increases (the system becomes faster), the specificity of PLS 

increases substantially more than its sensitivity decreases. A comparable increase in   

reduces the specificity of DPLASSO at a slower rate than it gains in sensitivity. LASSO 

is relatively insensitive to changes in  . 

 

Figure 15: Performance of DPLASSO, LASSO and PLS on ROC curve (for network 

density of 20% positives and size 50 with 10 Monte Carlo runs).  

 

The right panel of Figure 15 exhibits the ROC curve for varying   (averaged 

over several values of  ). The left panel shows comparison of DPLASSO with LASSO 

and PLS for different ]0,2[ . The results are average over several values of the 

parameter in the range [0, 2]. The right panel shows the effect of change in value of   on 

performance of the three methods (averaged over several   in the range [-2, 0]). In both 

panels, the network size is 50 and network density is 20%, and 10 Monte Carlo runs are 

used. A smaller marker-size indicates a faster system (smaller time-constant or larger 

absolute value of  ).Changes in   do not affect the ROC curves for PLS and LASSO, 
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which is to be expected since the parameter   is not used in these two methods. As   

increases, the specificity of DPLASSO decreases, while its sensitivity increases. These 

results imply that if one can identify the fastest time scale of the system (e.g., by using 

time series analysis), the parameter   can be tuned to achieve a better performance. In 

other words, if a system’s dynamics is identifiable, one can identify a value of   that 

enables DPLASSO to outperform PLS and LASSO in terms of sensitivity and specificity, 

without degrading other metrics significantly.  

 

Role of the network structure in a method selection: The specificity of DPLASSO and 

LASSO is lower than that of PLS for both the synthetic (Table 6) and experimental 

(Table 8) datasets. This behavior is due to topological properties of the networks and the 

reconstruction objective function. Specifically, we optimized the shrinkage factor q by 

minimizing cross validation RMSE in order to achieve high accuracy. These parameters 

(including significance level, shrinkage factor, and level of variance captured in addition 

to parameters   and  ) can be adjusted to achieve higher scores in terms of another 

metric, such as sensitivity, specificity, and RMSE. Selection of the desired metric to be 

optimized can vary depending upon the structure of the network. In practice, to 

reconstruct sparse networks, it is advised to optimize the sensitivity metric whereas for 

networks with moderate density, accuracy is relatively more important. For example, in 

cell cycle, the number of true connections is 22 against 45 (9x10/2) possible connections. 

This makes it a moderately dense network. Hence, accuracy could serve as an appropriate 

measure to evaluate the reconstruction performance. In other words, since sensitivity and 
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accuracy are more important for networks with low and moderate density, respectively, 

DPLASSO is suitable for them despite its low specificity. For high density networks, 

PLS is likely to be a better approach due to its higher specificity.  

 

3.6. Chapter Conclusions 

We developed a new method, Doubly Penalized Linear Absolute Shrinkage and 

Selection Operator (DPLASSO), to reconstruct dynamic biological networks. The 

essential idea was to integrate statistical significance testing and L1-penalty/optimization 

approaches to achieve good performance with respect to several metrics simultaneously. 

DPLASSO uses two layers of analysis. Layer 1 employs linear-regression (PLS in this 

case) with statistical significance testing as a supervisory-level filter to extract from a 

dataset the statistically significant components of a network. Layer 2 utilizes LASSO 

with extra weights on the smaller parameters obtained in Layer 1 to retain the main 

predictors and set the remaining small coefficients to zero. Layers 1 and 2 are connected 

via a logistic function with a tuning parameter γ. We applied this approach to two case 

studies. In the first case study, a set of linear synthetic networks was created to evaluate 

the relative performance of DPLASSO, PLS with statistical significance testing, and 

LASSO. Our simulation results show that DPLASSO provides good compromise 

between LASSO and PLS for different network densities and sizes. In the second study, 

we applied DPLASSO to simulated experimental datasets for cell division cycle of 

fission yeast. The results of evaluation of the performance of DPLASSO qualitatively 

confirms the findings for the synthetic system. The analysis on ROC curve showed the 
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performance of DPLASSO can be improved as compared to that for PLS and LASSO by 

tuning the parameters γ and q.  

From the results, we conclude that combining PLS (regression) with statistical 

significance testing and LASSO (optimization with L1-penalty) provides good 

performance with respect to several metrics. We also conclude that DPLASSO is well 

suited for reconstruction of networks with low and moderate density. For high density 

networks, high specificity (high true negatives and low false positives) is desired, making 

PLS a more suitable approach.   
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Chapter 4 

 
Data-Driven Reconstruction of Biological Networks Using A 

Nonlinear Model Formulation 

 

Chapter Abstract: Reconstruction of biological networks is of great interest for learning 

from large volume of experimental data and facilitating interpretation in biology. There 

are several methods developed for data-driven reconstruction of biological networks. 

However, to the best of our knowledge, only a limited number of algorithms have been 

designed for systematic network reconstruction to account for the nonlinearity of 

biological systems. Here, we have introduced a novel method to reconstruct nonlinear 

biological networks. In this method, we use a quadratic nonlinear model as the 

representation of second-order Taylor series expansion of a nonlinear system around an 

arbitrary point of interest. We apply LASSO to shrink some of the small coefficients to 

zero. A statistical significance testing (t-test) completes the parameter (network link) 

selection. Simulation results show considerable improvements in predicting the response 

of the system and fair improvement in accuracy and sensitivity of the network identified. 

We have used both synthetic and real biological systems to test our methodology. In the 

case of real system, we have applied this algorithm to bacterial chemotaxis for which the 

proposed nonlinear formulation achieves a better performance than a linear model-based 

formulation of the model.  
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4.1. Introduction 

In this chapter, we introduce a novel method to reconstruct nonlinear biological 

networks. We use a quadratic nonlinear model (representation of second-order Taylor 

series expansion of a nonlinear system) for networks with second order type of 

nonlinearity. As the supervisory level filter we apply LASSO to shrink the small 

coefficients to zero. Following LASSO, we use statistical significance testing (t-test) to 

complete the feature (network link) selection.  

In Section 4.2, we describe our method for reconstructing the network and 

introduce metrics that are used to evaluate the performance of our approach compared to 

which a pure linear model is used. In section 4.3, our method based on nonlinear model is 

used to reconstruct a synthetic network and evaluate the network’s performance relative 

to the network reconstructed by standard LASSO. In section 4.4, we use our method to 

reconstruct a biological network from a dataset obtained by simulating its model. Section 

4.5 contains a discussion of the salient features of our method. Section 4.6 concludes the 

chapter.  

 

4.2. Methodology 

Our approach takes advantage of both statistical hypothesis testing and 

optimization to reconstruct networks from data. The novelty of this method also 

corresponds to the nonlinear model it uses to reconstruct the network. Given the 

nonlinear model assigned to represent a network, this approach includes two parameter-

selection steps. In step 1 we apply LASSO to determine the value of significant 
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coefficients belonging to the model and to set the remaining small coefficients to zero. In 

step 2 we apply statistical hypothesis testing to retain the significant coefficients. Figure 

16, illustrates the schematic view of our algorithm. Both LASSO and statistical 

hypothesis testing are briefly explained bellow, followed by introducing the metrics we 

use to evaluate the performance of our method and compare to standard LASSO. 

 

4.2.1. Model 

The model used in this chapter is built based on quadratic nonlinearities. 

However, in order to use the model within LASSO framework we describe the model 

with a linear input/output mapping. The procedure of creating a linear formulation for 

input/output mapping is described as follows: 

- Form the linear input matrix Z of size (m x n) where zij corresponds to the i
th

 

element of output j 
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- Combine matrices Z and W to form input matrix X the system  

 

- With this arrangement with have created a linear form model XAy  (y: m x 

1, X: m x n(n+3)/2, A: n(n+3)/2 x 1) that includes quadratic nonlinearities. 

For the sake of simplicity we process one output at a time. 

 

4.2.2. LASSO 

Least Absolute Shrinkage and Selection Operator (LASSO) forms the network 

reconstruction problem as a constrained optimization problem 
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where vector jy  represents output j, matrix X  represents the input data (Section 4.2.1), 

and e represents the fit error. The parameter t ( 10  t ) controls the amount of 

“shrinkage” in the estimation of ˆ
jb (linear model parameters for output j). The constraint 

in (1) shrinks the absolute values of the parameters. For certain values of t obtained from 

a least squares solution (
LS

ijb̂ ), the algorithm shrinks the parameters such that some of 

them become exactly zero, thus identifying a parsimonious model. The constrained 

optimization problem (1) is solved by employing a quadratic programming approach 

(e.g., an interior-point method used in this paper) [25]. 

4.2.3. Statistical hypothesis testing 

A statistical hypothesis test is an approach to evaluate the confidence of a 

decision based on data from a study. In this work we set the decision as to be the 

existence of a link in the reconstructed network (nonzero coefficients). We call the 

probability of existence of link statistically significant if it has been predicted as unlikely 

to exist by chance alone based on a pre-determined threshold (significance level). We 

apply statistical hypothesis testing on the non-zero coefficients derived from LASSO to 

determine if the probability of their existence within the underlying network is 

statistically significant. To test whether an element of the parameter vector b̂  in (1) is 

statistically different from zero, a two-tailed t-test can be performed on the coefficient 
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[53]. First, the standard deviation of the LASSO model parameters LASSO,b  [25] is 

computed as 
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 where  
W  is the generalized inverse of diagonal matrix with diagonal elements ijb . 

The ratio jLASSOjij br ,,/ b  is computed for the jth input. The predictor is considered 

significant if this ratio is greater than



rj =tinv(1 /2,v) , where tinv denotes the 

inverse of cumulative t-distribution, and 4.0  for a confidence level of 0.6 [12, 53].  

 

Figure 16: Flowchart of the approach. Starting with a full linear model, the algorithm 

chooses the links by reducing the network size in two steps: LASSO and implementing 

statistical significance testing. 
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4.2.4. Performance metrics 

We use two metrics to evaluate the performance of our approach.  

 The first metric is an aggregate of several measures of model evaluation (i.e., 

accuracy, sensitivity, and specificity) that rely on performance of the method in terms of 

reconstruction of structure of the network. These are defined as 
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     (6) 

where TP, TN, FP and FN denote the number of true positives, true negatives, false 

positives, and false negatives, respectively. 

 The second metric is root-mean-squared error (RMSE) of prediction that relies of 

performance of the method in terms of predicting the response of output with respect to 

different set of values of inputs. RMSE is computed as 
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        (7) 

where yi and yi,p denote the actual value (experimental data) and the predicted value of the 

i
th

 measurement of the chosen output variable. 
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4.3. Case Study I: Synthetic data 

We apply our approach to reconstruct the network from data corresponding to a 

synthetic nonlinear system. We measure the relative performance of our method with 

respect to the metrics defined in (6) and (7). 

4.3.1. Generation of Synthetic Data 

We generate a well-sampled (in the sense of Nyquist-Shannon) synthetic dataset 

for a linear stable dynamic system 

 eAx
x


dt

d
          (9) 

The state vector x consist of n(n+3)/2 state variables where n = 50, A is the 

system/coefficient matrix, e is Gaussian noise vector with zero mean and equal standard 

deviation (0.01) for all state variables. Synthetic datasets were also generated with 100 

time points (with fixed sampling time of 0.1 s and settling time range of 8 s < ts < 15 s). ). 

The noise level in Eqn. (9) was set to 0.1 (~10% on an average over a time-span from t = 

0 till 3/min (approximate settling time)). In order to make our synthetic networks 

representative of experimental datasets, we consider the following properties when 

generating our synthetic networks:  

1. A pre-defined percentage of the coefficients are set to zero from off-diagonal 

elements of matrix A to represent negatives in the synthesized network.   

2. The largest negative eigenvalue   of A is varied to generate stable systems A 

with different time-scales.   
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3. A set of initial conditions for the system states x(t=0) is chosen to be inside a 

small region around origin (to ensure stability). Initial conditions are chosen from 

a Gaussian distribution excluding 0, e.g., N(0,20) – {0}, to prevent the presence of 

stationary states. 

4. The network density is designed to be 0.05 (for every 100 possible connection, 5 

connection exists in the network) and average ratio of linear connections to 

nonlinear connections in the network is 1/15. 

 

4.3.2. Simulation Results 

Estimation of the LASSO parameter t: The shrinkage parameter t was estimated using 

10-fold cross-validation as follows. The magnitude of t is increased from 0 to 1 in steps. 

For each value of t, the 10-fold cross-validation error is computed. In each fold, 90% of 

the data is used for training and 10% of the data is used for prediction. This procedure is 

repeated 10-times to cover all the data points. The mean of the RMSE for the 10-folds 

and the variability (standard-error of mean) across the 10-folds are shown in Figure 17. 

Next, the minimum error is recorded and the optimal value of t is chosen so that the 

corresponding prediction RMSE is no more than the minimum error plus the standard 

error of the mean. 
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Figure 17: Root-Mean-Squared-Error in validation versus shrinkage parameter t for a 

network with 20% connection density (for 10-fold cross-validation) RMSE was 

normalized by the standard deviation of the noise (0.1). Plot shows that when t is between 

0.2 and 0.3, the RMSE is within the standard deviation of the minimum RMSE. 

 

 

Performance comparison with respect to nonlinearity within the model: The 

proposed network reconstruction method is carried out with inclusion of nonlinearities 

within the model and implementation of statistical significance testing. We then 

compared the performance of our method with standard LASSO in terms of accuracy, 

sensitivity, specificity, and precision. Table 9 provides a good comparison between our 

method and standard LASSO (network reconstruction based on linear model and without 

statistical significance testing for choosing the predictors). Table 9 also presents the 

results of network reconstruction if the selected model uses only quadratic terms (no 

linear terms) or only linear terms.  
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Table 9: Performance comparison of our method on synthetic data for three models: 

linear (LASSO), pure quadratic, and nonlinear (linear terms and quadratic) and standard 

LASSO. The network size is 50 (50 nodes) and the network density is 0.05 where 

average ratio of linear terms to nonlinear terms is 0.07. Synthetic data contains 1% 

measurement noise and number of Monte Carlo runs is 10. 

Metric/Model Type Our method 
 

LASSO 

Metric/Model Type Linear Pure quadratic Nonlinear  

Sensitivity 0.08 0.93 1.00 0.08 

Specificity 1.00 1.00 1.00 1.00 

Accuracy 0.99 1.00 1.00 0.99 

Precision 0.50 0.93 1.00 0.33 

 

 

Table 9 reveals that our method outperforms standard LASSO in terms of 

sensitivity, specificity, accuracy and precision. This comparison also shows a 

considerable improvement with respect to sensitivity and precision. Another fact that 

Table 9 shows is that our proposed approach improves the network reconstruction 

procedure when we apply statistical significance testing as a port LASSO procedure.  

Finally, we compare the predictive capability of our method with standard 

LASSO in terms of their prediction MSE. The results show that implementation of our 

method with linear model, pure quadratic, and nonlinear model presents 2.28, 1.36, and 

1.16 prediction MSE, respectively. This comparison shows the strength of our method in 

delivering more accurate prediction when quadratic nonlinearity exists in the analyzed 

system. In order to compare the prediction MSE of our method with that of standard 

LASSO, we applied LASSO on the same datasets used for reconstructing the network for 
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our method. The result shows that standard LASSO presents prediction MSE of 2.27 

compared to 2.28 prediction RMSE derived by implementation of our method.  

 

4.4. Case Study II: Dynamic biological network 

The results presented above demonstrate the ability of our method to reconstruct 

dynamic networks with a nonlinear input-to-output mapping. In this section, we use our 

method to reconstruct a real biological network from data generated from a well-studied 

nonlinear model of excitation and adaptation in bacterial chemotaxis. There are many 

studies in bacterial chemotaxis due to its accessibility and because of its incorporation in 

a number of important processes such as adaptation, signal transduction and excitation in 

response to stimuli. This model enables us to run virtual experiments and to evaluate the 

performance of different methods in a realistic nonlinear setting. We generated the 

dataset by numerically integrating the system of differential and algebraic equations 

given in [40]. The noise-free system of differential equations is solved for the time span 

of 10 s. We have used the Matlab Genrated model from CellML repository [54]. 

The performance of our method versus standard LASSO for reconstructing of 

bacterial chemotaxis network is reported in Table 10 in terms of accuracy, sensitivity, 

specificity, and precision. Table 10 demonstrates that the performance of our method is 

qualitatively similar to that observed for the synthetic dataset (Case Study I). When using 

nonlinear model for reconstructing the bacterial chemotaxis network, the results show 

41% improvement in terms of sensitivity, and 7% improvement in terms of precision. 

This reward is for the cost of 1% loss in terms of specificity and accuracy compared to 
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standard LASSO. Table 10 also shows that use of pure quadratic model does not lead to 

improvement in terms of listed metrics. Another important point to discuss is the ratio of 

linear terms to nonlinear terms in the underlying network. The results imply that when 

the portion of nonlinearity in the underlying network grows, the nonlinear model is more 

capable in detecting the connections in the network, whereas when the network does not 

contain considerable nonlinearity, using the nonlinear terms in the model lead to model 

complexity and as a result over-fitting. 

Table 10: Performance of the methods on bacterial chemotaxis data for three models: 

Linear (LASSO), pure quadratic, and Nonlinear (linear terms and quadratic). The 

network size is 22 and the network density is 0.02 where average ratio of linear terms to 

nonlinear terms is 0.48. Synthetic data contains 1% measurement noise and number of 

Monte Carlo runs is 10. 

Metric/Model Type Our method  

LASSO Metric/Model Type Linear Pure quadratic Nonlinear 

Sensitivity 0.23 0.14 0.31 0.22 

Specificity 0.98 0.96 0.97 0.98 

Accuracy 0.97 0.94 0.96 0.97 

Precision 0.16 0.05 0.15 0.15 

 

In order to verify the findings in Section III, we also compared the prediction 

RMSE of our approach with that of standard LASSO. Our approach presents 2.99, 0.005, 

0.004 normalized RMSE in prediction based on linear, pure quadratic, and nonlinear 

model compared to 2.98 prediction RMSE for standard LASSO. This result shows 

considerable improvement in prediction when nonlinear model is used in our approach. 
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4.5. Chapter Conclusions 

In this chapter, we introduced a novel method to reconstruct nonlinear biological 

networks. In this method, we use a quadratic nonlinear model as the representation of 

second-order Taylor series expansion of a nonlinear system around an arbitrary point of 

interest. Simulation results showed considerable improvements in predicting the response 

of the system, sensitivity, and precision and fair improvement in terms of accuracy and 

sensitivity of the network identified. We have used both synthetic and real biological 

systems to test our methodology. From the results, we conclude that using quadratic 

nonlinear model and augmenting statistical significance testing to standard LASSO 

provides good performance with respect to several metrics for reconstruction of netwroks 

with quadratic nonlinearities. We also suggest that such nonlinear models being used to 

reconstruct networks with considerable portion of quadratic interactions (compared to 

linear interactions).  
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Chapter 5 

 
Conclusions 

 

 

In this dissertation, we investigated data-driven network reconstruction of 

dynamic biological networks where we set the focus on the methods and applications. In 

summary we made recommendation to use various methods based on data-properties and 

network reconstruction objectives (prediction accuracy, network structure, etc) and then 

we introduced two algorithms for reconstructing biological networks. In the first subject, 

four methods for reconstruction of networks (LS, PCR, LASSO, and LMI) were 

described and have been applied to two different types of datasets: an experimental 

dataset and a synthetically constructed dataset. First data-set comprised of experimental 

data on phosphoproteins/cytokines and the second set contained different artificially 

synthesized datasets. The least-squares method was seen to perform the best in terms of 

goodness of fit, but the other three methods were better in capturing most of the true 

inputs/predictors for the outputs. Various case studies were designed on the artificially 

synthesized data-sets to evaluate the performance of the methods for increasing level of 

noise, noise type, dimension ratio (size of dataset), missing data (availability of data for 

building the models), and amount of collinearity in input dataset. LMI performed better 

than other methods for the synthetic data with increasing levels of noise. In regards to the 

robustness of the methods for different types of the noises, method of LMI exhibited the 

best performance for reconstruction of the network. LASSO and PCR followed LMI with 



76 

 

 

 

respect to least fractional error in estimation of coefficients and detection of true 

predictors, respectively. Based on the dimensional ratio and size of the dataset, PCR and 

LMI were shown to be the most robust methods in terms of fractional error in estimating 

the coefficients and LMI and LASSO in terms of accuracy in detection of true predictors. 

The investigation of the missing data case demonstrates that the LASSO technique is the 

most robust method for both the experimentally measured data and synthetic data and 

LMI results in the lowest prediction error (RMSE) with low/medium percentage of 

missing data and for medium level of noise. Not surprising is the fact that LS and PCR 

are the fastest and LMI is the slowest in computational performance. The result of 

comparisons on datasets with different amount of collinearity in input dataset showed that 

PCR performs better than other methods overall. This can be owed, at least in part, to the 

fact that PCR can inherently handle the correlation among the inputs. We showed that it 

is imperative that the user needs to use more than one method and evaluate their pros and 

cons on the dataset of interest before deciding method of choice.   

With respect to second subject of this dissertation, we first developed a new 

method, Doubly Penalized Linear Absolute Shrinkage and Selection Operator 

(DPLASSO), to reconstruct dynamic biological networks. The essential idea was to 

integrate statistical significance testing and L1-penalty/optimization approaches to 

achieve good performance with respect to several metrics simultaneously. DPLASSO 

uses two layers of analysis. Layer 1 employs linear-regression (PLS in this case) with 

statistical significance testing as a supervisory-level filter to extract from a dataset the 

statistically significant components of a network. Layer 2 utilizes LASSO with extra 

weights on the smaller parameters obtained in Layer 1 to retain the main predictors and 
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set the remaining small coefficients to zero. Layers 1 and 2 are connected via a logistic 

function with a tuning parameter γ. We applied this approach to two case studies. In the 

first case study, a set of linear synthetic networks was created to evaluate the relative 

performance of DPLASSO, PLS with statistical significance testing, and LASSO. Our 

simulation results show that DPLASSO provides good compromise between LASSO and 

PLS for different network densities and sizes. In the second study, we applied DPLASSO 

to simulated experimental datasets for cell division cycle of fission yeast. The results of 

evaluation of the performance of DPLASSO qualitatively confirms the findings for the 

synthetic system. The analysis on ROC curve showed the performance of DPLASSO can 

be improved as compared to that for PLS and LASSO by tuning the parameters γ and q 

(shrinkage factor). From the results, we conclude that combining PLS (regression) with 

statistical significance testing and LASSO (optimization with L1-penalty) provides good 

performance with respect to several metrics. We also conclude that DPLASSO is well 

suited for reconstruction of networks with low and moderate density. For high density 

networks, high specificity (high true negatives and low false positives) is desired, making 

PLS a more suitable approach.  

We then introduced a particular nonlinear model (quadratic model) as the 

representation of second-order Taylor series expansion of a nonlinear system around an 

arbitrary point of interest. We showed this approach will lead to considerable 

improvements in predicting the response of the system, sensitivity, and precision and fair 

improvement in terms of accuracy and sensitivity of the network identified. We have 

used both synthetic and real biological systems to test our methodology. From the results, 

we conclude that using quadratic nonlinear model and augmenting statistical significance 
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testing to standard LASSO provides good performance with respect to several metrics for 

reconstruction of netwroks with quadratic nonlinearities. We also suggest that such 

nonlinear models being used to reconstruct networks with considerable portion of 

quadratic interactions (compared to linear interactions).  
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Supplementary Material to: 

Comparison of Statistical and Optimization-Based Methods for 

Data-Driven Network Reconstruction of Biochemical Systems  
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S1. Methodology 

Details of the four methods of network reconstruction are described in this section 

as following. 

S1.1 Standard Least Squares 

The Least Squares method minimizes the root-mean-squared error (RMSE) on the 

given (training) dataset where RMSE can be computed as 

2

,

1

1
( ) ( ) ( 1) /

m

LS i i p p

i

RMSE y y std m m
m 

     y - y . 

To test whether an element of the parameter vector b̂  is statistically different 

from zero, a two-tailed t-test can be performed on the coefficient [53]. First, the standard 

deviation of the model parameters b  is computed as 

1 1/2 1/2

, (( ) ) ( / ) ; 1T

LS LSdiag RMSE m v v m n      b X X   (S1) 

The ratio , ,/j j B LS jr b   is computed for the jth input. The predictor is 

considered significant if this ratio is greater than



rj =tinv(1 /2,v) , where tinv 

denotes the inverse of cumulative t-distribution, and 01.0 for a confidence level of 

0.99 [12, 53]. 

 

S1.2 Principal Component Regression (PCR) 

PCR is based on the principal component analysis and is employed when 
TX X is 

(nearly) singular, so that one or more of its eigenvalues are (close to) zero. Then, the 
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principal components corresponding to only the first several eigenvalues (starting with 

the largest) are used. 

PCR consists of the follow steps: 

1) Given normalized input data 



X  and mean-centered output data y , let j  be jth  

eigen value (j = 1, 2, …, n) and jv  be the corresponding eigen vector of the 

covariance matrix / ( 1)T mC = X X , arranged in the order of decreasing eigen 

values. Let 



k { j , j 1,...k} be a set of k largest eigenvalues and 

1[ ,... ,..., ]k j kV v v v  be a set of corresponding eigenvectors. Calculate the matrix 

of latent variables kT , 

k k T X V .                   (S2) 

2) Create a PCR model based on the k latent variables as 

-1 T

k k k   b V Γ T y ,  p ky = X b , 

1/2( ) (( -1) / )PCR pRMSE std m m y - y .                  (S3) 

The number of latent variables in PCR can be determined either by cross-

validation or by specifying the fraction of the cumulative variance (FCV) captured (say, 

0.8 < FCVk < 0.95).  

Partial least squares (PLS) is a method similar to PCR, with the difference being 

that both matrix X and vector y (rather than only X) are used to construct the set of linear 

combinations of significant inputs for regression. A detailed description of PLS can be 
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found in [55, 56]. Statistical significance of the model parameters b determined with 

either of these two methods can be tested by first estimating their standard deviation B  

and then using a two-tailed t-test to compare their ratios. For PCR,  

  
-1 1/2 1/2

, ( ) ( / ) ; 1T

b k k k k PCRdiag RMSE m v v m k        V Γ V  

and , , , ,/j k j k B j kr b   for the jth input when k latent vectors are used. Average of kjr ,  

over k, such that fractional cumulative variance (FCV), 0.8 < FCVk < 0.95, is computed.  

The input is considered significant if



rj,k  tinv(1 /2,v) , where 



v mk1 and 

01.0 for a significance level of 0.99 [12]. 

S1.3 Least Absolute Shrinkage and Selection Operator (LASSO) 

LASSO recasts the problem of network reconstruction into an optimization 

problem analogous to (2), but with an additional nonlinear constraint. An abstract 

formulation of LASSO is given by  

2 ˆˆ arg min{ ( - ) ( - )}  /   T

j

j

e s t b t  b y Xb y Xb .                   (S4) 

The parameter t determines the amount of “shrinkage” in the estimation of b̂ . The 

constraint in (S4) leads to shrinkage in absolute value of the parameters. For certain 

values of t ( ˆ,   LS LS j

j

t t t b   obtained from LS) the algorithm shrinks some of the 

larger parameter-values and sets some of the parameters to zero, thus identifying a 

parsimonious model. The constrained optimization problem (S4) is solved by employing 
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a quadratic programming approach (e.g., the interior-point method used in this paper) 

[25]. 

S1.4 Linear Matrix Inequalities (LMI) 

The basic idea of LMI is to convert a nonlinear optimization problem into a linear 

optimization problem [57]. This method has been used to reconstruct and minimize 

dynamic networks [23, 24, 58]. To facilitate the comparison of the four network-

reconstruction approaches, the LMI method is also applied to static data. Equations in 

this section are for 1p  . LMI replaces optimization problem (2) with    

min( )  /  ( - )( - )
n p

T

m m
B

e s t e





y Xb y Xb I .                  (S5) 

The constraint in (S5) is nonlinear with respect to B̂ . A congruence transformation of (8) 

yields an LMI representation 

ˆ-
0

ˆ( ) -

m m

T

p p

e 



 
  
 
 

I y Xb

y - Xb I
.             (S6) 

Prior knowledge (e.g., 
12 0b   or 

31 0b  ) can be added as LMI constraints, 

( )0T T T

i j j iv u u v  B B , (general form of constraints for multiple outputs) (S7) 

where 
0,

1,

r

i

r

v r i
v

v r i

 
 

 
 and 

0,

1,

r

i

r

u r i
u

u r i

 
 

 
 are respectively 1n  and 1p  column-

vectors constraining the element ˆ
ijb . The LMI assembled by equations (S6) and (S7) can 

be solved simultaneously to obtain optimal estimate for b̂ [59]. 
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The normalized matrix of parameters b̂  is calculated by dividing each element by 

the L2-norm of its row and column, 

 .. :
2 2

ˆ ˆ ˆ ˆ/ij ij i jb b b b .                              (S8) 

If 
ˆ
ijb  becomes smaller than a threshold (say, LMIr ), then the corresponding parameter is 

nullified (deemed insignificant). Since all analyses have been carried out based on a 

single output at a time, constraint described in Eqn. S7 can be determined by only one 

vector (v or u) and the matrix of parameters morphs to a column vector. A further 

discussion of this method can be found in [23].  

S1.5 Metrics for comparing the methods 

We used two data sets to evaluate the performance of the four network-

reconstruction methods presented in above Supplementary Material Sections 1.1-1.4. The 

first set is experimental data measured in macrophage cells stimulated with a defined set 

of ligands; for the network construction, we use Phosphoproteins (PP) as inputs and 

Cytokines as outputs [44]. The data is made available by the Alliance for Cellular 

Signaling [44]. The second set consists of synthetic data. We reconstruct the networks 

from 80% of each dataset (called a training set; randomized but pairs of rows in the input-

output maintained) and then use the remaining portion (20%, called a test set) to validate 

the reconstruction. We have found that the models based on 100% of the data and 80% of 

the data are similar. Root-Mean-Squared-Error (RMSE) on the test set, and the number 
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and the identity of the significant predictors (network parameters) selected is used as the 

basic metric to evaluate the performance of each method.  

Once the network parameters have been identified with each method, we utilized 

the two different metrics described below to evaluate both the overall performance of the 

methods and the validity of the computed parameters.  

S1.5.1. Fractional error in the parameter values 

The fractional error of the estimated coefficients with respect to the true synthetic 

parameters serves as the first measure. It can be computed as 

,
,

,

1
method j

frac j
true j

b
b mean

b

 
   
 
 

       (S9) 

where bmethod and btrue are the estimated and true values, respectively, of the parameters 

for a chosen output. The “mean” is computed over the coefficients for all the n inputs. 

In order to avoid the effect of very small true value of the coefficients in the denominator, 

the parameters smaller than 10% of the standard deviation of all parameter values were 

set to 0 when generating the synthetic data. 

S1.5.2. Sensitivity, specificity and related metrics 

The second measure used in our analysis is an aggregate of the several measures 

of model evaluation that are described below. The latter rely on the following definition 

of positive and negative occurrences in a reconstructed network (with respect to one 

output at a time): 
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a) True Positive (TP): the number of true predictors identified as significant in an 

estimated model (found in the correct network; significant in the estimated 

model). 

b) False Positive (FP): the number of false predictors identified as significant in the 

estimated model (not found in the correct network; significant in the estimated 

model). 

c) True Negative (TN): the number of predictors not present in the correct network 

and identified as insignificant in the estimated model as well. 

d) False Negative (FN): the number of predictors present in the actual network but 

identified as insignificant in the estimated model. 

The performance of each network-reconstruction method can be evaluated 

according to their accuracy, sensitivity, and specificity, which are defined as 

:

:

:

TN TP
Accuracy

TN TP FN FP

TP
Sensitivity

TP FN

TN
Specificity

TN FP



  





 

In other words, accuracy is the fraction of relevant (the corresponding coefficient in the 

“exact”, noise-free model is non-zero) and irrelevant (the corresponding coefficient in the 

‘exact”, noise-free model is zero) predictors detected correctly. Sensitivity is the fraction 

of relevant predictors detected correctly. Specificity is the fraction of irrelevant predictors 

detected correctly.  
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Since the measure of accuracy is meaningful only if the numbers of relevant and 

irrelevant predictors is about the same, the accuracy metric and the geometric mean of 

sensitivity and specificity ( G sensitivity specificity  ) can be used as a robust measure 

to benchmark the methods [60]. The definitions of sensitivity and specificity imply, that, 



0G1. The closer G is to 1, the higher the percentage of correct detections. 

 

S2. Algorithm for generating synthetic data 

  The synthetic datasets referred to in the main text were generated as follows.  

 Generate a random zero-mean, unit standard deviation m × n matrix X. 

 Generate a random zero-mean, unit standard deviation m × n’ matrix X where n’ 

= (1 - fraction of co-linearity) × n. 

 Generate a random (n’ × (n-n’)) collinearity coefficient matrix (C). Set X’ = X×C. 

X’ is of size m × (n-n’) and its columns are dependent on X. 

 Augment X’ to X to create the final input matrix X of size m×n. 5% noise can be 

added to X if desired. 

 Generate a random n × p (p = 1) coefficient matrix, and set the (randomly 

selected) one-third of these coefficients to 0 (b). 

 Multiply X  and b  to obtain matrix of true output data 0y .  

 Generate a zero-mean, unit standard deviation m × p “raw” noise matrix from the 

following distributions:  

o (0,1)N for white noise,  
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o 1/2( ) / ( / ( 2)) ; 10t     
 
for T-distributed noise, and  

o 1/2( [0,1] 0.5) / (1/12)U   for shifted-uniform noise; 

 Scale the raw noise matrix with the factor 0( )f std y  (set f = 0.05 for 5% noise 

level); 

 Add the resulting noise matrix to 0y  to obtain the output data y . 

Table S1: RMSE on training set for different methods (PP/cytokine data). The LS 

method has the smallest RMSE due to the absence of constraints in the optimization 

problem, but RMSEs of the other three methods (PCR, LMI and LASSO) are also 

comparable. 

Output G-CSF IL-1α IL-6 IL-10 MIP-1α TNFα 

LS 0.73 0.41 0.61 0.61 1.30 0.99 

LS_sig 1.16 0.56 0.80 0.80 2.30 1.27 

PCR 0.79 0.44 0.73 0.76 1.45 1.06 

LASSO 0.92 0.56 0.79 0.72 1.84 1.27 

LMI 0.76 0.41 0.67 0.67 1.34 1.09 

 

Table S2: RMSE on all data: methods vs. noise level (synthetic data). 

Noise % 5 10 20 40 

On training set 

LS_sig 0.94 1.5 2.47 4.22 

PCR 2.28 2.79 3.99 6.86 

LASSO 3.46 3.52 3.91 5.12 

LMI 0.57 1.31 2.39 4.23 

On validation set 

LS_sig 0.95 1.64 2.66 4.82 

PCR 2.3 2.8 4.05 9.08 

LASSO 3.64 3.71 3.89 5.77 

LMI 0.97 1.57 2.65 4.9 
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S3 Results 

  In support of the results presented in Section 3 of main text, here we present the 

details of the analysis of effect of noise distribution, size of the dataset, and missing data 

in comparing the different methods.  

S3.1 Effect of noise distributions of (type of noise in) the output data 

  In the first study (main text Section 3.2.1), the effect of increasing noise in the 

output data has been investigated. The second study (this study) is designed to elucidate 

the effect of different types of noise on the performance of different methods in 

reconstructing the network, i.e., on identification and estimation and of significant 

predictors. We considered biologically relevant white noise (noise type 1), t-distributed 

noise (noise type 2), and shifted uniform noise (noise type 3). These were added to the 

noise-free output as described in Supplementary Material Section 2. 

  Table S3 shows the fractional error (defined in Supplementary Material Section 

1.5.1, Eqn. S9) in the computed values of the coefficients relative to the true values. 

These results are based on the average from 50 runs. The different types of noises result 

in a similar (and obvious) trend: the fractional error in estimating the coefficients by the 

three methods increases with the level of noise. LASSO exhibits the smallest increase. 

  Table S4 lists the values of sensitivity, specificity, and other relevant indicators of 

a method’s performance for different types of noises. For noise types 2 and 3, only the 

values for 5% and 20% are listed, which serves adequately for comparison purposes. The 

relevant results for noise type 1 (white noise) are discussed in main text Section 3.2.1 

(Table 2). Here we focus on the geometric mean of sensitivity and specificity, G, and 
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accuracy as two main metrics for comparing the performance of the three methods. The 

results reveal that for the output data with the type 1 noise, both the accuracy and G of 

LMI and LASSO decrease with the noise level. For the type 2 and 3 noise, both the 

accuracy and G of PCR increase with the noise level, but they decrease for LMI and 

LASSO.  

 

 

Table S3: Effect of noise type: Fractional error in estimating the coefficients [based on 

average of 50 runs]. 

Noise % 5% 10% 20% 40% 

White noise     

PCR 0.15 0.16 0.21 0.26 

LASSO 0.48 0.46 0.44 0.44 

LMI 0.12 0.15 0.22 0.35 

Noise from t-distribution   

PCR 0.16 0.17 0.20 0.28 

LASSO 0.48 0.47 0.43 0.44 

LMI 0.13 0.16 0.21 0.37 

Uniform noise with mean 0   

PCR 0.16 0.16 0.18 0.26 

LASSO 0.48 0.47 0.44 0.45 

LMI 0.11 0.13 0.21 0.38 
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Table S4: Accuracy, Sensitivity, and Specificity of methods for noise with t-distribution 

(noise-type = 2) and uniform distribution (noise-type = 3) (m = 100, n = 25) [based on 

average of 50 runs]. 

  Noise type = 2 Noise type = 3 

Noise % 5 20 5 20 

PCR     

ACC. 0.74 0.73 0.72 0.72 

Sense. 0.73 0.69 0.74 0.68 

Spec. 0.75 0.81 0.70 0.78 

G 0.73 0.74 0.71 0.73 

LASSO      

ACC. 0.89 0.89 0.89 0.89 

Sense. 0.82 0.84 0.82 0.85 

Spec. 0.99 0.95 1.00 0.95 

G 0.90 0.89 0.90 0.90 

LMI      

ACC. 0.97 0.92 0.98 0.93 

Sense. 0.94 0.94 0.97 0.95 

Spec. 1.00 0.89 1.00 0.91 

G 0.97 0.91 0.98 0.93 

 

  The tuning parameters in LASSO and LMI (the threshold parameters t and rLMI, 

respectively) were identified through k-fold (with k = 10) cross-validation, for different 

noise levels in the synthetic dataset. The optimal value of the tuning parameter was 

computed by analyzing the dependence of the prediction error from the ten-fold cross-

validation estimation on the tuning parameter. The tuning parameter in the LASSO 

method, t, varies between 0 (the null model without predictors) and 1 (LS model with all 

predictors). Supplementary Material Figure S2 illustrates how the RMSE (its mean and 

standard deviation across the k-folds) varies over the validation set. For LMI, the upper 
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bound of the tuning parameter (rLMI = 1) corresponds to the null model and the lower 

bound (rLMI = 0) corresponds to the full model. 

  Following [61], we define the optimal parameter value to be the smallest value of 

the tuning parameter that is within one standard deviation from the lowest RMSE on the 

RMSE vs. tuning-parameter curve (e.g., Supplementary Material Figure S2). This 

definition provides a conservative estimate of the tuning parameter that prevents over-

fitting. Applying this algorithm to obtain the optimal values of the tuning parameters in 

LASSO and LMI, we obtain 



t 2/3 and 



rLMI 1/3, respectively. These values of t and 

rLMI did not vary much with the noise level, which indicates their robustness. 

 

Figure S2: Validation error versus selection threshold t for LASSO. Vertical dashed line 

indicates the optimal tuning parameter (the smallest value of the tuning parameter that is 

within one standard deviation from the lowest RMSE on curve). 

 

  This procedure is repeated for different types of noise in the output data (synthetic 

data case) and used in the subsequent studies as appropriate. 
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S3.2 Variability between realizations of data with white noise 

  The data set is generated as follows. First the true input-output (noise free) data 

are generated. About one third of the coefficients are set to 0. Then 1000 realizations of 

the noisy output data are generated by adding white noise. Four levels of noise (5, 10, 20 

and 40%) were considered, but only representative results from the 20% noise set are 

presented below.   

  The shape of the distributions of the coefficient values for the predictors 10, 12, 

and 20 is similar. These distributions are approximately Gaussian, with different means 

but similar standard deviations (Supplementary Material Table S5). For a selected input, 

the discrepancy in the means is due to the fact that different methods give rise to different 

sets of significant input predictors. The similarity of the standard deviations is a reflection 

of the consistency in the level of noise in the predictors obtained with the three methods. 

The LMI and PCR methods result in the lowest standard deviations. This implies that 

PCR and LMI are relatively more robust in detecting significant predictors for output 

data with moderate level of noise. While not shown here, for common predictors, we 

found that higher levels of noise result in higher standard deviations in the values of the 

coefficients. 
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Table S5: Mean and standard deviation in the histograms of the coefficients computed 

with PCR, LASSO, and LMI. 

Method Predictor No. 10 12 20 

 True value -3.40 5.82 -6.95 

PCR Mean -3.81 4.73 -6.06 

  

Std. 0.33 0.32 0.32 

Frac. Err. in mean  0.12 0.19 0.13 

LASSO Mean -2.82 4.48 -5.62 

  

Std. 0.34 0.32 0.33 

Frac. Err. in mean 0.17 0.23 0.19 

LMI Mean -3.70 4.74 -6.34 

  Std. 0.34 0.32 0.34 

 Frac. Err. in mean 0.09 0.18 0.09 

 

S3.3 Comparison of methods on the data sets of different sizes 

Two cases studies are designed as discussed below. 

Case (a): 

  We compare the methods’ performance on two synthetic datasets with m = 100 

data points. The number of input columns in the two datasets is n = 25 (dataset 1, the 

base case with white noise presented in Section 3.2.1) and n = 50 (dataset 2), 

respectively. Table 2 lists the sensitivity and other metrics for the n = 25 (dataset 1), 

while Table 3 provides the corresponding fractional error metric. Table 3 also contains 

these metrics for the n = 50 case. In both cases, the fractional error in estimation of 

coefficients increases with the noise level for PCR and LMI but decreases for LASSO. 
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On the other hand, the geometric mean G decreases with the noise level for all methods 

and all dataset sizes. PCR exhibits the slowest rate of decrease in G. Comparing the 

results in Section 3.2.1 for the type 1 noise (Table 2) with those presented in 

Supplementary Material Table S6 reveals that, as the number of inputs increases, G of 

PCR decreases faster than G of both LASSO and LMI does. In other words, PCR is more 

sensitive to the number of inputs. Also, comparison of Tables 2 (dataset 1) and S5 

(dataset 2) shows that for the same noise type (i.e., white noise) and the same number of 

samples (i.e., m = 100), both accuracy and G decrease as the number of inputs increases 

from dataset 1 (n = 25) to dataset 2 (n = 50), with PCR exhibiting the smallest rate of 

degradation (for dataset 1, G and accuracy ranges across noise levels are: PCR = [0.71 - 

0.69], LMI = [0.90 - 0.82], LASSO = [0.97 – 0.75]).  

Case (b): 

  To investigate the impact of increasing the number of inputs as well as the 

number of samples (with same dimension ratio m/n = 4), we created the third dataset with 

m = 400 and n = 100 (dataset 3). The fractional error (Table 3), sensitivity and other 

performance metrics (Table S7) of the network reconstruction methods are consistent 

with their counterparts observed for the previous two datasets. As the noise level 

increases, the fractional error in estimation of coefficients increases except for the 

LASSO which is decreasing and the geometric mean G decreases for all methods. A 

comparison of results from datasets 1 and 3 in Table 3, and between Tables 2 and S7 

suggests that the performance of the methods are similar when the ratio, r = m/n, is 

comparable.  
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  For example, comparing the fractional error in estimating the coefficients of 

dataset 1 and data 3 in Table 3 reveals that LASSO is the most robust methods when the 

system size increase in a manner that preserves the dimensional ratio r = m/n. The 

comparison of Tables 2 and S7 implies that the change in the number of samples, m, does 

not affect the G and accuracy of the methods when the dimensional ratio r = m/n remains 

unchanged. 

 

Table S6: Accuracy, Sensitivity, and Specificity (m = 100, n = 50). 

Noise Type = 1, 50 runs 

PCR          

Noise % 5 10 20 40 

ACC. 0.65 0.64 0.63 0.58 

Sense. 0.52 0.52 0.47 0.36 

Spec. 0.84 0.84 0.87 0.92 

G 0.66 0.65 0.64 0.57 

LASSO      

ACC. 0.83 0.83 0.79 0.71 

Sense. 0.77 0.78 0.79 0.81 

Spec. 0.91 0.90 0.78 0.55 

G 0.84 0.84 0.79 0.66 

LMI      

ACC. 0.96 0.91 0.80 0.69 

Sense. 0.93 0.89 0.89 0.85 

Spec. 1.00 0.94 0.67 0.44 

G 0.96 0.92 0.77 0.61 
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Table S7: Accuracy, Sensitivity, and Specificity (m = 400, n = 100). 

Noise Type = 1, 50 runs 

PCR          

Noise % 5 10 20 40 

ACC. 0.71 0.71 0.71 0.68 

Sense. 0.71 0.70 0.67 0.56 

Spec. 0.71 0.73 0.77 0.86 

G 0.71 0.71 0.72 0.69 

LASSO      

ACC. 0.87 0.88 0.88 0.83 

Sense. 0.79 0.80 0.82 0.81 

Spec. 0.99 0.99 0.98 0.86 

G 0.89 0.89 0.89 0.83 

LMI      

ACC. 0.97 0.97 0.92 0.79 

Sense. 0.95 0.95 0.93 0.90 

Spec. 1.00 1.00 0.91 0.62 

G 0.97 0.97 0.92 0.74 

 

S3.4 Effect of missing data 

   Detailed analysis of effect of the amount of training data used on the prediction 

accuracy (through RMSE) is studied in this section for both the experimentally measured 

and synthetic data. 

S3.4.1 Experimentally measured dataset 

To test the effect of missing data, we analyzed the output GCSF from the 

experimentally measured data set [44]. This analysis consists of the following steps. First, 

5-60% data (in increments of 5%) were assumed to be missing. Second, the remaining 

data were used for parameter estimation, and RMSE was computed on the test data (20% 
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of the data). Third, this was repeated 100 times by randomly choosing the selected 

fraction of missing data. Finally, an average RMSE was computed which is shown in 

Supplementary Material Figure S3. As expected, the larger the amount of missing data, 

the less accurate (higher RMSE) the predictions are. Table S8  lists the corresponding 

fractional standard deviation, std(RMSE0-60%) / RMSE0%, and fractional maximum 

deviation, max(RMSEx% -  RMSE0%) / RMSE0%, for the four methods. Table S8 suggests 

that PCR and LASSO are more robust than LS and LMI for increases in the fraction of 

missing data, especially when less than half the data is used for training the model. 

However it can be noted from Supplementary Material Figure S3 that for missing data 

fraction less than 45%, both PCR and LASSO result in larger RMSE as compared to the 

other two methods. 

 

 

Figure S3: RMSE versus percentage of missing data for different methods on 

PP/Cytokine data. 
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Table S8: Effect of missing data with PP/cytokine data (validation set). 

Method 

Fractional standard 

deviation of RMSE 

across different 

fractions of missing 

data 

Fractional max 

deviation of 

RMSE across 

different fractions 

of missing data 

LS 0.12 0.40 

PCR 0.07 0.20 

LASSO 0.05 0.14 

LMI 0.10 0.32 

 

 

 

S3.4.2 Synthetic dataset 

We conducted the analysis described above to ascertain the performance of the 

four network reconstruction methods on the synthetic data with 20% noise. The results 

are shown in Supplementary Material Figure S4. In terms of RMSE, LMI and LS with 

significant predictors yield the best performance, while LASSO provides the worst. At 

the same time, RMSE of LASSO exhibits the slowest rate of increases as the amount of 

missing data increases. PCR demonstrates a stable performance when the percentage of 

missing data is low (less than 30%). Table S9 lists the fractional standard deviation and 

fractional maximum deviation for each method. LASSO is the most robust method in 

terms of the fractional standard deviation, while other methods are comparable. LMI and 

LS with significant predictors perform well when the percentage of missing data is small 

(less than 20%). LASSO performs slightly worse for the experimentally measured data, 

and PCR for the synthetic data. Overall, given the robust behavior of LASSO to the 
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missing data in the network reconstruction from experimental data, its use is 

recommended.  

 

 

Figure S4: RMSE versus percentage of missing data for different methods on synthetic 

date with 20% noise level. 

 

Table S9: Effect of missing data with Synthetic data (validation set). 

Method 

Fractional standard 

deviation of RMSE 

across different 

fractions of missing 

data 

Fractional max 

deviation of 

RMSE across 

different fractions 

of missing data 

LS 0.06 0.21 

PCR 0.08 0.21 

LASSO 0.02 0.06 

LMI 0.08 0.25 
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S3.5 Computational efficiency 

The simulations were run on a Dual-Core Intel Pentium IV processor with 

2.66GHz processing speed per core, 4MB of cache, and 3 GB of RAM. An estimate of 

the CPU time used by each method is summarized in Supplementary Material Table S10. 

The time reported also includes the time taken for some text-output on the screen in 

Matlab®. A trade-off between robustness and computational time is apparent. LASSO 

and LMI are slower than LS and PCR by a factor of hundred for the datasets we 

analyzed. With increasing data sizes, PCR scales very well (sub-linear time-complexity) 

LASSO scales nearly linearly (or sub-linearly) and LMI scales in a quadratic manner. A 

plot of computing time versus the data-size is shown in Supplementary Material Figure 

S5.   

 

Figure S5: Scaling of computing time with the data-size for different methods. 
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Table S10: Processing time vs. methods. 

Method 

Processing time(sec) 

(m = 100, n = 25) (m = 100, n = 50)  (m = 400, n = 100) 

PCR 4.67 E-2 4.34 E-1 4.38 E-1 

LASSO 5.86 E 0 1.25 E+1 4.36 E+1 

LMI 1.97 E+1 9.56 E+1 7.63 E+2 

 

S3.6 Comparison on Toll and Non-Toll data sets 

  In order to demonstrate a practical comparison between the methods given in this 

paper, we have applied the methods on experimental data sets in two different ways. In 

the PP/cytokine experiment data [44], both single- and double-ligands (stimuli) were 

applied. One of the ligands is lipopolysaccharide (LPS). LPS activates Toll-like receptors 

(TLR) and hence it is also referred to as a TLR-ligand. Since LPS results in very large 

response, it can mask the effect of other ligands. Hence, in our application, we tested the 

methods in two ways. In one case, we included data from all ligands (Toll data). In the 

second case, all the experiments with LPS as one of the ligands were excluded (non-Toll 

data). Both sets have the same number of inputs (22) and outputs (7).  

  Supplementary Material Table S11 shows the true and identified predictors from 

each method for Toll data (all ligands included). As an example, for the output MIP-1α, 

true inputs have been considered as cAMP, JNK lg, p38, and STAT1α among which 

different methods could identify some or all of the true predictors. Least squares with 

only significant predictors was able to identify one, PCR three, LASSO three, and LMI 

two predictors. Although PCR and LASSO have identified the same set of true predictors 

(hence same value of sensitivity of 3/4), there is still difference between the numbers of 
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predictors identified as significant in each of these two methods. PCR has identified 11 

significant predictors and LASSO has identified 6 among which only three of them are 

true predictors (TP).  

  Supplementary Material Table S12 shows the identified predictors from each 

method for PP/Cytokine dataset when the data from TLR ligand are removed i.e. 

experiments in which LPS is a ligand are not included. In order to compare the results of 

each method to others, predictors identified by PCR are considered as the base for the 

comparison. For instance, consider the output TNFa. The significant identified predictors 

for PCR are cAMP, p38, p40Phox, and RSK out of 22 predictors. The method of least 

squares has identified 3 predictors where 2 of them are in common with the outcome of 

PCR. LASSO and LMI have identified 9 and 4 significant predictors with 3 and 2 

predictors being common with that from PCR, respectively.  
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Table S11: Identified predictors by PCR, LASSO, and LMI vs. true predictors (Toll data) 

Output G-CSF IL-1α IL-6 IL-10 MIP-1α RANTES TNFα 

TRUE JNK lg JNK lg JNK lg cAMP cAMP JNK lg cAMP 

 p38 NFkB p65 NFkB p65 JNK sh JNK lg NFkB p65 JNK lg 

 NFkB p65 STAT1β cAMP NFkB p65 p38 STAT1β p38 

    STAT3 STAT1α  NFkB p65 

LS Sig NFkB p65 JNK sh NFkB p65 Ezr/Rdx cAMP NFkB p65 p38 

 PKCd MSN  NFkB p65 PKCmu2  NFkB p65 

 PKCmu2 NFkB p65  STAT3   PKCmu2 

  PKCmu2     STAT3 

PCR AKT cAMP cAMP cAMP cAMP ERK1 cAMP 

 ERK1 ERK1 JNK lg JNK lg ERK1 ERK2 ERK1 

 ERK2 ERK2 JNK sh JNK sh ERK2 JNK lg ERK2 

 JNK lg JNK lg p38 p38 JNK lg JNK sh JNK lg 

 JNK sh JNK sh NFkB p65 NFkB p65 JNK sh p38 JNK sh 

 p38 p38  PKCmu2 p38 NFkB p65 p38 

 NFkB p65 NFkB p65  STAT3 NFkB p65 PKCd NFkB p65 

 PKCd PKCd   PKCd PKCmu2 PKCd 

 PKCmu2 PKCmu2   PKCmu2 RSK PKCmu2 

 RSK RSK   RSK  RSK 

 STAT3 STAT1α   STAT5  STAT3 

  STAT5     STAT5 
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Table S11 Continued: Identified predictors by PCR, LASSO, and LMI vs. true 

predictors (Toll data) 

LASSO ERK2 JNK lg JNK lg cAMP cAMP ERK1 cAMP 

 JNK lg JNK sh NFkB p65 Ezr/Rdx ERK1 JNK lg ERK1 

 JNK sh p38  JNK sh JNK lg NFkB p65 JNK lg 

 p38 NFkB p65  NFkB p65 p38 STAT1α p38 

 NFkB p65 STAT1β  PKCd NFkB p65  NFkB p65 

 PKCd STAT5  STAT1β STAT5  PKCd 

    STAT3    

LMI AKT ERK1 ERK1 Ezr/Rdx cAMP AKT cAMP 

 ERK2 ERK2 ERK2 JNK sh ERK1 ERK1 ERK1 

 Ezr/Rdx Ezr/Rdx Ezr/Rdx MSN ERK2 ERK2 Ezr/Rdx 

 GSK3α GSK3β JNK sh NFkB p65 Ezr/Rdx Ezr/Rdx GSK3α 

 GSK3β JNK lg MSN PKCmu2 GSK3α JNK lg GSK3β 

 JNK lg JNK sh NFkB p65 STAT1α GSK3β MSN JNK sh 

 JNK sh MSN PKCmu2 STAT1β JNK sh NFkB p65 p38 

 MSN p40Phox STAT5 STAT3 MSN PKCd NFkB p65 

 p38 NFkB p65   p38 STAT1β PKCmu2 

 NFkB p65 PKCmu2   NFkB p65  RSK 

 PKCd RSK   PKCmu2  STAT1α 

 PKCmu2 SMAD2   RSK  STAT1β 

  STAT1β   STAT1α  STAT3 

  STAT3   STAT1β   

  STAT5   STAT3   

     STAT5   
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Table S12: Identified predictors by PCR, LASSO, and LMI vs. true predictors (Non-Toll) 

Output G-CSF IL-1α IL-6 IL-10 MIP-1α RANTES TNFα 

LS Sig p38  STAT1α STAT1α cAMP STAT1α cAMP 

   STAT1β STAT1β   p38 

    STAT3   STAT3 

PCR p38  cAMP cAMP cAMP STAT1α cAMP 

    AKT JNK lg STAT1β p38 

    ERK1 p38  p40Phox 

    ERK2 STAT1α  RSK 

    RSK STAT1β   

    STAT3 STAT3   

LASSO p38 cAMP cAMP cAMP cAMP GSK3α cAMP 

  STAT1α Rps6 ERK1 AKT JNK sh AKT 

   STAT5 ERK2 ERK1 STAT1α Ezr/Rdx 

    Ezr/Rdx ERK2  p38 

    STAT1β GSK3α  p40Phox 

    STAT3 JNK lg  PKCmu2 

    STAT5 JNK sh  SMAD2 

     p38  STAT1α 

     NFkB p65  STAT3 

     STAT3   

     STAT5   

LMI ERK2 ERK1 ERK1 ERK1 cAMP ERK1 cAMP 

 MSN ERK2 ERK2 ERK2 ERK1 ERK2 p38 

 p38 Ezr/Rdx Ezr/Rdx GSK3α ERK2 GSK3α STAT1β 

 STAT1β GSK3β MSN STAT1α JNK lg p38 STAT3 

 STAT5 MSN STAT1α STAT1β NFkB p65 STAT1α  

  STAT1α STAT1β STAT3 STAT1α STAT1β  

  STAT3   STAT1β   

     STAT3   

     STAT5   
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S3.7 Overall comparison of the methods 

  In this section we summarize the analyses and comparison of methods’ 

performance. An investigator can use this summary in selecting an appropriate method, 

or designing a new method, for network-reconstruction based on the properties of the 

data. 

 

RMSE for different noise levels: To score the methods according to RMSE, the average 

RMSE across the four noise levels (5, 10, 20 and 40%) is computed for a chosen method 

(PCR, LASSO or LMI) and the LS method. Then, their ratio (e.g. average RMSE for LS/ 

average RMSE for PCR) is taken as the score of the method (i.e. LS gets a score of 1 

corresponding to the best/smallest RMSE). With respect to this basis, LMI gets the best 

score (0.94) and LASSO gets the worst score (0.56).  With increasing noise level, 

accuracy and G of LMI and LASSO decreases more rapidly as compared to that for the 

PCR method (Figure 4(C)). 

 

Comparison with respect to the distribution of estimated coefficients: For a better 

method, standard deviation and the difference of the mean value from the true value of 

the coefficient should be smaller. Hence the score as defined in Table 4 is used. Data 

from Supplementary Material Table S5 is used to compute the scores. LMI method 

performs best according to this comparison too. One can say the numerical values of the 

coefficients obtained from LMI method are least affected due to the presence of noise as 

compared to other methods.  
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Comparison on the basis of accuracy and related metrics: While at the highest noise 

level all the methods have similar accuracy, LMI receives the best score for accuracy 

(average for 5, 10, 20, and 40 percent noise level) followed by LASSO. This comparison 

encourages the application of LMI in presence of medium level of noise. LMI performs 

better well (similar to PCR) for different types of noises as well.  

 

Comparison with respect to fractional error in the coefficients estimates: Fractional 

error in estimating the coefficients is the average deviation of each coefficient value from 

the corresponding true value. The corresponding score is such that smaller fractional 

deviation results in a higher score. PCR receives the highest score for different levels and 

types of noise followed by LMI.  

 

Comparison with respect to performance on datasets of different sizes and 

dimensional ratios: The effect of dimension of data has been considered in two different 

aspects: The size of dataset, and the dimensional ratio of dataset. It is shown that with 

increase in the size of the dataset the fractional error in estimating the coefficients 

decreases. This is not surprising because if the structure of the model (e.g. linear 

mapping) is correctly chosen then, generally, more data provides a better estimate of the 

model parameters. The method of PCR has the highest average score for different 

dimensional ratios and different sizes followed by the method of LMI. However, in terms 
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of detecting the true inputs, LASSO and LMI, in that order, are better than PCR. Overall, 

this comparison suggests the use of LMI when the size of data is not very large.  

 

Comparison with respect to the amount of missing data:  For the case of missing data 

in which different fractions of dataset are not available for reconstruction of the network, 

simulations are run on two different datasets: experimental (PP/cytokine) dataset and 

synthetic dataset with 20% noise. The performance of each method has been evaluated 

with respect to RMSE on the validation set (20% of the data assumed to be available; 

80% of the data assumed to be available is used for training the model). A performance 

score is calculated as described in Table 4 and assigned to each method. Based on scores 

assigned to the methods, LMI is assessed as the best method with respect to smallest 

validation RMSE, and sensitivity to different fractions of missing data, overall. 
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Table S13: Fractional error in estimating the coefficient versus fraction of collinearity 

and noise level for different methods. 

PCR 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.08 0.10 0.14 0.21 

0.1 collinearity 0.17 0.23 0.24 0.33 

0.2 collinearity 0.41 0.54 0.53 0.50 

0.3 collinearity 0.57 0.77 0.75 0.68 

LASSO 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.48 0.46 0.45 0.44 

0.1 collinearity 0.42 0.34 0.47 1.07 

0.2 collinearity 0.45 0.54 1.11 2.32 

0.3 collinearity 0.45 0.69 1.41 3.04 

LMI 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.09 0.12 0.20 0.34 

0.1 collinearity 0.17 0.45 0.97 1.77 

0.2 collinearity 0.40 1.00 1.84 2.99 

0.3 collinearity 0.62 1.22 2.13 4.10 
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Table S14: Accuracy versus fraction of collinearity and noise level for different methods. 

PCR 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.84 0.83 0.81 0.74 

0.1 collinearity 0.77 0.78 0.77 0.75 

0.2 collinearity 0.68 0.71 0.71 0.67 

0.3 collinearity 0.63 0.65 0.67 0.67 

LASSO 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.88 0.88 0.87 0.79 

0.1 collinearity 0.85 0.83 0.72 0.63 

0.2 collinearity 0.76 0.67 0.63 0.57 

0.3 collinearity 0.71 0.62 0.60 0.58 

LMI 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.97 0.97 0.91 0.77 

0.1 collinearity 0.93 0.79 0.68 0.61 

0.2 collinearity 0.84 0.64 0.59 0.57 

0.3 collinearity 0.74 0.62 0.60 0.57 
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Table S15: Geometric mean of sensitivity and specificity versus fraction of collinearity 

and noise level for different methods.  

PCR 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.82 0.83 0.82 0.75 

0.1 collinearity 0.67 0.73 0.76 0.76 

0.2 collinearity 0.54 0.62 0.67 0.68 

0.3 collinearity 0.41 0.50 0.60 0.66 

LASSO 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.89 0.89 0.88 0.79 

0.1 collinearity 0.85 0.78 0.56 0.31 

0.2 collinearity 0.73 0.50 0.37 0.25 

0.3 collinearity 0.66 0.45 0.38 0.34 

LMI 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.97 0.97 0.91 0.72 

0.1 collinearity 0.93 0.76 0.61 0.49 

0.2 collinearity 0.83 0.58 0.51 0.47 

0.3 collinearity 0.71 0.54 0.50 0.49 
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Table S16: Sensitivity versus fraction of collinearity and noise level for different 

methods.  

PCR 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.88 0.85 0.76 0.62 

0.1 collinearity 0.94 0.89 0.81 0.66 

0.2 collinearity 0.92 0.89 0.81 0.62 

0.3 collinearity 0.93 0.90 0.82 0.68 

LASSO 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.81 0.82 0.82 0.81 

0.1 collinearity 0.84 0.90 0.92 0.95 

0.2 collinearity 0.83 0.90 0.92 0.89 

0.3 collinearity 0.84 0.88 0.89 0.89 

LMI 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.94 0.94 0.92 0.88 

0.1 collinearity 0.92 0.86 0.82 0.79 

0.2 collinearity 0.86 0.77 0.73 0.73 

0.3 collinearity 0.82 0.77 0.78 0.73 
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Table S17: Specificity versus fraction of collinearity and noise level for different 

methods.  

PCR 

Noise/Collinearity 5% 10% 20% 40% 

0 collinearity 0.76 0.81 0.88 0.92 

0.1 collinearity 0.51 0.63 0.73 0.87 

0.2 collinearity 0.34 0.45 0.57 0.75 

0.3 collinearity 0.21 0.31 0.46 0.65 

LASSO 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 0.98 0.98 0.95 0.77 

0.1 collinearity 0.87 0.72 0.43 0.17 

0.2 collinearity 0.66 0.33 0.19 0.11 

0.3 collinearity 0.54 0.26 0.19 0.15 

LMI 

Noise/collinearity 5% 10% 20% 40% 

0 collinearity 1.00 1.00 0.90 0.60 

0.1 collinearity 0.94 0.69 0.48 0.33 

0.2 collinearity 0.80 0.46 0.39 0.33 

0.3 collinearity 0.63 0.41 0.35 0.35 
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Table S18: Average number of true positives, true negatives, false positives, and false 

negatives versus noise level for different methods (total number of inputs = 25). 

Method 5 10 20 40 

PCR         

FN 1 1.5 2.6 4.7 

FP 8.2 7.2 5.7 3.6 

TP 13.6 13.1 12 9.9 

TN 2.2 3.2 4.7 6.8 

LASSO      

FN 2.4 1.8 1.6 1.6 

FP 4.8 7.7 8.5 8.8 

TP 12.2 12.8 13 13 

TN 5.6 2.7 1.9 1.6 

LMI         

FN 2.6 3.3 3.3 4 

FP 3.8 6.1 6.7 6.8 

TP 12 11.3 11.3 10.6 

TN 6.6 4.3 3.7 3.6 
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Nomenclature 

B, b  Matrix or vector, respectively, of model coefficients  

C  Covariance matrix 

FP, FN  False positive and false negative, respectively 

G  Geometrical mean of sensitivity and specificity 

RMSE  Root-mean squared error 

T  Matrix of latent variables 

TP, TN True positive and true negative, respectively 

V  Set of eigen vectors 

X   Matrix of input data 

Y,y   Matrix or vector, respectively, of output data 

e  L2 or L norm 

m  Number of rows in X, Y and y 

n  Number of columns in X 

p  Number of columns in Y 

std  Standard deviation 

t  Shrinkage coefficient, t-distribution 

tinv  Inverse of cumulative t-distribution 
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Subscripts 

frac  Refers to “fractional” 

i, j, k  Generic indices 

LS  Values derived from the method of least squares 

LS_sig  Least squares with significant predictors only 

p  Values derived from prediction 

 

Greek letters 

,     Set of eigen values and an eigen value, respectively 

   Significance level 

ε   Residual vector 

v  Degree of freedom 

    Standard deviation of the model parameters 
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