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An Information Theoretic Approach To Econometric Information Recovery 

 

ABSTRACT 

This paper is concerned with the problem of information recovery and measuring 

evidence that involves uncontrolled indirect noisy effects data and stochastic ill posed 

inverse problems in economics-econometrics. Information theoretic methods based on a 

multi parametric family of power divergence measures are suggested as an estimation and 

inference framework for dealing with these problems, analyzing questions of a causal 

nature and learning about hidden dynamic economic processes and systems that may or 

may not be in equilibrium. The paper concludes with some comments on the implications 

for information recovery of continuing to use traditional economic-econometric models 

and methods. 

 

Key words: Information theoretic methods, First order Markov processes, Inverse 

problems, Dynamic economic systems, Information Recovery. 
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1.  INTRODUCTION 

       The outcome of economic-behavioral processes and systems involves the rich 

ingredients of complexity, uncertainty, volatility and ambiguity. Faced with these 

challenges, conventional econometric models and methods have told us more about the 

unpredictability of the interdependent nature of economic processes, than how to 

understand and predict them. The statistical complexity of information recovery emerges, 

because economic systems are dynamic and seldom in equilibrium and there is no unique 

time invariant econometric model. Given an uncontrolled sample of effects data that is 

indirect, noisy and observational in nature, the focus of this paper is on how to use this 

information and information theoretic methods to choose a member from the family of 

economic and econometric models that reflects the unknown initial condition and the 

hidden dynamics of the economic process. 

 The organization of the paper is as follows:  Section 2 contains a discussion of 

why traditional econometric methods are not appropriate for answering many economic 

information recovery questions. In Sections 3 and 4, estimation and inference methods 

are suggested as a basis for dealing with the dynamic stochastic inverse problems often 

faced in econometrics. Finally in Section 5 we note the implications of continuing to use 

traditional econometric models and methods that are not relevant for the data and 

economic questions at hand.  
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2.  THE INFORMATION RECOVERY PROBLEM  

In attempts to learn from a sample of indirect noisy data, the traditional approach in 

econometrics usually has a “what is” focus—what is the model, what are the parameters, 

and what is the sampling distribution underlying the sample of data. This classical 

approach to information recovery is consistent with traditional semiparametric and 

parametric econometric approaches to estimation and inference, from a finite sample of 

data. There is something that is troubling about this approach as an econometric basis for 

learning from a sample of OBSERVED data. To ask what the parameter or underlying 

likelihood-density function IS, rather than what it could be, would seem in many cases to 

be asking an incorrect and unnecessarily difficult question.   The underlying econometric 

model framework is conceptual in nature and seldom, if ever, correctly specified. The 

parameters, structural or otherwise, are unobserved and indeed are unobservable.  The 

sample information is based on indirect noisy sample observations, that come from an 

economic systems or processes that, are in general, not in equilibrium. Thus with 

uncertainty regarding existing conditions, the observations may not come from a single 

sampling distribution, but many sampling distributions and a micro canonical ensemble.    

 Most conceptual micro and macro economic models are single valued equilibrium 

in nature. Unfortunately in practice, economic processes and systems are stochastic in 

nature. Although, there is only one sampling distribution consistent with an economic 

system in equilibrium, there are a large number of possible ways an economic process-

system may be out of equilibrium. In this situation it seems inappropriate to ask what the 

model is, but to ask what it could be. For many econometric problems and data sets, the 
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natural solution may not be a fixed distribution, but a set of distributions, each with its 

own probability. In this situation the value of an econometric prediction is related to how 

far the system is out of equilibrium. 

 The resulting uncertainty about existing conditions and the dynamics of the 

process, create problems for econometric model specification and make it difficult, using 

traditional direct econometric methods, to capture the underlying hidden structure or key 

dynamic functions of the economic system. Although economic processes are, in general, 

simple in nature, the underlying dynamics are complicated and not well understood. The 

result is a family of economic models, each incorrectly specified and containing 

inadequacies that provide an imperfect link to the indirect noisy observational data. 

Given sufficient parameterization it is always possible to match a model to any data set, 

without capturing the underlying hidden structure or the key functionality of the system 

at hand. 

 The data associated with information recovery in a dynamic economic system 

often consists of a sample of indirect noisy effects data. This type of data makes it is 

impossible to distinguish between mutual influence and causal influence and does not 

contain dynamic or directional information. Even introducing a lag in the mutual 

observations fails to distinguish information that is actually exchanged, from shared 

information and does not support time causality.  

 The indirect noisy observations that are used in an attempt to identify the 

underlying dynamic system and to measure causal influence, requires the solution of a 

stochastic inverse problem that is the inverse of the conventional forward problem, which 
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relates the model parameters to the observed data. Thus the data are in the effects 

domain, and our interest lies in the causal domain. If the number of measurements-data 

points, are smaller than the number of unknown parameters to be estimated, the 

stochastic inverse problem is in addition ill-posed. Without a large number of 

assumptions, the resulting stochastic ill-posed underdetermined inverse problem cannot 

be solved by traditional estimation and inference methods. As a result, conventional semi 

and parametric estimation and inference methods are fragile under this type of model and 

data uncertainty and in general are not applicable for answering causal influence dynamic 

economic system questions. Application of traditional econometric models and methods 

that are not suited to the ill-posed inverse information recovery task, has led to what 

Caballero (2010) has called a pretense of knowledge syndrome. 

 

3.  POSSIBLE INFORMATION THEORETIC SOLUTIONS  

Uncertainty regarding the makeup and underlying dynamics of the economic model and 

the unknown data sampling probability process create unsolved problems as they relate to 

econometric information recovery. A natural solution is to make use of estimation and 

inference methods that are designed to deal with the nature of economic models and data 

and the resulting stochastic ill-posed inverse problem. In this context the Cressie and 

Read (1984 (CR)) family of likelihoods-functionals, provide a basis for linking the data 

and the macro and micro model parameters. This permits the researcher to exploit the 

statistical machinery of information theory to gain insights relative to the underlying 

causal behavior of a dynamic process from a sample of data from a system that may not 
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be in equilibrium. In developing this information theoretic econometric approach to 

estimation and inference, the CR single parameter family of informational functionals, 

represents a way to link the family of possible likelihood functions associated with the 

underlying sample of data, to the sampling model of the process. Information functionals 

of this type have an intuitive interpretation that reflects uncertainty as it relates to a model 

of the process and a model of the data for possibly out of equilibrium processes. This 

gives new meaning to what is a likelihood function and what is the appropriate way to 

represent the possible underlying sampling distribution and relate it to the economic- 

model parameters.   

 One possibility for implementing this approach is to use estimating equations-

moment conditions (prior information) to model the process and link to the data. Discrete 

members of the CR family would then be used to model the data and identify the 

weighting of the possible density-likelihood functions.  The outcome reflects in a 

probability sense, what we know about the unknown parameters and a possible density 

function. The result may be a single distribution or a canonical hyper distribution density 

of possible underlying distributions.  An advantage of this approach, in addition to its 

optimality base, is that it permits the possibility of non exponential-heavy tails and 

volatile distributions. Given the problem and possibility space outlined in the previous 

paragraphs, the importance of developing probabilistic and predictive results from a 

connected-mutual sample of indirect noisy effects data, guides the information theoretic 

estimation and inference framework sketched in the section to follow.  
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 Many of the criticisms directed to traditional frequentist econometric methods, 

can also be directed to traditional Bayesian methods of estimation and inference. For a 

first step toward the development of information theoretic methods in a Bayesian context, 

see Grendar and Judge (2009). 

 

4. COPING WITH THE UNCERTAINTY OF UNCERTAINTY  

In identifying estimation and inference measures that may be used as a basis for 

characterizing the data sampling process for indirect noisy observed data outcomes, we 

begin with the CR multi parametric family of goodness of fit-power divergence 

measures:  

    (4.1) 

In (4.1),  is a parameter that indexes members of the CR family,  represent the 

subject probabilities and the , are interpreted as reference probabilities.  Being 

probabilities, the usual probability distribution characteristics of   

, and   are assumed to hold. In (4.1),  as varies, the resulting CR 

family of estimators that minimize power divergence, exhibit qualitatively different 

sampling behavior. 

4.1  Behavioral Econometric Models 

 In traditional subject matter econometric models if we use a moment 

representation that is often used in the application of the general Method of moments, one 
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might use empirical sample moments such as  as 

constraints. In this case, which is but one of an infinite set of possible orthogonality 

conditions, a solution to the stochastic inverse problem, for any given choice of the 

parameter, may be formulated as the following extremum-type estimator for : 

   (4.2) 

where q is usually taken as a uniform distribution. This class of estimation procedures is 

referred to as Minimum Power Divergence (MPD) estimation (see Gorban, Gorban, and 

Judge 2010; Judge and Mittelhammer 2011, 2012).  

         In identifying the probability space, the CR family of power divergences is defined 

through a class of additive convex functions and the CR power divergence measure 

encompasses a family of test statistics and leads to a broad family of likelihood functions 

within a moments-based estimation context. In the context of extremum metrics, 

maximum likelihood is embedded in the general CR (1984) family of power divergence 

statistics. This family represents a flexible set of pseudo-distance measures from which to 

derive empirical probabilities associated with the indirect noisy micro and macro data. 

This class of estimation procedures is referred to as Minimum Power Divergence (MPD) 

estimation (see Gorban et al. 2010; Judge and Mittelhammer 2011, 2012). The CR family 

of divergence measures (4.1), permits us to exploit the statistical machinery of 

information theory to gain an insight into the probability density function (PDF) behavior 

of dynamic economic systems and processes. The likelihood functionals-PDFs-

divergences have an intuitive interpretation in terms of uncertainty and measures of 
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distance. To make use of the CR family of divergence measures to choose an optimal 

probability system, one might focus on minimizing a loss function in choosing gamma 

and follow Gorban (1984) and Gorban and Karlin (2003) and consider a parametric 

family of convex information divergences, which satisfy additivity and trace conditions. 

For example, convex combinations of CR  and CR  span an important part 

of the probability space and produce a remarkable family of divergences-distributions. 

This generalized family of divergence measures permits a broadening of the canonical 

distribution functions and provides a framework for developing a loss-minimizing 

estimation rule. 

  

4.2 A Stochastic State Space Framework 

        Information theoretic dynamic economic models appears naturally and can be given 

a directional meaning in a conditional Markov framework, when state spaces and 

transition probabilities are introduced in the CR-MPD framework (Miller and Judge 

2012). Looking at the scene in terms of a stochastic process lets us get a peek at some of 

the hidden dynamics of the system and introduce the role of time and probabilistic 

causality. The condition of probabilistic causality introduces an arrow of time restriction, 

and the Markov process satisfies this restriction. For example, if the decision outcomes 

exhibit first-order Markov character, the dynamic behavior of the agents may be 

represented by conditional transition probabilities  which represent the 

probability that agent i moves from state j=1, 2, …, K, to state k at a time t. Given 

observations on the micro behavior Y(i,k,t), the conditional discrete Markov decision 

( )0γ ≥ ( )1γ ≥ −

( ), , ,p j k t
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process framework may be used to model the agent-specific dynamic economic behavior 

which varies with t. In the conditional case, we have  unknown 

transition probabilities in the  estimating equations. Information 

recovery goes from the data to the parameters, thus this is an ill-posed inverse estimation 

problem and traditional estimation methods are not applicable.    

 Linking the sample analog of the Markov process to the indirect noisy 

observations 

    (4.3) 

leads to a new class of conditional Markov models that is based on a set of estimating 

equations-moment equations  

    (4.4) 

where  is an appropriate set of instrumental system or intervention variables.  By 

substituting of (4.5) into (4.6), we form a set of estimating equations expressed in terms 

of the unknown transition probabilities. As a basis for identifying parametric data 

sampling distributions and likelihood functions in the form of distances in probability 

space we again use the CR family of power divergence measures  

    (4.5) 

to provide access to a rich set of distribution functions that encompasses a family of 

estimation objective functions indexed by discrete probability distributions that are 
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convex in p. Formally, the MPD problem may be solved by choosing transition 

probabilities p to minimize , subject to the sample analog of (4.4)  

    (4.6) 

for each j = 2, ... , K and the row-sum constraint 

    (4.7) 

over all j and t. Given a sample of indirect noisy observations and corresponding moment 

conditions, the parametric family of convex divergences defined in Section 4.1, may be 

used to choose an optimum member of the CR family.  

 

4.3  Unlocking The Content of Economic Time Series  

    Over the centuries economists have been interested in the informational content of time 

series data. Many methods have been proposed for a proper analysis of the time series 

probability space, but their applicability depends on the particular characteristics of the 

data. In spite of the many productive efforts in this area, the hidden temporal patterns 

underlying the time-dated outcomes has in general, remained hidden. The function of 

dynamics in this process is to connect temporal information from the behavioral 

environment, to system outcomes later on in time. Given this background and a sample of 

economic time series data, information theoretic--Permutation Entropy methods are 

suggested to gain insights into the hidden temporal dynamics underlying the possible 

state(s) of an economic system that is seldom if ever in equilibrium. 
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 The Permutation Entropy provides a basis for the analysis of nonlinear time series 

and permits a way of describing, in probability distribution form, the underlying dynamic 

state of the system. The objective is to extract qualitative information from a nonlinear 

times series in the form of temporal dynamics. The idea is based on permutation patterns-

ordinal relations among values of a time series, that concerns temporal information 

derived from the dynamic properties of the economic system. The complexity of an 

economic system is thought of in terms of accessible patterns hidden in the process-

system. If there is no pattern then the process is considered stochastic. To provide a 

probability distribution of the temporal dynamics that is linked to the sample space, 

Bandt and Pompe (2002), proposed a method that takes time causality into account by 

comparing time related observations-ordinal patterns, in a time series. They consider the 

order relation between time series instead of the individual values. Permutation patterns-

partitions-vectors are developed, by comparing the order of neighboring observations.  

 The Bandt and Pompe (2002) methodology for evaluating the probability 

distribution 𝑃𝑃 associated with the time series dynamical system under study, starts by 

considering partitions of the pertinent D-dimensional space that reveal relevant details of 

the ordinal structure of a given one-dimensional time series with 

embedding dimension D>1 and time delay  Interest is on “ordinal patterns,” of 

order D, generated by  

    (4.8) 

( ) { }; 1,..., ,tS t x t M= =

1.τ =

( ) ( ) ( )( )11 2, ,..., , ,s ss D s Ds x x x x−− − − −
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we assigns to each time 𝑠𝑠 the 𝐷𝐷-dimensional vector of values at times 

 By “ordinal pattern” related to the time we mean the 

permutation  of  defined by  

   (4.9)  

Thus, for all the D! possible permutations of order D, their associated relative 

frequencies can naturally be computed by the number of times this particular order 

sequence is found in the time series divided by the total number of sequences. The 

probability distribution  is defined by  

    (4.10) 

In this expression, the symbol  stands for “number.”  

 It is possible to create a probability distribution, whose elements are the 

frequencies  associated with this ith permutation pattern, i=1,2,…,D!.  Using, for example, 

the gamma , with a uniform reference distribution, member of the CR family. The 

information content of such a distribution for the D! distinct assessable states may be 

defined as with normalized version  For a 

review and applications of the Permutation Entropy method, see Zanin et al. (2012) and 

Kowalski et al. (2012).  

 

4.4  Network Science Information Recovery 
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     To go beyond traditional toy modeling and mathematical anomalies, a new network 

based paradigm is developing under the name of Network Science (for example see 

Willinger, Alderson and Doyle (2009) and Barabasi (2012), and the references contained 

therein).  It is based on data sets that are indirect, incomplete and noisy.  There are 

several things that make this approach attractive for information recovery in economics 

and the other social sciences. 

 In the economic-behavioral sciences, everything seems to depend on everything 

else and this fits right in to the interconnectedness-simultaneity of the nonlinear dynamic 

network paradigm.  There is also a close link between evolving network structures and 

the equilibrium or disequilibrium of economic-behavioral systems.  Finally, in terms of a 

methodology, network problems appear to be consistent with the Information Theoretic 

Approach to information recovery. 

 To indicate the applicability of information theoretic approach an example may be 

useful. In an economic-behavioral network the efficiency of information flow is 

predicated on discovering or designing protocols that efficiently route information.  In 

many ways this is like a transportation network where the emphasis is on design and 

efficiency in routing the traffic flows (for example see, Castro et al. (2004) and the 

references therein).  To carry this information flow analogy a bit farther, consider the 

problem of determining point-to-point traffic flows between sub networks when only 

aggregate origin-destinations traffic volumes are known.  Given information about the 

network protocol in the form of a matrix  that is composed of binary elements, traffic 

flows may be estimated from the noisy aggregate traffic data. Since the origin to 

ijA
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destination routes-unknowns are much larger than the origin-destination data, this results 

in an ill-posed linear inverse problem of the type first introduced in Section 3.  If we 

write the inverse problem as 

    (4.11) 

where  are known and  is unknown and  we may make use of 

the CR family of divergence measures (4.13) and write the problem as the following 

constrained optimization problem: 

    (4.12) 

This is just the solution to a standard problem when a function must be inferred from 

insufficient sample-data information. Thus network inference and monitoring problems 

have a strong resemblance to an inverse problem in which key aspects of a system are not 

directly observable. For an application of information theoretic methods to this type of 

network information flow problem, see Cho and Judge (2013). 

 

5.  SUMMING UP 

       Using traditional econometric methods to solve causal related stochastic inverse 

problems is, to use an old metaphor, akin to trying to make an omelet without 

breaking the eggs. Although a major desire for economic information is on causal 

influence recovery, the intersection of this objective, the use of indirect noisy effects 

data and the application of traditional direct econometric methods, leads in many 

1

,
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i ij j
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=
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cases to an empty set. The data for the most part are observational, and the 

estimation-information recovery component requires methods designed for solving 

stochastic ill-posed inverse problems. Given the existence of invented equilibrium 

economic systems, indirect noisy economic data, and econometric tools ill suited to 

the task, moving economics in the direction of a probabilistic and predictive science 

is a goal yet to be achieved. 

 One possible solution is the use of  information theoretic econometric methods 

that are designed to cope with stochastic inverse problems, and provide policy choices 

that are not drawings from a uniform-maximum entropy distribution. The implication is 

that unless we develop and apply econometric models and methods that are appropriate to 

the data and economic problems-questions at hand, our ability to understand and recover 

empirical system probabilities and to provide accurate predictions about dynamic 

economic processes, is going to continue to be limited and uninformed. 

 Much of the current instrumental variable econometric work concerned with 

policy effects and causal influence, is troubling for the following reasons: 

i)  Although economic processes and systems are, in general, simple in 

nature, they seldom if ever in equilibrium; 

ii)  The underlying hidden dynamics may be complicated, not well 

understood, and econometrically difficult to model; 

iii)  The usual family of possible subject matter econometric models may be 

incorrectly specified and contain certain specification inadequacies; 

iv)  The data come from an uncontrolled sampling process that is 
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observational in nature and may contain large systematic errors; 

v)  The sample observations consists of mutual indirect noisy effects data, 

does not contain location or directional information and makes it 

impossible to distinguish between mutual influence and causal influence; 

vi)  Even introducing a lag in the mutual indirect noisy observations fails to 

distinguish information that is actually exchanged from shared 

information, and does not support time causality and system dynamics; 

vii)  Combining conventional estimation and inference methods, with fragile 

subject matter econometric models, often leads to large parameter 

estimation biases and incorrect inferences; 

viii)  Confounders abound, since in economic processes and systems, 

everything seems to depend on everything else; 

ix)  These propositions taken either individually or in combination, dominates 

the statistical variation on which policy effects, causal influence and 

causality is based. 

 The above observations would seem to indicate that economic-econometric 

information recovery requires new modeling and econometric methods, if we are to 

understand the underlying dynamic economic systems that generate the indirect noisy 

effects data that we observe. Given sufficient parameterization it is always possible to 

match a model to any data set, without capturing the underlying hidden structure or the 

key functionality of the system at hand. Our diligent pursuit of measurement with current 

analytical economic models and estimation and inference methods, has in many cases 
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reduced traditional econometrics to data fitting and a not very useful vision of the 

economic world we seek to understand. Finally it is important to note that the internet has 

become a popular domain for the development of new theories related to the organization 

and behavior of large scale complex and dynamic models.  In this context, the current 

emergence of noisy large scale data sets and network theory-modeling (e.g., Willinger et 

al. 2008), linked to information theoretic methods that appear to evoke some form of 

optimization(see Section 4.4), appears to offer promising new information recovery 

possibilities.  
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