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Abstract 
 

Data quality is a critical problem in modern databases. Direct form entry on paper work which leads to re-entry. Through Survey. 
USHER model. Which is an end to-end system for form design, entry, and data quality assurance. Most of the modern databases 
have a critical problem. I.e.Data quality. In this, we implement USHER, which is an end to-end system for form design, entry, 
and data quality assurance. To improve the data USHER is used at every step of the data entry process. i.e 1) Before Entry 2) 
During Entry3) After Entry.  The main area where we can find the data quality problem is medicine, because the errors lead to 
severe consequences. Survey methodology is one of the best practices for quality during the data entry. In this method we 
perform paper forms and direct electronic entry, But these methods does not give you an accuracy and efficiency of data entry. 

 

1. Introduction  
 

Organizations and individuals routinely make important decisions based on inaccurate data stored in 
supposedly authoritative databases. Data errors in some domains, such as medicine, may have particularly severe 
consequences. These Errors can arise at a variety of points in the lifecycle of data, from data entry, through storage, 
integration and cleaning to and decision-making while each step presents an opportunity to address data quality, 
entry-time offers the earliest opportunity to catch and correct errors. After the submission of a complete form 
instance, the Model is consulted to predict which responses may be erroneous, so as to re-ask those questions in 
order to verify their correctness — we call this the contextualized error likelihood principle. This focused re-asking 
approximates the benefits of double entry at a fraction of the cost. In addition, USHER’s approach provides a work 
for reasoning about and organizing feedback mechanisms for the data-entry user interface. During data entry, 
USHER can predict the likely hood of unanswered fields given entered answers. Using these probability lies, and 
following the intuition that multivariate out liars are values warranting reexamination by the data entry worker, 
USHER can guide the user with much more specific and context-aware feedback. The database community has 
focused on data cleaning once data has been collected into a database, and has paid relatively little attention to data 
quality at collection time Current best practices for quality during data entry come from the field of survey 
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methodology, which offers principles that include manual question orderings and input constraints, and double entry 
of paper forms Although this has long been the de facto quality assurance standard in data collection and 
transformation, we believe this area is ripe for reconsideration. For both paper forms and direct electronic entry, we 
posit that a data-driven and more computationally sophisticated approach can significantly outperform these 
decades-old static methods in both accuracy and efficiency of data entry. The problem of data quality is magnified in 
low-resource data collection settings. Recently, the World Health Organization likened the lack of quality health 
information in developing regions to a “gathering storm,” saying, make people count, we first need to be able to 
count. Indeed, many health organizations, particularly those operating with limited resources in developing regions, 
struggle with collecting high-quality data. Why is data collection so challenging? First, many organizations lack 
expertise n paper and electronic form design and rely on ad hoc mapping of required data fields to data entry 
widgets by intuition. Second, in the paper form transcription process, double entry is too costly and takes too long 
— we witnessed an HIV/AIDS program running clinical care on paper forms while researchers and funders receive 
the output of clean, double-entered digital data much later. Finally, even organizations in developing regions are 
beginning to use mobile devices like smart phones for data collection, with community health workers doing direct 
digital data entry in remote locations. Electronic data entry devices those of paper, displacing the role of traditional  
form design and double entry. We often saw that there were no data quality checks at all in these cases; Patnaik et al. 
found mobile data entry quality to be ten times worse hand dictate onto a human operator. To address this spectrum 
of data quality challenges, we have developed USHER, an end-to-end system that can improve data quality and 
efficiency at the point of entry by learning probabilistic models from existing data, which stochastically relate the 
questions of a data entry form. These models form a principled foundation on which we develop information-
theoretic algorithms for form design, dynamic form adaptation during entry, and question verification after entry:  
 
1) Since form layout is often ad hoc, USHER optimizes any flexibility for question ordering according to a 
probabilistic objective function that aims to maximize the information content of form answers as early as possible 
— we call this the greedy information gain principle. We offer initial thoughts on design patterns for USHER-
inspired data entry interfaces. The contributions of this paper are fourfold:  
 
1) We describe our designs fort wok entry form that model both question ordering and error likelihood.  
2) We describe how USHER uses these models to provide three forms of guidance: static form design, dynamic 
question ordering, and re-asking.  
3) We present experiments showing that USHER has the potential to improve data quality at reduced cost. We study 
two representative data sets: direct electronic entry of survey results about political opinion, and transcription of 
paper-based patient intake form from an HIV/AIDS clinic in Tanzania.  
4) Extending our ideas on form dynamics, we propose new user interface principles for designing contextualized, 
intuitive feedback about the likelihood of data as it is entered. This provides a foundation for incorporating data 
cleaning visualizations directly into the entry process.  
3) During entry, the model’s probability estimates are used to dynamically reorder questions, again to maximize 
information gain according to the same principle. This is appropriate in scenarios where the form is presented one 
question at a time, or in small batches.  
 
1.1 System A. 
 

A Data-driven Approach USHER builds a probabilistic model for an arbitrary data entry form in two steps: 
first, by learning the relationships between form questions via structure learning; and second, by estimating the 
parameters of a Bayesian network, which then allows us to generate predictions and error probabilities for the form. 
After the model is built, USHER uses it to automatically order a form’s questions for greedy information gain. 
Section describes both static and dynamic algorithms, which employ criteria based on the magnitude of statistical 
information gain that is expected in answering a question, given the answers that have been provided so far. This is a 
key idea in our approach. By front-loading predictive potential, we increase the models’ capacity in several ways. 
First, from an information theoretic perspective, we improve our ability to do multivariate prediction and outlier 
detection for subsequent questions. As we discuss in more detail in Section, the predictive ability can be applied by 
parameterizing data entry widgets (type-ahead suggestions, default values),assessing answers(outlier flags), and 
performing in-flight cross-validation (survey design parlance or re-asking of questions) .Second, from a 
psychological perspective, front-loading information gain also addresses the human issues of user fatigue and 
limited attention span, which can result in increasing error rates over time, and unanswered questions at the end of 
the form. Our approach is driven by the same intuition underlying the practice of curb stoning which was related to 



D.Venkata koteswaramma, IJRIT  256 

 

us in discussion with survey design. Curb stoning is a way in which an unscrupulous door-to-door surveyor shirks 
work: he or she Marital Status Referred From Prior Exposure Date Comfy HIV Positive Date First Positive HIV 
Test Sex Date Of Birth District Code Region Code. Bayesian network for the patient dataset, showing probabilistic 
relationships between form questions. Asks an interviewee only a few important questions, and then uses those 
responses to complete the remainder of a form while sitting on the curb outside the home. The constructive insight 
here is that a well-chosen subset of questions can often enable an experienced agent to intuitively predict the 
remaining answers. USHER’s question ordering algorithms formalize this intuition via the principle of greedy 
information gain, and use them (scrupulously) to improve data entry. USHER’s learning algorithm relies on training 
data. In practice, a data entry backlog can serve as this training set. In the absence of sufficient training data, 
USHER can bootstrap itself on a “uniform prior,” generating a form based on the assumption that all inputs are 
equally likely. Subsequently, a training set can gradually be constructed by iteratively capturing data from designers 
and potential users in “learning runs.” It is a common approach to first fit to the available data, and then evolve a 
model as new data becomes available. This process of semi-automated form design can help institutionalize new 
forms before they are deployed in production. USHER adapts to a form and dataset by crafting a custom model. Of 
course, as in many learning systems, the model learned may not translate across contexts. We do not claim that each 
learned model would or should fully generalize to different environments. Instead, each context-specific model is 
used to ensure data quality for a particular situation, where we expect relatively consistent patterns in input data 
characteristics. In the remainder of this section, we illustrate USHER’s functionality with examples. Further details, 
particularly regarding the probabilistic model, follow in the ensuing sections. 

 
 

2. Related Work  
 
Our work builds upon several areas of related work. We provide an overview in this section.  
 
A. User Interfaces 
 

Past research on improving data entry is mostly focused on adapting the data entry interface for user 
efficiency improvements. Several such projects have used learning techniques to automatically fill or predict a top-k 
set of likely values. For example, Ali and Meeks predicted values for combo-boxes in web forms and measured 
improvements in the speed of entry; Eloped generated type-ahead suggestions that were improved by geographic 
information; Herman’s. Automatically filled leave-of-absence forms using decision trees and measured predictive 
accuracy and time savings. In these approaches, learning techniques are used to predict form values based on past 
data, and each measures the time savings of particular data entry mechanisms and/or the proportion of values their 
model was able to correctly predict. USHER’s focus is on improving data quality, and its probabilistic formal is 
missing based on teach relation Ships within the underlying data that guide the user towards more correct entries. In 
addition to predicting question values, we develop and exploit probabilistic models of user error, and target a 
broader set of interface adaptations for improving data quality, including question reordering and re-asking, and 
widget customizations that provide feedback to the user based on the likelihood of their entries. Some of the 
enhancements we make for data quality could also be applied to improve the speed of entry.  
 
B. Data Cleaning 
 

In the database literature, data quality has typically been addressed under the rubric of data cleaning. Our 
work connects most directly to data cleaning  multi variety outline detection; it Is based in part on interface ideas 
first proposed by Hellerstein . By the time such retrospective data cleaning is one, the physical source of the data is 
typically unavailable — thus, errors often become too difficult or time-consuming to be rectified. USHER addresses 
this issue by applying statistical Data quality insights at the time of data entry. Thus, it can catch errors when they 
are made, and when ground-truth values may still be available for verification.  
 
C. Clinical Trials 
 

Data quality assurance is a prominent topic in the science of clinical trials, where the practice of double 
entry has been questioned and dissected, but nonetheless remains the gold standard. In particular, Kleinman takes a 
probabilistic approach toward choosing which forms to re-enter based on the individual performance of data entry 
staff. This cross-form validation has the same goal as our approach of reducing the need for complete double entry, 
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but does so at a much coarser level of granularity. It requires historical performance records for each data entry 
worker, and does not offer dynamic reconfirmation of individual questions. In contrast, USHER’s cross-question 
validation adapts to the actual data being entered in light of previous form submissions, and allows for a principled 
assessment of the tradeoff between cost (of reconfirming more questions)versus quality(as predicted by the 
probabilistic model).  
 
D. Survey Design 
 

The survey design literature includes extensive work on proper form design for high data quality. This 
literature advocates the use of manually specified constraints on response values. These constraints maybe Uni 
variate (e.g., a maximum value for an age question) or multivariate (e.g., disallowing gender to be male and 
pregnant to be yes). Some constraints may also be “soft,” and only serve as warnings regarding unlikely 
combinations e.g., age being 60 and pregnant being yes). The manual specification of such constraints requires a 
domain expert, which can be prohibitive in many scenarios. By relying on prior data, USHER learns to 
automatically infer many of these same constraints without requiring their explicit specification. When these 
constraints are violated during entry, USHER can then flag the relevant questions, or target them for re-asking. 
However, USHER does not preclude the manual specification of constraints. This is critical, because previous 
research into the psychological phenomena of survey filling has yielded common constraints not inherently 
learnable from prior data. This work provides heuristics such as “groups of topically related questions should often 
be placed together,” and “questions about race should appear at the end of a survey.” USHER complements these 
human-specified constraints, accommodating them while leveraging any remaining flexibility to optimize question 
ordering in a data-driven manner.  
 

 
 

Figure: 1 
 
Bayesian Networks: Bayesian networks (BNs), also known as belief networks (or Bayes nets for short), belong to the 
family of probabilistic graphical models (GMs). These graphical structures are used to represent knowledge about 
an uncertain domain. In particular, each node in the graph represents a random variable, while the edges between the 
nodes represent probabilistic dependencies among the corresponding random variables. These conditional 
dependencies in the graph are often estimated by using known statistical and computational methods. Hence, BNs 
combine principles from graph theory, probability theory, computer science, and statistics. GMs with undirected 
edges are generally called Markov random fields or Markov networks. These networks provide a simple definition of 
independence between any two distinct nodes based on the concept of a Markov blanket. Markov networks are 
popular in fields such as statistical physics and computer vision BNs correspond to another GM structure known as a 
directed acyclic graph (DAG) that is popular in the statistics, the machine learning, and the artificial intelligence 
societies. BNs are both mathematically rigorous and intuitively understandable. They enable an effective 
representation and computation of the joint probability distribution (JPD) over a set of random variables. The 
structure of a DAG is defined by two sets: the set of nodes (vertices)  and the set of directed edges. The nodes 
represent random variables and are drawn as circles labeled by the variable names. The edges represent direct 
dependence among the variables and are drawn by arrows between nodes. In particular, an edge from node Xi to 
node Xj represents a statistical dependence between the corresponding variables. Thus, the arrow indicates that a 
value taken by variable Xj depends on the value taken by variable  Xi, or roughly speaking that variable Xi 
“influences” Xj . Node Xi is then referred to as a parent of Xj and, similarly, Xj is referred to as the child of Xi . An 
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extension of these genealogical terms is often used to define the sets of “descendants” –the set of nodes that can be 
reached on a direct path from the node, or “ancestor” nodes – the set of nodes from which the node can be reached 
on a direct path. The structure of the acyclic graph guarantees that there is no node that can be its own ancestor or its 
own descendent. Such a condition is of vital importance to the factorization of the joint probability of a collection of 
nodes as seen below. Note that although the arrows represent direct causal connection between the variables, the 
reasoning process can operate on BNs by propagating information in any direction.  
 

A BN reflects a simple conditional independence statement. Namely that each variable is independent of its 
non-descendants in the graph given the state of its parents. This property is used to reduce, sometimes significantly, 
the number of parameters that are required to characterize the JPD of the variables. This reduction provides an 
efficient way to compute the posterior probabilities given the evidence. In addition to the DAG structure, which is 
often considered as the “qualitative” part of the model, one needs to specify the “quantitative” parameters of the 
model. The parameters are described in a manner which is consistent with a Mark ovi and property, where the 
conditional probability distribution (CPD) at each node depends only on its parents. For discrete random variables, 
this conditional probability is often represented by a table, listing the local probability that a child node takes on 
each of the feasible values – for each combination of values of its parents. The joint distribution of a collection of 
variables can be determined uniquely by these local conditional probability tables (CPTs). Following the above 
discussion, a more formal definition of a BN can be given. A Bayesian network B is an annotated acyclic graph that 
represents a JPD over a set of random variables V. The network is defined by a pair B = _G,__, where G is the DAG 
whose nodes X1,X2, . . .,  Xn represents random variables, and whose edges represent the direct dependencies 
between these variables. The graph G encodes independence assumptions, by which each variable Xi is independent 
of its non-descendants given its parents in G. The second component_denotes the set of parameters of the network. 
This set contains the parameter θxi |πi= PB (xi |πi ) for each realization xi of Xi conditioned on πi, the set of parents 
of  Xi in G.   
 

Accordingly, B  Defines a unique JPD over V. PB(X1, X2, . . ., Xn) =n_i=1PB(Xi |πi) =n_i=1θXi |πi(1) For 
simplicity of representation we omit the subscript B  henceforth. If Xi has no parents, its local probability 
distribution is said to be unconditional, otherwise it is conditional. If the variable represented by a node is observed, 
then the node is said to be an evidence node, otherwise the node is said to be hidden or latent. Consider the 
following example that illustrates some of the characteristics of BNs. The example shown in Figure 1 has a similar 
structure to the classical “earthquake” example in Pearl. It considers a person who might suffer from a back injury, 
an event represented by the variable Back (denoted by B). Such an injury can cause a backache, an event represented 
by the variable Ache (denoted by A). The back injury might result from a wrong sport activity, represented by the 
variable Sport (denoted by S) or from new uncomfortable chairs installed at the person’s office, represented by the 
variable Chair (denoted by C). In the latter case, it is reasonable to assume that a coworker will suffer and report a 
similar backache syndrome, an event represented by the variable Worker (denoted by W). All variables are binary; 
thus, they are either true (denoted by “T”) or false (denoted by “F”). The CPT of each node is listed besides the 
node. In this example the parents of the variable Back are the nodes Chair and Sport. The child of Back is Ache, and 
the parent of Worker is Chair. Following the BN independence assumption, several independence statements can be 
observed in this case. For example, the variables Chair and Sport are marginally independent, but when Back is 
given they are conditionally dependent. This relation is often called explaining away. When Chair is given, Worker 
and Back are conditionally independent. When Back is given, Ache is conditionally independent of its ancestors 
Chair and Sport. The conditional independence statement of the BN provides a compact factorization of the JPDs. 
Instead of factorizing the joint distribution of all the variables by the chain rule, i.e.,  
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Figure: 2 

 
Investigate the structure of the JPD modeled by a BN is called d-separation. It captures both the conditional 
independence and dependence relations that are implied by the Markov condition on the random variables. 
 
E. Inference via BN 
 

Given a BN that specified the JPD in a factored form, one can evaluate all possible inference queries by 
marginalization, i.e. summing out over “irrelevant” variables. Two types of inference support are often 
considered: predictive support for node Xi , based on evidence nodes connected to Xi through its parent nodes (also 
called top-down reasoning), and diagnostic support for node Xi , based on evidence nodes connected to Xi through 
its children nodes (Also called bottom-up reasoning).One might consider the diagnostic support for the belief on 
new uncomfortable chairs installed at the person’s office, given the observation that the person suffers from a 
backache.  Such a support is formulated as follows: 
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Note that even for the binary case, the JPD has size O (2n), where n is the number of nodes. Hence, summing over 
the JPD takes exponential time. In general, the full summation (or integration) over discrete (continuous) variables is 
called exact inference and known to be an NP-hard problem. Some efficient  algorithms exist to solve the exact 
inference problem in restricted classes of networks. One of the most popular algorithms is the message passing 
algorithm that solves the problem in O (n) steps (linear in the number of nodes) for polytrees (also called singly 
connected networks), where there is at most one path between any two nodes. The algorithm was extended to 
general networks by Lauritzen and Spiegelhalter. Other exact inference methods include the cyclecutset conditioning 
and variable elimination. Approximate inference methods were also proposed in the literature, such as Monte Carlo 
sampling that gives gradually improving estimates as sampling proceeds. A variety of standard Markov chain Monte 
Carlo (MCMC) methods, including the Gibbs sampling and the Metropolis–Hastings algorithm, were used for 
approximate inference. Other methods include the loopy belief propagation and variation methods that exploit the 
law of large numbers to approximate large sums of random variables by their means. 
 
F. BN Learning 
 

In many practical settings the BN is unknown and one needs to learn it from the data. This problem is 
known as the BN learning problem, which can be stated informally as follows: Given training data and prior 
information (e.g., expert knowledge, casual relationships), estimate the graph topology (network structure) and the 
parameters of the JPD in the BN. Learning the BN structure is considered a harder problem than learning the BN 
parameters. Moreover, another obstacle arises in situations of partial observe ability when nodes are hidden or when 
data is missing. In general, four BN learning cases are often considered, to which different learning methods are 
proposed, as seen in Table 1 .In the first and simplest case the goal of learning is to find the values of the BN 
parameters (in each CPD) that maximize the (log)likelihood of the training 
 

 
dataset. This dataset contains m cases that are often assumed to be independent. Given training dataset 
 

 
 
The parameter set _ = (θ1, . . . , θn), where θi is the vector of parameters for the conditional distribution of variable 
Xi (represented by one node in the graph), the log-likelihood of the training dataset is a sum of terms, one for each 
node 
 

 
The log-likelihood scoring function decomposes according to the graph structure; hence, one can maximize the 
contribution to the log-likelihood of each node independently. Another alternative is to assign a prior probability 
density function to each parameter vector and use the training data to compute the posterior parameter distribution 
and the Bayes estimates. To compensate for zero occurrences of some sequences in the training dataset, one can use 
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appropriate (mixtures of) conjugate prior distributions, e.g. the Dirichlet prior for the multinomial case as in the 
above backache example or the Wish art prior for the Gaussian case. Such an approach results in a maximum a 
posteriori estimate and is also known as the equivalent sample size (ESS) method. In general, the other learning 
cases are computationally intractable. In the second case with known structure and partial observe ability, one can 
use the EM (expectation maximization) algorithm to find a locally optimal maximum-likelihood estimate of the 
parameters. MCMC is an alternative approach that has been used to estimate the parameters of the BN model. In the 
third case, the goal is to learn a DAG that best explains the data.  
 

This is an NP-hard problem, since the number of DAGs on N variables is super exponential in N. One 
approach is to proceed with the simplest assumption that the variables are conditionally independent given a class, 
which is represented by a single common parent node to all the variable nodes. This structure corresponds to the 
na¨ıve BN, which surprisingly is found to provide reasonably good results in some practical problems. To compute 
the Bayesian score in the fourth case with partial observe ability and unknown graph structure, one has to 
marginalize out the hidden nodes as well as the parameters. Since this is usually intractable, it is common to use an 
asymptotic approximation to the posterior called Bayesian information criterion (BIC) also known as the minimum 
description length (MDL) approach. In this case one considers the trade-off effects between the likelihood term and 
a penalty term associated with the model complexity. An alternative approach is to conduct local search steps inside 
of the M step of the EM algorithm, known as structural EM, that presumably converges to a local maximum of the 
BIC score .  BN and Other Mark ovian Probabilistic Models It is well known that classic machine learning methods 
like Hidden Markov models (HMMs), neural networks, and Kalman filters can be considered as special cases of 
BNs Specific types of BN models were developed to address stochastic processes, known as dynamic BN, and 
counterfactual information, known as functional BN . Ben-Gal et al. [8] defined a hierarchical structure of Mark 
ovian GMs, which we follow here. The structure is described within the framework of DNA sequence classification, 
but is relevant to other research areas .The authors introduce the variable-order Bayesian network (VOBN) model as 
an extension of the position weight matrix (PWM) model, the fixed-order Markov model (MM) including HMMs, 
the variable order Markov (VOM) model, and the BN model. The PWM model is presumably the simplest and the 
most common context-independent model for DNA sequence classification.  

 
The basic assumption of the PWM model is that the random variables (e.g., nucleotides at different 

positions of the sequence) are statistically independent. Since this model has no memory it can be regarded as a 
fixed-order MM of order 0. In contrast, higher fixed-order models, such as MMs, HMMs, and interpolated MMs, 
rely on the statistical dependencies within the data to indicate repeating motifs in the sequence. VOM models stand 
in between the above two types of models with respect to the number of model parameters. In fact, VOM models do 
not ignore statistical dependencies between variables in the sequence, yet, they take into account only those 
dependencies that are statistically significant. In contrast to fixed-order MMs, where the order is the same for all 
positions and for all contexts, in VOM models the order may vary for each position, based on its contexts. Unlike 
the VOM models, which are homogeneous and which allow statistical dependences only between adjacent variables 
in the sequence, VOBN models are inhomogeneous and allow statistical dependences between nonadjacent positions 
in a manner similar to BN models. Yet, as opposed to BN models, where the order of the model at a given node 
depends only on the size of the set of its parents, in VOBN models the order also depends on the context, i.e. on the 
specific observed realization in each set of parents. As a result, the number of parameters that need to be estimated 
in VOBN models is potentially smaller than in BN models, yielding a smaller chance for over fitting of the VOBN 
model to the training dataset. Context-specific BNs  are closely related to, yet constructed differently from, the 
VOBN model . 

 
To summarize, the VOBN model can be regarded as an extension of PWM, fixed-order Markov, and BN 

models as well as VOM models in the sense that these four models are special cases of the VOBN model. This 
means that in cases where statistical dependencies are insignificant, the VOBN model degenerates to the PWM  
model. If statistical dependencies exist only between adjacent positions in the sequence and the memory length is 
identical for all contexts, the VOBN model degenerates to an inhomogeneous fixed-order MM. If, in addition, the 
CPDs are identical for all positions, the VOBN model degenerates to a homogeneous fixed-order MM. If the 
memory length for a given position is identical for all contexts and depends only on the number of parents, the 
VOBN model degenerates to a BN model. If the context-dependent statistical dependencies in the VOBN model are 
restricted to adjacent positions, the VOBN model degenerates to the inhomogeneous VOM model. If, in addition, 
the context dependent CPDs are identical for all positions, the VOBN model degenerates to a homogeneous VOM 
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model. Figure 3 sketches these relationships between fixed-order MMs, BN models, VOM models, and VOBN 
models. 
 
 

 
 

Figure:3Hierarchical structure of Markovian graphical models 
 
3. Conclusion 
 

BNs became extremely popular models in the last decade. They have been used for applications in various 
areas, such as machine learning, text mining, natural language processing, speech recognition, signal processing, 
bioinformatics, error-control codes, medical diagnosis, weather forecasting, and cellular networks. The name BNs 
might be misleading. Although The use of Bayesian statistics in conjunction with BN provides an efficient approach 
for avoiding data over fitting, the use of BN models does not necessarily imply a commitment to Bayesian statistics. 
In fact, practitioners often follow frequentists’ methods to estimate the parameters of the BN. On the other hand, in a 
general form of the graph, the nodes can represent not only random variables but also hypotheses, beliefs, and latent 
variables. Such a structure is intuitively appealing and convenient for the representation of both causal and 
probabilistic semantics. As indicated by David, this structure is ideal for combining prior knowledge, which often 
comes in causal form, and observed data. BN can be used, even in the case of missing data, to learn the causal 
relationships and gain an understanding of the various problem domains and to predict future events. 
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