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Abstract- Discovering causal pattern among the set of variables in a database is the primary task of data mining thereby well 
predicted models can be developed for decision making. This research article offers a review of open source and easy to use 
software package Tetrad used to explore the causal relations in terms of a diagram directed acyclic graph (DAG). Causal 
modeling through directed acyclic graphs is a powerful analytic tool that explores the cause and effect relationship between 
study variables especially in the time series data that encompass of higher variations.  DAG modeling can be seen as an 
alternative to many of the statistical procedures like path analysis or structural equation modeling (SEM). 
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I. INTRODUCTION 
 
Peter Spirtes, Clark Glymour, and Richard Scheines 
created TETRAD at Carnegie Mellon University. 
According to Spirtes, Tetrad is a software program 
for creating, simulating data from, estimating, testing, 
predicting with, and searching for causal models. The 
aim of the program is to provide sophisticated 
methods in a friendly interface requiring very little 
statistical sophistication of the user and no 
programming knowledge. Tetrad is unique in the 
suite of principled search ("exploration," "discovery") 
algorithms it provides--for example its ability to 
search when there may be unobserved confounders of 
measured variables, to search for models of latent 
structure, and to search for linear feedback models--
and in the ability to calculate predictions of the 
effects of interventions or experiments based on a 
model. All of its search procedures are "pointwise 
consistent"--they are guaranteed to converge almost 
certainly to correct information about the true 
structure in the large sample limit, provided that 
structure and the sample data satisfy various 
commonly made (but not always true!) assumptions.  
 
Tetrad is limited to models of categorical data (which 
can also be used for ordinal data) and to linear models 
("structural equation models') with a Normal 
probability distribution, and to a very limited class of 
time series models. The Tetrad programs describe 
causal models in three distinct parts or stages: a 
picture, representing a directed graph specifying 
hypothetical causal relations among the variables; a 
specification of the family of probability distributions 
and kinds of parameters associated with the graphical 
model; and a specification of the numerical values of 
those parameters. (Spirtes, 2006) 
Directed Acyclic Graphs (DAGs) 
The directed acyclic graph causal framework allows 
for the representation of causal and counterfactual 
relationships among variables (Pearl, 1995, 2000; 

Robins, 1997), DAG is a pattern representing causal 
flow among selected variables that are indicated to be 
related through some previous study. Mathematically, 
Directed Acyclic Graphs suggest conditional 
independence of the variables.  
 
Pr(v1,v2 …vn-1,vn )  =∑i=1mPr( vi | pai ) 
    
Where Pr is the probability of variables v1 ,v2, …, 
vm; while ai, presents a subset of variables with vi in 
order (i= 1, 2, …, m).One reason to study causal 
model is to predict the consequences of changing the 
effect variable by varying cause variable. If there are 
two variables X & Y, if we can predict Y better by 
using past values of X but not by using past values of 
X, then X granger causes Y. In our case, the oil 
market seems to be interconnected and can be drawn 
using lines indicating non directional linkages. On the 
other hand, DAG will eliminate markets which are 
uncorrelated with the remaining linkages giving 
direction, indicating causality between markets with 
the help of a graph. 
 
Our analysis is based on the idea that causal chains 
(A  B  C), causal forks (ABC), and causal 
inverted forks (ABC) imply particular 
correlation and partial correlation structures between 
and among the measures A, B, and C (Geiger, Verma, 
and Pearl). If A, B, and C are related as a chain (A  
B  C), the unconditional correlation between A and 
C will be non-zero. However, the conditional 
correlation between A and C given the information in 
B will be zero. If the three variables A, B, and C are 
instead related as an inverted fork (ABC), then 
the unconditional correlation between A and C will 
be zero, but the conditional correlation between A 
and C, given B, will be nonzero. Finally, if the events 
are related in a causal fork (ABC), the 
unconditional correlation between A and C will be 
non-zero, but the conditional correlation between A 
and C given B will be zero. 
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Directed graphs can assist in assigning causal flows 
to a set of observational data. A directed acyclic 
graph is a directed graph that contains no directed 
cyclic paths or in other words has no paths that 
repeat. For example, a cyclical path would be a 
situation where Variable A causes Variable B, which 
causes Variable C, which causes Variable A. In this 
example Variable A’s path of causality repeats back 
to itself. Conversely, an acyclical path is one that 
does not repeat on itself, but instead flows in only one 
direction.(Bessler, 2004) The arrows in a directed 
graph  show the flow of causality between any two 
variables. It is a relatively simple concept to note that 
when one variable has an arrow that points to another 
variable there suggests a causal relationship; the more 
difficult problem can be determining which variables 
contribute to the target variable that may relate 
through a “back door” variable(s). A “back door” in 
directed graphs is a connection between variables 
from a backwards approach. These variables are also 
important in estimating the target variable. To 
determine what “back door” variable(s) to include in 
a model, Bessler recommends asking questions and 
provides seven steps to obtain the answers (Bessler, 
2004).  
 
These steps are given below: 
Step 1: Identify potential independent and target 
variables of interest. First Question: Is it possible to 
follow the lines in the directed graph to get back to 
the target variable via the ancestors of the 
independent variable without running into converging 
arrows? If the answer is, “No,” then the independent 
variable is the only variable from your data that 
should be used to estimate the target variable. If the 
answer is, “Yes,” then determine the independent 
variable(s) that directly relate to the target variable 
(these variable(s) are the “back door” variables) and 
move to the next step. 
 
Step 2: Ensure that the “back door” independent 
variable(s) related to the target are non-descendants 
of the target variable or in other words, are not caused 
by the target variable. 
 
Step 3: Delete all non-ancestors or variables that do 
not have any causal relationship with the target 
variable, the original independent variable and the 
“back door” independent variable(s). 
 
Step 4: Delete all arcs or lines emanating from the 
target variable. 
 
Step 5: Connect any parent variables that share a 
common child variable. In other words, draw a line 
between any two variables that cause a common 
variable. 
 
Step 6: Strip arrow-heads from all edges of the lines 
or arcs connecting variables. 

Step 7: Delete lines into and out of the “back door” 
independent variables.  
 
Second Question: The second and final question is to 
determine if there is any way remaining for the 
original independent variable to reach the target 
variable. If the answer is, “Yes,” then repeat steps 
beginning at the first question. If the answer is, “No,” 
then all independent variable have been identified. 
 
In this research, we use the TETRAD IV analysis 
software, which incorporates the PC-algorithm 
introduced by Scheines, Spirtes, Glymour, and Meek 
(1994) for constructing the DAGs’. The PC algorithm 
is designed to search for causal explanations of 
observational or mixed observational and 
experimental data in which it may be assumed that 
the true causal hypothesis is acyclic and there is no 
hidden common cause between any two variables in 
the dataset. (It is also assumed that no relationship 
between variables in the data is deterministic--see 
PCD).  
 
The algorithm operates by asking a conditional 
independence oracle to make judgments about the 
independence of pairs of variables (e.g., X, Z) 
conditional on sets of variables (e.g., {Y}). 
Conditional independence tests are available for 
datasets that consist either entirely of continuous 
variables or entirely of discrete variables; hence, 
datasets of these types can be used as input to the 
algorithm. As a way of getting one's head around how 
the algorithm should behave in the ideal, when 
independence tests always give correct answers, one 
may also use a DAG as an input to the algorithm, in 
which case graphical d-separation will be substituted 
for an actual independence test.  
 
In the case where a continuous dataset is used as 
input, the available conditional independence tests 
assume that the direct causal influence of any variable 
on any other is linear and that the distribution of each 
variable is Normal. Some of the above assumptions 
are not testable using observational data. They should 
come from prior knowledge or partial experiments.  
 
CPC (Conservative PC) is a variant of the PC 
algorithm designed to improve arrow point 
orientation accuracy. The types of input data 
permitted and the assumptions for CPC are the same 
as for PC. That is, input data may be used that is 
either entirely discrete or entirely continuous. A DAG 
may be used as input, in which case graphical d-
separation will be used in place of conditional 
independence for purposes of the search. It is 
assumed that the true causal DAG over which the 
search is being done does not contain cycles, that 
there are no hidden common causes between any pair 
of observed variables, and that with continuous 
variables the direct causal effect of any variable into 
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any other is linear, with the distribution of each 
variable being Normal.  
 
To know how to interpret the output of CPC, it helps 
to know how CPC differs from PC. In the collider 
orientation step, instead of orienting an unshielded 
triple <X, Y, Z> as a collider just in case (as in PC) Y 
is not in the set Sxz that shielded off X from Z and 
hence led to the remove of X---Z during the adjency 
phase of the search, <X, Y, Z> is first labeled as 
either a collider, a noncollider, or an unfaithful triple, 
depending, respectively, on whether Y is in none of 
the sets S among adjacents of X or adjacents of Y 
such that X _||_ Y | S, or all of those sets, or some but 
not all of those sets. If <X, Y, Z> is labeled as a 
collider then it is oriented as X-->Y<--Z; if it is 
labeled as a noncollider or unfaithful, these facts are 
noted for later use. (It is intended for unfaithful triples 
to be underlined in some way, but this is not 
implemented in the interface currently. However, by 
inspecting the logs, the classification of unshielded 
triples into colliders, noncolliders, and unfaithful 
triples may be obtained.)  
 
Once all colliders have been marked and all other 
unshielded triples sorted properly, the Meek 
orientation rules are then applied as usual, with the 
exception that where these orientation rules require 
noncolliders, the fact that a triple is a noncollider is 
checked against the previously compiled 
classification of unshielded triples.  
 
Whereas the output graph of PC is a pattern (allowing 
for bidirected edges in some cases where 
independence information conflicts with the 
assumptions of PC), the output graph of CPC is an e-
pattern (with the same allowance). The e-pattern 
represents an equivalence class of DAGs that have 
the same adjacencies as the e-pattern, with every edge 
A-->B in the e-pattern also in the DAG and every 
unshielded collider in the DAG either an unshielded 
collider in the e-pattern or marked as unfaithful in the 

e-pattern. (Currently, the interface in Tetrad does how 
show which triples are marked as unfaithful, but the 
logs, accessed through the Logging menu, provide 
this information.)  
 
DAG Application  
1. Generate  and simulate a graphical 
statistical/causal  model of any of the following 
kinds:  
1. Models for categorical data (Bayes networks);  
2. Models for continuous data with variables having 
a Gaussian (Normal) joint probability distribution;  
3. Models for a limited class of time-series 
representing genetic regulatory networks..  
2. Estimate  and test the fit of parameters of models 
of the following kinds:  
1. Models for categorical data in which all variables 
are recorded in the data (no "latent" variables);  
2. Models for continuous data with or without latent 
variables;  
3. Update models of categorical data; i.e.,, compute 
the probability of any variable in the model 
conditional on any set of values for other variables in 
the model.  
4. Predict the probability of a variable in a model 
(without latent variables) from interventions that fix 
or randomize values for any set of other variables in 
the model.  
5. Search for models:  
1. Of categorical data with or without latent 
variables;  
2. Of continuous, Gaussian data with or without 
latent variables.  
6. Compare graphical features of two models.  
7. Find alternative models statistically equivalent to 
any given model without latent variables.  
 
Sessions in Tetrad are built up by placing boxes on 
the main workspace area, connecting them up with 
arrows, and building modules in each box that 
depending on parent modules that have already been 
built. Boxes are things that look like this:  
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Each box can contain one of a specific list of 
modules, and which modules are available depends 
on what modules are in the parent boxes for that box.  
Tetrad 4 works with drag and drop objects, dialog 
boxes, drop down menus, and clicking. Occasionally 
you will need to typesomething brief--numerals and 

names.  Most Tetrad operations are performed with a 
single left click or a double left click. Right clicks are 
used for additional information or less common 
options.  
 
The main workspace looks like this:  

 

 
 
if the search is being conducted directly over a graph 
(as a source of true conditional independence facts, to 
see how the algorithm behaves ideally).  
 
Tetrad has a variety of search algorithms to assist in 
searching for causal explanations of a body of data. It 
should be noted that the Tetrad search procedures are 
exponential in the worst case (when all pairs of 
variables are dependent conditional on every other set 
of variables.) The search procedures may take a good 
bit of time, and there is no guarantee beforehand as to 
how long that will be.  
 
 These search algorithms are different from those 
conventionally used in statistics.  
1. There are several search algorithms, 
differing in the assumptions they make. 
2. Many of the search algorithms allow the 
user to specify background information that will be 
used in the search procedure. In many cases the 
search results will be uninformative unless such 
background assumptions are explicitly made. This 
design not only provides for more flexibility, it also 
encourages the user to be conscious of the additional 
assumptions imposed in deriving a model from data. 
3. Even with background assumptions, data 
often do not determine a unique best or robust 
explanation. The search algorithms take in data and 
return information about a collection of alternative 
causal graphs that can explain features of the data. 

They do not usually return a unique graph, although 
they sometimes will if sufficient prior knowledge is 
specified. In contrast, if one searches for a regression 
model of the influences of a set of variables on a 
selected variable, a regression model will certainly be 
found (provided there are sufficient data points), 
specifying which variables influence the target and 
which do not. 
4. The algorithms are in some respects 
cautious. Search algorithms such as FCI and PC , 
described below, will often say, correctly, that it 
cannot be determined whether or not a particular 
variable influences another. 
5. The algorithms are not just useful guesses.  
Under explicit assumptions (which often hold at best 
only approximately), the algorithms are "pointwise 
consistent"--they converge almost surely to the 
correct answer. The conditions for this sort of 
consistency of the seaarch procedures are described 
in the references. Conventional model search 
algorithms--stepwise regression, for example--have 
such guarantees only under very strong prior 
assumptions about the causal structure. 
6. The output of the search algorithms provides 
a variety of indirect information about how much the 
conclusions of the algorithm can be trusted. They can, 
for example, be run repeatedly for a variety of 
specifications of alpha values in their statistical tests, 
to gain insight about robustness. For search 
algorithms such as PC, CCD, GES and MimBuild, 
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described below,  if the search algorithms return 
"spaghetti"--a highly connected graph--that indicates 
the serach cannot determine whether all of the 
connected variables may be influenced  by a common 
unmeasured cause. If the PC algoirthm returns an 
edge with two arrowheads, that indicates a latent 
variable may be acting; if searches other than CCD 
return graphs with cycles, that indicates the 
assumptions of the search algoirthm are violated. 
7. Some of the search procedures are robust 
against common difficulties in sampling designs--
they give correct, but reduced information in such 
cases. For example, the FCI algorithm allows that 
there may be unobserved latent common causes of 
measured variables--or not--and that the sample may 
have been formed by a process in which the values of 
measured variables invlucne whether or not a unit is 
included in the sample (sample selection bias). The 
CCD algorithm allows that the correct causal 
structure may be "non-recursive"--essentially a cyclic 
graphical mode, a folded up time series. 
8. The output of the algorithms is not an 
estiamted model with parameter values, but a 
discription of a class of causall graphs that can 
explain statistical features of the data considered by 
the search procedures. That information can be 
converted by hand into particular graphical models in 
the form of directed graphs, which can then be 
estimated by the program and tested.  
9.  
The search procedures available are named:  
 PC - Searches for Bayes net or SEM models 
when it is assumed there is no latent (unrecorded) 
variable that contributes to the association of two or 
more measured variables.  
 CPC - Variant of PC that improves arrow 
orientation accuracy.  
 PCD - Variant of PC that can be applied to 
deterministic data.  

 FCI --which performs a search similar to PC 
but allowing that there may be latent variables.  
 CCD--for searching for non-recursive SEM 
models (models of feedback systems using cyclic 
graphs) without latent variables  
 GES -- Scoring search for Bayes net or SEM 
models when it is assumed there is no latent 
(unrecorded) variable that contributes to the 
association of two or more measured variables.  
 MBF -- Searches for the Markov blankets 
DAGs for a given target T over a list of variables 
<v1,...,vn,T>.  
 CEF - Variant of MBF that searches for the 
causal environment of a T (i.e., parents and children 
of T).  
 Structural EM -  
 MimBuild--for searching for latent structure 
from the output of Build Pure Clusters or Purify 
Clusters  
 BPC --for searching for sets of variables that 
share a single latent common cause  
 Purify Clusters--for searching for sets of 
variables that share a single latent common cause 
Inputs to the Search Box  
 
There are two possible inputs for a search algorithm: 
a data set or a graph. If a graph is input, the program 
allows searches the program computes implied 
independence and conditional independence relations 
and allows you to conduct any search that uses only 
such constraints--the PC, FCI and CCD algorithms.   
Why would you apply a Search procedure to a model 
you already know?  For a very important reason: The 
Search procedures will find the graphical 
representation of alternative models  to your model 
that imply the same constraints.  
 
The more usual use of the search algorithms requires 
a data set as input. Here is an example.  
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Select the desired algorithm that meets your 
assumptions from the Search list. An initial dialog 
box showing the search parameters you can set is 
displayed. The following figure illustrates the one 
that is displayed when PC Algorithm is selected.  
 
After the proper parameters are set, if the user checks 
the box "Execute searches automatically", the 

automated search procedure will start when the OK 
button is clicked.  
 
The respective Help button can be used to get 
instructions about that specific algorithm. The next 
window displays the result of the procedure, and can 
also be used to fire new searches. The following 
figure illustrates an output for the PC algorithm. 

 

 
Inserting background knowledge  
Besides the assumptions underlying each algorithm, 
another source of constraints that can be used by the 
search procedures to narrow down the search and 
return a more informative output is making use of 
background knowledge provided by the user.  
Assumptions 
 
A search procedure is point wise consistent if as the 
sample size increases without bound, the output of 
the algorithm converges with probability 1 to true 
information about the data generating structure. For 
all of the Tetrad search algorithms, available proofs 
of point wise consistency, the following assumptions 
practiced. 
 
1. The sample is i.i.d--the probaiblity of any unit in 
a population being sampled is the same as any other, 
and the joint probability distribution of the variables 
is the same for all units. 
 
2. The joint probability distribution is locally 
Markov. In acyclic cases, this is equivalent to a 
simpler "global" Markov condition:  that a variable is 
independent of all variables that are not its effects 
conditional on the direct causes of the variable in the 
causal graph (its "parents"). In cyclic cases, the local 
Markov condition has a related but more technical 
definition.  
 
3. All of the independence and conditional 

independence relations in the joint probability 
distribution are consequences of the local Markov 
condition for the true causal graph. 
 
In addition, various specific search algorithms impose 
other assumptions. Of course, the search algorithms 
may give correct in information when these 
assumptions do not strictly hold, and in some cases 
will do so when they are grossly violated--the PC 
algorithm, for example, will sometimes correctly 
identify the presence of unrecorded common causes 
of recorded variables. 
  
CONCLUSION 
 
Exploring causal relations through directed acyclic 
graphs is easier and comparable with any other 
statistical software modeling. Prior knowledge in 
research is validated through DAG and model results 
are compatible and comparable with other statistical 
procedures. Tetrad software is user friendly open 
source software and is suitable for the application of 
causal modeling among several disciplines like social 
sciences, engineering and technology. Innovations in 
causal models are validated by DAG to further 
strengthen the time series econometric modeling.  
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