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Abstract. The present work presents some causal and temporal patterns foundin clinical
data collected in Chiba University Hospital, Japan for patients suffering from collagen di s-
eases. To extract causal patterns, statistical techniques based on covariance analysis are used.
The extraction of temporal patterns usessurvival analysis techniques. The results obtained
using these techniques are analyzed and discussed.

1 Introduction

Probabilistic causality isplaying an increasingly important role in intelligent data
mining and evidence-based reasoning. Probabilistic causality [6, 3] extendsthe
established notion of conditional dependence to causal interpretation. Bayesian
Belief Networks [4] rely on acausal interpretation of conditional dependence to
perform probabilistic reasoning based on evidence and causation. Dataanalysis
methods have been developed to extract causal patternsfrom dataincluding Tetrad
[5] which isused in the present study, learning belief nets [2], and structural equ a-
tion models.

Probabilistic causality aims at developing methodologies that allow usto
deducethat X is a probable cause of Y when the probability of X given Y is diffe r-
ent from the probability of X. The techniques differ however in how they try to
eliminate spurious correlation, identify when a correlation can be attributed to hi  d-
den common causes, and in other implicit assumptions they make about the data
(whether it is discrete or continuous for example) and the data distribution. The
degreeto which causal analysis techniques allow the integration of background
knowledge also differs from one technique to another.

The causal analysis perform ed hereuses Tetrad [5] to build structural
graph representing causal patternsimplied by the data. A structural graph consists of
a set of nodes (V) and a set of edges (E) such that each node represents an entity (a
data field) and an edge isdirected from the cause to the effect. Undirected edges
suggest a possible common hidden cause.

Medicine has traditionally used pr obabilistic causality to measurethee f-
fectiveness of a treatment. In such studies, a sample of patients is drawn at random
and is then divided into a treatment group and a control group. Statistically signif i-
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cant differences between the treatment and the control group are causally attributed
to the treatment. Thisapproach to probabilistic causality cannot be used to study
disease causing factor or symptoms associated with diseases for obvious ethical and
health problems. Methods of probabilistic causality similar to the one used here
allow such studiesto be conducted. These methods use the data available fromi n-
fected individuals only (i.e. without control) by analyzing the covariance of different
observed quantities.

In addition to causal anaysis, this study considers some temporal aspects
related to thrombosis. The time between being diagnosed by an auto-immune di s-
ease and developing thrombosisis studied. Here we assume that the description time
is the time of diagnosis. If this date is not available, we consider the field labeled
“first date”. This may seem counter-intuitive but this choice produced more logical
and acceptable results than using the “first date” as the time of first diagnosis.

The temporal analysis utilizes survival analysiste chniques. All dates are
converted to days. The date of diagnosis is considered asthe time origin for each
individual, and the date of thrombosis is used asthe event of interest. Patients who
did not develop thrombosis are considered censored.

Following this introduction, Section 2 describes the data preparation stage.
Section 3 presents the results of analyzing the medical datafor the collagen disease
patients. Section 4 presents the results of a temporal analysis of the data. Section 5
concludes with adiscussion of the limitations of causal analysis observed inthe
results.

2 DataPreparation

The data preparation stage involved two steps: data-cleaning and data transform a
tion. The data-cleaning step eliminated unprintable characters, and inconsistent data.
Inconsistencies of two forms have been processed in this step as needed:

1. Tempora inconsistencies: for example, some patients have test results predating
their date of birth.

2. Data type inconsistencies. for example, some numeric fields contain aphan u-
meric characters. In many cases, additional characters indicating the units used
followed atest result.

Records containing tempora inconsistencies were discarded only if thei n-
consistency is relevant to the quantities analyzed. For example, we ignored there c-
ords corresponding to tests predating birth when the time since infectioniscons d-
ered.

Following the cleaning step, transformation and extraction operations are
performed. The transformations aim at converting all the data fields to numeric
fields as required by Tetrad input module. It is aso necessary to extract a subset of
fields and records that do not contain missing values because Tetrad does not allow
missing values. Therefore, the number of records decreases at the number of fields
increases.
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3 Causal Graphs

3

Tetrad starts with acomplete graph and uses statistical tests to verify that two data
fields are independent or conditionally independent. Edges are eliminated from the
graph to reflect the independencies detected. The remaining edges form a graph with
three type of edges.
Directed edges (->) indicating a cause-effect relationship: the head of
the arrow points to the effect and its tail pointsto the cause.
Bidirected edges (< ->) indicating a hidden common cause.
Directed edges with a small circle at itstail (0 =) indicate acause
effect or common cause.
Edge with circles at both ends (0--0) indicatethat either could be
causing the other or that there is a common cause.
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Figure 1. Structural graph (120 patients, tables A, B, and C)




4  A. Tawfik and K. Strickland

sex mra
aortitis
P(ANA
Pattern)
dm
Ss
behcet

CT

S(ANA
Pattern)

//

SLE
MCT
Q
s
N(ANA
D(ANA
pattern)
O
aCL IgA aCL IgM

Figure2. Structural graph (419 patients from tables A and B)

Note that the influence of a measured variable on another can be prop a-
gated along a path in the graph. Tetrad allows some background knowledge to be
incorporated in a number of ways. In the set of results described here we used te m-
poral constraints to avoid having gender and age be caused by other variable. The
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variablesthat temporally precede all others (i.e. cannot be caused by them) are
shown ahs diamondsin the figures. For convenience, we distinguish in the graphs
between test results and medical conditions such as diagnoses by using a box for a
node corresponding to atest and an ellipse for a node corresponding to a medical
condition.

It is apparent from figures 1 and 2 that some causal patterns remain un-
changed but others changed as the attributes and the sample size change. For exa m-
ple, both graphsimply that APS is a cause for thrombosis. However, the causal arc
connecting APS and aCL 1gG got reversed. Moreover, in some situations, the pro-
gram could not find a consistent orientation to satisfy the causal patterns deduced
from the data. This can be alimitation as Tetrad generates acyclic directed graphs
and some causal patternsare not acyclic. Itisworth noting that APS, identified by
Tetrad as a cause for thrombosis, is also chosen as the root of a decision tree gene r-
ated by C5.0.

4 Temporal Analysis

The temporal data in Table C is rather sparse and weakly related to thrombosis and
we have not been able to extract useful temporal patterns showing signs or immed i-
ate consequences of thrombosis. Instead, we considered the time between infection
with an auto-immune disease and developing thrombosis. This study uses survival
analysis (or event history analysis) [1] to represent the evolution over time or the
rate of occurrence of thrombosis. Initially at thetime of diagnosisall the patients
diagnosed with an auto-immune disease are considered at risk. Astime evolves
some patients devel op thrombosis, some are known not to have developed (i.e.
negative thrombosis results), and for the remaining patients, we do not know (ce n-
sored).

This temporal analysishas shown that the rate of occurrence of type 1
thrombosisisrather constant over time. Figure 3 shows the survival function for this
type. Type 2 results are inclusive and rather problematic. Type 3 thrombosis seems
israre during the first few years after thrombosis but increases after seven years.

Another set of temporal analysistried to find a relationship between the rate
of occurrence of thrombosis of any type followingthe diagnosis of each  auto-
immune disease. For many diseases, the number of patients who developed throm-
bosiswas so small that it was not possible to extract a pattern.

Table 1. Timetothrombosisfor SJS patients

Number Number Exposed ~ Survivor Std. Cum.

Time Events Censored to Risk Function Error Rate
0.00 0 0 113 1.00000 0.00000 0.00000
1.00 3 0 113 0.97345 0.01512 0.02691
46.00 1 65 45 0.95182 0.02600 0.04938
238.00 1 8 36 0.92538 0.03632 0.07755
247.00 1 0 35 0.89894 0.04386 0.10654
570.00 1 3 31 0.86994 0.05114 0.13933
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Table 1 is a sample of the survival data obtained for the risk of thrombosis over

timefol
gradua

lowing a particular diagnosis. It isclear that the rate of occurrence increases
ly aswell as the standard error asthe population decreases over time due to

censoring and the occurrence of the event. Note that the survivor function in the
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table represents a cumulative probability distribution over time not the rate of occu r-
rence of the event usually referred to as the hazard rate.

5 Conclusions

Structure equation models can be a useful tool for exploratory data analysis and data
mining. Here, we used Tetrad to perform a causal analysis of amedica dataset. The
results presented show that using such tool may be useful. Tetrad assumes linear
normally distributed data. Such assumptions do not necessarily hold here. Moreover,
as the data lacks information about interventions on the date of thrombosis, we are
concerned that results may be reflective of some interventions rather than the normal
progression of the condition. In addition to the causal analysis, this work presented
some initial finding in a temporal data analysis of this data set. Both the causal and
temporal analysis would have benefited from alarger data set.
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