
REPRESENTATION OF EMPIRICALLY DERIVED CAUSAL RELATIONSHIPS 

Robert L. Blum 

Department of Computer Science 
Stanford Un ive rs i t y 

S tan ford , Ca l i f o rn i a 94305 

ABSTRACT 

The ob jec t i ve of t h i s paper is to present a 
method fo r the computer representa t ion of e m p i r i ­
c a l l y der ived causal r e l a t i onsh ips (CR's) . This 
method draws on the theory of m u l t i v a r i a t e l i nea r 
models and path ana l ys i s . The method is contrasted 
w i th the predicate ca lcu lus based methods used by 
most researchers in a r t i f i c i a l i n t e l l i g e n c e . 

The representa t ion presented here has been 
used to s tore in fo rmat ion on medical CR's der ived 
emp i r i ca l l y from a large c l i n i c a l database by a 
computer program ca l l ed RX. The p r i nc i pa l empha­
s is in the representa t ion is on captur ing the 
i n t e n s i t i e s and variances of e f f ec t s and the 
v a r i a t i o n in the e f fec ts across a pa t i en t popula­
t i o n . Once incorporated i n to RX's knowledge base, 
t h i s in format ion is subsequently used by RX in 
determining the v a l i d i t y of other CR's. 

The representa t ion uses a d i rec ted graph 
formalism in which the nodes are frames and the 
arcs conta in seven desc r i p t i ve features of 
i nd i v i dua l CR's: i n t e n s i t y , d i s t r i b u t i o n , d i r e c ­
t i o n , mathematical form, s e t t i n g , v a l i d i t y , and 
evidence. 

Because natura l systems (such as the human 
body) are i nheren t l y p r o b a b i l i s t i c , l i nea r models 
are useful in represent ing causal f low in them. 
Knowledge of natural systems is fundamental ly pro­
b a b i l i s t i c because of 1) I r r e d u c i b l e indeterminism 
in t h e i r component processes, 2) d i f f i c u l t i e s in 
accura te ly measuring a l l re levant v a r i a b l e s , 3) 
v a r i a t i o n among i nd i v i dua l s in a popu la t i on , and 
4) inadequate s c i e n t i f i c theory . 

The p r i nc i pa l ob jec t i ve of t h i s paper 1s to 
present a method fo r the computer representa t ion 
of causal r e l a t i onsh ips re levant to c l i n i c a l med­
i c i n e . The representa t ion presented here is used 
to s tore in format ion on c l i n i c a l causal r e l a t i o n ­
ships in the medical knowledge base of a large 
computer program ca l l ed RX. 

In t h i s b r i e f repor t I w i l l touch on the 
fo l l ow ing t o p i c s : 1) the ob jec t i ves and methods 
of the RX Pro jec t , 2) the c h a r a c t e r i s t i c s of the 
tasks tha t RX performs tha t In f luence the admiss­
i b l e forms of representa t ion fo r causal r e l a t i o n ­
sh ips , 3) the method of rep resen ta t i on , and 4) 
a comparison of t h i s method w i th the work of other 
AI researchers. 

I. THE RX PROJECT: AUTOMATED STUDY AND 
INCORPORATION OF CAUSAL RELATIONSHIPS 

Before present ing our method fo r represent ing 
causal r e l a t i onsh ips (CR's) , it 1s he lp fu l to know 
the research context in which i t was e laborated. 
Our research p r o j e c t , ca l l ed the RX Pro jec t , was 
begun in 1978 and 1s a m u l t i d i s c i p l i n a r y research 
e f f o r t whose purpose is to develop techniques fo r 
de r i v ing var ious types of medical knowledge from 
c l i n i c a l databases. To date we have been e x c l u s i ­
ve ly concerned w i th the de tec t ion and study of 
causal r e la t i onsh ips (CR's) in our databases and 
w i th t h e i r subsequent Incorpora t ion and use by the 
program. 

S p e c i f i c a l l y , the objects of the pro jec t are 
1) to increase the v a l i d i t y of CR's der ivab le from 
large t ime-or ien ted c l i n i c a l databases, 2) to 
develop methods fo r prov id ing i n t e l l i g e n t a s s i s t ­
ance w i th the task of t e s t i n g hypothesized CR's 
against a database, and 3) to study methods fo r 
automating the process of d iscover ing CR's. The 
RX Project is d e f i n i t i v e l y described in [Blum 
1982a] and is summarized in [Blum 1982b]. 

The RX methodology for de r i v i ng possib le 
causal r e l a t i onsh ips from a c l i n i c a l database 
employs the fo l l ow ing components: a knowledge 
base (KB), a Discovery Module, a Study Module, a 
s t a t i s t i c a l package, and a c l i n i c a l database. In 
b r i e f , the system works as f o l l o w s . The Discovery 
Module examines re levant subsets of the database 
to generate an ordered l i s t of causal hypotheses. 
These hypotheses, of the form "A causes B," are 
sequen t ia l l y examined by the Study Module. The 
Study Module uses the knowledge base to generate 
a comprehensive epidemiological study design of the 
hypothesis. This study design is then tested on 
the s t a t i s t i c a l package using the e n t i r e database. 
The resu l t s are passed back to the Study Module 
fo r i n t e r p r e t a t i o n . I f the resu l t s are medica l ly 
important as wel l as s t a t i s t i c a l l y s i g n i f i c a n t , 
they are w r i t t e n as a new, machine-readable causal 
r e l a t i o n s h i p In to the knowledge base. The process 
of automated study design makes use of prev ious ly 
" learned" causal r e l a t i o n s h i p s . The d iscovery , 
con f i rma t i on , incorpora t ion cyc le of RX 1s shown 
below* The c l i n i c a l database we have used is a 
1700 pa t ien t subset of the ARAMIS database [F r ies 
1979] [McShane 1979] occupying 15,000 pages. RX 
is w r i t t e n in INTERLISP. 
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MEDICAL 
RESEARCHER 

I I . DESIGN CRITERIA FOR THE REPRESENTATION OF 
CAUSAL RELATIONSHIPS FOR RX 

The form in which we have chosen to represent 
CR's in RX has been s t rong ly inf luenced both by the 
necessi ty of captur ing de ta i l ed in format ion on them 
and by the necessity of using tha t in format ion fo r 
the subsequent study and conf i rmat ion of other 
CR's. 

The p r i nc ipa l ob jec t i ve of the RX Project is 
to der ive and incorporate de ta i l ed knowledge of 
causal re la t i onsh ips from large t ime-or ien ted data­
bases. This knowledge is stored interchangeably 
w i th knowledge entered in to the medical KB from the 
medical l i t e r a t u r e . I t i s necessary that the r e ­
presentat ion of CR's be s u f f i c i e n t l y r i c h to enable 
captur ing in format ion on magnitude, frequency, and 
v a r i a b i l i t y o f e f f e c t , d i s t r i b u t i o n in a pa t ien t 
popu la t ion , mathematical form, c l i n i c a l s e t t i n g , 
v a l i d i t y o r r e l i a b i l i t y , and ev iden t ia l bas is . 

Although the representat ion we have designed 
enables most of these aspects to be encoded in 
machine-readable form, the most important mot i va t ­
ing fac to r in designing an adequate representa t ion 
is the tasks for which the encoded in format ion w i l l 
be used. 

The only task we w i l l describe here is the 
Study Module's use of CR's in c rea t ing a study 
design fo r a causal hypothesis. This task requires 
in format ion on the i n t e n s i t y of causal l i n k s , t h e i r 
mathematical form, t h e i r d i s t r i b u t i o n across 
p a t i e n t s , and t h e i r c l i n i c a l s e t t i n g . 

A c r i t i c a l step in the design of a study by 
the-RX Study Module Involves the se lec t ion of the 
set of known c l i n i c a l events tha t may confound or 
bias the resu l t s of a study. This set of events 
1s known as the set of confounding v a r i a b l e s . The 
cont ro l of confounding var iab les is an essent ia l 
step in the design of studies using rou t ine heal th 
care data . A confounding va r i ab le is one tha t may 
a f f e c t both the causal va r iab le and the e f f e c t 
va r iab le of i n t e r e s t . The ob jec t i ve of con t ro l 1s 
to attempt to i s o l a t e the r e l a t i o n s h i p from spurious 
causal In f luence . For example, if A 1s a drug and 
B is a side e f f e c t of I n t e r e s t , we would l i k e to 
cont ro l f o r diseases tha t a f f e c t both A and B. 

The task of demonstrating tha t a causal r e l a ­
t i onsh ip is nonspurious is by fa r the most d i f f i c u l t 
task in de r i v ing CR's from large c l i n i c a l databases. 
Unfor tunate ly , the confounding var iab les may exer t 
t h e i r in f luence qu i te i n d i r e c t l y as shown below. In 
the f i g u r e there are four confounding v a r i a b l e s : F, 
G, H, and D. If we were, however, to examine only 
the l i s t of var iab les that d i r e c t l y a f f e c t B, we 
would only f i n d F and E. The node E is not a con­
founding v a r i a b l e , since i t is known not to a f f e c t 
A. 

To determine the set of confounding var iab les 
fo r a hypothesis "A causes B," the Study Module 
uses a func t ion ca l l ed Confoundinq-Variables to 
t raverse a d i rec ted graph whose arcs are CR's. The 
func t ion determines the set of a l l nodes tha t may 
have medical ly s i g n i f i c a n t e f fec ts (greater than 
some magnitude) on both A and B fo r a given c l i n i c a l 
s e t t i n g . 

The Study Module a c t u a l l y con t ro ls fo r only a 
subset of the confounding var iab les ca l l ed the 
causal dominators. This subset is def ined as the 
smallest subset through which a l l known causal i n ­
f luence on both A and B must f l ow. In the f i g u r e 
t h i s set = { F D }. 

I I I . THE REPRESENTATION OF CAUSAL RELATIONSHIPS IN 
THE RX KB 

In b r i e f , CR's are represented as labeled arcs 
1n a d i rec ted graph 1n which the nodes are frames. 
For the sake of t h i s discussion we w i l l assume that 
X 1s a causal node and that Y is an e f f e c t node. 
They are connected together by a CR whose components 
w i l l be described in d e t a i l . We spec i fy both the X 
and Y objects as having rea l -va lued i n t e n s i t i e s . In 
other words, in t h i s d iscussion we w i l l model them 
as rea l -va lued va r i ab l es . We assume the fo l l ow ing 
r e l a t i o n s h i p between t h e i r i n t e n s i t i e s : 

Y(t + tau) = b f [ X ( t ) ] + e . 

That i s , Y's value at t ime t + tau is l i n e a r l y r e ­
la ted to some func t ion of X's value at time t ( + an 
er ro r term e ) . We f u r t h e r assume the r e l a t i o n s h i p 
is causa l . That i s , a change 1n X of one un i t 
induces a change 1n Y of b f [ l ] a f t e r tau times u n i t s . 
X 1s assumed to cause Y 1n the p r o b a b i l i s t i c sense 
tha t 1t accounts f o r some of i t s var iance. In the 
usual path ana lys is or regression model, we could 
estimate the parameters of the model by using a data­
base of pa i rs of measurements of X and Y. The 
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estimate of greatest importance is the unstandard-
ized regression c o e f f i c i e n t b . I f b is s i g n i f i ­
can t l y d i f f e r e n t from zero, we then pos i t tha t X 
causes Y. 

The basic in format ion conveyed by the model is 
tha t an increase in X by one u n i t causes a change in 
Y by b u n i t s , where b is the unstandardized regres­
sion c o e f f i c i e n t of Y on X. Labeled w i th j u s t these 
regression c o e f f i c i e n t s , a simple d i rec ted graph 
can be set up to represent chains of c a u s a l i t y . 

< i n t e n s i t y d i s t r i b u t i o n d i r e c t i o n func t i ona l - fo rm 

s e t t i n g v a l i d i t y evidence> 

A causal l i n k in the RX knowledge base is com­
posed of seven components shown above. In what 
fo l lows we have assumed tha t both the causal v a r i ­
able and the e f f e c t va r i ab le connected by t h i s 
causal r e l a t i o n s h i p are rea l - va lued . In our f u tu re 
work we intend to genera l ize t h i s formalism so tha t 
binary and rank-valued var iab les may also be 
a r b i t r a r i l y connected. 

The meaning of each of these seven components 
is summarized below: 

I n t e n s i t y : the expected change in the e f f e c t given 
a change in the cause, expressed as an unstan­
dardized regression c o e f f i c i e n t . 

D i s t r i b u t i o n : the d i s t r i b u t i o n o f the I n t e n s i t y 
of the e f f e c t across p a t i e n t s . 

D i r e c t i o n : e i t he r increases or decreases. 

S e t t i n g : the circumstances under which the causal 
r e l a t i o n s h i p was de r i ved , encoded as a Boolean 
expression w i th time-dependent p red ica tes . 

Functional Form: the complete mathematical model 
r e l a t i n g Y to X, encoded in an a lgebra ic l a n ­
guage. 

V a l i d i t y : the s ta te of proof o f the causal r e l a ­
t i onsh ip on a 1 to 10 sca le : 1 means h igh ly 
t e n t a t i v e , 10 means beyond reasonable doubt. 

Evidence: a summary of the evidence on which the 
r e l a t i o n s h i p i s based: e i t he r l i t e r a t u r e 
c i t a t i o n s or a summary of the study performed 
by the Study Module. 

In the RX Study Module the i n t e n s i t y and the 
d i r e c t i o n components are der ived from the f i t t e d 
regression model tha t is stored in machine-readable 
form as the func t i ona l - f o rm component. 

The d i s t r i b u t i o n component records the dens i ty 
func t ion of the estimated regression c o e f f i c i e n t s 
across pa t i en t s . In otherwords, t h i s component 
enables us to record the vary ing i n t e n s i t i e s w i th 
which a populat ion of pa t ien ts exh ib i t s the e f f e c t 
of i n t e r e s t . This c a p a b i l i t y f o r encoding unex­
pla ined v a r i a t i o n in an e f f e c t 1s an Important 
aspect of our representa t ion scheme. This dens i ty 
func t i on 1s encoded by s to r i ng the mass under ten 
contiguous regions of the curve. The choice of the 

nine cut points 1s based on p r i o r medical knowledge 
o f the e f f ec t v a r i a b l e . 

The s e t t i n g component al lows the e x p l i c i t i n ­
c lus ion of the s e t t i n g 1n which the causal r e l a t i o n ­
ship is bel ieved to be t r u e . For re la t i onsh ips 
tha t have been emp i r i ca l l y der ived by the Study 
Module, the s e t t i n g component encodes the inc lus ion 
and exclus ion c r i t e r i a tha t were used to se lect 
time i n t e r va l s from pa t ien t records fo r s tudy. In 
Engl ish a t yp i ca l s e t t i n g might read "between two 
months and s ix months a f t e r myocardial i n f r a c t i o n — 
but not dur ing an episode of congestive heart 
f a i l u r e . " This is stored as a l og i ca l expression 
wi th time-dependent f unc t i ons : fo r example, 
(Concurrent (A f te r Myoca rd ia l - I n f rac t i on 2 months 
6 months) (Not (During Conges t i ve -Hear t -Fa i lu re ) ) ) . 

The v a l i d i t y of a causal l i n k depends on how 
extens ive ly and under what circumstances it has 
been t es ted . V a l i d i t y , as def ined here, per ta ins 
to the s ta te of proof of a causal r e l a t i o n s h i p , and 
not to the r e l a t i o n s h i p i t s e l f . Causal r e l a t i o n ­
ships are widely regarded as v a l i d if they have 
been repeatedly conf i rmed, p a r t i c u l a r l y 1n pro­
spec t i ve , randomized s tud ies . At the opposite 
extreme are re la t i onsh ips based on a s ing le r e t r o ­
spect ive study of a small number of p a t i e n t s . 

IV. LINEAR MODELS VERSUS PREDICATE CALCULUS 

The representa t ion fo r CR's presented here was 
s t rong ly inf luenced by the methods of l i nea r models, 
m u l t i v a r i a t e a n a l y s i s , and path ana l ys i s . This 
body of theory has l a r g e l y been developed and 
appl ied by psychologis ts ,economists, and b i o l o g i s t s . 
Excel lent reviews appear in [Helse 19761, [Kenny 
1979], and [Bent ler 1980]. In c o n t r a s t , the pre­
d ica te ca lcu lus representat ions developed by AI 
workers ( f o r example, [Rieger 1977}, [Rieger 1978], 
and [de Kleer 1981]) have l a rge l y been appl ied to 
the s imula t ion and understanding of mechanical and 
e l e c t r i c a l dev ices. 

Why have m u l t i v a r i a t e l i nea r models been used 
for c e r t a i n app l i ca t ions and predicate ca lcu lus 
models fo r others? The answer is profound and 
impor tant : l i n e a r models capture c ruc ia l features 
of natura l systems, predicate ca lcu lus captures 
c ruc i a l features o f a r t i f a c t s . 

Natural systems are Inheren t l y p r o b a b i l i s t i c . 
Medical phenomena, at leas t at the c l i n i c a l l e v e l , 
are t y p i c a l l y qu i te Indeterminate. This p robab i l ­
i s t i c character ar ises from at l eas t four sources: 
1) the Inherent ly p r o b a b i l i s t i c nature of the 
component phenomena (a t a l l l eve l s of d e t a i l ) tha t 
comprise the working human body, 2) our I n a b i l i t y 
as observers to accura te ly measure these phenomena 
in a given p a t i e n t , 3) the v a r i a b i l i t y of e f fec ts 
across p a t i e n t s , and 4) the Inadequacy of cur ren t 
b io log i ca l theory as a basis fo r exp lana t ion . The 
r o l e of p r o b a b i l i t y In models of c a u s a l i t y 1s 
l u c i d l y discussed in [Suppes 1970]. 

Capturing t h i s v a r i a b i l i t y o f c l i n i c a l phenom­
ena 1n a s u f f i c i e n t l y de ta i l ed manner to a l low I t s 
subsequent s c i e n t i f i c ana lys is d i c ta tes tha t 
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de ta i l ed quan t i t a t i ve in format ion on the i n t e n s i ­
t i e s of e f fec ts and t h e i r v a r i a t i o n be captured 
in the represen ta t ion . This is l a rge l y what has 
motivated our adoption of m u l t i v a r i a t e l i nea r 
models and extensions to them. In RX we s t a r t w i th 
de ta i l ed q u a n t i t a t i v e data in our database. We 
have t r i e d to preserve as much of tha t d e t a i l as 
possib le in the s t a t i s t i c a l summaries tha t com­
pr ise the data in the CP's. 

In c o n t r a s t , the predicate ca lcu lus represen­
ta t i ons developed by AI workers have l a r g e l y been 
appl ied to the s imula t ion of mechanical devices 
or to the modeling of human understanding of the 
CR's tha t describe these dev ices. Rieger et a l . 
and de Kleer et al . share an i n t e r e s t in q u a l i t a ­
t i v e models, which they (and I) be l ieve are used 
by human beings in understanding machines, as 
opposed to de ta i l ed mathematical models. 

Central to the CSA Project of Rieger and 
Grinberg is a c o l l e c t i o n of types of causal l i n k s , 
which they feel provides a useful and comprehen­
sive set fo r modeling mechanical devices. There 
are ten types of causal l i n k s in t h e i r se t , and 
they have used them to model a host of devices. 
Their dec la ra t i ve representa t ion may be t rans ­
formed in to a procedural representa t ion fo r 
device s imu la t i on . The emphasis in [Rieger 1977] 
is on prov id ing a q u a l i t a t i v e func t iona l descr ip ­
t i o n that emulates human understanding of a dev ice. 

A l l of the various l i n k types proposed in 
[Rieger 1977], inc lud ing one-shot enablement, 
th resho ld , antagonism, and ra te conf luence, may be 
simply represented using l i nea r models. For 
b inary-valued dependent var iab les l o g i s t i c r e ­
gression models may be used tha t a l low fo r t ime-
dependent independent v a r i a b l e s . 

To conclude, the CSA representa t ion of Rieger 
and Grinberg and the tabular representat ions of 
de Kleer and Brown were designed to model mechani­
cal devices w i th d i sc re te s t a t e s . The ob jec t i ve 
of these researchers has been the q u a l i t a t i v e 
s imula t ion or "envislonment" of the operat ion of 
physical devices. The RX rep resen ta t ion , employ­
ing l i nea r models and the methods of m u l t i v a r i a t e 
ana l ys i s , has been designed fo r r ea l - va l ued , 
m u l t i v a r i a t e , p r o b a b i l i s t i c domains. The ob jec t i ve 
has been the de ta i l ed analys is and q u a n t i f i c a t i o n 
o f i nd i v idua l causal l i n k s . 

V. CONCLUSION 

I presented a simple representa t ion fo r CR's 
appropr ia te fo r modeling c l i n i c a l medicine. The 
p r i nc i pa l emphasis in the model 1s on captur ing 
i n t e n s i t i e s of e f f ec t s across a pa t ien t popu la t ion . 
The representa t ion arose from the methods of m u l t i ­
v a r i a t e l i n e a r models and path ana l ys i s . 

Given tha t de ta i l ed q u a n t i t a t i v e In format ion 
is occas iona l ly needed in medical AI programs, how 
does the user or the program avoid being bogged 
down in needless complexity? The so lu t i on is to 
mainta in de ta i l ed In format ion in the KB, but to 
t r a n s l a t e i t , as needed, to appropr ia te l y s i m p l i ­
f i e d l e v e l s . Linear models, in p a r t i c u l a r , may be 

au tomat ica l l y s i m p l i f i e d in to predicate ca lcu lus 
forms (but not v ice ve rsa ) . A method fo r perform­
ing t h i s t ransformat ion w i l l be included in a 
forthcoming paper. 
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