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Abstract

Building probabilistic and decision-analytic

mo dels requires a considerable kno wledge

engineering e�ort in whic h obtaining n u-

merical parameters is esp ecially daun ting.

Often kno wledge engineers com bine v arious

sources of information, suc h as information

rep orted in textb o oks and professional liter-

ature, a v ailable statistics, and data collected

in practical settings. W e sho w that com bin-

ing probabilistic kno wledge that originates

from di�eren t sources requires utmost care.

In particular, w e demonstrate that ev en suc h

seemingly p opulation-indep enden t c haracter-

istics as sensitivit y and sp eci�cit y of medical

symptoms can v ary within a p opulation, de-

p ending purely on ho w the data are collected.

W e o�er guidelines for detecting when di�er-

en t sources of data can b e safely com bined.

Our analysis sho ws that a kno wledge engi-

neer should exercise m uc h care in building

practical mo dels.

1 In tro duction

Dev elopmen t of probabilistic graphical mo dels, suc h

as Ba y esian net w orks

[

P earl, 1988

]

and closely related

in
uence diagrams

[

Ho w ard and Matheson, 1984

]

, has

caused a considerable in terest in applying probabil-

it y theory and decision theory in in telligen t systems

(see

[

Henrion et al. , 1991

]

for an accessible o v erview

of decision-analytic metho ds in AI). Graphical prob-

abilistic mo dels ha v e b een successfully applied to

a v ariet y of problems, including medical diagnosis,

prognosis, and therap y planning, mac hine diagnosis,

user in terfaces, natural language in terpretation, plan-

ning, vision, rob otics, data mining, and man y others

(for examples of successful real w orld applications of

Ba y esian net w orks, see Marc h 1995 sp ecial issue of

the Communic ations of A CM ). While in the sequel

w e fo cus on Ba y esian net w orks, our discussion ap-

plies equally w ell to in
uence diagrams, whic h could

b e view ed as Ba y esian net w orks enhanced with an ex-

plicit represen tation of decisions and utilities o v er the

outcomes of the decision pro cess.

A Ba y esian net w ork consists of a qualitativ e part,

re
ecting the structure of the mo del in terms of an

acyclic directed graph enco ding probabilistic in
u-

ences among a domain's v ariables, and a quan tita-

tiv e part, enco ding the join t probabilit y distribution

o v er these v ariables. While building the structure of a

mo del is in itself a c hallenging task that needs m uc h

care, most practitioners consider it doable. In our ex-

p erience, most medical exp erts, for example, either

giv e similar graphical structures or con v erge on the

same structure after some discussion

[

D � �ez et al. , 1997,

Oni � sk o et al. , 1999

]

. Directed graphical mo dels built

in practice usually mimic the causal structure of a do-

main, whic h, giv en the fundamen tal role of causalit y

in scien ti�c understanding, explains exp ert agreemen t

on the structure of mo dels. The structure of a di-

rected graphical mo del is subsequen tly quan ti�ed with

n umerical probabilities. Quan ti�cation of a Ba y esian

net w ork consists of prior probabilit y distributions o v er

those v ariables that ha v e no predecessors in the net-

w ork and conditional probabilit y distributions o v er

those v ariables that ha v e predecessors. T ypically , a

large mo del needs h undreds or ev en thousands of n um-

b ers and the task of quan tifying a net w ork is daun ting.

Since the exp ert time is scarce and, therefore, costly ,

kno wledge engineers utilize v arious sources of infor-

mation. These include, for example, existing textb o ok

kno wledge, a v ailable statistics, and databases of cases.

In this pap er w e fo cus on dangers related to com bining

v arious sources of n umerical data in the same mo del.

W e sho w that lac k of atten tion to whether the sources

are compatible and whether they can b e com bined can

lead to erroneous b eha vior of the mo del. W e sho w

that data that seemingly capture the prop erties of the



same p opulation of individuals can di�er, dep ending

on ho w they w ere collected. The problem that w e

are describing has nothing to do with problems re-

lated to small databases, missing data, or unreliable

exp ert judgmen t. Neither is it an instance of selection

bias, ev en though the t w o are related. It o ccurs when

data ab out the same p opulation are collected in a dif-

feren t w a y and com bined in to one mo del. Ev en suc h

p opulation-indep enden t parameters as sensitivit y and

sp eci�cit y of medical symptoms and tests v ary within

the same p opulation as a function of the w a y the ob-

serv ations w ere collected. These statistical e�ects go

b ey ond simple and ob vious di�erences in p opulations.

W e study the problem on three simple examples and

o�er guidelines for detecting when di�eren t sources of

data can b e safely com bined.

This w ork w as inspired b y our practical exp eriences

in building medical diagnostic systems. W e encoun-

tered a puzzling phenomenon that led to an initial

disagreemen t b et w een us. W e ha v e subsequen tly ana-

lyzed the problem gaining insigh t that escap ed eac h of

us despite our �eld exp erience. W e susp ect that man y

kno wledge engineers face similar problems, often not

realizing them. W e hop e that this pap er will mak e

them a w are of the problem and prepare them b etter

for dealing with it in practice. W e base the pap er on

medical examples, but the principles applied and the

conclusions of this analysis are general.

W e will use upp er case letters, suc h as V , to denote

v ariables and lo w er-case letters, suc h as v , to denote

their outcomes. When a v ariable V is prop ositional,

+ v and : v will denote the truth and falsit y of the

prop osition resp ectiv ely .

The remainder of this pap er is structured as follo ws.

Section 2 presen ts a motiv ating imaginary example in

whic h w e sho w a problem related to using kno wledge

from di�eren t sources. Section 3 analyzes the example

in depth and explains statistical reasons for the some-

what surprising fact that com bining the kno wledge is

incorrect. Section 4 sho ws t w o more examples, gener-

alizes this analysis, and sho ws that the e�ect is due to

probabilistic conditioning on unmo deled v ariables. It

also giv es guidelines for dealing with this problem in

practice. Finally , Section 5 discusses the implications

of our analysis for kno wledge engineering.

2 A Motiv ating Example

Tw o in ternal medicine residen ts decided to build a sim-

ple diagnostic decision supp ort system for a certain

disease D . In the �rst v ersion of the system, they de-

cided to mo del only D and its most imp ortan t symp-

tom S . They started b y creating a Ba y esian net w ork

consisting of t w o no des, D and S (see Figure 1).

m m-

D S

Figure 1: Example mo del under construction.

In the second stage, the residen ts fo cused on obtain-

ing n umerical parameters for their net w ork. These pa-

rameters consist of Pr(+ d ), the prev alence of D , and

the conditional probabilities of the symptom giv en the

disease, Pr(+ s j + d ) and Pr( : s j: d ), also kno wn as sen-

sitivity and sp e ci�city of the symptom. They decided

to obtain these parameters from a data set of previous

patien t cases collected at their hospital. While there

w as no disagreemen t ab out sensitivit y and sp eci�cit y

of the symptom, the residen ts had di�eren t opinion

ab out the prev alence. One of them said that they need

to tak e the prev alence as observ ed in their hospital,

while the other suggested that they should tak e the

prev alence for general p opulation, so that their sys-

tem remains un biased. After all, the second residen t

argued, one of the reasons wh y p eople are admitted

to the hospital is b ecause of symptom S , so if they

used the hospital prev alence rate, the evidence w ould

b e double-coun ted. They ended up using the latter.

While the reader ma y disagree with the argumen ts

made b y either of the residen ts, it is easy to imag-

ine obtaining the same mo del b y the sheer fact that

prev alence of a disease in the general p opulation is

often easy to �nd in a statistics y earb o ok or a mor-

bidit y table and the sensitivit y and sp eci�cit y ma y b e

in practice obtained from hospital records or elicited

from an exp ert with clinical exp erience, i.e., one who

has seen a large n um b er of cases in clinical settings.

Let the prev alence of the disease, Pr(+ d ), tak en from

an epidemiological study p erformed in the to wn in

question, b e Pr(+ d ) = 0 : 01597. Let the hospital data

b e summarized in the follo wing con tingency table.

N + d : d T otal

+ s 729 63 792

: s 1 174 175

T otal 730 237 967

Sensitivit y and sp eci�cit y extracted from this table are

Pr(+ s j + d ) = 729 = 730 = 0 : 99863 (1)

Pr( : s j: d ) = 174 = 237 = 0 : 73418 (2)

The most imp ortan t t yp e of reasoning in Ba y esian net-

w orks is kno wn as b elief up dating , and amoun ts to

computing the probabilit y distribution o v er v ariables

of in terest conditional on other, observ ed v ariables. In

other w ords, the probabilit y distribution o v er the v ari-

ables of in terest is adjusted for a particular case, in



whic h some other mo del v ariables assume giv en v al-

ues. A medical diagnostic system based on a Ba y esian

net w ork, for example, fo cuses on the probabilit y dis-

tribution o v er p ossible diseases conditional on v arious

risk factors, symptoms, and results of medical tests

that constitute a patien t case.

In our example mo del, the v ariable of in terest is D and

w e are in terested in the p osterior probabilit y distribu-

tion o v er D giv en an observ ed v alue of S . According

to the th us constructed mo del, the probabilit y that a

patien t presen ting with symptom S su�ers from D is

Pr(+ d j + s )

=

Pr(+ s j + d ) � Pr(+ d )

Pr(+ s j + d ) � Pr(+ d ) + Pr(+ s j: d ) � Pr( : d )

= 0 : 05748 : (3)

Lea ving aside a p ossible estimation error in obtaining

the probabilities from the database, the pro cedure fol-

lo w ed seems to b e correct. Nev ertheless, w e are going

to sho w in the next section that this mo del and the

p osterior probabilit y computed b y it, Pr(+ d j + s ) �

6%, are incorrect.

3 Analysis of the Problem

T o understand this problem, w e should mo del the v ari-

able H , hospital admission, explicitly . Figure 2 sho ws

a graph mo deling v ariables D , S , and H . F rom the

p oin t of view of disease D , admission to the hospital

dep ends directly only on observing the symptom S .

In other w ords, H is indep enden t of D giv en S , or

Pr( h j s; d ) = Pr( h j s ). Giv en the symptom S , kno wing

whether the patien t is in the hospital do es not in
u-

ence our b elief in the presence of the disease, i.e.,

Pr( d j s; h ) = Pr( d j s ) ; (4)

whic h means that, if w e kno w whether the patien t has

the symptom or not, the information that the patien t

has b een admitted to the hospital do es not a�ect the

diagnosis.

m m mj
- -

D S H = + h

Figure 2: A causal mo del for the hospital data set.

Note that since eac h data p oin t is collected for a hos-

pital patien t, the mo del is e�ectiv ely conditioned on

H = + h , presence in the hospital. This is denoted b y

a double circle in the mo del.

The second residen t in our example suggested that us-

ing the prev alence of D observ ed in the hospital w ould

not b e appropriate b ecause it w ould double-coun t the

evidence from observing S . In order to demonstrate

that the argumen t b ehind the residen t's reasoning is

fallacious, w e will �rst assume that the p opulation of

the to wn in question is distributed as follo ws:

N + d : d T otal

+ s 972 84 1,056

: s 532 92,568 93,100

T otal 1,504 92,652 94,156

If a patien t presen ting with S is admitted to the hos-

pital with probabilit y Pr(+ h j + s ) = 0 : 75 and a pa-

tien t not presen ting with S is admitted with probabil-

it y Pr(+ h j: s ) = 1 = 532 = 0 : 00188, the frequencies in

the database faithfully corresp ond to this probabilistic

mo del.

The prev alence of D is Pr(+ d ) = 0 : 01597, in agree-

men t with the result of the epidemiological study . Nev-

ertheless, sensitivit y and sp eci�cit y of the symptom S

in the general p opulation are

Pr(+ s j + d ) = 972 = 1 ; 504 = 0 : 64628

Pr( : s j: d ) = 92 ; 568 = 92 ; 652 = 0 : 99909 ;

whic h is quite di�eren t from the sensitivit y and sp eci-

�cit y among the hospital patien ts (see Equations 1

and 2). This di�erence can b e attributed purely to

the e�ect of conditioning on the patien t p opulation,

i.e., lo oking only at those patien ts who are in the hos-

pital. Giv en our assumption that random v ariation

w as the only factor explaining presence or absence of

the symptom and admission to the hospital, these pa-

tien ts are in ev ery resp ect iden tical to individuals in

the general p opulation. W e can compute Pr(+ d j + s )

b y applying Ba y es theorem or directly from the table:

Pr(+ d j + s ) =

972

1 ; 056

= 0 : 92045 : (5)

This result di�ers o v er an order of magnitude from

the v alue Pr(+ d j + s ) � 0 : 06 obtained in Equation 3.

What is the explanation of this parado x?

The answ er is that the frequencies con tained in the

database do not re
ect the probabilities Pr( d; s ) but

rather Pr( d; s j + h ). F or this reason, Equations 1

and 2 are wrong: they do not represen t Pr(+ s j +

d ) and Pr( : s j: d ) but rather Pr(+ s j + d; + h ) and

Pr( : s j: d; + h ) resp ectiv ely . If w e apply Ba y es theo-

rem prop erly , then

Pr( d j s; h ) =

Pr ( s j d;h ) � Pr( d j h )

Pr( s j + d;h ) � Pr (+ d j h )+Pr( s j: d;h ) � Pr ( : d j h )

:

F rom the hospital database, w e obtain the prev alence

of D among the hospital patien ts Pr(+ d j + h ) =



730 = 967 = 0 : 75491. Hence

Pr(+ d j + s; + h ) =

0 : 99863 � 0 : 75491

0 : 99863 � 0 : 75491+0 : 26582 � 0 : 24509

= 0 : 92045 : (6)

Comparing this result with Equation 5, w e v erify that

Pr(+ d j + s ) = Pr(+ d j + s; + h ), in agreemen t with

Equation 4.

T o b etter understand the mistak e made in Equations 1

and 2, w e can pro�t from the fact that the v ariables

in v olv ed in this mo del are binary and write Ba y es the-

orem in its o dds-lik eliho o d form,

O R

p ost

( D ) = O R

pre

( D ) � LR

D

( s ) ; (7)

where O R

pre

( D ) is the prior o dds of D

O R

pre

( D ) =

Pr(+ d )

Pr( : d )

;

O R

p ost

( D ) is the p osterior o dds of D giv en the evi-

dence S = s

O R

p ost

( D ) =

Pr(+ d j s )

Pr ( : d j s )

;

and LR

D

( s ) is the lik eliho o d ratio for D giv en S = s

LR

D

( s ) =

Pr( s j + d )

Pr( s j: d )

:

The probabilit y Pr(+ d j s ) can b e computed from

O R

p ost

( D ) b y the follo wing form ula

Pr(+ d j s ) =

O R

p ost

( D )

1 + O R

p ost

( D )

:

W e also ha v e

O R

H

p ost

( D ) = O R

H

pre

( D ) � LR

H

D

( s ) ;

whic h only di�ers from Equation 7 in that all the prob-

abilities in v olv ed are conditioned on + h , presence in

the hospital. It is p ossible to sho w that

O R

H

p ost

( D ) = O R

p ost

( D )

(this equation is equiv alen t to Equation 4), as sho wn

in T able 1.

Nev ertheless, if w e mix general p opulation probabili-

ties with hospital probabilities, w e obtain

O R

wrong

p ost

( D ) = O R

pre

( D ) � LR

H

D

( s ) :

In particular, when S = + s , O R

wrong

p ost

( D ) = 0 : 06098

and Pr

wrong

(+ d j + s ) = 0 : 05748, whic h is the erro-

neous result obtained in Equation 3.

General Hospital

p opulation database

Pr(+ d ) 0 : 01597 0 : 75491

O R

pre

( D ) 0 : 01623 3 : 0802

LR

D

(+ s ) 712 : 84 3 : 7568

O R

p ost

( D ) 11 : 571 11 : 571

Pr(+ d j + s ) 0 : 92045 0 : 92045

T able 1: Probabilities and ratios. The quan tities in

the righ t column are all conditioned on + h .

W e can also deduce that

O R

wrong

p ost

( D )

O R

p ost

( D )

=

O R

pre

( D )

O R

H

pre

( D )

:

In our example,

O R

pre

( D )

O R

H

pre

( D )

= 5 : 27 � 10

� 3

�

1

200

:

Please note that this ratio is the same for + s and : s .

It means that if the hospital prev alence is m uc h higher

than the prev alence in the general p opulation, then the

p osterior probabilit y due to a wrong com bination of

probabilities will b e m uc h smaller than the true prob-

abilit y , as sho wn in the example ab o v e.

This ratio is also equal to

O R

wrong

p ost

( D )

O R

p ost

( D )

=

Pr(+ d ) = Pr( : d )

Pr(+ d j + h ) = Pr( : d j + h )

=

Pr(+ h j: d )

Pr(+ h j + d )

=

1

LR

D

(+ h )

:

Therefore, the k ey parameter a�ecting the magnitude

of the error is LR

D

(+ h ), i.e., the prop ortion b et w een

Pr(+ h j + d ) and Pr(+ h j: d ).

It follo ws from this equation that

Pr

wrong

(+ d j s )

=

Pr(+ d j s )

Pr(+ d j s )+(1 � Pr(+ d j s )) � LR

D

(+ h )

or, equiv alen tly ,

Pr

wrong

(+ d j s )

Pr(+ d j s )

= (Pr(+ d j s ) + (1 � Pr(+ d j s )) � LR

D

(+ h ))

� 1

:

In summary , when building a mo del for this problem,

w e can tak e the v alues of prev alence, sensitivit y , and

sp eci�cit y either from the general p opulation or from

the hospital data. In b oth cases, the mo del will pre-

dict correctly the p osterior probabilit y of disease D .



If w e mix data from these t w o sources, ho w ev er, the

mo del will b e incorrect. The assertion that com bin-

ing data from t w o di�eren t sources is dangerous ma y

seem trivial. Nev ertheless, when building probabilis-

tic mo dels, kno wledge engineers tend to concen trate

on c ho osing the righ t prev alence, b ecause they are

a w are that it is strongly p opulation-dep enden t. They

often do not realize that sensitivit y and sp eci�cit y are

also p opulation-dep enden t. In fact, it is quite nor-

mal for medical literature to o�er v alues of sensitiv-

it y and sp eci�cit y without an explanation of ho w they

w ere obtained, b ecause they are assumed to b e in v ari-

an t. Ho w ev er, selection of sensitivit y and sp eci�cit y

deserv es as m uc h atten tion as selection of prev alence.

In principle, there is no wrong c hoice of prev alence as

far as the sensitivit y and sp eci�cit y are c hosen coher-

en tly .

4 Extending the Mo del

The problem observ ed ab o v e can b e explained in terms

of conditional indep endence. Conditional indep en-

dence is captured in causal net w orks b y a a prop-

ert y of the in teraction b et w een causalit y and proba-

bilit y kno wn as c ausal Markov c ondition

[

Spirtes et

al. , 1993

]

. This is related to a condition kno wn as d -

separation

[

Geiger et al. , 1990

]

, whic h originates from

the pioneering w ork of Da wid

[

1979

]

in the domain of

statistics. W e will discuss here t w o other similar cases

where the role of conditional indep endence b ecomes

apparen t.

In our example,

Pr( d j s ) = Pr( d j s; h ) :

Therefore, Pr( d j s ) could b e computed from p opulation

data,

Pr( d j s ) = � � Pr( s j d ) � Pr( d ) ;

or from hospital data,

Pr( d j s ) = Pr( d j s; + h )

= � � Pr( s j d; + h ) � Pr( d j + h ) :

That is, w e can remo v e no de H and replace eac h p opu-

lation probabilit y b y the corresp onding hospital prob-

abilit y . F rom the p oin t of view of diagnosis, b oth mo d-

els will b e equiv alen t.

Ho w ev er, when the mo del is extended to include more

v ariables, w e m ust b e more careful. As an example,

let us consider t w o symptoms, S

1

and S

2

, of a certain

disease D , suc h that b oth S

1

and S

2

ma y mak e the

patien t go to the hospital (Figure 3).

m m

m m
-

-

? ?

S

2

H

D S

1

Figure 3: Example mo del with t w o symptoms.

Also in this case,

Pr( d j s

1

; s

2

; + h ) = Pr( d j s

1

; s

2

) ; (8)

whic h means that when w e kno w whether eac h symp-

tom is presen t or absen t it is not necessary to tak e in to

accoun t the fact that the patien t is at the hospital, b e-

cause it do es not a�ect the diagnosis. Ho w ev er, in this

case w e cannot remo v e no de H and replace eac h prob-

abilit y b y the corresp onding probabilit y conditioned

on + h , as w e did in the previous example, b ecause in

general

Pr( d j s

1

; s

2

; + h )

6= � � Pr( d j + h ) � Pr( s

1

j d; + h ) � Pr( s

2

j d; + h ) :

The reason is that when the v alue of H is kno wn, S

1

and S

2

are no longer conditionally indep enden t giv en

D , i.e.,

Pr( s

1

; s

2

j d; + h ) 6= Pr( s

1

j d; + h ) � Pr( s

2

j d; + h ) :

Therefore, in this case, a mo del that uses hospital data

but do es not explicitly represen t the v ariable H , is

wrong. It will compute the probabilit y Pr( d j s

1

; s

2

)

as if the symptoms w ere conditionally indep enden t

giv en the disease. On the other hand, if the mo del

explicitly includes H , as sho wn in Figure 3, it then re-

quires four probabilit y distributions: Pr( d ), Pr( s

1

j d ),

Pr( s

2

j d ), and Pr( h j s

1

; s

2

), the last of whic h cannot b e

extracted from the hospital database. In this case it is

simply not p ossible to build an accurate causal mo del

based only on the hospital data. Equation 8 suggests

that it ma y b e not w orth to include H in the mo del.

T o coun terbalance this discouraging result, w e will

sho w in the next example that in some cases it is p ossi-

ble to com bine data from di�eren t sources in to a single

mo del. Let us go bac k to the �rst example and assume

that, in addition to a symptom S , there is also a test

T p erformed at the hospital. Again, v ariable H in-

dicates whether the patien t has b een admitted to the

hospital (Figure 4). Please note that there is no link

T ! H b ecause in this example the v alue of T do es

not a�ect the probabilit y that the patien t is admitted

to the hospital and, hence, is included in the database.

Therefore, Pr( t j d; h ) = Pr( t j d ), whic h is equiv alen t to



sa ying that the sensitivit y and sp eci�cit y of T with

resp ect to D do not dep end on H .

m m

m m

-

? ?

T H

D S

Figure 4: Example mo del with a symptom and a test.

As a consequence of the structure of the graph, S and

T are conditionally indep enden t giv en D , ev en when

the v alue of H is kno wn, i.e.,

Pr( s; t j d; h ) = Pr( s j d; h ) � Pr( t j d ) ;

whic h implies that

Pr( d j s; t; h )

= � � Pr( d j h ) � Pr( s j d; h ) � Pr( t j d ) :

On the other hand, as D and H are conditionally in-

dep enden t giv en S and T , w e ha v e

Pr( d j s; t; h ) = Pr( d j s; t )

= � � Pr( d ) � Pr( s j d ) � Pr( t j d ) ;

The comparison of these t w o equations sho ws that in

this case it is p ossible to build a mo del with only three

v ariables, D , S and T and it is not necessary to ex-

plicitly represen t H , ev en if the mo del is to b e used

at the hospital. F urthermore, the p opulation prob-

abilities Pr( d ) and Pr( s j d ) can b e safely replaced b y

their corresp onding hospital probabilities Pr( d j + h )

and Pr( s j d; + h ) | pro vided that b oth of them are re-

placed sim ultaneously . Also, the absence of a causal

link T ! H implies that Pr( t j d ) = Pr( t j d; h ), i.e.,

the sensitivit y and sp eci�cit y of T are the same in the

general p opulation and at the hospital, whic h implies

that the v alues obtained from a hospital database can

b e safely com bined with those of the general p opula-

tion. Of course, if the result of the test ma y increase

or decrease the probabilit y that the patien t is included

in the database, our graphical mo del should con tain a

link T ! H , and the treatmen t of the problem w ould

b e the same as in the example in whic h there w ere t w o

symptoms.

In summary , w e ha v e analyzed three examples. In

the �rst one, is w as not necessary to explicitly rep-

resen t the fact that the patien t is at the hospital once

w e kno w whether the patien t presen ts with H . The

mo del can b e built b y using either Pr( d ) and Pr( s j d )

or Pr( d j + h ) and Pr( s j d; + h ), but not a com bination

of them. In the second example, it w as not p ossible to

build an accurate causal mo del based on the hospital

data | it w as necessary to use p opulation data, whic h

ma y b e harder to obtain. In the third example, w e as-

sumed that the result of T did not lead to a selection

bias. As a consequence, its sensitivit y and sp eci�cit y

could b e obtained from either the p opulation or from

the hospital database and safely com bined with an y

other source.

In these examples, the v ariable that led to selection bi-

ases w as the fact that the patien t w as admitted to the

hospital. Other v ariable that migh t lead to a similar

bias in some cases is the fact that the patien t is aliv e.

The conclusion w e extract from this section is that,

con trary to the usual practice in kno wledge engineer-

ing, suc h v ariables ma y not b e ignored. When build-

ing a Ba y esian net w ork, the causal graph m ust explic-

itly represen t them. The causal Mark o v condition will

help the kno wledge engineer determine whether some

of those v ariables can b e remo v ed from the graph, pro-

vided that the conditional probabilities of their ances-

tors are coheren tly c hosen. In con trast, when a no de

is not an ancestor of an y of those selection v ariables,

its conditional probabilit y is in v arian t and can b e ob-

tained from an y source.

5 Discussion

Kno wledge engineers quan tifying probabilistic mo dels

usually com bine v arious sources of information, suc h

as existing textb o ok kno wledge, a v ailable statistics,

databases of cases, and exp ert judgmen ts. In this pa-

p er w e fo cused on dangers that this practice is fac-

ing. W e ha v e demonstrated that lac k of atten tion to

whether the sources are compatible and whether they

can b e com bined can lead to erroneous b eha vior of the

mo del. W e studied the problem on three simple exam-

ples and o�ered guidelines for detecting when di�eren t

sources of data can b e safely com bined. W e based

our explanation on the concept of probabilistic condi-

tioning with resp ect to the underlying causal mo del of

the domain. W e ha v e sho wn that data that seemingly

capture the prop erties of the same p opulation of indi-

viduals can imply di�eren t n umerical prop erties of the

p opulation, dep ending on ho w they w ere collected.

Often w e p erceiv e suc h parameters as sensitivit y and

sp eci�cit y as fairly p opulation-indep enden t. After all,

sensitivit y and sp eci�cit y do not dep end on the prev a-

lence. W e realize that di�eren t p opulation c haracter-

istics, suc h as sex, race, diet, etc., ma y in
uence b oth

sensitivit y and sp eci�cit y , but w e forget ab out purely

statistical phenomena suc h as conditioning. Please

note that in our motiv ating example, the p opulation

w as iden tical and w e could attribute presence in the

hospital to random v ariation. It w as not the sp ecial



c haracteristics of the hospital patien ts that made them

dev elop the symptom more or less lik ely than the gen-

eral p opulation.

An imp ortan t conclusion that 
o ws from our pap er

is that it is imp ortan t to study the graphical part of

the mo del under construction, re
ect on the selection

criteria that w ere applied in collecting eac h source of

data, mo del them explicitly , and in v estigate whether

the v ariables that the data is conditioned on can p o-

ten tially bias the latter and a�ect the mo del.

Our motiv ating example w as based on a medical data

set, but the same argumen t can b e made with resp ect

to n um b ers obtained from h uman exp erts. Sub jec-

tiv e probabilit y judgmen ts ha v e b een sho wn to rely

on judgmen tal heuristics

[

Kahneman et al. , 1982

]

and

they are v ery sensitiv e to prior exp eriences (in fact

prior exp eriences are often all that probabilit y judg-

men ts are based on). Humans ha v e b een sho wn to b e

able to matc h the probabilit y of observ ed ev en ts with

an amazing precision

[

Estes, 1976

]

. Ph ysicians w ork-

ing in a hospital will tend to matc h the sensitivit y and

sp eci�cit y of medical symptoms and tests that they ob-

serv e in their practice. These are often determined b y

the circumstances, suc h as what brough t the patien ts

to the hospital or clinic in the �rst place. Ph ysician

exp erts will tend to at least adjust the parameters to

what they observ e in their practice. While their exp e-

rience is v aluable for building decision mo dels for the

particular clinics where they ha v e w ork ed, in general

they cannot b e readily used in other settings. Our rec-

ommendation is that the kno wledge engineer w arn the

exp ert ab out the need for a careful c hoice of p opula-

tion for eac h probabilit y estimate.

It seems to us that the incompatibilit y of v arious

sources of information is more prev alen t that most

kno wledge engineers realize. In ev ery mo del, there

are unmo deled factors, whic h, if conditioned up on in

data collection, mak e data sets biased. It has b een

kno wn that in some cases conditioning a�ects quali-

tativ e, structural prop erties of mo dels, suc h as prob-

abilistic indep endence, but to our kno wledge no at-

ten tion has b een paid to its impact on mo del building

through incompatibilit y of suc h seemingly robust lo cal

prop erties, as conditional probabilities. W e hop e that

this pap er will mak e kno wledge engineers a w are of the

problem and prepare them b etter for dealing with it

in practice.
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