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Abstract — Combining testimonial reports from independentand e the sources are conditionaldependengiven the hy-
partially reliable sources is an important problem of uncertain pothesis (the hypothesis is the only common parameter

reasoning. This paper proposes a general model of partially re-  that determines the outcomes of their reports).
liable sources which includes several previously known results as

special cases. The paper reproduces these results, gives a nunfiegse assumptions are somehow idealistic, but one can

of new insights, and thereby contributes to a better understandifigagine practical situations in which they are approxi-

of this important Al applicatior. mately correct. We will accept these restrictions through-

out this paper and postpone more general models to future

publications. Because only two alternative hypothéags

and—hyp are considered, we can distinguish betwpes-

itive reportsandnegative reportsin general, we consider

1 INTRODUCTION n positive andn negative reportsN = n + m is the total
number of reports.

Animportant application of uncertain reasoning is the prob- ¢ st way to deal with partially reliable sources is to

lem of combining reports or data from partially reliable Witz < ime that there is a certain chance p(rep;|hyp) that

nesses, experts, sensors, or measurement instruments. IEABFCGL' yields a positive reportep; in case ofayp. On the
i yp.

gal cases, for example, testimonies from different witness&:f;]er hand, there is certain change= p(rep;|~hyp) that
L] (]

must be taken into account. Due to the relative unreliabilify, ¢ rce yields a positive repotp; in case of-hyp. ¢
of witnesses, testimonies do typically not fully confirm eac presents the ratio délse positive;andﬁ —1-p t.he

other. Very_ often, testimonies are even totally _Conﬂ'Ct'ngatio of false negativesThese values are well documented
Judges or jurors must then resolve such conflicts and aq many medical tests

pass their sentence accordingly. Similarly, if several reports;c s independent information sources of this type pro-

from sensors or data obtained from different measurem%e reports, we get a simple Bayesian network [1, 2] in

instruments are given, it is typical to have conflicts or N hich root nodeH Y P precedesV report nodesREP; to
consistencies. This is again due to the relative unreliabili%EPN The possible values dfYP are hyp and ﬁhlyp

of sensors or measurement |r.15tru.ment§. Similarly, the possible values Gt EP; arerep; and—rep;.
The common feature of situations like the ones mepy;;, — p(hyp) andh = 1 — h denote the prior probabil-

Fioned _above is thaF partly_or fullgonflicting inform_ation ities of hyp and —hyp, respectively. If the first reports
is obtained fronpartially reliable sourcesThe question of are all positive and the remaining = N — n reports are

how to combine such conflicting information is a very gereqative, then we get the following posterior probability for
eral problem of uncertain reasoning. We will refer to it g,

the problem of partially reliable sources

Keywords: Evidence Theory, Belief Functions, Combining Tes
timonial Reports, Unreliable Sources, Sensor Fusion.

There are numerous ways to attack the problem of pag(hyp) = p(hyp|reps, ..., repn,—repps1, . .. ,—repy)
tially reliable sources. In order to simplify matters, it is h
usually assumed that = ——— )
h+h(2)(2)

e there are only two alternative hypotheskgp and
—hyp (e.g. suspectX is guilty vs. suspectX is
innocent),

For a detailed discussion and interpretation of this formula
we refer to [3]. In Subsection 3.3 we will reproduce the
same result as a special case from a more general model.
e the sources ard@entical in the sense that they are Another approach is to model partially reliable sources
characterized by the same parameters, on the basis ofeliability variables REL; with rel; and
1Research supported by (1) Alexander von Humboldt Foundarel; as possible values [3]. It is then assumed that the
tion, (2) German Federal Ministry of Education and Research, @@port of a reliable source is positive whenever the hy-
German Program for the Investment in the Future. pothesis is true and negative whenever the hypothesis is




false. More formally, we have(rep;|hyp,rel;) = 1 and combination turns out to be the key mechanism to solve the
p(rep;|=hyp,rel;) = 0. On the other hand, if source problem of partially reliable sources. We will also see that

is unreliable, then the outcome &FEP; only depends on prior knowledge about/ Y P, if available, is an important

a randomization parametef no matter what the state ofparameter. But interesting results are also obtained for the
HYP is. In other words, we have(rep;|hyp, —rel;) = case where no prior knowledge is available. In fact, prior

p(rep;|—hyp, —rel;) = a;. This leads to a Bayesian netknowledge will be considered as a continuous quantity with

work in which H and REL, are the parents aREP; for “no prior knowledge” ang(hyp) = h as special cases.

all1 < ¢ < N. Consider agaim positive andm neg-

ative reports. If we assume the same prior probabili® THE GENERAL MODEL

p(rel;) = p and the same randomization parametes @ £rom an abstract point of view, we can say that every in-
foralll <4 < N, we get the following posterior probabil-, i ation source delivers some informatio; about the
ity for hyp: set of variables!/(Z;) = {HYP, REP;} calleddomainof
p(hyp) = p(huplrepr, ..., TePn,~T€Dns1,- - ,—TEDN) L The or_1|y common variable igYP, t_he one we are
}’L ’ ’ Y interested in. This reflects our assumption of independent
= — . (2) sources. As a consequence, before combining the various
h+ h(l—lz)’zp) (Tpp) pieces of informatiory;, it is possible to focus them to the

. . . . . ommon domai{ HYP}. In other words, every informa-
Again, we refer to [3] for a detailed discussion of this resu?t N ; y

. : . . o {HYP}
and its relationship to (1). We will also reproduce the thitslon source: d('ahvers.some informatioftt; = Il
UtHYP. Finally, if Hy represents some prior knowl-

formula in Subsection 3.4 as a special case of the gene"ilgp

model edge abouf/ YP, the problem is to compute the combined
A third possible model of partially reliable sources renformation
sults from looking at sourcé as somebody who is either H=HQHi @ - @Hn, 4)

telling the truth or purposely lying due to some lack of ve-

racity. Letp andp = 1 — p be the corresponding probabil-and to usé in order to draw conclusions abottY P.

ities. Furthermore, suppose that Allinformation sources ~ Now let every informatior#{; be represented byraass
provide positive reports. This means that they are all eithégnctionm; in the sense of DS-theory [7, 8]. By, =
telling the truth with probability™ or lying with probabil- 7m0 ® --- ® mx we denote the combined mass function
ity V. In the first casehyp must be true, whereas in theobtained as a result of applying Dempster’s rule of combi-

second caskyp must be false. This leads to nation®. Becausd{ YP is a binary variable, there are four
possible subsets {hyp}, {—hyp}, and{hyp, —hyp} to be
N . . .

% _ o P considered. Without loss of generality, we assume that

p*(hyp) = p(hyplreps,...,repn) = x5 - @)
pN +p

] mL(@) 0,
This formula goes back to Laplace (see Chapt. XI of [4]) mi({hyp}) = T; = 1 -,
and is related to th€ondorcet Jury Theoremiscussed in o Cp = 1—u
social choice theory [5]. It is remarkable that it does not mi({=hyp}) = 4 = 1 -yi,
depend on a prior distribution ovéfYP.2 Boole gives a mi({hyp, =hyp}) = 2z = 1—-Z; =4 = zi+yi — 1,

S'm”%;ng&}h? |6nclu|_<|jes a pr_l(;)r d'frt]”b.uuon ovﬁ!YP bare the individual masses of these subsets. Note that cases
(see Chapt. of [6]). He considers the isomorphic pro of m; () # 0 are avoided by normalization. At this point,

lem of n independent jurors, rendering an unanimous V&lie do not try to interpret the parameters ;, andz;. We

?'Ct' blelr;g Ct(r)]rrect. In;ubset(_:tlon 3cfnwe W'LI_ reprodu;:e th{ﬁill see in Subsection 2.1 and 2.2 that such an interpretation
ormula for In€ case at positive andm hegative reports. pends crucially on the choice of the concrete model. The

The goall of this paper is to deflne a gene.ral model flea here to generate general results from using DS-theory
partially reliable sources from which results like the ONES: the underlying mathematical mechanism. The interpre-
mentioned above drop out as special cases. We cho

; 5tfon of the results will then become clear when concrete
Dempster-Shafer theory of eviden&sS-theory) as the un- models are considered.

derlying mathematical theory of uncer_tainty [7. 8. By Finally, with respect to the combined mass functian

Iqoklng at DS.-theor.y from the perspective of “”“EOTY .Of r?presenting the aggregated information from all sources,

_hlnts [91, that is by mFerpretmg masses as probabilities e are interested idegrees of support

interpretations, we will get a very clear picture of how the

general model relates to more specific models such as the m({hyp})
1—m(0)

ones introduced above. Furthermore, Dempster’s rule of
*This is due to the particularity of this model, in which, foranddegrees of possibilitgps({hyp}) = 1 — dsp(—hyp).3
a given set of reports, the true state of the variaBlEP is un-  Fyrthermore, we interpretps({hyp}) — dsp({hyp}) as a

ambiguously determined by the corresponding values of the Va(ﬁ'l]antitative measure of ignorance [11].
ablesREP;. In other words, the incoming set of reports extends

the range of the prior distribution frol®(REL,...,REL,) to 3In accordance with [10, 12, 9], we prefer to speak about de-
P(HYP,REL.,...,REL,) and allows then to compute poste-gree of support and degree of possibility &f instead of belief
rior probabilities forhyp. Bel(H) and plausibilityPI( H), respectively.

dsp({hyp}) = (5)




Theorem 1 If mg to my are mass functions ové{ YP as the parameters of the prior knowledgg. Note that: = 0
defined above, then degree of support and degree of pmspliesdsp({hyp}) = dps({hyp}). The expressions in (8)
sibility with respect to the combined mass functiorare and (9) can then be transformed into

determined by B

N N dsp({hyp}) = dps({hyp}) = W (10)
H Yi — H Zi y1/ \y2
dsp({hyp}) = ————~—"=—, (6) Furthermore, consider the cases where the prior knowledge
i+ [Tvi— 1] 2 is completely prejudiced by = 0 or h = 1. Then the
1=0 1=0 =0

above formula simplifies tdsp({hyp}) = dps({hyp}) =

0 anddsp({hyp}) = dps({hyp}) = 1, respectively. Such
a definite prejudice is therefore not compensable everif

m or m — n tends to infinity. Other interesting cases arise

and

=
<

=0
dps({hyp}) = — ~ ~— () fromz, = y, or x5 = y,. This means that either the
Hzi+11yvi— 11 = positive or the negative reports are valueless. Note how the
i=0 1=0 1=0

corresponding expressions drop out of the denominator of

respectively. (10). If all reports are valueless, that is if simultaneously
z1 = y1 andxz = yp, thendsp({hyp}) = dps({hyp}) =

Proof. We can use the fact that Dempster’s rule of combir, as one would expect.

nation corresponds to multiplication of correspondiog- Second, consider the case0f= 1. This is a situation

monality functions ¢; defined byg;(H) = > {m;(A) : where no prior knowledge is available. Itimplies= 1 and

A D H} [7]. In our concrete case, we hayg)) = 1, y = 1. As a consequence, we get

a({hyp}) = Zi + zi = yi, a({~hyp}) = G + 2z =

x;, and ¢;({hyp, ~hyp}) = z;. As a consequence, we dsp({hyp}) = 1— —— I?Lxé:l 11
getq(0) = 1, a({hyp}) = ILowi a({~hyp}) = T H U T AA

[Tl zi andg({hyp, ~hyp}) = 1L, 2. This leads to yrym

m(®) = 1= [ gws — T o + L g2 mhyph) = dpslibopd) = ool i (12)
ITio v — ITisg 2o m({=hyp}) = TTito @i — T 2 _ : " :
and m({hyp, ~hyp}) = Hi]i() zi.  Finally, (6) re- Note that the same result is obtained by omitting the prior

sults from applying the normalization constapt,.; to knowledgem, from the beginning.

I . : In general, we hav® < z < 1. We will discuss in
m({hyp}). Similarly, (7) is obtained fromn ({-hyp) and RN . . L :
Subsection 2.3 how to interpret this general situation. Prior
dps({hyp}) = 1~ dps({=hyp}). b
O

knowledge will then turn out to be a continuous quantity in
which z determines its strength and with “no prior knowl-

Now let there be: identical positive andm = N —n , .
ﬁgge andp(hyp) = h as opposite extreme cases.

identicalnegative reports. Suppose that the positive repo
my tom,, are determined by corresponding parametegrs
y1, andzy. Similarly, letzs, y2, andz, be the parameter52'1 MODELING PARTIALLY RELIABLE

of the negative reports:,, 1 to my. Finally, if z, y, and SOURCES

z are the parameters of the prior knowledgg, we can So far, we have discussed the general case in which prior
transform the results of Theorem 1 into knowledge, positive reports, and negative reports are all de-
Yy — 2 2P termined by corresponding parameters. The question now

dsp({hyp}) = 22T 1y g — 2 2T is how to derive these parameters from concrete models of
102 T YYrYs 12 partially reliable sources such as the ones introduced in Sec-
o tion 1. Before doing so, we will first identify a number
_ 142 . . . . .
=1-—"0 m =+ (8) of various models and discuss their relationship. We use
TXITy + YY1y — 2212 : i -
an assumption-based propositional language to describe the
yyTys models [10, 12]. Figure 1 gives an overview.
dps({hyp}) = =2 m (9)

U Ny m n
Ty H YUY T 2% (T) Truth Teller In this simple model we assume that

These two formulas can be regarded as the key to a solution there is a certain changgrel) = p that the informa-
of the problem of partially reliable sources. At this point,  tion source tells the truth and the report is correct. If
we do not further comment these results by interpreting the  this is all we know, we can express our knowledge by
parameters involved. But we will introduce concrete mod-
els of partially reliable sources in the following subsection
and illustrate corresponding applications of the above for-
mulas in Section 3.

Let's have a closer look at some special cases. First,
consider the case where a prior distributigfhyp) = h (L) Liar: This model is symmetric to the first one. We
is given. This means that= 4 = h = 1 —h andz = 0 are assume that there is a certain chapgerel) = p that

rel — (hyp < rep).

Note that nothing is said about the behavior of the in-
formation source in case ofrel.



(TL)

U]

(T

(LI) Consider the combination of the models (L) and (1)

rel — (hyp < rep) p| el — (hyp < rep) | —rel — (hyp < —rep)
—rel — (hyp < —rep)

pengerel - Y ~__peoqerrel

TP iPHﬁqul pPA=G
rel = (hyp < rep) L indicator1 —rel — (hyp « —rep)
—rel Ahyp — (p < rep) |« hyp — (p < rep) » el Ahyp — (p < rep)
—rel A ~hyp — (q <> rep) |  —wel —hyp — (q < rep) “rel | rel A—hyp — (q < rep)

Ipegea pegea
rel — (hyp < rep) < e o el — (hyp < —rep)
—rel — (a < rep) B Q= 1ep el T rel — (a < rep)

Fig. 1: Various models of partially reliable sources and their relationships.

the information source lies and the report is incorrec{R) Randomizer This model describes a valueless in-
This is expressed by formation source producing random reports indepen-
dently of HYP. Thus, the outcome aREP only de-
—rel — (hyp < —rep), ; -con

pends uniquely on a randomization parameters
but nothing is said about the behavior of the informa-

tion source in case o#l. a < rep.

Consider the combination of the models (T) and (L).  Note that (R) is a special case of (I) for= ¢ = a.

This leads to a model in which the behavior of the in-
formation source is fu”y Speciﬁed: (TR) Consider the combination of the models (T) and (R)

The outcome of the report depends then primarily on
RFEL and secondarily on the randomization parameter
—rel — (hyp < —rep). a:

rel — (hyp < rep),

Note that this corresponds to the third introductory
model discussed in Section 1. It will lead to a formula
equivalent to (3). —rel — (a < rep).

Indicator: This is another model in which the outcome  This model corresponds to the second introductory
of the report is fully specified. It depends primarily on  model discussed in Section 1 and it will confirm the
HYP and secondarily on randomization parameters result shown in (2).

andgq with corresponding probabilities:

rel — (hyp < rep),

(LR) Consider the combination of the models (L) and (R).
hyp — (p < rep), With respect taREL, it is symmetric to model (TR):
—hyp — (q < rep).

This model is equivalent to the first introductory model

discussed in Section 1. It will confirm the result shown
in (1).

—rel — (hyp < —rep),

rel — (a < rep).

Some of the above models are special cases of other models.
Consider the combination of the models (T) and (I)For example;rel makes (1) a special case of (TI) and (R) a
This is model in which the outcome of the report despecial case of (TR). Symmetrically;l makes (1) a special
pends primarily onREL, secondarily onfYP, and case of (LI) and (R) a special case of (LT). Furthermore,
finally on randomization parametesandg: p < q < a makes (TR), (R), (LR) special cases of (TI),
(), and (LI), respectively. Finally, (TL) is a special case of
(T1), (), and (LI) for p <> —q < rel and of (TI) and (LI)

for =p A ¢ andp A —q, respectively. Figure 1 illustrates the
—rel A =hyp — (q < rep). relationship between the various models. Dashed arrows
indicate possible special cases. Note that (T), (TI), (L), and
(LI are the only models that are not special cases of others.

rel — (hyp < rep),
—rel A hyp — (p < rep),

With respect taREL, it is symmetric to model (TI):
—rel — (hyp < —rep), 2.2 COMPUTING THE PARAMETERS

rel A hyp — (p < rep), Now let’s direct our attention to the determination of the
rel A —hyp — (q < rep). parameters;, y;, z1 for positive reports ands, ys, z2 for



negative reports. Note that the assumption-based descApsimilar procedure is possible for all other models.

tions of the various models lead to correspondingts in
the sense of [9]. In all cases, tframe of discernmeris
simply the Cartesian product
© = HYP x REP

= {(hyp, rel), (hyp, —rel), (=hyp, rel), (~hyp, —rel) }.

The set of interpretations depends on the assumptions n-
volved in the model. In the following, we will focus the
discussion on the (TR) model. At the end, all other resul ?Vlodel‘
will be provided by a theorem. The (TR) model includes

two assumptionsel anda. The Cartesian product

Q = {(rel, a), (rel, ~a), (—rel, a), (—rel, —a)}

forms thus the set of possible interpretations with (R

p(rel,a) = ap, p(rel,—a) = ap, p(-rel,a) = ap, and
p(—rel,—a) = ap. The corresponding consequencesdor
are

(rel,a) = T'(rel,~a) = {(hyp, rep), (—hyp, —rep)},
[(=rel,a) = {(hyp,rep), (—hyp, rep)},
L(—rel, —~a) = {(hyp, —rep), (—hyp, —rep)}.

This defines a mass functiontg over©. The only non-
Zero masses are

mrr ({(hyp, rep), (mhyp, —rep)}) = p,
mrr ({(hyp, rep), (=hyp,rep)}) = ap,

mtr ({(hyp, —rep), (=hyp, —rep)}) = ap.

For more information about the transformation from an
assumption-based propositional language to hints and from
hints to mass functions we refer to the corresponding liter-
ature [12].

Theorem 2 The results shown in the following table are
the parameters for the models introduced in the previous
subsection.

Positive Report Negative Report
Z1 ‘ A% ‘ 21 €2 ‘ Y2 ‘ %)
M| s | 1] 5 E:
(L) 1 p p p 1 p
(TL) p p 0 p p 0
1 1 1 1 1 1
m [ ] 1 [ 2% 1 [25%]2%
(LR) 1 1ffzjzp 1ilzjzp lifzp 1 1fgp
(|) q p pq q p pq
1-pq 1-pq 1-pq 1—-pq 1—-pq 1—pgq
(TN p 1—pp pgp 1-gp Dp pgp
1—-pgp | 1—pgp | 1—pap || 1—pgp | 1—pgp | 1—pgp
(|_|) 1—-gp pp Pqp qp 1-pp pap
1-pgp | 1—pgp | 1—pgp || 1—pgp | 1—pgp | 1—pgp

For the proof of this theorem we refer to one of the authors’
forthcoming publications.

In Section 3, we will discuss the most interesting models
by implanting the corresponding parameters into (8) and

9).
2.3 MODELING PRIOR KNOWLEDGE

Now suppose that the information source provides a posi-, _ . . .
tive report. The above mass function has then to be conﬁir-Ior knowledge, if available, is an important factor to be

tioned onrep. The result is a new mass functieny., over
© with

mir ({(hyp,rep)}) = p,
mi ({(hyp, rep), (~hyp, rep) }
mig(0) = ap.

ap,

After normalization and by projecting to { HYP}, we
get the first three parameters for the (TR) model:

__ap
S l-ap’

ap
1—ap’

T = n=1 =z

considered. It is usually the product of previous reports
from partially reliable sources that are not further specified.
Or it may simply reflect a personal opinion, feeling, or prej-
udice overHYP. We will not further take the origin of the
prior knowledge into account. This means th&Y P is the

only variable affected. As a consequence, we can represent
prior knowledge as a mass function ovél’P specified by
parameter, y, andz as explained before.

We have shown in (8) and (9) how the influence of prior
knowledge overHYP is determined by three parameters
x, y, andz. And we have already discussed two special
cases of: = 0 (a prior probabilityp(hyp) = h is given)
andz = 1 (no prior knowledge available). In order to get a

Similarly, if the information source provides a negative rggroper interpretation of these parameters, an interpretation

port, we derive fromnrr a new mass functiom.., over
O with

myg ({(=hyp, —rep)})
mER(Q) = aﬁa
myg ({(hyp, —rep), (mhyp, —rep)})

=P

= ap.

After normalization and by projecting.., to { HYP}, we
get the remaining parameters for the (TR) model:
__ap

S l—ap’

ap
1—ap’

Tro = 1, Yo = Z9

that is applicable to the general casec z < 1, consider
the following model (P):

(P) Letthere be a prior probabilityfor Ayp in which one
is more or less confident. The strength of the confi-
dence is expressed kycon) = . We can then look
at hyp as an event which depends primarily am
and secondarily on a randomization parameterth

p(a) = h:
con — (a < hyp).

Note that nothing is said aboayyp in case of-con.



This model corresponds to a situation in which the hold&ow look at the case = 1 where a prior probability: is
of the prior knowledge is not totally sure about the opiniogiven. This allows to derive
or feeling he has aboutyp. This leads to parameters

h
dsp(hyp) = dps(hyp) =

3 PR A 17
x:l—'yh, y=1—~h, z=1—-7, (13) h+hpn—m

that can be implanted into (8) and (9). Note that= 0 from (11). The result tends again towdrdnd0 for n — oo
impliesz — y — = — 1. This is a situation where no andm — oo, respectively. Note that (17) is only a function

prior knowledge is available. As a consequence, (8) and @‘)
simplify to (11) and (12). On the other handif= 1, we
havex = h, y = h andz = 0. This is a situation where 3.2 Model (PTL)
a prior probabilityp(hyp) = h is available. It allows to Consider the (TL) model in which it is distinguished be-
transform both (8) and (9) to (10). tween truth telling and lying. As a consequenge= z; =

A pleasant property of the above model is the possibility we getdsp(hyp) = dps(hyp) independently ofy. If
of varying the strength of the prior knowledge continuouslgrior knowledge is not available, thatis= 0, it follows
betweer() and1. This seems to reflect a natural property dfom (11) and (12) that
real prior knowledge. 1

dsp(hyp) = dps(hyp) = T pypm (18)

3 CASE STUDIES 1+ (%)

The purpose of this section is to study certain models of p&or m = 0, this result includes Laplace’s formula (3) as
tially reliable sources more deeply. We consider the modeélsspecial case [4]. Note that= 2 implies dsp(hyp) =
(T), (TL), (1), and (TR) to be the most interesting ones. Furdps(hyp) = 3. Otherwise, if there are infinitely many pos-
thermore, model (P) will be used for the given prior knowlitive reports,n — oo, we get
edge. By (PT), (PTL), (PI), and (PTR) we denote the cor-

responding combined models. The corre;pqnding solu'gions dsp(hyp) = dps(hyp) = {
for degree of support and degree of possibility are obtained

by substituting the parameters in (8) and (9) by the respec- ) o )
tive values shown in Theorem 2 and (13). But we do n&tn the other hand, if there are infinitely many negative re-

further discuss the general case because it does not alRfts:m — oo, we get

h, p, andé, but not of V.

1, ifp> 3,

19
O,ifp<%. (19)

significant simplifications. 0.if p> L
Our discussion will thus be restricted to the two extreme  dsp(hyp) = dps(hyp) = { T P f’ (20)
casesy = 0 andy = 1. The corresponding results can be Lifp<s.

derived from (10), (11), and (12). We will use=n —m N0 that (19) and (20) is essentially tGondorcet Jury

to denote the gap between positive and negative reports Fh2orendiscussed in social choice theory [5]. The problem
N = n + m for the total number of reports. In many prac-

i o ith (18), (19), and (20) is that th It ly d d
tical applications one would expect the results to depend \évrléné(s ?Ju(t ngt ZISN( ) is that the results only depend on
o oy e o o NoWEOTSIGrGaseof 1 a gven prrprobab
and1000 negative reports. ity p(hyp) = h. This allows to transform (10) into

h
3.1 Model (PT) dsp(hyp) = dps(hyp) = R (21)
P
Consider the (T) model in which the outcomelRE P only
depends orREL. For~ = 0 (no prior knowledge), we can
transform (11) and (12) into

This result is similar to the one given in (18). It clearly
demonstrates the impact of the prior probability The
formula corresponds to the one given by Boole [6]. The

1 arameters on which (21) depends Arep, andd, but not
dsphyp) = 1= s as e ’
and 3.3 Model (PI)
dps(hyp) = _ 1 . (15) This is_the quel that corre_sponds_ to the first introduc_to_ry
1+pn=—m—pn» model in Section 1. If there is no prior knowledge, that is if

This seems to be a legitimate result, because fer0 both v = 0, we can transform (11) and (12) into

dsp(hyp) and dps(hyp) tend towardl for n — oo and
toward0 for m — oo. Note that this is true for any > 0.
Furthermore, the results depend on bétand N. If § is
fixed, p > 0, andN — oo, then and

1
dSp hyp =1- T B\ — (22)
R GO T

dsp(hyp) = dps(hyp) = 7 +1 55 (16) dps(hyp) = 1+ (9 ()" : (23)



Suppose that bothandq are strictly betweefiandl. First, To conclude this section, look at the caseyof= 1 and
consider the special casewt ¢. This allows to write (22) p(hyp) = h. We can then derive
as

(1)

h
dsp(hyp) = dps(hyp) = — _
1 PARYp p yp a N/ 1—ap\
= 1—dps(hyp). (24) h+h(1fz)—zﬁ) ( &ﬁp)

dsp(hyp) = 1 — —————
sp(hyp) 5 i

) from (10). This formula corresponds to the one obtained in
This result tends .towarg for bothn — oo orm — oo.  gection 1 with the aid of Bayesian networks. Provided that
Such an information source is valueless. Secondy I8 ( -, < 1, bothdsp(hyp) anddps(hyp) tend toward. for

different fromg. Thenn — oo implies n — oo and toward) for m — oo. For fixedd, it follows
L from N — oo that
, Fp>gq, _
dsp(hyp) = dps(hyp) = {07 itp<q. (25) 1, if ah> L | 1
dsp(hyp) = dps(hyp) = { iy 1a=3,
Similarly, m — oo implies p(hyp) ps(hyp) h+h(352)

0,ifa<i. (32)
0,ifp>gq,

) (26) Note that this result only depends pifior a = %
1, ifp<yq.

dsp(hyp) = dps(hyp) :{

Thus, if the (PI) model is used to describe medical tests, fgrr CONCLUSION

example, parameteris expected to exceegd This paper approaches the problem of independent and
Finally, consider the case of = 1 andp(hyp) = h. partially reliable information sources from a very general
By implanting the corresponding parameters into (10), waerspective with Dempster-Shafer's theory of evidence as
obtain the underlying mathematical mechanism. The result is a
generic model with a number of possible instantiations. The
h illuminates the relationship between the various in-
L — (27) Paper illumina p
h+ h(%) (%) stantiations and analyses corresponding conclusions. It also
discusses the role of prior knowledge and proposes a model
This result corresponds to formula (1) obtained in Sectionjd which the influence of a given prior probability is con-
with the aid of Bayesian networks [3]. We gétp(hyp) = trolled by a continuous confidence parameter
dps(hyp) = h for p = ¢. If pis different fromg and  There are a number of open questions. One of them con-
0 < h <1, the limits forn — co andm — oo are equal to cerns the problem of choosing the “right” model. We do not

dsp(hyp) = dps(hyp) =

(25) and (26), respectively. exclude the possibility of arguing in favor or against certain
models, but we can’t and we don't want to give a definite
3.4 Model (PTR) answer here. In our view, the choice of the model crucially

. depends on the circumstances of the concrete problem and
The last model we analyze here is the one that correspo%?g P

. ) : type of the available information. In this sense, we think
to the second introductory example in Section 1. We SUp. yp

1 and 1 th h he di i at all models are legitimate.
posel < p < 1and0 < a < 1 throughout the disCussion  Anqther open question is the treatment of dependencies.

(» = 0 leads to the (R) model angl= 1 produces conflicts Re|axing the assumption of independent sources would cer-

whenever bottn > 1 andm > 1). _ tainly make the analysis more complicated, but it would
We start again with the case= 0 of no prior knowledge. also become more realistic. We postpone this important
This allows to write (11) and (12) as topic to future publications.
1
dsp(hyp) = 1_ ap \m 1—ap\ (28) References
L+ (25) 158 -1
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