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Abstract. This paper proposes a way of incorporating fuzzy temporal reasoning within diagnostic reasoning.
Disorders are described as an evolving set of necessary and possible manifestations. lll-known moments in time,
e.g., when a manifestation should start or end, are modeled by fuzzy intervals, which are also used to model
the elapsed time between events, e.g., the beginning of a manifestation and its end. Patient information about
the intensity and times in which manifestations started and ended are also modeled using fuzzy sets. The paper
discusses many measures of consistency between the patient’s data and the disorder model, and defines when the
manifestations of the patient can be explained by a disorder. This work also discusses related issues such as the
intensity of manifestations and the speed in which the disorder is evolving, given the patient’s data, and how to
use that information to make predictions about future and past events.

Keywords: medical diagnostics, fuzzy temporal information, fuzzy intensity information

1. Introduction

Temporal information and temporal reasoning are important aspects of diagnostic reasoning
(Long, 1983; Hamlet and Hunter, 1987; Console and Torasso, 1993; Wainer and Rezende,
1997), specially in some domains, such as, the diagnostics of infectious diseases. For ex-
ample,Staphylococcus aureasd short ternBacillus cereusre the only possible bacterial
causes for nausea and vomiting within 1-6 h from ingestion of contaminated matter. A
patient with botulism Clostridium botulinumwill only have those symptoms in 18-36 h
after the ingestion. In this case, temporal information is central for the correct diagnostic.
Another example, again within the food-borne diseases, is intoxication by ingestion
of poisonous mushrooms from the specfesanita phalloides, A. virosandA. verna
(Mandell et al., 1995, chap. 81): it always causes abdominal cramps and nausea within 6
to 24 h from ingestion, which lasts for up to 24 h, followed by a period of 1 to 2 days of no
symptoms, followed by hepatic and renal failure (which leads to death in 50% of the cases)
(see figure 1). Faced with a case in which the patient has ingested mushrooms, and felt
abdominal cramps and nausea but does not show symptoms of renal and hepatic failure, one
should not rule out intoxication by th&manitafamily without taking into consideration
whether there has been enough time for those symptoms to develop. This is an example of
temporal reasoning.
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Figure L Temporal evolution of poisoning bdmanitamushrooms.

On the other hand, diagnostic problem solving has been an area of intense interest in
Artificial Intelligence, and has generated many methodologies and models over the last two
decades. There are many diagnostic models such as rule-based (Buchanan and Shortliffe,
1984), set-based models (Peng and Reggia, 1990; Lucas, 1996; Dubois and Prade, 1995),
logic-based models (Reiter, 1987; Console et al., 1989; Konolige, 1992), and case-based
models (Koton, 1988).

But despite the importance of temporal aspects there are very few diagnostic models that
incorporate time within its framework. Wainer and Rezende (1997) proposes an extension
of Parsimonious Covering Theory (PCT) (Peng and Reggia, 1990), a set cover model, so
that information about the evolution of the manifestations, both the elapsed time between
the beginning of the manifestations and their duration, can be taken into consideration. This
paper extends that model so that instead of representing temporal information as intervals,
it represents them as fuzzy intervals.

The usefulness of modeling temporal information as fuzzy intervals is clear when we
consider the nature of the pieces of information found both in the temporal models of
disorders and in the case information.

On the one hand, in most domains, the temporal constraints in the disorder model usually
represent the accumulated knowledge of these intervals for a very large number of cases.
Each of these temporal pieces of information may be modeled by a crisp interval, but then
this interval might be either too small to contain spurious cases, or too large to provide
useful information. Instead, modeling these temporal pieces of information in such a way
as to allow one to distinguish between tiypical cases from the onlgossibleones would
be more useful.

In the medical domain, for instance, one frequently finds assessments such as “in disease
di1, symptome, will follow symptom e; afteraround24to 48 h”. A physician confronted
with the case of patienX for which symptone; preceded symptom by 22 h, would not
completely disregard; as a possible diagnostic. However, that would happeamnoitind
2410 48 h would be modeled by the interval [24, 48] in an automated system. Now, if the
wider interval [21, 52] hours would be used to modelund24to 48 h ind,, and [18, 26]
hours would be used to model the interaadund20to 24 h betweere; ande; in d,, the
system would lose the means to state thads potentially a better diagnosis thdnfor the
case presented b¥. In other words, one would lose the rich information that the case at
hand is inside the typical casesdfbut only inside the possible casesin
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However, this would not happen if fuzzy intervals would be used to model these temporal
pieces of information. Moreover, a fuzzy interval is easily obtained by asking the expert
to provide two nested intervals to account for the lapse of time between two events: one
containing the interval of time between which the events typically occur, and another interval
comprising all possible cases.

On the other hand, case information is usually tainted with vagueness. For instance, a
patient is hardly ever capable of telling the precise moment in which a determined symptom
started or ended. In this case, taking an imprecise interval to model a vague piece of
information provided by the patient might have the effect of either ruling out a possible
diagnosis, if that interval would be too small, or of unnecessarily increasing the number of
possible diagnoses, if the interval would be too large. Here again, fuzzy intervals are more
appropriate to model the temporal pieces of information than crisp intervals.

In this paper we will be interested in providing a model to answer the following questions:

e when are the case information and the model for a disease inconsistent with each other
from atemporal point of vied If we call the information on how a disease evolves as the
model for adisease, as in the description of the evolution of symptoms for poisoning by the
Amanitamushroom above, we are interested in knowing when the patient’s progression
of symptoms and the model are consistent or inconsistent with each other (and to what
degree). For example, if the patient is exhibited nausea and abdominal cramps from
3 days and then 2 days after that showed signs of renal failure and loss of sensation in
the limbs, can one state that this development of symptoms is consistent with the disease
model?

e when are the case information and the disease model categorically consigtehtive
all necessary symptoms in the model occu(giden that they have had enough time to
occun?. Some symptoms must necessarily occur if the disease is allowed to develop. In
particular, if theAmanitapoisoning is not treated it will necessarily lead to the symptoms
of renal and hepatic failure. If a necessary symptom does not occur (given that it has
enough time to occur), then the case information and the disease model will be said to
be categorically inconsistent with each other. For example, if the patient had abdominal
cramps for one day, and after two days he had signs of renal failure, but no signs of
hepatic failure, can one consider that the model of poisoning Aitlanitaand the case
are categorically consistent?

e when is the intensity of the symptoms in the case and the intensity of the symptoms as
predicted by the disease model consistent with each ®tf&wme symptoms have some
form of intensity associated with it. Sometimes the intensity is more precisely defined
over some objective domain, for example, the patient fever was from 38.5 t6C38.6
Sometimes the intensity is defined over some subjective domain, for exasepkre
cramps, omild nausea. If the patient reports suffering from mild nausea when the
disease model specifies that the nausea will be strong, how much can one state that the
model and the case patient are in agreement on the intensity of the symptom?

o if we consider a particular disease as explaining all the patient symptwimet else can
we know about the other manifestations that the patient may havehadll develop in
the future For instance, if all the symptoms so far have occurred faster than expected, is
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it reasonable to expect that the symptoms that have not yet had the time to develop will
also occur in a fast pace, and so immediate action should be taken by the physician?

The next section presents some basic concepts in fuzzy intervals, and define the model
of a disease, and what is the case information available. Section 3 provides the answers to
the questions raised above: when is the case temporally consistent with the model, when
is the case categorically consistent with the model, and when is the model an explanation
for the case. It will also include a subsection on intensity consistency. Section 4 discusses
what other inferences can one perform given that it is assumed that a disease is the cause
of a set of manifestations. Finally Section 5 discusses the limits of the model proposed and
future work.

2. Basic definitions
2.1. Fuzzy intervals

A (normalized) fuzzy sef\in ® (Dubois and Prade, 1988), is characterized by amembership
functionua : ® — [0, 1], such thafix € ©, ua(x) = 1.

Let A and B be fuzzy sets ir®, where® is a domain for which the operations, —
and min are defined. The sufk® B, the subtractiorA © B, the negation- A, and the
intersectionA N B are respectively characterized by membership functions (Dubois and
Prade, 1988):

UapB(2) = sup  min(ua(X), us(y))
{(X,y)/z=x+Y}

uacB(2) = sup  min(ua(x), us(y))
{(X,y)/z=x~-Y}

H-a(2) = pa(=2)
Kang(2) = MiN(ua(2), 1e(2)

The height of non-normalized fuzzy satis calculated as
h(A) = suppa(X)
Xe®

In this work, a fuzzy sefA such thatu a is convex will be called a fuzzy interval. An
interval will be said to be positive i® is the real line, an&tx < 0, u(x) = 0.

In some cases we will assume that the fuzzy interval is trapezoidal, as in figure 2. In that
case, the interval will be represented by a 4-tuygleb, c, d).

ra(z)

1

a b c d ©

Figure 2 A trapezoidal fuzzy interval.
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For a trapezoidal intervah = (a;, a,, a3, a4) the range d,, as], whereua(x) = 1, will
be called the core oA. The ranged, as], whereua(x) > 0, will be called the support of
A. Aninterval(a, a, b, b) will be said to be crisp and will be denoted tg;, b).

For two trapezoidal intervalé = (ai, a,, a3, a4), andB = (by, by, bz, bs), the® and
© operations are sSimplA & B = (a; + by, a, + by, az + bz, a4 + b)), andAe B =
(a1 — bg, @y — bz, a3 — by, &y — by).

Throughout this paper, we shall make use of four particular fuzzy intervals? heta
moment in®. The fuzzy intervals describing the possibility of an event occuraingny
time exactly aty, afterd, andbefored are respectively defined as:

lanytime = A such thax € ©, ua(x) =1
Il_g = Asuchthaiua(X) =1 if x=0,andua(x) = 0 otherwise
.o = Asuchthatyx € ® if x>0, ua(x) =1, andua(x) = 0 otherwise
l.p = Asuchthatyx € ® if x <6, ua(x) =1, andua(x) = 0 otherwise

We also usé to denote the present moment, and defifagrenow= 1<4, aNdlatternow = 1>4,-

Finally, we will define that an intervah is tighter than an intervaB (or, informally
narrower) if ua(x) < up(x) for all x € ®. If A and B are trapezoidal, the =
(a1, &, a3, a4) is tighter thanB = (by, by, bs, by), iff a; > by, ap > by, a3 < bs, and
as < by.

2.2. Knowledge base of disorders

The knowledge base for a fuzzy temporal/categorical diagnostic problem is the informa-
tion about disorders and how they evolve. The knowledge base is given by the tuple
(©, D, M, N, P,V, T)where:

® is a time scale.
D is the set of disorders.
M is the set of manifestations.
N is the necessary effects function that associates to each dishaeetM, € M of
manifestations that, necessarilycauses. That is, il (d;) = {my4, ms, m;} then it is not
possible to have the disordéy without having eventually the symptoms, ms andms.
e P is the possible effects function that associates to each disdrdesetM_ € M of
manifestations thal, maycause.
e V associates to each disorder a set of (instantaneous) events. These events will be used
to describe the evolution of the disorder. Among the events(oh) it must be included
events that correspond to the beginning of all manifestatioBsdn). Furthermore (d,)
can include events that correspond to the end of some of the manifestatie(ds )mnd
can also include other, non-observable events. For example, a common non-observable
event in infectious diseases is the infection itself.
e 7 is a function that associates somepairs of event®, ej € V(dy) a fuzzy temporal
interval 7 (d)) (&, €)) = 7 which states that (according to the model for the disodfer
the elapsed time between the event representegl bypd the event represented by
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Figure 3 Temporal graph of the working example.

must be within the fuzzy temporal interval(if & occurs before; then7 (d)(e, €)) is
a positive fuzzy set).

We also define the derived functidh which yields the associated effects of a disorder,
asE(d) = N(d) U P(d).

Together,V (d)) and7 (d) can be better understood in terms of a graph of events. The
events inV (d)) are the nodes of the graph and7i{d,) is defined for the pair of events
(&, €j) then there is a directed arc froep to & and the value in the arc (d)) (e, €)).

We will call such interpretation as the temporal graph of the disorder.

Figure 3 is a simplified model of the temporal graph for poisoning byAthanitamush-
room. In this simplified model, we disregard the co-temporality of certain manifestations,
and to facilitate the readability of the calculations, we use crisp fuzzy sets to model the
temporal information in the example.

In figure 3, the everty is the ingestion of contaminated mattey, is abdominal cramps,

m; is nausean is renal failure, andn, is hepatic failurem? andmf refer to the beginning
and end of the manifestation;. The intervalsaround6—24 h,less thar24 h andaround
24-48 h are respectively modeled {8 24), (0, 24), (24, 48). The intervalless thanl h
from figure 1 (not represented in figure 3) could be modeled by thé-sktl), which
accommodates the double link between two manifestations.

2.3. Case information

For a particular diagnostic problem, one needs, besides the knowledge base about the
disorders, a particular case. The case information should describe the manifestations that
the patient is suffering and have suffered from, temporal information about when those
symptoms started and ended, and information about manifestations that the diagnostician
knows are not present in the patient.

Information about a given case is modeled by a t@fde= (M+, M—, EV*', TIME™, 6p),
where

e MT is the set of manifestations known to be or to have been present in the case.
e M~ is the set of manifestations known to be absent from the case.
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e EVT is a set of events for which one has temporal information. Among the events in
EV' are the ones that represent the beginning of each manifestatiht in Events
representing the end of the manifestations/ifi may also belong to the set BV

e TIME™ is a function that associates to each eweatEV" a fuzzy temporal interval that
represents the possible moments in which that event happened.

e 0 is the moment of the diagnosis.

In our example, a piece of information such as “the patient had nausgadtarting
24 h before the consultation, which lasted for about 5 or 6 h, and he is sure he did not
have abdominal crampmg)” would be modeled bM* = {m,}, M~ = {m;} and EV" =
{mg, ms$}. If we consider that the consultation happened at tie= 120, the temporal
information could be translated as TIMENS) = (96, 96) and TIME"(m$) = (101, 102).

2.4. Minimal network

Finally we will make use of the concept of a minimal network (Vilaand Godo, 1994). Given

a set of intervals among some events, the minimal network is way to compute the intervals

between any two of those events, so that those computed intervals are as tight as possible.
The minimal network can be computed by the algorithm below, which is the Floyd-

Warshall algorithm for all pairs shortest path (Cormen et al., 1990, chap. 26). The minimal

network will be computed for each disorddr We assume that the events\it(d|) are

arbitrarily numbered, and th@¥ (d)| = n. The algorithm computes the valugswith is

the interval between evengsande; in the minimal network for a particular disorde.

fori=1tondo
forj=1tondo
ifi=jthent; =1_9
else if7 (d)(a, €)) is definecthent; = 7 (d) (s, €))
else if 7(d)(ej, ) is definedhent; = —7(d)(ej, &)
elsetij = lanytime
fork=1tondo
fori=1tondo
forj=1tondo
tij = tij N (tik @ tj)

SCLONOOR~WNE

=

We will define a functiorr (& , ;) which returns the value df in the minimal network
for disorderd,. If the disorder is clear from the context, we will not use the substript
In terms of the graph analogy & and7, the minimal network computes the transitive
closure of the graph.

Figure 4 is part of the the minimal graph obtained for our example. The complete graph
is such that for each two of evergsande; there exist botlig , €;) and(e;, & ); the value
on aaro(e, ej) notindicated in the figure is calculatedase , €)) = —m (g, ).
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3. Degrees of consistency
3.1. Temporal consistency

In evaluating the temporal consistency between the case and the model, one needs to compare
the elapsed time between the events in the case (the events jraEd the corresponding
fuzzy intervals as specified in the model.
We must compute the pairwise temporal distance between all eventstin Biven
e, e € EV' we compute

DIST* (e, e)) = TIME*(e)) © TIME* (&)

Thus DIST (e, €)) isthe fuzzy temporal distance between the real occurrences of the events
g ande;j. In order to verify how well these two events fit with the model of a particular
disorderd, we must compare DIST(g, ;) with m (&, €)) if both & ande; belong to that
disorder model.
Infact the degree of consistency of the pair of evenisde; between the disorder model
and the case information is the height of the intersection of DI8Tej) andrn (e, €)).
Formally the temporal consistency degree of the disoddierdefined as:

a(d) = min [h(DIST* (e, €) Nm (e, €)))]
e,6€EVINV(d)

In the remaining of the text, between two nodesinde;, only one arc shall be taken
into account inx(d,), sincen(DIST* (e, ej) N (e, €)) = h(DIST (ej, &) N (€}, &)).
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Example Letus suppose thatin our example we hive = {my, my}, EVT = {m$, m$},
TIME*(m$) = (101, 102 and TIME"(m$) = (57,58). Then we have DIST(m$, m5)

= (43, 45). From the minimal graph we have(m, m5) = (—42, 42) and consequently

a(d) = h(DISTT(m$, m§) N (M, m§)) = 0. Therefore, the model and case are consid-
ered to be completely incompatible in temporal terms. Indeed, if we consider TiE,

the supposed ingestion of poisonous mushrooms would have occurred during the period
(53,96), whereas considering TIMEmS), the ingestion would have occurred during the
period(9, 52).

Example Let us suppose that TIMEmS) = (100, 101, 102 103 and TIME"(m$) =
(56,57,58,59. Thena(d) = h((41, 43,45, 47) N (—42,42)) = 0.5, i.e.,d would be
considered a possible explanation to the manifestatioitin

3.2. Categorical consistency

Categorical consistency between model and case refers to the fact that a necessary mani-
festation of a disorder must happen, if the patient is suffering from that disorder. If the case
does not have a manifestation then no disorder that considers that manifestation necessary
can be a possible diagnostic, or be part of a possible diagnostic. But categorical incon-
sistency is tightly bound with temporal reasoning. In fact we can only state that a case is
categorically inconsistent with the model if a necessary manifestation has not occurred and
there has been enough time for it to happen.
One can say that a manifestation has had enough time to occurdnif

¢ there exists an evemj, which was supposed to happen after the startigfand that
event has already occurred;

¢ or there exists an eveaf, which was supposed to happen before the start; pand that
event did happen as expected, but the expected elapsed time between the event and the
start ofm; has already expired.

Categorical consistency can be calculated as temporal consistency if we assume that all
necessary manifestations that have not yet occurred will start sometime after the moment of
consultation. If, because of either the two reasons above, there is other temporal information
that states that this event should have already started, the temporal consistency index of the
disorder will reflect it.

Thus, with the initialization

vm € M~ N N(d), TIMET (MP) = lagtemow

the temporal consistency index(d), will reflect both the temporal and the categorical
consistency. We will call this combined temporal and categorical index;&d;).

Example For instance, let us suppose that in our example the consultation occurs at
time 6o = 120 and that we havM ™ = {mp, ma}, M~ = {my}, EV" = {m§, mﬁ}, with
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TIME"(m$) = (91, 92) and TIME"(mf) = (114 116. Furthermore let us assume that
the manifestatiomn; is necessary, that is); € N.

Not considering the negative information about, the temporal consistency would be
a(d) = h(DISTH(ME, mb) N 7 (m$, mY)) = h((20, 25) N (24, 48)) = 1. In other words,
without considering thamn; did not yet happen, the model and case are considered to be
completely compatible with each other.

Let us now take the information abont; into account. We make TIME(m‘l’) =
laternow= (120, co), and thus obtain

h(DIST*(m$, m§) N (m$, m)).
a(d) = min| h(DISTH (Mg, m§) N m (M?, mg)),
h(DIST*(m?, m§) N (M2, mf))

h((20, 25) N (24, 48)),

= min| h({—oo, —28) N (—18, 42)),
h({(—o0, —4) N (6, 90))

=min(1,0,0) =0

Therefore, when we take into account the fact thahas not yet occurred, the model and
case are completely incompatible with each other. Indeed, reasoning backwards from the
moment of occurrence of$, the moment of ingestion should have occurred in the interval
(=5, 62), which would then make us expet; to have already begun at some time inside
the interval(1, 88), i.e., at least 12 h before the consultation.

3.3. Intensity consistency

In some diseases, it is important to quantify the intensity with which some of its manifesta-
tions occur. For instance, let us suppose a given disorder is characterized by strong fever at
some time during its development; in this case, it is reasonable to suppose that that disorder
will be the less plausible, the lower the temperature of the patient.

In order to provide information about the intensity of manifestations in relation to disor-
ders, the knowledge base contains a function INT, which attributes to eacihmafde(d)
a fuzzy set INTm) describing the intensity with which that manifestation is expected to
occur ind,. Each fuzzy set INTm) is defined on its particular domasinT m)-

For manifestationsy; for which intensity is not relevant id, INT(m;) is constructed as
VX € QinTm), inTm) (X) = 1. When the intensity can be quantified by a precise constant
X* in Qintmy, then we construct IN@M) as puintm) (X) = 1, if X = X*, wintm(X) = 0,
otherwise.

In the same way, in order to provide information about the intensity of manifestations
presented by a given patient, the case information contains a function itdiich attributes
to each nodem, e M+ a fuzzy set INT (m;) describing the intensity with which that
manifestation occurred. Each fuzzy set INT) is defined on domaig;yt (m;).
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The consistency of the intensity of a manifestation in relation to a disorded,, is
quantified as follows:

B(mi) = h(INT(m;) N INT*(m;))
Finally, for a disordenq, its intensity consistency is given by

Bld) =

| gg‘(dl) A(mi)

Example Let us suppose that manifestation in the Amanitapoisoning disorder model

is severeabdominal cramps. Let us also assume a domain for the intensity of cramps
Qintmy = [0, 10], and that severe cramps is modeled by the fuzzy interva(iiyNY =

(7.5, 8.5, 10, 10). Ifthe patient claims to havatensecramps, modeled as the fuzzy interval
INT*(m1) = (4,5,7,8), over the same domaiftntm,), then the intensity consistency
degree for cramps would kgxm;) = h((7.5, 8.5, 10, 10) N (4,5, 7, 8) = 0.25.

3.4. Diagnostic explanation

In this paper we assume that every explanation, or better diagnostic explanation, is a
single disorder that is temporal, categorical, and intensity consistent with the symptoms
and explains all symptoms present in the case. Thus a diagnostic for the casea=

(MT, M—,EVT, TIME™, 6p, INT™), if

o ace(d) >0
e B(d)>0
o forallmy e M™m; € E(d).

4. Other informations about a disorder

Once one assumes that a particular disorder is the explanation for a set of symptoms, one
can make further inferences about how this disorder will progress.

For the rest of this section we will assume that not only the disorder is an explanation for
the set of symptoms, but also that it is 100% temporally consistent with it, thats,= 1.

4.1. Revised elapsed time and revised event time

If the diseas@] is really what causes the events in E\then it may be possible to reduce

the uncertainties in the information about the elapsed time between some of the events in
EVT, since these elapsed times must also agree with the disorder model. We define the

revised elapsed time between the evenende; € EV', DIST (g, €)) as

DIST (e, ej) =DIST (e, €) Nm(a,€))
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Given a particular everé € EV™, which has the least uncertainty for its starting time,
i.e., for which TIME" (&) is narrowest, we can anchor the other events on it. The revised
event time for eveng € EV', based oré is defined as

TIME' (e) = (TIME* (&) @ DIST (&, &)) N TIME " (e)

Example For instance, let us suppose that we hile = {m,, ms}, EVY = {m§, mﬁ},
with TIMET(m$) = (91, 92) and TIME"(m}) = (114, 116). Then we obtain DISTmS,
mb) = (22, 25) N (24, 48) = (24, 25). We then use TIME(m$) (the narrowest time esti-
mation) to anchor the estimated time of occurrence of TIE) and obtain

TIME" (m}) = (DIST' (m§, m}) & TIME*(m$)) N TIME ™" (m})
= ((24,25) ® (91,92) N (114 116
= (115 117) N (114 116 = (115 116

4.2. Speed of development of a disorder

In the medical domain, the temporal constraints in the disorder model usually represent
the accumulated knowledge of these intervals for a very large number of cases. As a
consequence, consideridgas the actual disorder, it is very likely that the revised interval
DIST (e, €j) will be much more precise than the estimated intenyéd , ;). Using this
information and considering the hypothesis of a regularity on the speed of the development
of adisorder, one may make more precise predictions about events in the future, or unknown
events in the past.
For example, let us suppose we have a case in which for all eeergs € EV™,
DIST (e, €)) is always within the first fourth of the corresponding intervgle , ;) of a
diseasal,. Then if the disease model forecasts that a manifestatiovill start anytime
between the next 5 to 15 days, given the past history of how the disease is developing in
this case, one can make the expect that, for this case, one can exfgestart within the
next 5 and 7.5 days.
We will formally define the idea of “DIST(e, €j) is always within the first fourth of
the corresponding intervad (e, ;)" by defining a compression factor(e , ;) between
m (e, ej) and DIST (e, ej). From now on, we willassume that the intervals are trapezoidal.
Given two event® ande;j, with 7 (e, e)) = (a, b, c,d) and DIST (g, ¢j) = (&, b/,
¢, d’), we can compute the compression fagtée , €;) as a pair of pairs of coefficients:

bb—b ¢—-b\ /a@—-—a d-a
v(&,€) = ({11, 12), (13, T4)) = << >< >>

c—b’'c—b/'\d—a’d-a

fora # d,b # c. Forb = ¢ we make(r;, o) = (0,1) and fora = d we make
({t1, T2), (T3, T4)) = ({0, 1)(0, 1)). These coefficients are such that we always have 1,
andtsz < 14.

The first pair of coefficients refer to the core of the interv%isgID measures where within
the core ofr (e, €)) does the core of DISTe, €;) starts. The second coefficient of the



FUZZY TEMPORAL/CATEGORICAL INFORMATION IN DIAGNOSIS 21

first pair% measures where within the coremfe, ej) does the core of DISTe,, €;)

ends. Thus if a case is developing within the first fourth of the (core) interval predicted by
the model, the first pair of coefficients in the correspondingould be(0, 0.25). That is
the core of the case’s interval starts exactly at the start of the core of predicted interval, and
ends at 25% of the predicted interval.

The second pair of coefficients perform the same calculations, but in relation to the
support ofr (g, €)) in comparison to the support of DISE, €;).

The compression factor is way to transform a wider interval into a narrower orle. If
is the interval(a, b, c, d) andy is a compression factdKz, 12), (13, 74)), Will define the
composition operatop as

yol =(@,b,c,d)
where

a = min@+ t3(d — a), b+ r1(c — b)),
b= b+ 11(c—b),
¢ =b+ (c—h),
d’ = max@+ t4(d — a), b+ 7o(c — b))

The max and min operations are there to guarantee that the resulting interval will be trape-
zoidal. This operator is such that® 7 (e, ej) = DIST (e, ej). The compression factor

y* = ({0, 1)(0, 1)) is the neutral compression factor, i.e., for any intervalve have
y*ol=I.

Example Forinstance, letus suppose we haMe, . ej) = (10, 12, 16, 18) and DIST (g,
e)) = (14, 16, 16, 18). Fromux (e, ;) and DIST (e, ej) we obtain the compression factor
y = ((1,1), (1/2, 1)), which applied to interval = (2, 6, 10, 20) yields the compressed
intervaly © | = (7, 10, 10, 20) (see figure 5).

Two compression factors can be combined usingthdions sumGiveny; = ((X1, Xo),
(X3, X)) andy, = ((y1, ¥2), (Ya, Ya)) we define the cautious supa + y» as

Y1+ v2 = ((MiN(X, Y1), Max(Xz, ¥2)), (MiN(Xz, Y3), Max(Xa, Ya)))

I I
/7 DISTT yoI

Figure 5 Speed of development of a manifestation.
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The cautious sum creates a compression factor that combines its two arguments. For any
intervall, y = y1 + 2 is such tha¥x p, o1 (X) > 01 @andVX 1,61 (X) > fiy,01. More-
over, for any compression factpfthat satisfies these two properties we héxer, o (X) >
Hyo1 (X). In other words, the cautious sum computes the pestich that, if composed
with I, will create an interval wider (but hopefully not too much wider) than batlo |
andy, © |. Note thaty, +y> = y1 4+ andy1 +y1 = 11, i.e., + is commutative and
idempotent.

The compression factor(d)) for the disorden is the cautious sum of ajt (e, e)) for
alleventss, ej € EV*':

y(d) = + v(&,g)
6.6 eEV* h(DIST (g,€)Nls0)=1

This global compression factor is such that forealle; € EV™, for which the temporal
interval between them is possibly positived ) © (&, €;) is wider than, or includes, the
corresponding DISTe, ;).

Fromy (d) one can obtain qualitative information that is important for a physician, for
example. Ify(d) = ({1, 12), (13, T4)) @nd maxzy, 12, 73, 74) < 0.5 then it is clear that,
given the information available the disorder is progressing much faster than “the average.”
In a medical situation, the disorder is acute. Similarly if (ainz,, 3, 74) > 0.5 then the
disorder is progressing much slower that “the average,” or in medical terms, it is chronic.
Here “average” is not to be understood as “typical” (across many cases) but as the central
value of the interval.

4.3. Information about unknown manifestations

Let us now discuss how can we predict when unreported events may happen or should have
happened. Predictions of the time of occurrence of past events are important to direct the
physician to make pertinent questions to the patient, making it eventually possible to rule
out a disorder upon the patient’s answer. On the other hand, predictions of the time of
occurrence of future events are important not only to eventually rule out disorders as time
goes by, but also of allowing the physician to take sound preventive actions.

We distinguish two kinds of predictions, a sure one and a likely one. We will define
the sure forecast time (TIMIe)) for all eventse in V (d/) — EV*' anchored on an event
éc EV', as

TIMES(e) = TIME ™ (&) ® 7 (&, e)
The sure prediction is safe to take but may produce very imprecise results. With the
information given byy (d,), one may be able to make more precise forecast about unknown
events, either in the past or in the future. We will define the likely forecast time (T (&)

for all eventsein V(d) — EV* anchored on an eveéte EV', as

TIME"(e) = TIME* (& @ (y(d) © m (&, e)) forallee V(d)—EV"
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TIME " (e) is the likely interval in which everg happened or will happen. Likely, because
it uses the information of the case to make more precise predictions.

Example Let M* = {mp}, EVF = {m5, mS}, TIMET(m5) = (95,96, 96,97) and
TIME™(m$) = (100, 101, 102 103. Usingmg as anchor we would obtain, for example:

TIMES(m)) = TIME™ (m3) & m (m3, m?)
= (95,96, 96,97) @ (—18,18)
= (77,78,114 115
TIME " (m}) = TIME™(m3) & (v (d) © m (M3, m?))
= (95,96, 96, 97) @ (((5/24, 1/4)(1/8,1/3)) © (—24, —6)
= (95,96, 96,97) ® (—135, —10.5, -9, —6)
= (815, 855,87, 91)

It may be important to determine which necessary manifestations should have already
occurred, in order to test for them. In the set-covering tradition of modeling diagnosis there
are usually too many explanations for a set of symptoms, and since there is no concept
of probabilities, it is not possible to select a more “probable” diagnostic. Thus, it may
be important to perform tests that would allow one to remove a diagnostic from the set of
hypotheses. That can only be accomplished by verifying that a necessary manifestation for
that diagnostic is not present.

The necessary manifestations that must have already occurred are computed by:

secpast={Mi | M € N(d) — M* andh(TIME®(mP) N lpeforenon > O
andh(TIMES(mP) N latiemo) = 0}

If N(TIMES(MP) N lpeforenow > 0, then TIME(mP) has some intersection with the past,
so there are some times in the past in whiohshould have started. Furthermore if
h(TIMES(MP) N laremow = O then the interval TIMEmP) has no intersection with the
future, and thus must be totally contained in the past.
If a manifestation inM3,,,5iS found not to be present in the case, the disodiean
be disregarded as categorically inconsistent with the new set of manifestations known to be
present and absent from the case.

Butif one is willing to use the more precise, but less sure forecast time, the set of necessary
manifestations that are likely have already occurred are computed by:

Mnfecpastz {mi | m; € N(d|) — M+ andh(TIMEf(mP) N |beforenOV\) >0
andh(TIME " (mP) N Iafiemon) = 0}

Of course, if a manifestation iMnfecpastis found to be absent from the case, one cannot
make a categorical claim that the disorder is categorically inconsistent with the case. At
most one can make the claim that the disorder and the case are likely to be inconsistent. We
are not yet able to define a measure for this “likeliness”.
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Example Using the case information from the example above, assumingghkat110,
and assuming that in thimanitapoisoning modeN = {m;}, we would have:

M r?ecpastz {}

f
M necpast— {mq}

MﬁecpasF { } because aIthoudh(TIMES(m'{) Nl<110) =h({(77,78,114 115N 11109 =1,
h(TIMES(M®) N 121100 = h((77,78,114 115 N l.3509) = 1 # 0. On the other hand,
h(TIME f(m®) N 12150) = h((815, 85.5, 87, 91) N I<110) = 1 andh(TIMES(M?) N I-110)
=h((815, 85.5,87,91) N l.1109) = 0.

In other situations, it may be important to gather evidence in favor of a particular diag-
nostic. Forthat one needs to know which manifestations are likely to have already occurred,
in order to test for them. The set of such manifestations is described as:

Mposspase= {Mi | M € E(d) — M* andh(TIME " (mP) N Ineforenow) > O}

Again, one could define a similar set using the sure measure TIN&te thatMnfecpastg
S S
Mposspasland ’vlnecpastg Mposspast

5. Conclusions and future work

This work presented a model to include fuzzy temporal information, categorical informa-
tion, and (fuzzy) intensity information within a diagnostic framework. We provided answers
to the following questions: when is the temporal information in the case consistent with a
disorder model, when is the case categorically consistent with the model, and how infor-
mation about intensity can be included. Furthermore, we showed how to make forecasts
about future manifestations, past manifestations that have not been tested for, and so on,
based not only on what the disorder model predicts but also based on how fast the case is
progressing.

In this paper we are not concerned on how the temporal information about the disorder
model (7 (d)) is obtained. Itis clear that in the disorder model, expressions like “a period
of 1 to 2 days of no symptoms,” as in tAenanitamushroom poisoning model, refer to the
core of the interval. Barro et al. (1994) proposes a method of automatically computing the
support given information about the core of the interval.

Also, we are not concerned on how the temporal information about the case (JIME
obtained. This is a more complex issue. Information about a single eventiic&vcome
from many sources, and not all of them will fully agree with each other. For example, a
patient states that a symptom started more than two weeks ago, that it lasted for about a
week, and that he is sure that the symptoms were over last Sunday, and that he remembers
that the symptoms had not started yet on the 14th when he arrived from a trip. There are
only two events of relevance in the statement, the beginning and the end of the symptom,
but there are many intervals relating to each other and also to the time of consultation. All
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this information may not even be consistent; if the consultation is being held on the 20th,
then there are conflicting information about when the symptom started: “after the 14th” and
“more than two weeks ago”, or before the 7th. Vila and Godo, 1994 discuss this problem,
and propose a method to evaluate the consistency of the information and the most precise
intervals for the occurrence of the events using minimal networks. Other researchers have
also discussed similar issues (Dubois and Prade, 1989).

It should also be pointed out that this paper provides little insight on how to use the various
measures of consistency in a practical diagnostic situation. If the temporal/categorical and
intensity degrees of consistency for a disorder are not all 1, and thus the case is not fully
consistent with the model, how should those indices be used: should they be combined
into a single index, which degree is more important than others, can one or the aggregation
of these indices be used to classify competing diagnostic hypothesis. These questions and
others will be addressed in an empirical, future step of this work.

The approach presented here yields only possibilistic compatibility degrees, but could be
modified to obtain also entailment degrees, as in (Vila and Godo, 1994, 1995). Entailment
degrees such as necessity measures, although considered to be too restrictive by the authors,
may be useful to distinguish between two diagnostics that have the same possibilistic degree
of compatibility in a given case.

This work extends a previous work by the authors (Wainer and Sandri, 1998). In (Wainer
and Sandri, 1998) it is assumed that the temporal graph of the disorder is a tree, and
it contained only events corresponding to the beginning of the manifestations. In order
to calculate the temporal consistency of the case and the model, the case information was
propagated towards the root; any temporal inconsistency would result in conflicting intervals
for the root.

In the future, we intend to exploit the possibility of having a set of disorders explaining
the manifestations presented by the patient, rather than a single disorder, as addressed
here. This issue is particularly interesting when a set of disorders have manifestations in
common. In this case, the problem is that the indices defined above depend on which
manifestations are attributed to each disorder, or in other words, which disorder is causing
which manifestation. For example, a manifestationmay be the reason the temporal
consistency index of diseadg (in whichm, is a possible manifestation) is very low, but if
one could state tha, “is being caused” by a different disorder, sdyythen the indices for
d; would be better, as would the indices for explanation d,}. The consequences of this
trading of inconsistency by new disorders, both in terms of the combinatorial explosion,
and the applicability of the results in real diagnostic domains are not yet clear.

In the case that all disorders in an explanation do not have any common manifestations, it
seems that the theory above could be generalized by calculating the consistency indices for
each disorder and attributing global consistency indices to the explanation as the minimum
of the disorder’s indices.

We are also interested in allowing for “fuzzy” categorical information, making it possible
to model pieces of information furnished by a medical expert such as “in disdrder
manifestatiorm; is very likely to occur” or “in disorded,, m; will seldom occur”. In this
case,N, P, will be substituted by possibility distributions. And finally we are interested
in modeling uncertainty on whether a manifestation has occurred or not (which is different
that modeling the imprecision in its intensity, as we did in this paper).
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