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Abstract— Linguistic summarization is a data mining and provide a linguistic description of the database and cam als
knowledge discovery approach to extract patterns and sum up pe used for prediction.
large volume of data into simple sentences. There is a large Most applications of linguistic summaries have been on

research in generating linguistic summaries which can be sl . .
to better understand and communicate about patterns, evohlu the business field (see.g.[8], [9], [12]), but many stud-

tion and long trends in numerical, time series or labelled dea.  i1€S dealing with healthcare [13], [11], [10] also exist. A
The objective of this work is to develop a computational sygm comparisson between the similarities of a set of linguistic

capable of automatically generate linguistic descriptios intime  symmaries in different time periods for different investine
series data contalnlng labelled data, not only of the wholessies, funds are studied in [12]. It is also possible to compare
but also on the differences between subsets of the data. For _. . . .
this purpose we propose a new type of differential summaries UM€ Series basgd on the_result_ of user dgﬁr.\ed. queries over
based on a numerical criterion assessing the behaviour of @ data cube with time dimension. The similarity between
the summary on each subset of interest. Furthermore, this time series is then described using local changes [14]. In
paper proposes an extension of linguistic summaries to prae  [8] linguistic summaries of investment funds are obtained
temporal and categorical contextualisation. This is of paticular  ,ging a set of features to characterize the trends such as
interest in healthcare to detect differences related to a aalition . .
or illness as well as the effectiveness of the administered (N€ Slope of the line segment and study the description of
treatment. duration and variability. A similar idea is used in [11] to
provide summaries of changes in behaviour for elders, while
|. INTRODUCTION [10] provides activity summaries for eldercare based on a 3D
HE rapid progress of information technology has facili-silhouette representation of an elder is presented in [l8.
tated the availability of huge amounts of data. Analysisssue of continuous monitoring of eldercare, receivedent
of these huge data and their non-trivial trends may battention in [15], [16], [17], [18] with different approaeb
complicated. Data mining or knowledge discovery methto compute distance between linguistic summaries to define
ods to automatically summarize the data and reveal trentl® presence of abnormal conditions and aggregate these
or non-trivial dependencies are highly desirable. Linticis linguistic summaries.
summaries (LS) are examples of such methods, that producelhe objective of this research is to obtain descriptive
concise, human-consistent description of a data set [i} THnodels of events to aid decision making. The dataset under
concept was extended and further developed by Kacprzgkudy is composed of intensive care unit abdominal septic
and Yager [2] and by Kacprzyk, Yager and Zadrozny [3]shock patients. This serious condition is not fully uncsosit
According to this approach, numerical data can be summand differences between patients are not easily identified.
rized and presented in the form of natural language like sehis work focuses on generating not only a general sum-
tences, called protoforms, as e.g., “Most senior workeve hamary for all patients but also in highlighting the differessc
high salary”, which are interpreted using the framework oé¢xhibited in patients with different class labels. For this
Zadeh'’s [4] calculus of linguistically quantified propasits. propose to extend the protoforms of linguistic summaries as
Various techniques to develop linguistic summaries idlefined in [1] to provide categorical contextualizationoffr
an automatic manner can be found in the literature, arfiese summaries it is possible to clearly identify differes
generally speaking follow two distinct paths [5], one usindetween categories. To that aim, we propose a new type
natural language generation and the other using fuzzy loged summaries, defined as differential, based on a numerical
tools. In this research we focus on the latter. Linguisti€riterion to compare linguistic summaries. This criterien
summaries are usually modelled using type-1 fuzzy setgsed to differentiate each subset of the data identified by a
but type-2 fuzzy sets can also be used [6], [7]. Mangategory label. Furthermore, since the data set under study
authors generate linguistic summaries using protoforaeh) s composed of observations on multiple phenomena observed
as “most employees are young” [8], [9], [10], [11], butover multiple time periods for the same objects, we propose
recently it has been proposed to perform linguistic sumesari linguistic summaries that provide temporal contextudidra
in databases using If-Then rules [7]. These If-Then ruleplicitly quantifying attributes and time.
The outline of the paper is as follows. In Section I,
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obtain a novel type of differential linguistic summarieasbd B. Similarity between Linguistic Summaries

on a dissimilarity metric to highlight differences between |, yis section we briefly describe the distance metric

linguistic summaries of objects with d|ﬁ¢rent ca_tegor’gdh;._ between summaries based on fuzzy protoforms presented
An example of the proposed summaries applied to patienf$ 115) closely following their notations. This dissimilty

W_'th abdomlnal_ septic shock is present_ed in Sect!on Vmeasure takes into account not only the linguistic meaning
Finally, conclusions and future work are given in Section Vj¢ ¢ summaries, but also numeric characteristic attathed

them, such their truth values and their degrees of focus, as
Il. RELATED WORKS defined below.

Given two linguistic summaries.S; = Q1R y'sareP;
and LS, = Q2R y'sareP, with truth valuesT; and Ty

In this section we briefly present the basic approach tespectively, the similarity is defined as [15]:
linguistic summarization of databases as defined by [1] and ) )
extended in [2], [3]. From this approach we propose ex-  SIM(LS1, LS2) = min(sim(Py, ), sim(Q1, Q2),
tensions to include category and temporal contextuatisati sim(Ry, Rg),Sim(Tl,Tg)) (6)
presented in the following sections.

1) Linguistic Expression and ComponentSiven a finite
set of objectsy” = {y1,...,y,} in a databaseéD and a set
of attributesA = {4,,..., A,} describing objects fronY’, d(LSy,LSs) =1 — sim(LSy, LS»)
classic protoforms to define a linguistic summary depend . .
on two components, a summariz&; a quantifierQ, and =max(1 —sim(Py, P2), 1 — sim(Q1, Q2),
possibly on an additional qualifieR, taking one of the 1 —sim(Ry, Rp), 1 — sim(Ty, T»)) )
following forms

A. Linguistic Summaries as Protoforms

where each individual similarity is detailed below. The
induced dissimilarity

is a metric on the space of protoform summaries [15].
Qy'sareP Q) The similarity between summarizef§ and P, depends
whether the summarizers describe the same attributes or not

/
QRysareP . (@) and is calculated using

An example of (1) is “Most patients are tall” and of (2) is
“Most young patients are tall”.

More formally, the summarizeP is a set ofw fuzzy
modalities Fl4;, j = 1..w, with w < p, associated to data
attributes é.g.the modality low defined differently for the
attributes blood pressure and heart rate). It is modelledjus

(8)

sim(Py, P2) = min (a M)

E’ f(:ul:ﬁ U :upz)

where ¢ and b are respectively the number of common
attributes for summarizer®, and P, and the total number
of attributes involved in their union. For the case of a
summarizer composed of several attributes, their cyloadiri

P = ppy A A pE, (3) extension is used. Fractiongb and [ (up, Npp,)/ [(pp, U
! b wup,) are Jaccard measures [15].
whereA is a t-norm. The similarity between quantifietg; and@- is computed

The quantifierQ is a linguistic quantifierg.g.most) mea- Wwith the Jaccard measure

suring the agreement in quantity, associated to a memipershi _ [ (g, N poy)
function 1. The qualifier R is another attribute together sim(Q1, Q2) = Tl Urioy) (9)
with a linguistic value (fuzzy predicate) defined on the o1 2 HQs
domain of attributeAd;, determining a (fuzzy) subset af The similarity between qualifier®; and R, is defined as
(e.g.young for attribute age). 1 A )

A measure of validity or truthT is associated with Sim(Ry, R2) = min (M,
this representation, it is a number from the inter{@l1] J(nr, Upiry)
assessing the truth of the summary. It can be calculated usin 1 ’dfoc(Rl) _ dfoc(R2)‘) (10)
Zadeh's [4] calculus of quantified propositions. This measu

determines the degree to which a linguistically quantifieq,here
proposition equated with a linguistic summary is true. Foy,
the linguistic summary (1), this measure is defined as:

|-| is the absolute value anl, is the degree of focus
hose definition is recalled hereafter. If the protoforms ar
simple,i.e. R is absent, sifiR;, R;) = 1 which indicates

L& that R is treated as being a fuzzy set that characterizes the
T = ug <_ Z Mp(yi)> (4) whole universey’.
ni The degree of focus limits the search for the best linguistic
T — (Z?_l e (yi) A ,uR(yi)> 5) summaries and is defined as [9]:
s Sy br(yi)

1 n
dfoc =~ D i)- 11
respectively. foc = 2 R (Y:) (11)



The essence of the degree of focus is to give the proportidinee number of objects that have the same (fuzzy) quantity
of objects satisfying property? among all objects. The of fuzzy predicatel's,. To clarify this, we will make use
extended protoform linguistic summaries (2) limits thersha of an example. Let us assume that we are interested in the
space to a limited subspace of objects that fulfil an addifionLS “Few patients have low heart rate most of the time”. For
condition specified by qualifieR. If the degree of focus is each patient, first we fuzzify attribute heart rate, followe
high, then such a summary concerns many objects, that it idg fuzzifing the temporal quantity (number of occurrences)
general summary. The degree of focus can only be calculatdtht heart rate is low. Finally we quantify how many patients
for summaries of extended protoforms (2). It is fixed to théaave low Heart Rate most of the time.
value 1 for simple protoforms (1). For (14), we propose to extend of the previous truth value
Lastly, the similarity of truth valued’} and7; can be (15) in the same way as (5) extends (4):
calculated as

1 ¢ ZtTﬂ pp(yit) N pr(Yit)
sim(Ty, To) =1 — |Th — Ts| . 12 T'=po |7 K = -
( LT2) | ! 2| (12) <T; T( ZtT:1MR(yit)
I1l. TEMPORAL CONTEXTUALISATION (16)

Databases are often composed of observations on multiple
phenomena observed over long time periods for the same
objects under study. In statistics and econometrics theseConsidering the case of data for which category infor-
databases are usually referred to as panel data. Dependigtion is available, we also propose a categorical extansio
on the type of study, the interest may lie in characterizingf linguistic summaries: we propose to use crisp category
time series using local changes [14] or study the descriptidabelsC = {cy,...,cx}, as a form to provide insights into
of duration and variability of different trends [8]. In our differences between patients or events in medical data. The
approach we are interested in providing temporal contextgategory label€ refer to information contained in the data,
alisation when summarizing objects with different atttédms  such as a medical conditios.(.disease), medical procedure
(e.g. intubation) or statuse(g. deceased). This categorical
data is crisp in nature.

IV. CATEGORICAL CONTEXTUALISATION

A. Proposed Protoforms

In this work we focus on explicitly characterizing at-
tributes over time, to obtain summaries such as “Mogh. Proposed Protoforms

patients have high blood pressure most of the time”. We p protoform of the form (2) could be used, by replacing
propose to extend the original protoforms (1) and (2): R with ¢ € C. The reason for proposing a new proto-
Qy's areP Qr times (13) fprm is to keep the idea of th_e original_q_ualifier intact
, . (i.e. another attribute together with a linguistic value), and
QRy'sareP Qrtimes (14) maintain consistency with other quality measures [19]. We
whereQr is a time quantifier. note that replacingk by ¢ could be misleading because
We note that the linguistic interpretation of this typeu.(y:) would not refer to a linguistic value (in the form of
of linguistic summaries has a very different linguis-a fuzzy predicate), but instead to crisp category data. Thus
tic interpretation if the quantifier order is reverseicg. We propose to extend simple and complex protoforms in the
Qrtime, Qy'sareP. In this case, it is less clear the characform:
terization of the attribute over time. We believe that the LS P
given by (13) and (14) are simpler to be human interpretable Qy'swithcarep 17)
and can provide an adequate temporal contextualisation of QRy'swith careP (18)

events. . .
An example of this type of summaries would be “Most

B. Proposed Evaluation of the Truth Degree patients with disease X have low blood pressure”. In this

(13), we propose to compute their truth value as summary is clear. This type of linguistic summaries also
allows the use of indirect information and uses it as class

n T . .
B 1 1 _ labels. For example, patients with measurements of oxygen
T=rpe (ﬁ Z;“QT <T ;“P(yltO) ) fow indicates that they are intubated.

The protoforms (17) and (18) can be further extended to

where y;, indicates that the attribute under considerationiqe hoth temporal and categorical contextualisation:
evolves over time for objecty;. To keep the calculation of

the truth value consistent with the linguistic interpritat

this quality measure has to be calculated in the following Q y'swith careP Q7 time (19)
orde.r: for each objegt of the Qata b@s,g fora summaring QRy'swith careP Qr time (20)
we first process a given attributg; using a fuzzy predicate

F4;. We then quantify the number of times that fuzzyAn example of these summaries is “Most patients with
predicatel’s; occurs. The last necessary step is to quantifgisease X have a low heart rate most of the time”.



B. Proposed Evaluation of the Truth Degree reported. It can be noted that this parameter can be set to

In calculations of quality measures, such as the truth yalu1® Same value as or to a lower value to be less severe
for these linguistic summaries we are only interested ifPT Summaries applying to all data. For this work we used a
objectsy; which belong to a given class We define for Valueé ofa; =as =az =0.5. _ _
any ¢ category label a subset df asY® = {y; € Y/y; € ¢} The enriched linguistic summaries presented in (22) and

and the number of elements of this setsi§. Naturally (23) are illustrated for protoform (17). The differentiains-
Y =YauYeU...UYe. The truth value for (17), (18), Maries can also be based on the more complex form (18).

(19) and (20) can be obtained by substitutipgfor 3§ and 2) Evaluation: The evaluation of differential summaries
n for nc in (1), (2), (13) and (14) respectively. For examplds based on truth degrees and the differential criterionthrr
the truth value for (17) is defined as degrees are computed as presented in the previous sulpsectio
see Equation (21). The aim of the differential criterion is
1 to assess the extent to which a linguistic summary indeed
T=po| = > ne(y) (21) " characterises a categorical labie,. applies to it but not to
vieY® others.
C. Differential Linguistic Summaries This criterion compared.S; = Qy'swithc; areP and

1) Linguistic expressiontn this work the focus is on gen- L52 = Q y's with c; areP, i.e. two summaries with the same
erating linguistic descriptions in time series data, ndy af q_uantlfler, temporal quantifier, summarizer and qual_n‘lelr bu
the whole series, but also on the differences between subsgtferent category labels. One of them must have a high truth
of the data identified with category labels. The objectiviois degree and the other one a low truth degree. We therefore
characterise the category labels through the identifioatad ~ PTOPOSe to simply define the differential criterion as
summaries that exclusively apply for one category labet, bu d=|T) - | (24)
not others: the aim is to distinguish between the case where - 2{
both summaries “most male patients have high heart ratjsing this definition, the negatiores do not” in the differ-
and “most female patients have high heart rate” are valightial summary s with ¢, areP whiley’s with ¢, do not”

from the case where only one of them applies. In the lattgkters to the whole summanJ'y’s areP” and not only to
case, we propose to underline the specifics of a categorly lage quantifier or summarizer.

by the definition of a differential linguistic summary, ofeth o ",5re general case can be considered, where two

form “most mal:e patients have high heart rate while femalg, ,maries slightly differing by their quantifier or summa-

patients do not”. L , rizer are opposed one to another to define the differential
The proposed enriched linguistic summaries are composggmmary ie. LS, = Q) y'swithc,areP, and LSy —

of two parts: a part highlighting the differences betwee@ y's with ¢ areP, with similar P, and P, or with similar

supsets of the data with different categgry labels and a PR and Q.. In the general case, we propose to define
which refers to all category labels combined. The assatiate

protoform is d = d(LS1, LS2)cmp(cy, c2) (25)
Differences: whered(LS1, LS2) is the dissimilarity measure (7) applied
Qy'swith ¢, areP to the linguistic summaries ignoring the category labeld an
whiley’s with ¢, do not.(d, T) (22) cmp(c1,c2) is a comparison measure for category labels
Global: defined as
Q y's (with bothe; &c,) areP. (T) (23) _ 1 ifa#e
CMAc1;€2) =9 () otherwise (26)

The first part (22) highlights differences between sum-
maries with different classes. It is associated with twesss Using this definition, if the considered summarieS1 LS2
ment criteria:d indicates the extent to which the summaryapply to the same category label, they are associated to
indeed differentiates the two category labels, as detailed cmp(ci, cz) = 0 and thus tod = 0 and they do not satisfy
the next subsectior is the truth degree of the linguistic the condition on minimal differential criterion. In the eas
summary Q y'swith C; areP”. Two parameters are used where they are identical except for their categorical Iabel
to select the summaries to be part of the global summargs considered above, sif, P) = 1, sim(Q1,Q2) = 1,
only summaries with high differential property> «; and  Sim(Ry, Ry) = 1, sim(Q71, Q72) = 1 and cmgCy, Cr) = 1
high truth valueT > o, are kept.a; anda, are user-set (25) reduces to:

parameters. )
The second part (23) is composed of the general linguis- d =1—sim(LS1, L52)
tic summaries where there is no large difference between =1 —min(l,1,1,sim(T1,T2),1,1)
linguistic summaries of different classes, but there is a =Ty —Tb| . (27)

high truth value. For the whole summary, only linguistic
summaries with a truth value above a threshalgl are which corresponds to (24).



V. APPLICATION TO MEDICAL DATA

The considered application aims at generating informative
linguistic descriptions of medical patients. Besides [ding
a general summary for all patients, we are also interested in
highlighting the differences exhibited between patienithw
different class labels. This type of linguistic summaries c
provide the decision maker with a comprehensive, human
consistent summary of important differences and changes
over long periods of time. The data set under study is
composed of observations on multiple phenomena observed
over multiple time periods for the same patients. We use new
linguistic summaries that explicitly quantify objects airde.
The dlﬁ?ren_ces between P"’?“em state, may be.the resu!t IQ& 1. Heart rate for septic shock patients. Patient stalteck=alive,
a condition, illness or administered treatment. Since o@di red=deceased
data sets are large, it is very difficult for a human being to
capture, process and understand all changes.

absent segment is considered recoverable and thus, proper
A. Considered Data imputation techniques can be applied [22]. Missing values

This study used data from the MEDAN database [20f€ Nota problgm for the Qerivation of linguistic summaries
This is a database composed of intensive care unit (IC9] the calculation of quality measures. Nonetheless, they
abdominal septic shock patients admitted to 70 differefp@y bias the quality measures. For example it is possible,
hospitals in Germany, collected from 1998 to 2002. Alfhat measurements were more frequent on time periods
information is anonymous. In this study we performed oup/nere the patient was exhibiting a higher heart rate, since
experiments in a subgroup of 383 patients that meet tfgobably he was deemed to be at risk. In this \(volrk, following
criteria for abdominal septic shock, and focused excligivethe @ssumption that there are no huge variations between
on physiological parameters, commonly assessed within tR&¢asurements, the last available value is used to impute
ICU setting. From this set of variables, we focused on ¥2lues to these recoverable missing segments.
smaller sgbset of releva_nt va_lri_ables [21]. AII chosen_variB' Categorical Summaries
ables are independent with minimal correlation. The primar
outcome variable is the patient condition (alive or decdpse In this section we provide linguistic summaries of pa-
in a 24-hour window from a given time point. This variabletients observations of heart rate (HR) and also heart rate
is encoded in a binary format, taking value one if the patier@@mbined with values for the partial thromboplastin time
died within that period of time, and zero if not. (PTT) blood test. By using the protoform (22) we are able

As with other real-world databases, preprocessing of tH8 differentiate patients with different category labélis
data is necessary to improve its quality to be processed iff@ethodology is applied for all patient observations, we
linguistic summaries. In order to deal with variables cctitel  US€ all collected data for all patients combined. We refer
with different sampling periods, a template variable iscuse t0 them in the summaries simply as observations. Although
This process allows all variable samples to be availabMery simple because all patients observations are compined
at the same point in time as the template variable. THbBese linguistic summaries provide a general overview of
template variable chosen is the heart rate, since it is et mdhe differences between all measured observations of heart
frequently measured variable (in average one sample evdafe: Figure 1 shows the data for all patients under study.
60 minutes) and thus, the one introducing fewer artefacts BY observing this figure, we can see that there is no clear
the data [22]. separatiqn betwee_n patients With a qlifferent_ conditioeraft

For the case under study, ICU data can be missing eithé}e considered period. A way to identify possible differesic
because because exogenous interventions or endogenous?s Practitioners’ decision making by providing human
tivities have rendered the data useless or they are peddeive !nterpretab_le summaries. These dn‘ferencgs can also belp t
be irrelevant for the current clinical problems [23]. When jidentify which measurements show large differences betwee
is possible to prove that a variable was not measured duriRGtents.

a certain period of time because of an intentional reason1) Simple SummariesWe start by using the simplest
(e.g. ventilator parameters when a patient is extubatedfotoforms (17) to summarize the patients observations of
this missing segment is considered as non-recoverable [Zﬁgart rate. We used fuzzy trapezoids to model the modalities
In this work, these non-recoverable missing segments & each attribute and quantifier. The fuzzy predicates uged f
deleted. We note that this indirect information could also btheé summarizer heart rate are shown in Fig. 2, while Fig. 3
used as class labels for the protoforms (17). On the oth&Rows the linguistic quantifier.

hand, if the variable is supposed to exist, but for some unin- Differences

tentional reasoneg(g. sensor malfunction) it is missing, this « fewobservations of alive patients halev value of HR
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1 (Heart rate)
-

Heart rate

2. Membership function for the summarizer heart rateft to right
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Fig.
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3. Membership function for the quantifi€p. Left to right 'very
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while deceased patients do nof(L.S1, LS2)=1, T=1)
most observations of alive patients havmedium
value of HR while deceased patients do
(d(LS1,LS2)=0.51,7=0.51)

very fewobservations of alive patients haléh value
of HR while deceased patients do net(L.S, LS2)=1,
T=1)

very few observations of deceased patients havi
low value of HR while alive patients do not

(d(LS1, LS2)=1, T=1)
fewobservations of deceased patients haigh value of
HR while alive patients do not(LS;, LS2)=1, T=1)

not

A PTT)
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Fig. 4. Membership function for the summarizer PTT. Left ight 'very
low'," low',” medium high', very high

observe that this is also the case for observations of gatien
who were alive after the considered period, while for the
patients who deceased this was only the case for half of
them. For high values of heart rate, there are only very few
of the observation of patients who lived, while there areenor
patients who deceased that exhibit high values of heart rate

It can be noted that due to the difference between the
total number of patient observatiomsand the number of
patient observations with a given claag it is possible
that a linguistic summary with the same quantifier and
summarizer appear in both the differences and global part
of the summary.

2) Extended Summariegor linguistic summaries of data
set containing several attributes, a simple approach ti lim
the number of summarizers is to limit the class of possible
summaries by predefining a smaller subset of descripgogs (
low Heart Rate for patients) [19]. Since in most observation
medium values of heart rate are observed, we use the ex-
tended linguistic summaries given by (18) to summarize the
relation between patients observations of PTT with medium
heart rate. These summaries also highlight the differences
between patients with different classes. The fuzzy preesca
fhedium used for the qualifier heart rate and summarizer PTT
are shown in Fig. 2 and Fig. 4, respectively. Figure 3 shows
the linguistic quantifier.

Differences

half of the observations of deceased patients have « Mostobservations of alive patients withediumvalue
medium value of HR while alive patients do not of HR also have &ery lowvalue of PTT while deceased

(d(LS1, LS5)=0.51,T=1)

Global:

very fewobservations have aery low value of HR.
(T=1)

very fewobservations have law value of HR. ['=1)
mostobservations have mediumvalue of HR. ("'=1)
very fewobservations have aery highvalue of HR.
(T=1)

few observations have kigh value of HR. {'=0.83)

patients do not.d(LS,, LS2)=1, T=1)

« few observations of alive patients witmediumvalue
of HR also have dow value of PTT while deceased
patients do not.d(LS4, LS2)=0.95,T=1)

« very fewobservations of alive patients witmedium
value of HR also have anediumvalue of PTT while
deceased patients do no#([.S1, LS2)=0.601=1)

« half of the observations of deceased patients with
mediumvalue of HR also have aery low value of
PTT while alive patients do notd(LS,, LS2)=0.64,

From the global summaries, we can observe that most 7'=0.64)
observations have a medium value of heart rate. Interdgting « half of the observations of deceased patients with
by observing the difference summaries, it is possible to  mediumvalue of HR also have lBw value of PTT while



alive patients do not.d(LS;, LS5)=0.95,7=0.95) :
« few observations of deceased patients wittedium
value of HR also have anediumvalue of PTT while
alive patients do not.d( LS, LS2)=0.60,7=0.60)
Global: 3

« half of theobservations witrmediumvalue of HR also
have avery lowvalue of PTT. {'=0.57). oal

« fewobservations wittmediumvalue of HR also have a
low value of PTT. '=1). oal

« very fewobservations withmediumvalue of HR also L | " . \
have amediumvalue of PTT. {'=1).

« very fewobservations withmediumvalue of HR also Fig. 5. Membership function for the temporal quantifigy. Left to right
have ahigh value of PTT. {'=1). "very few, few, half’, most, almost all.

« very fewobservations withmediumvalue of HR also
have avery highvalue of PTT. {'=1).

From the global summaries it is possible to observe Global:
that half of the observations of medium heart rate have a« very fewpatients have aery lowvalue of HRhalf of
very small value of PTT. The remaining observations are thetime. (I'= 1).
distributed amongst a few observations that have a smalle few patients have anediumvalue of HR mosttimes.
value of PTT and very few observations with medium, high (7= 1)
and very high values of PTT. The differences summaries As expected from the summaries presented in Section V-
show that for observations with medium heart rate and veml, the obtained linguistic summaries of the differences are
small values of PTT, there are more observations for aliier value of low, medium and high values of heart rate.
patients (fuzzy predicate most) than observations of dmrka In these summaries, it is possible to also have a temporal
patients (fuzzy predicate half). For the case of obsermatio contextualization of the events. In 6 of the summaries, the
with medium heart rate and medium value of PTT, there argvent happened very few times.g. medium heart rate),
more observations of deceased patients (fuzzy predicade fewhile 4 of them regard events that happened half of the time
than alive patients (fuzzy predicate very few). (e.g.low values of heart rate). In terms of patients 2 of them

C. Temporal and Categorical Summaries regard almost all patients, while 8 were about small numbers
' P 9 of patients (very few and few).

Although the previous summaries provide an insight into
patients observations, it is be interesting to charactettie VI. CONCLUSIONS AND FUTURE WORK

heart rate of patients over time. In this section we provide |n this work we provide a simple approach to obtain
linguistic summaries of patients over time for observationgescriptive linguistic summaries of medical data. We pro-
of heart rate, using protoforms (19). We also use protgyose an extension of the linguistic summaries protoforms to
forms (22) to differentiate patients with different catego include categorical data and from these summaries clearly
labels. These summaries are more complete and providgngdicate differences exhibited in patients with differetass
more complete description of this data. Since this linguist |abels. We propose to summarize data using a novel differen-
summary consists of 37 summaries, 12 of which are diffefial form, based on a numerical criterion to compare lintiziis
ences (22), we only present some examples of the obtainggmmaries. The data set under study is composed of observa-
summaries. The fuzzy predicates used for the summarizgsns on multiple phenomena observed over long time periods
heart rate are shown in Flg 2. The ”ngUiStiC quantiﬁers an@r the same patients_ To C|ear|y quantify attributes and
temporal quantifiers are shown in Fig. 3 and Fig. S. time, we propose linguistic summaries that provide temipora
Differences contextualization. Examples of these new approaches are
. few alive patients have dow value of HR half provided for patients suffering from abdominal septic $hoc
of the time, while deceased patients do not. In this work we focused on assessing the quality of the
(d(LS1,LS2)=0.70,7=0.70). linguistic summaries using the truth quality measure. €her
« half of the alive patients have amediumvalue of are several other quality measures [19], [7], future work wi
HR, very fewtimes, while deceased patients do nottranspose them to the considered summaries, so as to further

(d(LS1, LS2)=1T=1). increase their human interpretation and reduce their lengt
« very fewdeceased patients havevary low value of
HR, half of the time, while alive patients do not. REFERENCES
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