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Introduction

A database is a collection of data, typically organized to make common
retrievals simple and efficient

Functional dependencies (FDs) are widely used dependencies in the
logical design of relational databases

Static dependencies: they are intended for snapshot databases
which do not manage any temporal dimension of data

Temporal databases allow one to describe the temporal evolution of
information by associating one or more temporal dimensions with the
stored data

valid time: the time when a fact is true in the modeled reality

transaction time: the time when a fact is current in the database

Temporal functional dependencies (TFDs) have been used in temporal
databases to constrain the temporal relationships among data
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Introduction

© In the real world, when we describe a fact, we generally use a specific
time unit

Follow-up visits are usually planned on working days
ICU events are described in terms of minutes and seconds

6 Atime granularity can be viewed as a partitioning of a temporal domain
In groups of indivisible units called granules

6 Temporal functional dependencies with multiple granularities
describe integrity constraints which can include different user-defined
calendars, I.e. finite sets of temporal granularities
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Introduction

In the context of clinical databases, the knowledge of the time during
which the information is valid holds a crucial role

the information about the past and the future are important as the
information about the present

It is interesting to describe either temporal properties or temporal trends
having specific time features

the difference between two consecutive values of a patient’s weight
does not exceed a given value

there exists an increase of a parameter P during the administration of
a particular drug, and only a finite number of exceptions are allowed
in this time period
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Goals

The problem: the existing proposals about FDs and TFDs capture
temporal features which are slightly different one from each other

s All the considered temporal features must be taken into account: the
database has to verify at each time point a FD and it has to verify
constraints related to its updates

Goal: express in a homogeneous way the FDs and the TFDs proposed
In the literature, and express new temporal functional dependencies
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Goals

® The problem: at the best of our knowledge, few efforts have been
devoted to providing a general framework allowing the specification of
different trend features w.r.t. several time granularities

The existing proposal, related to trend dependencies (TDs), captures
a class of data evolution constraints in the form:

“The heigth of a patient should never decrease”

6 Goal: define temporal trends involving different time granularities for
expressing both contraints and queries
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¢ Background and Related Work
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Relations and FDs

A relation schema is defined by a relation name and a set of attributes;
the map dom associates a domain of values to each attribute

A tuple over a set of attributes X is a total function from X into dom(X). A
relation r over X is a set of tuples over X

tla] represents the value of attribute a in the tuple t

Definition: A functional dependency (FD) is a statement A — B, where A and
B are sets of attributes. The functional dependency A — B is satisfied by a
relation r over X, with A, B C X, if and only if for every s, t € r:

s|A] = t[A] — s[B] = t[B]

Example: If P_Id and BG are the attributes representing the patient identifier
and the blood group of the patient, then the following FD must be true:

P Id — BG
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Representing time granularities

Definition. Let | be the time domain and I the domain of the time granularity called index set.

A granularity G is a mapping G : [ — 2" such that:
1. foralli < j,foranyn € G(i)and m € G(j), n < m;
2. foralli < j,ifG(j) # 0, then G(i) # 0.

© T1is the domain of a granularity G, called index set. The elements of the
codomain of G are called granules

© The first condition states that granules in a granularity do not overlap
and their order is the same as their time domain order

® The second condition states that the subset of the index set that maps to
nonempty granules forms an initial segment
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Labeled linear time structure for time
granularities

6 Temporal granularities can be represented by means of a labeled linear
time structure

» If G is a time granularity, then the symbols Pg and Qg represent the
starting and ending point of each granule of G

s A time granularity is described by means of a logical PPLTL formula

Example: Let G be the time granularity such that G(0) = {1, 2, 3},
G(1)=1{4,5,6},and G(2) ={7,8,9}. The labeled linear time structure
representing the time granularity G is:

G o ° ° ° ° @ e
Pg Qe Pg Qc Pg Qg
2 6 7 10
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Temporal Functional Dependencies

6 TFEDs without granularity

Dynamic constraints of Vianu describe constraints that the
database has to respect during its evolution (sequence of updates)

TFDs of Jensen et al. describe constraints which have to be
satisfied in each time point

Temporal and Dynamic dependencies of Wijsen represents
constraints which have to be satisfied for each time point and for each
couple of consecutive time points, respectively

6 TFEDs with multiple granularities

TFDs with granularities of Wang et al. describe
constraints related to tuples which are valid during the same granule
of a given time granularity

TFDs on Complex Objects of Wijsen extend the notion of
TFDs with granularity to temporal databases that include the

object-identity
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Trends

® Trend dependencies (TDs) of Wijsen

Totally ordered infinite set of constants (dom, <) and a set of
operators OP = P({<, >, =})

Time is represented by the set N and time accessibility relation (TAR)
IS used to indicate which tuples have to be compared one with each
other

Directed Attribute Set (DAS) over a set of attributes allows one to
describe the attributes which have to be compared and the
associated comparing operators

A TD is a logical implication & — « 1 between a couple of DASs
(defined over the same set of attributes) with respect to a TAR «

“The heigth of a patient should never decrease”
(P_Id,=) —nNext (Heigth, <)

® Temporal-abstraction task of Shahar et al.
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Trends

® Trend dependencies (TDs) of Wijsen

6 Temporal-abstraction task of Shahar et al. . abstractions of
data into higher-level concepts meaningful for specific domains

An abstraction has the form
{( parameter, value, context ), interval}
denoting the logical proposition:

“the parameter has a particular value
given a specific interpretation context”

IS interpreted over a specific time interval

The goal of the temporal abstraction task is, for example, to evaluate
and summarize the state of a patient over a period, to identify
problems, and to support the management of the therapy plans
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6 The proposal

We propose a logical formalism for the definition of
TFDs and temporal trends with multiple granularities and
focus on its application to the management

of clinical data and knowledge
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The medical domain

“The recommended CEF regimen consists of 14 days of oral
cycloshosphamide and intravenous injection of epirubicin and 5-fluorouracil on
days 1 and 8. This is repeated every 28 days for 6 cycles.”

[Canadian Medical Association Journal, 2001]

© Let us assume that oc, IE and 5-FI are the granularities corresponding to
drugs of the CEF regimen

CEF(1) CEF(2) CEF(6)
|IIIIIIIIIIIIIIIIIIIIIIIIIII||_IIIIIIIIIIIIIIIIIIIIIIIIII LLLLPLL PP ittt o
; day
iIIIIIIIIIIIIIIIIIIIIIIIIII.I\I -~
‘ \ \ 4 day
Day(1) Day(4) Day(8) Day(28)
0OC(1) OC(4) OC(8)

IE(1) IE(2)
5-FI(1) 5-FI(2)

Managing Temporal Clinical Data and Knowledge — p.15/30



Representing temporal relations

5 The temporal relation Patient with atemporal schema
Patient(Chemo, P-Id, SBP, DBP, Weight, Drug, Qty)

describes, for each patient, the type of therapy (Chemo), the patient’s
identifier (P-1d), the value of systolic and diastolic blood pressures (SBP
and DBP), the weight (Weight), and the assumed drug (Drug) and the
related quantity (Qty)

Patient(CEF, 1, 130, 65, 72, A, 0.5)
Patient(CEF, 1, 130, 65, 72, B, 1)
Patient(CEF, 1, 130, 65, 72, C, 1.5)

l Patient(CEF, 1, 130, 60, 72.5, A, 0.5)

'T? Day

Patient(CEF, 1, 135, 75, 72.8, A, 0.5) Qcer

Patient(CEF, 1, 135, 60, 72.5, A, 0.5)
Patient(CEF, 1, 135, 60, 72.5, B, 1)
Patient(CEF, 1, 135, 60, 72.5, C, 1.5)
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e TFDs description
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TFDs without granularity

Let now consider the following dynamic dependency of Wijsen:

“if the value of the attributes P-Id and Drug
are preserved between times i and i+1,
then the associated type of chemotherapy
must be preserved as well”.

The dependency can be described as {P_Id, Drug/N{Chemo}

It can be expressed with the following logical formula:

G ( (Patient(Ch,Id, Sbp, Dbp, W, D, Q) /\ X(Patient(Chy, Id, Sbp;, Dbp1, W1, D, Q1)
— (Ch = Chy) )

Two consecutive tuples having the same values for the attributes P_1d
and Drug must have the same value for the attribute Chemo
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TFDs with granularity

We now consider the following requirement:

“a patient cannot assume different quantities
of the same drug within a therapy cycle”

The dependency can be identified as P-I1d, Drug — cgr Qty

Assuming to have a formula ¢ cgf describing the temporal granularity
CEF, the logical formula which translates the dependency is the following:

Geer A G( (Pcer /A —QcerU(Patient(Ch, Id, Sbp, Dbp, W, D, Q) A
(ﬁQCEFUPatient(Chla Id) prl) Dbpl) Wl) D) Ql)))_) (Q — Ql) )

Two tuples which are valid inside the same granule of the granularity CEF,
related to the same patient and having the same value for the attribute
Drug, must have the same value for the attribute Qty (Q = Qi)
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e Trends description
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Simple trends

6 Simple trends common in the database and Al area

Increase(Relation, Attribute, Rate), 1.e. the value of the attribute Attribute of
the relation Relation increases over the time and the difference
between a value and the next value is greater than the value Rate

Decrease(Relation, Attribute, Rate), i.e. the value of the attribute Attribute of
the relation Relation decreases over the time and the difference
between a value and the next value is smaller than the value Rate

State(Relation, Attribute, Constant), 1.e. the value of the attribute Attribute
of the relation Relation IS equal to Constant for a given time interval

Stationary(Relation, Attribute, Threshold), I.e. the value of the attribute
Attribute Of the relation Relation over the time is inside a range such that
the difference between a value and the next value

(for the attribute Attribute) IS not greater than a given threshold value
Threshold
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Examples of trends

® When we describe temporal trends involving specific temporal
granularities, we can distinguish two kinds of trends

intragranule trend: temporal properties expressed by means of a
trend have to be satisfied inside a given granule

intergranule trend: the properties involve different granules

Example. We want to verify whether a patient, having an Increase trend of the parameter
Weight during a cycle of chemotherapy with a given Rate, exists

did, Ch, Chy, ... F(Pcer /\ ﬁQCEFU(Patient(Ch, Id, Sbp, Dbp, W, D, Q) A
X(Patient(Chl, Id, Sbp1, Dbpy, W1, D1, Q1)) /A W; > W + Rate))

® The formula is satisfied when at least one increase trend between two
consecutive values of the Weight parameter, related to the same patient,
exists
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Examples of trends

6 Both for Intragranule and intergranule trends, we can discriminate two
kinds of satisfiability:

local satisfiability: allows one to express that a trend must be valid
over some time points of the considered granule(s)

global satisfiability: allows one to express that a trend must be valid
over all the considered time points of the considered granule(s)

Example. We want to verify whether a patient having, for a given treatment, an Increase
trend of the parameter Weight during a whole granule of the granularity CEF, exists

Jid,Ch. F (Pcgr /\ dSbp, Dbp, W, D, Q. Patient(Ch, Id, Sbp, Dbp, W, D, Q) A
X(Elep1, Dbp1, Wl, Dl, Ql- Patient(Ch, |d, prl, Dbpl, Wl, Dl, Ql)) /\
(Wl > W)UQCEF)

® The formula is satisfied when an increase trend for the values of the
parameter Weight during a whole granule of the granularity CEF exists
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Other trend features

Both for local and global satisfiability, it is possible to specify existential
(F) or universal (G) temporal quantification with respect to the granules

“Check whether an increase trend for SBP during a whole granule of CEF exists”

The duration allows one to express the temporal length of the property

“Check whether a patient, having two consecutive increases
of SBP during a cycle of treatment, exists”

The number of exceptions in a sequence of tuples allows one to express
the maximum number of exceptions which might not satisfy the trend

“Check whether a patient, having an increase trend for SBP
during a whole cycle of treatment with at most two exceptions, exists”

The granule(s) frame specifies that the required trend can be verified in a
temporal window inside a granule or between granules
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Conclusion and ongoing work

This work aims to define a logical framework for expressing in a uniform
way all the notions of temporal functional dependencies (with or without
granularities) proposed in the database literature and moreover for the
description of temporal trends over different granularities

We have highlighted different orthogonal features related to the notion of
temporal trends, as local and global satisfiability, intragranule and
intergranule trends, temporal gquantification, etc.

Currently we aim to deal in a formal and detailed way with the problems of
model checking and temporal trend satisfaction

The final step will be the design and implementation of a system allowing
one to query clinical databases according to specific related granularities
(e.qg., related to therapeutic cycles) and clinically relevant trends
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The proposed logic

The set of objects which can be associated to the time point i is:

,

Pg, Qg where G is a defined granularity
L(i) =< 7(vq,...,vn) Wwhere ris the name of a relation,
v; IS the value associated to the i-th attribute

The labeled linear time structure M has the form (N, <, L) where
L: N — 2% is the labeling function and £ is the objects universe

Quantifiers over the variables: ¥x and 3x for each variables x € V

Temporal operators: X (next), U (until), x~* (prec), S (since), F
(sometime), and G (always)

Valuation: if x is a variable associated to the attribute a;, then the
valuation ¢(x) returns a value in the D; domain
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Syntax and Semantics

Definition. The set of formulae is inductively defi ned as follows:
F:=pl|r(x,y,...,w,z) | x0y [x0yopz[x0yopc|FAF|—F|XF|FUF| X 'F|FSF |Vx.F
where x,y,...,w,z € V,p € Pg, and 8 € O is a comparison operator, and op € {+, —}.

Definition. Let M = (N, <, L) be a L-labeled linear time structure, i € N,and ¢ : V — D a
valuation. We defi ne a relation M, i, @ = ¢ by induction on the structure of ¢:

M, i, = p iff p € L(i) forp € Pg;

M,i o = r(x...,2) iff r(o(x),...,@(z)) € L(i);

M,i,o = x0y iff ©(x)0@(y)

M, i, F x0yopz iff ©(x)0 @(y) op @(z)

Mi, 0 E XY iff M,i+ 1,0 = ;

M, i, = U iff M. i, @ = 1 forsomej > iand
Mk, = ¢ foreachi <k < j;

M,i,o = XHp iff i>0and M,i—1,¢ = V;

M, i, = $pSP iff M., @ = 1 forsomej < iand
M, k, @ = ¢foreachj < k <i;

M, i, = Vx iff foreacha € D, M, i, p[x — a] = .
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