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Abstract. This paper describes new temporal data mining techniques for extracting in-
formation from temporal health records consisting of time series of diabetic patients’
treatments. In this new method, there are three steps for analyzing patterns from a lon-
gitudinal data set. The first step, a structural-based pattern search, to find qualitative
patterns (or, structural patterns). The second step performs a value-based search to find
quantitative patterns. In the third step we combine results from the first two steps to
form new model. The hidden Markov model has the expressive power of both qualita-
tive analysis and data quantitative analysis. The global patterns can therefore be identi-
fied from a DTS set.
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1 Introduction

Temporal data mining is concerned with discovering qualitative and quantitative tem-
poral patterns in a temporal database or in a discrete-valued time series (DTS) dataset.
DTS commonly occur in temporal databases (e.g., the weekly salary of an employee).
Recently, there are two kinds of major problems that have been studied in temporal data
mining:

1. The similarity problem: finding fully or partially similar patternsin a DTS, and
2. The periodicity problem: finding fully or partially periodic patternsin a DTS.

Although there are various results to date on discovering periodic patterns and sim-
ilarity patterns in discrete-valued time series (DTS) datasets (e.g. [1]), a general theory
and general method of data analysis of discovering patterns for DTS data analysis is
not well known. In this paper we describe a new framework for discovering patterns
from temporal health records using multilevel hidden Markov model(MHMM). There
are three steps for discovering knowledge from the dataset in this approach. The first
step of the framework consists of a Markov model analysis for discovering structural
(qualitative) patterns. In this step, only the rough shapes of patterns are decided from
the DTS. The patterns are grouped into clusters by Nearest Neighbour (NN)to, or the
closest candidates of, given patterns among the similar ones selected. In the second



step, the degree of similarity and periodicity between the extracted patterns is measured
based on the data statistical distribution (quantitative patterns). The third step of the
framework consists of a Hidden Markov model for discovering global patterns based
on results of the first two steps.

The paper is organised as follows. Section 2 presents the medical data background,
definitions, basic methods and our new method of pattern discovery. Section 3 applies
new models to real-world dataset “diabetes dataset”. The last section concludes the
paper with a short summary.

2 The Problem Background, Definitions and Basic Methods

2.1 Health Data Background

Medicare is the Australian Government’s universal health care system. Each visit to
a medical practitioner or hospital is covered by Medicare and recorded as a transac-
tion in the Medicare Benefits Scheme (MBS) database. This data has been collected in
Australia since the inception of Medicare in 1975. Such a massive collection of data
provides an extremely rich resource that has not been fully utilised in the exploration
of health care delivery in Australia. The HIC has a responsibility to protect the pub-
lic purse and to ensure that taxpayer’s funds are spent wisely and efficiently on health
care. The knowledge discovered can be used to educate medical practitioners to im-
prove their medical practice in order to achieve the best health outcomes while ensuring
health costs remain under control. In this paper, we present our new temporal data min-
ing techniques to analyze the medical service profiles of diabetes, a relatively common
disease amongst the senior population in Australia.

For this current exploration we use a subset of de-identified data (to protect privacy)
based on Medicare transactions for the period 1997 to 1998. Our particular focus is on
patterns of care related to diabetes. For example, we can ask ourselves questions like:
Are there any distinct patterns of care for these diabetes patients? Are there any groups
of patients receiving similar patterns of care? Are the patterns of care related to their
doctor? Do patients of different ages or gender or location receive differing patterns of
care to other patients? Answers to the above questions rely on a thorough analysis of
the sequences of medical test of the patients and is the objective of our research.

We first give a definition for what we mean by DTS and background of health care
data. We then give some definitions and notations which will be used later. We will also
explain the basic models briefly. The detail of the models will be illustrated in detail in
the rest of the paper.

Definition 1 Suppose thaf(?, I', X'} is a probability space, an@ is a discrete-valued
time index set. If for any € T, there exists a random variablg (w) defined on
{2, I, ¥}, then the family of random variablgs;(w),t € T'} is calleda discrete-
valued time series *(DTS).

1 Many time series which occur in practice are by their very nature discrete-valued, although it
is often quite adequate, and obviously very convenient, to represent them by means of models
based on their distributions. For instance, most DTS data sets can be represented by means of
models based on normal distribution.



2.2 Definitions and Properties

We consider the bivariate dat&'(, Y1), ...,(Xx, Y»), which form an independent and
identically distributed sample from a population(Y'). For given pairs of dataX;, Y;),
i=1,2,..., N, we can regard the data as being generated from the model

Y =m(X) + o(X)e 1)

whereE(e) = 0,Var(e) = 1,andX ande are independent.

We assume that for every successive pair of two time points in BTS; ¢; = f(t)
is a function (in most caseg{t) = constant). For every successive three time points:
X, Xj+1 and X o, the triple value of ¥j, Y11, Yj12) has only nine distinct states
(or, called nine local features, e.g., Figure 1).
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Fig. 1. For every successive three points in nine states sj%eds1, s2, ..., sp

Definition 2 SupposeS; is the same state as prior ong, is the go-up (or, stonger)
state compare with prior one anl; is the go-down (or, weaker) state compare with
prior one. LetS = {s1, s2, s3, s4, s5, s6, s7, s8} s9{(Y}, Su, Su), ¥}, Su, Ss), (Y3,
Su, Sa), Vi, Sey Su), V5, 860 Ss), (Y5, Ssy Sa)s (Y, Sa, Su), Y, Sar Ss), (Y5, Sa, Sa)

}, thenS called state-space. I§;, S,, and S, are all indepentent state to each other,
thenS= {1, 2, ..., N also called state space.

A sequence is calledfall periodic sequencé its every point in time contributes
(precisely or approximately) to the cyclic behavior of the overall time series (that is,
there are cyclic patterns with the same or different periods of repetition).

A sequence is called @artial periodic sequenc# the behavior of the sequence is
periodic at some but not all points in the time series.



Definition 3 Leth = {h1, h,...} be a sequence. If for evely; € h, h; € S, then
the sequence h is called a Structural Base sequence and a subsequence of h is called a
sub-Structural Base sequence.

If any subsequenck;,; of h is a periodic sequence, thén,,; is called a sub-
structural periodic sequence, h also is a structural periodic sequence (existence peri-
odic pattern(s)).

Definition 4 Lety = {y1,¥2,....} be a real value sequence, thercalled a value-
point process. Ify; with 0 < y; < 1 (mod 1) for allj, we say that y is uniformly
distributed if every subinterval of [0, 1] gets its fair share of the terms of the sequence
in the long run. In general, if the sequengehash(t) — § < y; < h(t) + 6 for all j,

we say that y has an approximate distribution function h(t).

A uniformly distributed discrete-valued time series is a rather trivial random pattern.
However,M independent uniformly distributed datasets can be superposed to form a
new dataset pattern.

2.3 Hidden Markov Models(HMMs)

In a hidden Markov model (HMM) an underlying and unobserved sequence of states
follows a Markov chain with a finite state space and the probability distribution of the
observation at any time is determined only by the current state of that Markov chain. In
this subsection we briefly introduce the hidden Markov time series models which is also
limited to standard results taken from the literature. We have in particular used those of
Baldi and Brunak [9].

Let {S; : ¢ € N} be an irreducible homogeneous Markov chain on the state space
{1,2,..., m}, with transition probability matrixA. Thatis,A = (n;; ), where for all
stateg andj, and timeg:

nij =P(St =j|St—1=1) 2)

For{S;}, there exists a unique, strictly positive, stationary distributien(yi,. . .,ym),
where we supposgS; } is stationary, so that is, for all ¢, the distribution ofS;
Suppose there exists a nonnegative random prddess € N} such that, condi-

tionalonS™ = {S;: t = 1, ..., T}, therandomvariable§; : t = 1, ..., T}
are mutually independentand 3f = i, & takes the value with probabilityr?,. That
is, fort = 1, ..., T, the distribution of; conditional onS(™) is given by

P(& = v|S; = i) = m; 3)

where the probabilities!; as the “state-dependent probabilitis If the probabilities
wt, do not depend o the subscript will be omitted.

2 The models{¢, } are defined as hidden Markov models. In this case theredrparameters:
m parameters,; or p;, andm? — m transition probabilities;;, e.g. the off-diagonal elements
of A, to specify the “hidden Markov chain{’S; }.



For{S;}, there exists a unique, strictly positive, stationary distributiog (v, ...,
vm), Where we supposgS;} is stationary, so that is, for all ¢, the distribution ofS;.
Its autocorrelation functiop;, of S;:

. CO’U(St, St+k)

= 4
Pk Vars, 4)

A useful device for depicting the dependence structure of such a model is the con-
ditional independence graph. Figure 2, displays the independence of the observations
{C.} given the state$V;} occupied by the Markov chain, as well as conditional inde-

pendence of; _; andCy; givenC;.

RO

Fig. 2. Conditional independence graph of hidden Markov model.

2.4 Pattern Discovery

In this subsection, we apply our new data mining model for discovering qualitative and
quantitative temporal patterns analysis in a DTS by hidden Markov rhodel

For building up our new data mining model, we consider two groups of the data
sequence separately. These two groups are: (1) structural based data group and, (2)
pure value-based data group. In group one, we only consider the data sequence as a
finite-state structural vector sequence, applying Markov model for performing qualita-
tive pattern search. In group two, we use data regression function on pure value-based
sequence data for discovering quantitative temporal patterns. Then we combine those
two groups by using HMM analysis to obtain final results.

Modelling DTS We assume that for each successive pair of time points in a DTS,
we havet;,1 - t; = ¢ (a unit constant). According to our new method, We may view
the structural base as a set of vector sequedgss;, = {Si,- -, Sy} in function( 1),
where eact; = (sl;,52;,---,59;)7 denotes the 9-dimensional observation on an
object that is to be assigned to a prespecified group. Then the problem of structural
pattern discovery for the sequence and its each subseq8gnee{si., sis, - - -, si; :

1 <i<9,1<j < m}ofSon finite-state space can be formulated as a Markov
model.

3 For more theory and applications, see journals su¢BBEE Transactions on Signal Processing
andIEEE Transactions on Speech and Audio Processing.



Then we may also view the value-point process datd amensional data set, ac-
cording to their structural distributio¥: = {V4,---,V,,}, where eacV,; = (v1;,v2;,
---,vN;)T, where theV is dependent on how many statistical values relate to the struc-
tural base pattern searching.

Then the problem of value-point pattern discovery can be formulated as stochas-
tic distributon of the sequence and its subsequeiGes- {v1;,v2;,---,vN;} of a
discrete-valued time seriés

Structural Pattern Discovery We now introduce an approach to discovering patterns
in structural base vector sequences by a Markov model. We apply Markov model on
state-space by using equation 2 and= p! for all k € N for each subsequen& =
{s1j,-+,sn;}- Second step is that finding each of sub-transition probability matyix
vales by using the limit theorem and final the structural distribution for each of them
(clusters) can be decided.

Point-Value Pattern Discovery On the value-point pattern discovery, we only consider
the structural relationship between the response variahlad the vector of covariates
X = (t,X1,...,X,)T. For a given dataset, the unknown regression function (in equa-
tion 2°) m(x), applying a Taylor expansion of ordgin a neighbourhood of, with its
remaindety,,
(9) _ P .
m(x) = ZL'(XO)(X—XO)] +, =) Bi(x = Xo) + 0, (5)

o J

j= j:[)

The first stage of method for detecting the characteristics of those records is to use the
linear regression analysis. We may assume linear modélids X3 + . The linear
model based upon least square estimation (LSE):is(XTX)*leY. Then we have:
B ~ N(83,Cov(B)). Particularly, for3; we haves; ~ N(3;,0:2), wheres;2 = o2a’,
anda’ is theith diagonal element X" X) 1.

Now, for each value-point, we may fit a linear model as above and parameters can
be estimated unddrSE. Then the problem can be formulated as the data distribution
functional analysis of discrete-valued time series.

Mining Global Patterns From a Dataset We combine the above two kinds of pattern
discovery in a single framework. We introduce an enhancement to the hidden Markov
modelling approach through functional data analysis.

In structure group, let the structural sequefiSe: ¢t € N} be an irreducible homo-
geneous Markov chain on the state spg€k s2, . .., s6}, with the transition probabil-
ity matrix A 6.

*In fact, many practical problems in temporal data mining related to statistical modelling are
explained in the context of regression models.

® We always denote the conditional varianceYofivenX = Xo by o(Xo) and the density of
Xby f(e)

% n fact, the transition probability matrixA are all different for each classes and nonnegative
random proces$§V;; ¢ € N} as well for each classes.



In pure value group, suppose the pure valued data sequence is a nonnegative random
vector proces§V;; t € N} such that, conditional o8T) = {S;: t = 1, ..., T},
the random vector variabldd; : ¢t = 1, ..., T} are mutually independent and, if
Si = Iixi, Vi takes the value with probabilityr!, for each subsequence. For exam-
ple, letV; =i, & has a statistical distribution with parametess; ( a known positive
integer) andp;. That is, the conditional statistics distribution&fhas parameterns, ;
andm(t), where

i=1
andW;(t) is, as before, the indicator of the evefit; = i}. Then we have “state-

dependent probabilities” for each six states.

For examples, i5; = i, & has a binomial distribution with parameters( a known
positive integer) ang;. That is, the conditional binomial distribution 6f has param-
etersn; andp(t), where

p(t) = ZPiWi (t),

andWV;(t) is, as before, the indicator of the evdi$, = i}. Thenforv = 0,1,...,n;:

n v ng — v
ﬂ'zt;i = ( J) pi (1 — pi)
The modelg ¢, } are defined as Binomial hidden Markov models. In this case there are
m? parametersin parameters,; or p;, andm? — m transition probabilities);;, e.g.

the off-diagonal elements af, to specify the “hidden Markov chaif{’S; }.

3 Experimental Results

The data used in this case study was extracted from the Medicare transactional database
We used the patients’ Medicare services data from 1997 to 1998 for two calendar years.
The sample data includes 10,000 diabetic patients. The data extracted from Medicare is
raw transaction data which is stored on IBM main 370 frame computer running MVS
operating system. It is a very large data set with millions of records and each record has
more than a hundred attributes. There is a transaction record for each Medicare service.
Each service record has its item number which is the most important field in the data
set. The item number tells to a large extent what kind of service has been performed
on the patient. The patients’ medical service pattern is represented by a series of item
numbers served during the year. The sample record structure is as follows:

" The Health Insurance Commission of Austraitsp://www.hic.gov.au



@+q G eieiiiieiiiiiiiiiieieove ... Encrypted Provider number

766666769 ... ... . Encrypted PIN number
6 Method of Payment
66341 Item number
140CT1997. . ot Date of service
16.85 Benefit
b Ceeeiieiiiiiiiiiiiiiiaieeiae..... Reason code for rejection
79+@ Referal provider
0 Processing indicator
140CT1997. .. ot Date of referal
a Hospital index

In this experiment, we use our new method to analyze the medical service profiles of
diabetes. We have applied our technique to identify clusters, in which the pattern of the
diabetic patients were found. A sample of four patient records is illustrated in figure 3.
The event sequence data can be augmented with any available vector based data.
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Fig. 3. A sample of a patient’s health record, showing that the six categories of medical services
have been received over two years.The medical services are: professional Attendances (PA); Di-
agnostic Services (DS); Approved Dental Practitioner Services (AD); Diagnostic Imaging Ser-
vices (DI); and Pathology Services (PS).

There are three steps of experiments for the investigation of “Patterns in Diabetese-
dataset” between the diabetic patients. Through this experiment, we are interested in
finding following clusters and patterns:

— Does there exist any temporal pattéfor all types diabetic patients who do have
visits to doctors (or, visiting pattern).

— Does there exist any temporal pattern witin(or, diffenet visiting subpattern for
each kind of diabetic patients)?

— How many classes(clusters) are there in the dataset?



— What kinds of patterns (models) are there for each class?
— What kind of a relationship exists between classes?

3.1 On structural pattern searching

We are investigating the data structural base to test naturalness of the similarity and
periodicity on Structural Base distribution. We consider 6 states in the state-space of
structural distributionS = {s1, s2, s3, s4, 5, s6}.

For searching structural (or, qualitative) patterns, we use limit theorem on transition
probability matrixA;, for each patient. We found there are exist three clusters:

— In cluster one, visiting temporal pattern is a stationary process. The meaning is that
all the patients see their doctors regularly for consulatations and treatments,

— In cluster two, visiting temporal pattern is combinatoral Poisson process. This mean
is that all the patients temporal behaviour(e.g., time distance between successive
pair of two consultations or, between successive pair of two treatments) not sym-
metricaround their mean, but much extending to the right(e.g., patient has a fewer
number of consulatations than the number of medical-treatments). It is also tell us,
the patient in this group is a new diab-patient, or the patient has other problems
other than diabetes, so they need more medical treatments.

— In cluster three, all the patients have a larger number of consulatations than the
number of medical-treatments, for example, they may get other sicknesses such as
cold very easily.

For example, in Figure 4, figures in each row from bottom to top is cluster one,
cluster two and cluster three. “CC” means consultation to consultation, “CT” means
consultation to treatments and so on. Taxis represents the transition probability
before using the limit theorem and tieaxis represents transition probability after us-
ing the limit theorem. This explains two facts: (1) there exists some sub-group which
corresponds to patterns on the same condition in the group, and (2) there exist par-
tial similar patterns between clusters. In summary, some results for the structural base
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Fig. 4. plot of the transition probability between consulatation state and medical-treatment state
in all states.



experiments are as follows:

— more than half percent of diabetes-patients have other major medical problems:
patients have other major medical problems based on their type of diabetes. There
exist similar patterns between major medical problems in structure of each of three
clusters.

— less than half percent of diabetes-patients get “seasonal health problems” very eas-
ily: there also exist some similar patterns between each subgroup in structure (it
may be related to their age).

— only 0.05 percent of normal patients are diab-patients: this means they do not have
other major medical problems and they do not easily get “seasonal health prob-
lems”.

3.2 On value-point pattern searching

We now illustrate our new method on the value-point sequence for searching patterns.
Recall data model and data vector sequence

p
Y=m\V)+o(V)e =Y Bi(v—vo) +p,  let Vj={v1,v25, -, 0n;},

=0

each vectoW; are time vector variable, e.gu; (k =1, 2,..., N) is the time length
between the statek andsj has occurred.

In the light of our structural base experiments, we have found that there exists a lin-
ear regression function between categdtigseach of the three clusters. For example,
if let C¥(t) be a time series distribution function for one categbrand its response
variable is time distance between successive two time point(e.g., a patient visits doctor
and use items in same category) then the time sé@ﬁ;@t) which difference between
two linear regrassion functions at timealuesV; (t) = Cf(t) — C}(t) is an approxi-
mate distribution function.

For example, in Figure 5, theaxis represents how many items have been used, the
y-axis represents the accumulated occurences of each item, amaxiseepresents six
categories.

Some results for the value-point of experiments are as folfows

— There does exist some periodic patterns in the same cluster but with different cate-
gory.

— There exist some similarity patterns in each cluster, but between different cate-
gories.

— There exist some similarity patterns between the same category from each cluster.

8 There are six categories in Australia Medicare Benefits Schedule Book
% We classify repeating patterns based on a distance classification technique.
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Fig. 5. Plot of the accumulated frequency count of each of the six categories in each of three
clusters for 10,000 patients.

3.3 Using HMM for Global Pattern Searching

Let structural sequendes; : t € N} be an irreducible homogeneous Markov chain on
the state spacfsl, s2,.. ., s6}, with the transition probability matrix\.

In this experiment, theS; and A are structural vector sequence. There are three
differentS; andA according to their have different three groups (clusters),$ayA?,
SZ, A%, andS}, A3,

We are interested in the future of distribution of TP{¢) = At for each group.
According to the Markov property, the TPM:

constant cluster one
lim A*=¢0 cluster two
t—o00

00 cluster three

We have three value-point sequen¢k V,? andV,;? are nonnegative random processes
from each cluster such that, conditional 8h S? andS; for each cluster and each of
them also satisfy¥; = aZ;_1 + 6.

Then for each group, the distribution of sequence of transition probability ma-
trix(TPM) A? under time orderA¥, Ak ... AF:¢ € N,k € {1,2,3} corresponding
to the prediction value-poirit/;.

We have main combined-results on diabetic dataset as follows:

— There does exist three identifiable different groups(clusters). The data of the dia-
betic dataset only can be assigned to one of three prespecified groups based on their
gualitative structure.

— There does exist some full periodic patterns within each category and some partial
periodic patterns as well.

— There exist some similarity patterns between clusters, e.g., they have similarity
patterns for visiting doctors.

— There does exist some subpatterns within each category in a cluster. This indicates
there are some different types of diabetes, e.g., eye problem with diabetes, heart
problem with diabetes.

11



4 Related Work

In recent years various studies have considered temporal datasets for searching different
kinds of and/or different levels of patterns. For example, many researchers use statisti-
cal techniques such as Metric-distance based techniques, Model-based techniques, or a
combination of techniques (e.g, [10]) to search for different pattern problems such as
in periodic patterns searching (e.g., [4]) and similarity pattern searching (e.g., [3]).

Our work is different from these works. First, we use a statistical language to per-
form all the search work. Second, we divide the data sequence or, data vector sequence,
into two groups: one is the structural base group and the other is the pure value based
group. In group one our techniques are similar to Agrawal’s work but we only consider
three state changes (i.e., up (value increases), down (value decreases) and same (no
change)) whereas Agarwal considers eight state changes (i.e., up (slightly increasing
value), Up (highly increasing value), down (slightly increasing value) and so on). In this
group, we also use distance measuring functions on structural based sequences which
is similar to [8]. In group two we apply statistical techniques such as local polynomial
modelling to deal with pure data which is similar to [2]. Finally, our work combines
significant information of two groups to get global information which is behind the
dataset.

5 Concluding Remarks

This paper has presented a new approach of hidden Markov models to mining temporal
patterns. The rough decision for pattern discovery comes from the structural level that is
a collection of certain predefined similarity patterns. The clusters of similarity patterns
are computed in this level on state-space by the choice of certain states. The point-
value patterns are decided in the second level and the similarity and periodicity of a
DTS are extracted. In the final level, we combine structural and value-point pattern
searching into the HMM model to obtain a global pattern picture and understand the
patterns in a dataset better. Another approach to find similar and periodic patterns have
been reported in [5-7]; there the model used is based on hidden periodicity analysis.
However, we have found that using different models at different levels produces better
results.

The method guarantees finding different patterns if they exist with structural and
valued probability distribution of a real-dataset. The results of preliminary experiments
have been shown to be promising and we are currently applying the method to other
types of large realistic medical data sets.
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