
Automated Dete
tion of Epidemi
s from theUsage Logs of a Physi
ians' Referen
e DatabaseJaana Heino1 and Hannu Toivonen21 National Publi
 Health Institute, Helsinki, FinlandDepartment of Computer S
ien
e, University of Helsinkijaana.heino�
s.helsinki.fi2 Department of Computer S
ien
e, University of Helsinkihannu.toivonen�
s.helsinki.fiAbstra
t. Epidemi
s of infe
tious diseases are usually re
ognized by anobservation of an abnormal 
luster of 
ases. Usually, the re
ognition isnot automated, and relies on the alertness of human health 
are workers.This 
an lead to signi�
ant delays in dete
tion. Sin
e real-time data fromthe physi
ians' oÆ
es is not available. However, in Finland a Web-based
olle
tion of guidelines for primary 
are exists, and in
reases in queries
on
erning 
ertain disease have been shown to 
orrelate to epidemi
s.We introdu
e a simple method for automated online mining of probableepidemi
s from the log of this database. The method is based on derivinga smoothed time series from the data, on using a 
exible sele
tion of datafor 
omparison, and on applying randomization statisti
s to estimatethe signi�
an
e of �ndings. Experimental results on simulated and realdata show that the method 
an provide a

urate and early dete
tion ofepidemi
s.1 Introdu
tionThe usual way of re
ognizing an infe
tious disease epidemi
 is through an obser-vation of 
lustering (temporal, geographi
al, or both) of new 
ases by someoneinvolved either with the diagnosis of patients or a disease registry. When theepidemi
 is widely spread { either spatially, temporally, or both { it might bevery diÆ
ult or outright impossible for a single individual on the �eld to no-ti
e the 
hange, and registries only re
eive noti�
ation after the patient has meta physi
ian, laboratory samples have been analyzed, and reports �led, whi
h
auses delay.In 
ertain diseases, however, early dete
tion would be very desirable. Thisis the 
ase in, for instan
e, rare diseases whose etiology is not 
lear, in orderto begin epidemiologi
al studies as early as possible. Another example of thebene�ts of early dete
tion 
omes from the dete
tion of food-borne epidemi
s,where 
ontrol measures are often mu
h easier to 
ondu
t in the early phases ofthe epidemi
.If the registries 
ould utilize diagnosti
 hypotheses made by physi
ians assoon as the patient has met the do
tor, the delay would be eliminated. Unfor-tunately, su
h data is not available. However, in Finland a database exists that



might be a way around this problem. The Physi
ian's Referen
e Database [1℄ is a
olle
tion of medi
al guidelines for the primary 
are, from whi
h physi
ians oftenseek information about infe
tious diseases [2℄. A

ording to a preliminary study,an in
rease in the rate of database sear
hes about a 
ertain disease sometimes
orrelates to the onset of an epidemi
 [3℄.In this work we develop a simple method for automati
 dete
tion and evalu-ation of su
h in
reases.What Is an Epidemi
? In
iden
e, in epidemiology, is de�ned as the number ofnew 
ases per unit of time. Prevalen
e refers to the number of the people withthe 
ertain 
hara
teristi
 (e.g. a 
ertain disease) in the population at any givenmoment; disease prevalen
e is thus dependent on the in
iden
e of the diseaseand the duration of the disease.In
iden
e and prevalen
e are well-de�ned 
on
epts. An epidemi
, on the otherhand, is more diÆ
ult to de�ne pre
isely. In mathemati
al modeling of infe
tiousdiseases (e.g. [4℄) an epidemi
 is said to o

ur if the introdu
tion of an infe
tiousagent to a population 
auses people (other than the �rst introdu
er) to get si
kthrough people transmitting the disease to ea
h other.This de�nition is, however, useful only in theoreti
al modeling, or when thea
tual in
iden
e in the absen
e of an epidemi
 is zero. Many diseases have a
ertain baseline in
iden
e: when a steady in
iden
e and prevalen
e are 
onsideredthe normal situation, even if the transfer happens person-to-person. Often, wealso 
all a 
luster of 
ases an "epidemi
" even though no a
tual person-to-persontransmission happens. What "an epidemi
" is thus depends on the observer'ssubje
tive goals and estimates of lo
al 
onditions.Many infe
tious diseases have a seasonal 
y
le 
y
le: the in
iden
e of thedisease in
reases and de
reases with a 
ertain, steady interval. Some diseases,like in
uenza, have yearly peaking epidemi
s. Some have simply a slightly higherin
iden
e during a 
ertain time of year: for instan
e, food- and water-bornediseases are more 
ommon in warm weather. Some diseases have a longer 
y
le:for example, a major Pogosta disease epidemi
 o

urs about every seven yearsin Finland.A generi
 goal of automated dete
tion of epidemi
s is to dis
over the begin-ning of any epidemi
, whether 
y
li
 or not. For 
y
li
 diseases, an alternativegoal is to 
onsider the 
y
li
 variation normal and to dete
t in
iden
es that areex
eptionally high given the normal 
y
le.Requirements for Online Surveillan
e of Epidemi
s. It is of 
ourse importantthat a dete
tion system a
hieves high sensitivity (proportion of epidemi
s de-te
ted), so that epidemi
s are not overlooked. It is also important that epidemi
sare dete
ted as soon as possible after their onset. However, false alarms sev-erly undermine the 
redibility of the warning system, whi
h might result in theusers no longer taking the warnings seriously. Thus, high spe
i�
ity (proportionof non-epidemi
 periods 
lassi�ed as non-epidemi
), leading to a higher posi-tive predi
tion value (probability of epidemi
 given that the system outputs an



alarm), should be a priority even at the 
ost of some redu
tion in the dete
tionspeed.With a good system, the user 
an spe
ify the period to whi
h the presentmoment is 
ompared: for instan
e, it should be possible to ask "is this weekdi�erent from the previous n months", "is this month di�erent from the samemonth during previous years", and several other questions like that, with thesame method.The method we introdu
e allows su
h 
exibility and di�erent treatments of
y
li
 diseases. We will analyze the sensitivity, spe
i�
ity and positive predi
tionvalue of the method on both syntheti
 and real data.2 Physi
ian's Referen
e Database and DataPrepro
essingThe Physi
ian's Referen
e Database is a web-based 
olle
tion of medi
al guide-lines used by physi
ians. The database 
onsists of thousands of arti
les, ea
hdes
ribed by a number of keywords (typi
ally names of diseases, symptoms and�ndings). Reading events are re
orded in a usage log, allowing one to mine forphysi
ians' a
tive interests in di�erent diseases.Let A be the set of all arti
les in the database, and i = 1; 2; :::; n the sequen
eof days under surveillan
e. The raw data 
onsists of the number of reading eventsin a day, D(a)i, for ea
h arti
le a 2 A. Ea
h of the arti
les has asso
iated key-words. Let A(k) be the set of arti
les that 
ontain disease k among its keywords.For ea
h day i and ea
h keyword k, the daily total 
ount of events of all relevantarti
les is D(k)i = Xa2A(k)D(a)i:Usage data from the referen
e database is available from O
tober 1st 2000onward; in the analysis in this work we use data until September 30th 2002. Onaverage, there were 1465 reading events (a user viewing an arti
le) per day, byall users total. The event 
ounts show a notable upward trend: during the �rst100 days the average was 633.9 events and during the 100 last days 2696.1.As trends related to the 
hanging usage of the database are not relevant, itis ne
essary is to "normalize" daily 
ounts in relation to the overall databaseusage. We divide the daily event 
ount per keyword by the total event 
ount,giving the basi
 unit of our data, the proportional daily event 
ount :d(k)i = D(k)iPa2AD(a)i :There are some potential problems with this normalization approa
h: some-thing that is likely to a�e
t the keyword-spe
i�
 event 
ounts is also likely toa�e
t the total 
ount. This might 
ause artefa
ts, ie. trends or peaks that arenot present in the original data, or "dilution" of a smaller epidemi
 by a biggerone. At the moment we do not try to 
ountera
t su
h possible side e�e
ts.



3 The MethodThe goal is to dete
t possible epidemi
s, observable as ex
eptionally high pro-portional daily event 
ounts, and to output an alarm as soon as possible after thebeginning of an epidemi
. We develop a simple randomization-based frameworkto re
ognize signi�
ant in
reases in event 
ounts.The series is �rst smoothed to remove some of the daily variations whileretaining most of the trends. Two smoothing methods, namely sliding averageand sliding linear regression, are used (see below).A null hypothesis period, a sequen
e of days from the past to whi
h thepresent moment is 
ompared, is 
hosen. The way the null hypothesis period isdesignated determines the exa
t question we are trying to answer. When thepresent moment is 
ompared to all past non-epidemi
 times, the question is"is there an epidemi
 now". Other examples in
lude the last n days ("has thesituation 
hanged for the worse re
ently"), the same months during previousyears ("is this June di�erent from what is typi
al for previous Junes"), and allprevious epidemi
 times ("is there an epidemi
 now that is worse than typi
alepidemi
s of this disease").We assume that in the absen
e of an epidemi
 the proportional daily event
ounts for a given disease are independent and identi
ally distributed, but notethat the independen
e assumption is most likely not 
ompletely true. A personthat has read a lot about some disease re
ently is less likely to review thatinformation than he would be if he knew nothing about the subje
t. Modelingsu
h dependen
ies would be tedious, though, and we hope that this dependen
yaverages out among all users.As we do not know the true distribution behind the data, we 
annot obtaina p-value or other 
omparison based on that. Instead, we use randomizationstatisti
s. The null hypothesis period is sampled with repla
ement for samples thesize of the smoothing fun
tion's window3, and the smoothed value is 
al
ulatedfor ea
h of these samples. The resulting empiri
al distribution is used as thedistribution of the smoothed values under the null hypothesis of no epidemi
,and the p-value of the day in question is taken to be the proportion of the sampledsequen
es having the same or a higher smoothed value. (For more informationon randomization statisti
s, see for instan
e [6℄.)Testing every day like this 
ould 
ause a bad positive predi
tion value fortwo reasons. First, if the proportion of negatives to positives in the set of obje
tstested rises, even a good spe
i�
ity 
auses bad predi
tion values eventually. Se
-ond, the dete
tion method itself in
ludes randomization, and thus will eventuallyerr if run repeatedly.To avoid this problem, we require that the smoothed value of a day is bothhigh (when 
ompared with other observed values) and statisti
ally signi�
ant(tested with randomization). The �rst requirement is ful�lled by 
he
king ifthe smoothed value of that day is higher than a 
ertain per
entile of smoothed3 Note that here we sample new sequen
es, that is, individual points until we have wpoints, not windows of size w from the original series.



values of the original series in the null hypothesis period. Thus, the tested set ofdays is limited to a subset of all days having a high value of the statisti
 undersurveillan
e. The use of a 
ut-o� value 
an also be seen as a 
rude and qui
kestimate of our statisti
al test.To put this together, given a time series, a window length w > 1, a 
uto�value 
 2 [50; 100[, a smoothing fun
tion f from a window in the series (a runof 
onse
utive points) to a real number, a null hypothesis period, and a p-value,the method works as follows:(1) for the null hypothesis period, 
al
ulate the w-day smoothed values a

ordingto f , store these in S1(2) 
he
k if today's smoothed value ex
eeds the 
'th per
entile of all smoothedvalues in S1, and if it does:(3) resample samples of size w from the null hypothesis period of the origi-nal non-smoothed series, and 
al
ulate the smoothed value for ea
h of thesewindows, store these in S2(4) determine the proportion of values in S2 that are the same or higher thanthe value for today, and if that proportion is lower than p:(5) output an alarm, together with the proportion.The (non-weighted) w-day sliding average is 
al
ulated simply by repla
ingea
h data point with an average of w days. This 
an be done either using timepoints on both sides of the day, or using the previous w � 1 days. As in thisproblem future data is not available, we use the latter method:SAi = wXj=1 di�j+1Sliding linear regression, on the other hand, works by �tting a line with theleast squares over the w days [i�w +1; i℄, and then taking the smoothed valueat i to be the value of this linear fun
tion at that point. The bene�t of thissmoothing method is that it rea
ts faster to abrupt 
hanges in the series; in away the sliding linear fun
tion exaggerates the linear tenden
ies in the series,while the sliding average tries to smooth them out.Naturally, the longer the window, the less short-term 
hanges a�e
t thesmoothed series. However, as the window stret
hes only ba
kward in time, asopposed to ba
kward and forward, this 
auses a lag in the smoothed 
urves'rea
tion to 
hanges. See Figure 1 for an example series and smoothings on it.4 Test Results4.1 Results on Arti�
ial Test DataForty arti�
ial test series were 
onstru
ted to test the performan
e of the al-gorithm with di�erent parameters. Ea
h series is 700 time points long. 20 are
onstru
ted from an exponential distribution, another 20 from a normal distri-bution with values below zero repla
ed by zero. 10 of ea
h type of series had



no epidemi
s; in the other 20 datasets timepoints [351; 450℄ were repla
ed bysamples drawn from a similar distribution as the main series, but with a highermean. Parameters for the distributions were 
hosen based on the means andvariations in the real life test data. See Figure 1 for an example series.In all the tests on arti�
ial data, the null hypothesis period for timepoint iis [1; i�w℄ for the non-epidemi
 series and [1; i�w℄ n [351; 450℄ for the epidemi
ones. As we know for 
ertain whi
h days are epidemi
 and whi
h are not, we 
an
al
ulate sensitivity, spe
i�
ity and delays exa
tly. No epidemi
 was 
ompletelymissed, giving an epidemi
s-wise sensitivity of exa
tly 1 for all settings. Below,we have explored the sensitivity and spe
i�
ity day-wise, that is, the algorithmis expe
ted to mark ea
h day either belonging to an epidemi
 or not. We alsoexamine the dete
tion delay, de�ned as the number of false negatives from the�rst day of an epidemi
 (time point 351) until the �rst true positive during theepidemi
.In pra
ti
e, 20,000 samples were enough to produ
e steady results on therandomization tests; 80,000 were used for the sliding average and 20,000 for thesliding linear, due to the �rst one's Matlab implementation being so mu
h fasterthat the extra 
ertainty was worthwhile. Unless mentioned otherwise, the p-valueis 0.01. When 
al
ulating the performan
e statisti
s, the �rst one hundred daysare ignored.Figure 2.a shows the day-wise spe
i�
ity of the algorithm for all the testseries with di�erent parameter values. Note how spe
i�
ity drops in the slidingaverage tests. This is mostly due to the fa
t that the longer the window, thelonger it takes after the epidemi
 period before the smoothed values return tothe baseline. As a faster-rea
ting fun
tion, sliding linear regression does not su�erfrom similar problems, but the distribution of the spe
i�
ities widens when thewindow grows: more series are dete
ted with 100 % spe
i�
ity, but some epidemi
periods are also less well dete
ted than they would have a shorter window.

Fig. 1. A portion of an arti�
ial time series (gray bars) with an "epidemi
" in themiddle of it (bordered by the verti
al bla
k lines). On the left; a 14-day sliding average(thin line) and a 30-day sliding average (thi
k line). On the right, a 30-day slidingaverage (again the thi
k line) and a 30-day sliding linear regression (thin line).
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Fig. 2. Performan
e of the algorithm for
uto� = 99, p = 0:01. In ea
h sub�gure,from the left, sliding average with windows14 and 30, and sliding linear regression with14, 30 and 40. Cir
les and squares representindividual test series. Stars 
onne
ted by aline show the average performan
e �gure.Shown are a) spe
i�
ity, b) sensitivity, 
)delay.
As one would expe
t, spe
i�
ity is dependent on the parameters 
uto� andp. If window length is kept 
onstant and 
uto� and p varied, keeping 
uto� =100(1� p), the spe
i�
ity is linear on this double parameter (not shown in the�gure).Figure 2.b shows the respe
tive day-wise sensitivity for all the series. Here wesee the phenomenon that lowering the window length below a 
ertain limit 
ausesa notable de
line in sensitivity. This happens be
ause when the window grows,the distributions of the smoothed values during epidemi
 and non-epidemi
 be-
ome narrower and overlap less, making them easier to distinguish. Figure 2.
gives the delay in dete
ting the epidemi
, again for the same parameters. Asexpe
ted, the average delay rises with the window length. Apart from the oneoutlier, all delays are below 20 days and the vast majority of them below 10days.One 
ould argue that shortening the window length to shorten the delay isworthwhile, sin
e as the epidemi
 still is dete
ted the lower sensitivity does notmatter. To some extent this is true. However, one important way to tell a realepidemi
 from a false positive is whether the situation persists. False positivesappear singly or in short 
lusters, real epidemi
s last for several days or weeks.



While we 
an a�ord to lose some sensitivity in order to gain a shorter delay, we
annot let it go altogether.Experimenting on the e�e
t of window length, keeping other parameters 
on-stant, revealed that when the window length shortens, sensitivity stays reason-ably good (that is, around 80-90 %) up to a point, and then drops steeply. Thisdrop happens around window length 15 for the sliding average and around win-dow length 40 for the sliding linear regression (at least on the data used in thiswork). Comparing the spe
i�
ity and sensitivity of the smoothing methods onthese lengths, it 
an be seen see that while there are some di�eren
es on 
ertainseries between the methods, their overall performan
e is 
lose to equal, and thatthere are no systemati
 di�eren
es depending on the type of the series. (Testresults not shown.)4.2 Results on Real Life DataTen diseases were sele
ted as test targets, namely hepatitis A, in
uenza, diph-theria, legionellosis, Pogosta disease, polio, parotitis, tularemia, vari
ella andmeasles. The keyword for ea
h is the (Finnish) name of the disease, and ea
htest series is 729 days long. Parameters used are 
uto� = 99,p = 0:01, andwindow lengths 14 (sliding average) and 40 (sliding linear regression).Unlike with arti�
ial data, we do not now have 
on
lusive knowledge of whi
hdays are epidemi
 and whi
h are not; the only de�nite example of an epidemi
interesting from the publi
 health point of view is the Pogosta epidemi
 of 2002,whi
h began in August (Figure 3.a). So we 
ount negatives after August 1st2002 (day 668) in that series as false negatives, and ex
lude timepoints from day680 onward from the null hypothesis period. In other series the null hypothesisperiod is [1; i� w℄.Delay of dete
tion. The Pogosta epidemi
 was dete
ted on day 665 by the slidingaverage, and on day 666 by the sliding linear regression method (see Figure 3.a).Compared to the shape of the a
tual epidemi
 (the thi
k line at the bottom), we
an see that this is remarkably early. The epidemi
 
urve is drawn based on theday the diagnosti
 blood sample was taken, whi
h is likely to be the same day asthe day after the patient's physi
ian �rst suspe
ted the disease. Even if we haddata straight from the physi
ian's oÆ
e, we 
ould not have seen the epidemi
mu
h earlier. (Data for the epidemi
 
urve is based on 
ases later noti�ed to theInfe
tious Diseases Registry of the National Publi
 Health Institute.)On the sliding average there was a short alarm peak also at time-points 636-639. It is un
lear whether this is a true �rst alarm of the epidemi
, or a sequen
eof false positives; in the following it is 
ounted as the latter. No days were falsely
lassi�ed as negative during the epidemi
.Sensitivity, spe
i�
ity and positive predi
tion value. Over all the series, in thesliding average, if we 
onsider only the Pogosta epidemi
 of 2002 as true positives,spe
i�
ity was 99.02 %, and the positive predi
tion value 51.2 %. The slidinglinear regression had spe
i�
ity 99.00 % and positive predi
tion value of 50.5 %.



a. b.

Fig. 3. The output of the algorithm in some situations. a. The Pogosta series withthe output of both smoothing methods. Thin line, sliding average; thi
k line in themiddle, sliding linear regression. The null hypothesis period is the whole pre
edingperiod minus timepoints 680 and onward. The bottom-most thi
k line shows the shapeof the a
tual epidemi
: weekly in
iden
e a

ording to the day the �rst diagnosti
 bloodsample was taken, whi
h probably is the same day or 
lose to the day that the patient'sphysi
ian �rst suspe
ted the disease. b. The tularemia series with the output of thesliding average smoothing method. Thin line, the null hypothesis period is the wholepre
eding series; thi
k line, it is the pre
eding 180 days.With the two methods, 
ontinuous runs of "false positives" happened infour series (legionella, mumps series, Pogosta, and tularemia) in about the samepla
es. Looking at the series, and bearing in mind that the dete
tion is basedonly on time previous to those time-points, these four periods of alarms seemreasonable and even desirable. See Figure 3 for two of the 
ases.If we 
ount the positives during these periods as true positives, we get apositive predi
tive value of 85.3 % for the sliding average and 90.1 % for thesliding linear regression. (Stating spe
i�
ity would require arbitrarily determin-ing whi
h days, if any, around these positives are also positives.) In the realsituation, where the series under surveillan
e and the null hypothesis periodsare 
hosen by an epidemiologist, the positive predi
tion value (de�ned throughthe usefulness of the alarm) will probably be somewhere between these estimatesof 50 and 90 %.4.3 Changing the Null Hypothesis PeriodFigure 3.b demonstrates the e�e
t of the null hypothesis period. The thin lineshows the output when the null hypothesis period is the whole pre
eding series;the thi
k line when it is last 180 days. The yearly tularemia epidemi
 duringthe se
ond year does not 
ause an alarm when the epidemi
 during the previousyear is in
luded in the null hypothesis, and does 
ause an alarm when it is not.



Another interesting feature is also visible in the lower output. Looking atthe se
ond predi
ted epidemi
 (from timepoint 600 onward), we 
an see thatthere �rst is an alarm period, but when the alarm has been on for some time,it 
eases. When the epidemi
 rises again, new alarms are put out. This happensbe
ause the epidemi
 time is now not ex
luded from the null hypothesis. Thus"epidemi
s inside epidemi
s" 
an be dete
ted.5 Te
hni
al CommentsThe time requirement of the method for the 
he
k on one day is linear to thenumber of iterations i performed in the randomization and the window lengthw, as taking a random sample and 
al
ulating a mean or �tting a line are alllinear. Thus, running the 
he
k for m diseases (whi
h is what would normally bedone daily) with i iterations is O(wmi), and 
al
ulating the results for n days isO(nwmi). Sin
e typi
ally w << i, these are 
lose to O(mi) and O(nmi).Currently, data arrives from the system administrator of the a
tual databasedaily, as a text �le. The data is read into an (Ora
le RDB) database, and thereading events per keyword are 
al
ulated and stored. The raw arti
le 
ountsare also stored, to make it simpler to add a new disease keyword to the base(without the need to reread the data �les). When the amount of data growstoo large, arti
le 
ounts might be preserved for perhaps two years, and onlykeyword-spe
i�
 values stored for a longer period, enabling the beginning of anew surveillan
e with some data, but not requiring too mu
h spa
e.The test versions of the algorithms as explained in this work were imple-mented on Matlab. Conversion to a Java program for end users is planned.6 Related WorkBasi
ally, most methods of online dete
tion of 
hanges in a time series fall intotwo 
ategories. In the �rst, we 
ompare ea
h value, at the time of its arrivel,to some baseline value 
al
ulated from previous data, and de
ide if the newvalue is "di�erent enough" to be 
onsidered abnormal [7, 8℄. In the se
ond, we�t some model, often a 
urve { 
onstant [9℄, linear [10, 11℄, or more 
omplex [12℄{ pie
ewise to the data, sear
hing for the 
hange-points.Other than these two approa
hes, data mining of time series data has beenstudied mainly from the point of view of mining inter-series relations in eitherpatterns (slopes, peaks) or in 
on
urrently o

urring di�erent events (see, forexample, [13, 14℄), whi
h approa
hes are not dire
tly related to the problem ofthis study.Piatetsky-Shapiro and Matheus were among the �rst data miners to investi-gate deviations in time series data [7℄. Their basi
 
on
ept is a deviation, de�nedas a di�eren
e between an observed value and a normative value. In addition,they 
ategorize the deviations based on their interestingness, de�ned as the util-ity of the �nding to a user.



Stern and Lightfoot des
ribe a system for dete
ting 
lusters of human infe
-tion with enteri
 pathogens [8℄. In it, a smoothing te
hnique is used to determinenormal baseline in
iden
es for ea
h pathogen, area and time-of-year, based ondata from several previous years. Then weekly 
ounts of 
ases are 
ompared toa threshold 
al
ulated from the base in
iden
e. The system a
hieves great sen-sitivity, over 90 %, but the positive predi
tive value remains at about 60 % orlower - meaning that almost every other alarm is false.The problem with these approa
hes is that 
al
ulating the normative valuesrequires data from several years, and that they give a

urate results only ifthe di�eren
e between normal and abnormal values is rather sharp. Anotherproblem is that the 
al
ulation of normative values requires some knowledge orassumption about the shape of the distribution of the values; in our 
ase su
hknowledge is not readily available.Ogden and Sugiura [10℄ des
ribe test statisti
s for determining whether atime series has undergone a 
hange. The 
hange is de�ned as a linear 
hange inthe parameters of the underlying distribution: the parameter ve
tor is � fromthe beginning of the series to some timepoint ti, then 
hanges in a linear wayuntil it rea
hes � + Æ at tj ; j > i. The null hypothesis tested is Æ = 0. However,the tests 
annot be applied online to de
ide if there has been a 
hange re
ently,and require information on the distribution of the data.Keogh et al. [11℄ explore segmenting of a time series into pie
ewise linearrepresentation, relative to an error 
riterion stating whether a line �t is "goodenough" (for example, the total error must not ex
eed a 
ertain value). Theydes
ribe three basi
 greedy approa
hes, only one of them online, and a 
ombina-tion online algorithm that performed well. Guralnik and Srivastava [12℄ suggestnot restri
ting the fun
tion to be �tted to the segments to lines (for instan
e,one 
ould allow the algorithm to 
hoose the best �t of 0-3 degree polynomials,instead). In his thesis [9℄ Marko Salmenkivi introdu
ed methods for intensitymodeling; that is, assuming a sequen
e of independent events in time, �ndinga pie
e-wise 
onstant fun
tion des
ribing the intensity of the Poisson-pro
essprodu
ing that sequen
e.Most of the above methods is dire
tly suitable for online dete
tion of 
hangepoints. We experimented with the online algorithm of Keogh et al., trying to usethem to dete
t epidemi
s. The idea was to segment the series, and then look atthe slope of the last segments. Unfortunately, we were unable to 
alibrate an error
riterion that would be both spe
i�
 enough and produ
e a sort enough delay,and unable to adapt the method to answer several surveillan
e questions (forinstan
e, 
omparing this month's situation to the same months two previousyears proved impra
ti
al). Similar problems apply to the other 
hange-pointdete
tion/segmentation approa
hes.7 Con
lusionsA method was developed to automati
ally dete
t epidemi
s from an online time-series. Despite its simpli
ity, the method works reliably. In all the test data, all



epidemi
s were 
orre
tly dete
ted. Even when 
al
ulated day-wise instead ofepidemi
s-wise, we a
hieved spe
i�
ity over 99 % and sensitivity over 80 %. Alsothe results on real-life data were very en
ouraging.A ni
e feature of the method is the adaptability that is a
hieved by 
hangingthe null hypothesis period. The same method 
an readily answer several kinds ofquestions of interest su
h as dete
ting a
ute short-term 
hanges and 
omparingepidemi
s.However, 
aution must be used before widely applying this { or any { methodof online surveillan
e. It must be kept in mind that all surveillan
e requires the
apa
ity to deal with both true and false alarms; surveillan
e is useless unlesspersonnel exist to work on the alarms. A separate prospe
tive study will bene
essary to establish the a
tual bene�ts of surveillan
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