Analyzing Over - the - Counter MedicationSales for Early Detection of Epidemics and Bio - TerrorismAttacks

Anna Goldenberg

ANYA @ CS . CMU . EDU

Center for Auto mated Learning and Disco ver y, 5000 Forbes Ave, Pittsbur gh, PA 15213 USA

Abstract

Earlydetectio n of epi demics and bio - terrorist attacks is a vital problemthat has concer ned people for ages. Current techniq ues for early detection concentrate on analyzing sympto m - specific data originating fro memer gency room visits, lab tests, etc. Ho wever, most people do no t call emer gency services immediately but start b ytaking pain killers, looking for sympto ms on the web, calling friends, etc. Bythe time the medical co mmunityhas received a substantial amount of calls to get concer ned - it maybe too late. Preliminar y studies sho wed evidence of correlation of flu with non - specific syndro me data. In this paper we provid e a framewor k and discuss preliminar yresults of using over - the - counter medication sales to predict epidemics and/or bio - terrorismattacks.

1. Introduction

T he problemof epidemics and bio - terrorism attacks is related to public health and therefore is one of the mo st vital but also controversial problems. T he possibilityof earlydetection of epidemics has been researched for centuries. Manyideas and plans w ere implemented in order to prevent or detect epidemics as early as possible.

Ho wever, even tho ugh vaccines to prevent the kno wn severe diseases were developed, when the new strain of a kno wn or an unkno wn virus is introduced to the enviro nment, the course of prevention o f its evolution and spread is up to an earlydetection system. Unfortunately, earlydetection systems are still in the stage of develop ment.

T hough it might seem that the task of creation of an early detection system is a simplified versio n of designing a prevention system, it remains a no n - trivial problem.

Several important questions are to be answered: what are the sources that first notice the increase of the public health threat? Where is the information that could hint the first signal s o f sickness in a large group of people? At the present mo ment the concentration is on making inferences fro m medical records, emer gencyroo mcalls, etc. But, mo st people do not call emer gency services immediately.

T heystart b y taking painkillers, lookin g for sympto ms o n the web, calling friends, etc. Bythe time, the medical communityhas received a substantial amount of calls to get concerned - it may be too late.

In this paper we sho w that it is feasible to use no n - specific syndro me data, such as o ver - the - counter medication sales, for earlydetection of epidemics and bio - terrorismattacks. We suggest and fullydevelop a model that can be implemented in the regular super mar ket or a pharmacystore. T he method consists of a combinatio n of several data mani pulatio n and time series analysis and forecasting techniq ues to increase the detection accuracy. Each of the stages of the model is described in detail in the Approach section. T he framewor k provided in the paper can be extended to other non - specific syndr o me data, provided that there is prior evidence of correlation with the symp to mspecific data.

T o prove the validity of the model it was tested on the aggregated dailycounts of cough medication sales. T he results are encouraging. It was sho wn that the sy stem performs well under both scenarios: when the epidemic was kno wn to occur in the near future ( within 30 days) and when there was no kno wn abnormality.

T he flu predictions were validated based on the Center for

Disease Co ntrol and Prevention (CDC) infl uenza weekly reports compiled fro m observations of existing sur veillance systems. 1 Results suggest that the propsed method might revolutio nize the conventional approach to the Co mp uter Based Sur veillance Systems ( CBS).

2. Approach

T he task of creation o f an earlydetection system is far fro mtrivial. It is complicated more b ythe fact that the data being non - specific to the task has a lot of detail and noise that make the design of the system challenging. T o deal with the co mplexities of the task and intri cacies o f data a multilevel process is proposed:

˙˙˙˙˙

1 The weeklyinfluenza surveillance reports are available at the CDC site http://www.cdc.gov/ncidod/disea ses/flu/fluvirus.htm

1. Prepare the data bynor malizing the counts and removing the kno wn periodicities

2. Create a smoothed model of the data

3. Deco mpose the model into several co mponents

4. Make predictions for each o f the co mponents

5. Co mbine the predictions and compare to the inco ming real - time data.

6. Raise an abnor mality flag if the data is outside the confidence band determined bya threshold function or adjust the model to reflect the new data, if the data flo w is regular.

It is imp ortant to notice that we are tr ying to predict the smoothed model rather than the real - time data therefore we do not expect the prediction to be as close to the data as possible, rather to be within the predeter mined confidence band fro mthe smoothed model . It is ho wever important that the smoothed model is predicted as accuratelyas possible, in order to keep the reliabilityof the system high. T he threshold function can be an arbitraryconstant depending on the estimated model accuracyor function of cost of an action co mmitted as a response to and based on the number of raised flags.

Each of the stages of the model is discussed in more details in the follo wing sectio n.

2.1 Model Description

2.1.1 D

ATA P REPROCESSING

It is natural to assume that the data is highly p eriodic, for example, majorityof the super market stores are closed at night, so even though bigger stores maybe open, the total amount of purchases during that time is going to drop significantly, therefore dailyperiodicitycan be expected.

It is also a fact that there are a lot more sales on weekends than d uring the week, so we p ropose to normalize the data bythe total sales to dampen the week/weekend effect.

According to Mar k Air hart (1997), there are more flu/cold related sicknesses in winter as oppos ed to summer, therefore seasonal periodicitycan be expected. T o account for the kno wn periodicities in the data, we propose to remove those fr equencies as part of data preprocessing. It can be argued that if the epidemic occurred in seven - day type pattern s, then b yremo ving seven - dayperiodicities we would be remo ving the signal, ho wever the probabilityof such signals is ver ylo w.

2.1.2 S

MOOTHED M ODEL C REATION

T o achieve the goal of creating a reliable early detection system, we have to provide substantial co n fidence level in the predictions made bythe system. T herefore, we are not interested in predicting the data perfectlyas it was alread y mentioned above. T he signal appears to be verynoisyand even with the mo st co mplicated non - linear prediction tools the reliabilityof the prediction wo uld not be ver y

high. I n addition to that, if the model were to fit the training data perfectly, i.e. all of the data available up to the mo ment were taken into account then the model wo uld be overfitting the data, taking i nto account rando m noise. Since our goal is to predict the future sales as reliablyas possible, taking into account the specified confidence band in order to insure high confidence in our abnor mality detection, we propose to smooth or de - noise the data. A nd make predictions for the smoothed model.

T here exist many techniques for smoothing and de - noising. Since the medication sales data depends on time and is highlyperiodic, standard T imes Series Analysis

(T SA) techniques can be used. For the purposes of this paper we are proposing the Discrete Cosine

T ransfor mation (DCT ) smoothing. It can be ar gued that there are more po werful de - noising techniques, such as wavelet de - noising, but since the purpose of smoothing is not to model the localized signal but rat her to create as detailed as possible but still a general trend, DCT seems to be a more appropriate choice.

Discrete Cosine T ransform co mp utes the cosine transfor matio n of an inp ut vector. Mathematically, the unitar yDCT of an input sequence x is å

=

- -

=

N n

N

k n n x k w k y

1

2

) 1 )( 1 2 ( cos ) ( ) ( ) (

p

, k=1,�,N

where

ï î ï

í ì

£ £

=

=

N k k

k w

N

N

2 ,

1 ,

) (

2

1

, N ˘ length of x

and x and yare the same size. DCT is ver yclosely

related to Discrete Fourier T ransfor m(DFT ). In fact, the

only differences are that the cosine transfor m

approximates the functio n using cosines and not co mplex

cosine - sine functions, wor king o n the real scale. T his

allo ws DCT to have better energyco mpaction properties,

with just a few o f the transfo r mcoefficients representing

the majorityof the energy in the sequence. A seq uence

can often be reconstructed very accurately fro m only a

few DCT coefficients, which is a ver yuseful propertyfor

applications requiring data reduction, as it is the case in

this project. T he result o f the DCT transfor m is a vector of

numbers (coefficients calculated according to the for mula

specified above). T o reconstruct the series, the inverse

discrete cosine transfor m(IDCT ) has to be used,

mathematically described as follo ws:

å

=

- -

=

N

k

N k n

k y k w n x

1

2

) 1 )( 1 2 (

cos ) ( ) ( ) ( p

, n=1,�,N

and w( k) is defined as before.

We have the po wer of selecting the smoothed model of

arbitrarycoarseness b y setting a threshold on the

coefficients that we wo uld like to ignore, for example, set

to zero all coefficients that ar e belo w0.1 Naturally, if we

set the threshold to 0, the original vecto r wo uld be reconstructed with 100% accuracy. T he selection of

threshold can be based on the error measure, such as root

mean square error between the original data and the

smoothed model, as we are doing in this paper.

2.1.3 D ECOMPOSITION

In order to preserve t he accur acyof the detection system,

the smoothed model wo uld still have to be fairly

complicated and hard to predict. In order to correct for

this co mplication in the model, it is suggested to

decompose the smoothed mo del using wavelets to obtain

several co mponents o f the original signal to then use them

separatelyfor prediction. T he reason behind such an idea

is the assumption that each individual signal reflects

different aspects of the data whereas the merged signal

has these effects embedded in a hard - to - recover for mat.

Wavelets were originallyintr oduced in 1930s byseveral

groups of scientists, co ming fromdifferent research areas

fro mphysics, mathematics and other fields and has been

developed further to beco me what is used no w in the

mathematical packages in 1990s (Graps, 1995). T he

Discrete Wavelet T ransfor m(DWT), that is used in the

systemis similar to DFT or DCT . Both of them are linear

operations that generate a data structure that contains

segments o f various lengths in the time do main, usu ally

filling and transfor ming it into a different data vector in

the frequencydo main. T heyalso have similar

mathematical properties.

T he wavelet coefficients must fulfill the follo wing

requirement:

ò

¥

¥ -

¥ < ds x f 2 | ) ( | , i.e. it is required that

wave d ecays to zero at ¥ ± . T he basis or mother wavelet

is dilated b yj and translated byk as follo ws to for m a

basis: ) 2 ( 2 ) ( 2 /

, k x x j j

k j

- = y y , where j, k are

integer values. T he wavelet transfor muses these basis

vectors as Fourier T ransfor muses its sin( kt) and cos(kt).

T hey span the model do main at different resolutions. T he

analyzing wavelet is used in the follo wing equation:

dx

a b x

x f a a b f W ò

¥

¥ -

÷

ø ö

ç

è æ -

= y

y

) ( | | ) , ( 2 / 1 ,

where ) ( 2 Â Î L f , with a=2 - j , b=k/2 j . 2

T here are several major differences, ho wever, that make

DWT a better choice for the particular task o f

decompositio n. First o f all, the resolution can var y, for

example, in order to isolate signal discontinuities, it

wo uld be useful to use ver yshort basis functions. On the

other hand, to ob tain the detailed frequency analysis, lo ng

lo w - frequency basis functio ns have to be utilized. T his

kind of variatio n is not possible in FFT or DCT since b y

definition a single windo w of particular width has to be

˙˙˙˙˙

2 For more information about wavelets, please refer to Amara Graps

(1995).

used for all frequencies in the windo w FT a nalysis. It is

also important to note that wavelets can have an infinite

set of basis functio ns whereas Fo urier analysis takes

advantage of just sine and cosine functio ns. T his feature

helps wavelets take advantage of more infor mation that

the model might have than the FT or DCT could.

2.1.4 C OMPONENT P REDICTIONS

No w, that the model has been decomposed and is

represented b ya set o f wavelet co mponents, the

forecasting techniq ue should be applied to each o f them.

T he prediction of sales time - windo w can var ydepend ing

on the number of days desired to be predicted. It should

be noted that the windo wsho uld not be too large, in order

to have high confidence in the forecasted data. For

example, the experiments sho wthat the predictions are

not reliable if the predictio n time frame exceeds 30 days,

given 365 days of training data. T hat windo wsize is large

enough to make a reliable claimof sales co unts for the

upco ming mo nth, which is sufficient for the purposes of

earlydetection, considering that the model gets more

r efined and accurate with time as more infor matio n

becomes available.

T here are many tools available for forecasting. Since the

model is deco mposed into wavelet co mponents that are

fairly smooth, it is in fact plausible to make accurate

predictions using l inear mo dels. For example, given

enough data (450 days o f sales histor y), the predictions

for 30 days in the future were validated using the hold out

set and were 98% accurate on average for all five wavelet

components, using a standard technique of autore gressive

(AR) forecasting. T he covariance method was used to fit

an AR model of order of the size of the prediction time -

windo w. T his method minimizes the for ward prediction

error in the least - squares sense. T he AR models can be

described bythe follo wing eq uation:

t n

i i t i t z x a x + = å

=

-

1

, where z

t

~WN(0,

1 2 ), |a i

|< 1 and z t

is uncorrelated with x s

for each s < t. 3

2.1.5 F

INAL P REDICTION AND C OMPAR ISON

Results o f the forecasting obtained in the previous step are no w co mbined together in order to obtain the final prediction. Direct summation of the values is equivalent to the forecast of the model the co mponents were derived fro m, i.e. the smoothed model. T he accuracyof the prediction made can be assessed based on the confidence in the smoothed model calculated in the Smoothed Model step in co mbinatio n with t he prior infor mation o n the prediction accuracyof the forecasting tools.

In real time settings, the data fro mnew sales wo uld start coming in and can be co mpar ed directlyto the prediction of the smoothed model. If the data falls within the

˙˙˙˙˙

3 There is a great varietyof literature on linear models, such as

Brockwell and Davis (1996), Weigend and Gershenfeld (1993), etc.

confidence ba nd, or even more precisely, is under the threshold obtained fromthe confidence in prediction and various cost functions set forth b ythe authorities, the data is declared to have the ^nor mal flo w~, i.e. the abnor mality flag is not triggered. In this case ne w data beco mes part o f the training set and the mod el is adjusted to retain the previous accuracylevel if needed. If, ho wever, the sales are higher than expected, the abnormalityflag is raised and depending o n the magnitude of the difference either th e war ning or a request to notify authorities of immediate action is generated. In this case the model is not adjusted.

Since the outco mes of the system can be of great significance to the nation, it is expected that so me posterior analysis such as epidemio lo gical evaluation wo uld be requested bythe go vernment.

2.2 Evaluation and Validation

During the initial or training stage of the systembefore implementation in the real time setting, it is suggested that the models are tested with the hold out sets. Steps as described above sho uld be carried out and the hold o ut set should be used to verifythe validityo f the model and give preliminar yestimates of accuracyand reliabilityo f the system. It is expected that the precision and robustness of the system will increase as mo re data becomes available.

3. Results

T he most important result o f the project is the evidence o f support of the idea of using non - specific syndro me data such as over - the - counter medication sales for early detection of epidemics of flu, obtained fro mthe experiments (see Figures 1 and 2). Fortunatelyor not, there is no validation data available for detection of bio - agent releases, so no accurate conclusio ns can be drawn fro mthe experiments regar ding bio - terrorismattacks.

Ho wever, the frame wor k is general eno ugh, not to dismiss the possibility o f correct identificatio n. T he model sho uld presumably work at least for agents that can be modeled with flu data, such as inhalational anthrax.

T he frame wor k proposed in the project is a co mplicated syst emthat is a product of integrating several different methodologies. Each of the steps can be performed using different techniques co nceivably achieving similar results.

When designing and performing experiments, special attentio n was paid to providing val id grounds for the necessity of each of the stages and reasons for applying the particular methods suggested.

3.1 Data Description and Experiments Setup

T he data used in the experiments are the counts of super mar ket over - the - counter cough medication sales aggr egated b y dayo ver the ar ea of the Allegheny County with zip - code starting with 152. T wo different subsets were selected for training. T he sizes were 176 and 365

data points (days) respectively. T he reason behind such selections is that the first dataset i s o n the ver ge of flu epidemic occurrence, i.e. ther e is data available fro m the

CDC agencywith infor matio n about the flu epidemic that has occurred within the 30 - daytime frame after the last point in the training dataset. As expected several of the flag s were raised (see Figure 1). On the other hand, when working with the seco nd dataset, no flags were expected to be raised since there was no significant abnor mal activity. T hus, the datasets were selected to reveal several characteristics of the system. T he occurrence o f flu epidemics was jud ged based on the weekly surveillance

CDC reports.

3.2 Results of applying co mplete model to the datasets

Since the fir st dataset was relativelysmall, the model chosen to fit the data was rather smooth:

Figure 1. First dataset of 176 data points plotted with predictive smoothed model and outliers. T he outliers have date stamp next to them. Reference line identifies the prediction zone. Error bars are based on the o ne - sided

98% confidence band.

Scripts were wr itten for matlab in order to auto mate the smoothing model selection based on desired parameters for the model. For the purpose of illustration, the selection of the model was deter mined b ythe RM S error between the model and real data and also the number of false al ar ms. T he set of parameters can be expanded to accommodate requirements set forth b ythe gover nment agencies. T he threshold for the FFT values was selected to be 0.2, in the particular case, which led to 139 frequencies to be set to zero. T he overall mode l has made onlyo ne mistake in identifying the epidemic dates, i.e. it raised one false alar m and six positive flags correctly, including the o ne in the prediction zone.

T he purpose of the second trial was to sho w that the data can be predicted accurately enough not to cause extraneo us false alar ms. In r ealitythere were no spikes occurring during the prediction time (30 days starting beginning of August 2000) and the model has predicted real data with 98% accuracy.

2/18/2000

12/26/199 9

1/1/2000

12/14/199 9

11/15/199 9

11/25/199 9

10/24/199 9

4.5

4.7

4.9

5.1

5.3

5.5

5.7

5.9

6.1

6.3

8/8/1999

8/22/1999

9/5/1999

9/19/1999

10/3/1999

10/17/1999

10/31/1999

11/14/1999

11/28/1999

12/12/1999

12/26/1999

1/9/2000

1/23/2000

2/6/2000

2/20/2000 d at e s

normalized counts r e al da ta pr edic tiv e mo del r e f er enc e line f or the be gin ning of pr edic tio n

Figure 2. Second dataset of 365 points plotted with predictive smoothed model and outliers. Reference line identifies the prediction zone. Error bars are based on one - sided 98% confidence band.

As it can be seen fro m the graph, even the q uestio nable points still do lie within the desire d 98% confidence band.

T he model in the seco nd case is more precise. Since more data was available when b uilding the model, there were more features that required lar ger frequencies and roughly similar amo unt o f noise has remained. Again, the predictions w ere correct, ho wever in addition to one false positive alar m, there was one false negative. T his can be explained that b yproviding more infor matio n during the model creation stage, it tends to overfit more, producing the false negatives. I f the thr eshold value (the accuracy level of the confidence band) depended on cost of action taken when a warning is issued, it wo uld have been expected to have several negative alar ms, to reduce the costs of false positives. T he precision of the system ho wever, can be ea sily co ntrolled based on the constraints placed on the system b ythe appropriate authorities and can be incorporated into the set of parameters that are used to calculate thresholds.

It is important to notice that validatio n o f the system is not an easy t ask. Sur veillance systems in place can only produce reports in weeklyaggregates and are usually regional rather than local. The results of the particular project, therefore, had to be evaluated with help of an expert in epidemiology.

4. Previous Work

Sponso red byDefense Ad vanced Research Projects

Agency, DARP A, there have arisen many initiatives for creating earlydetection systems, most of them ho wever are concerned with slightly different issues, such as developing a prototype database and Web site to giv e clinicians the opportunityto report suspicious trends of possible bio - terrorist events; assessing the current capacityof hospitals and health systems to respond to a bio - terrorist attack; or evaluate and improve linkages between the medical care, publ ic health, and emergency preparedness systems to impro ve detection of and response to a bio - terrorist event. Since the "bio - terrorism awareness" project has been open relativelyrecentlyand mo st o f the initiatives do not overlap, there is not much histor y in developing systems mo nitoring real - time data in order to prevent bio - terrorist attacks and epidemics.

In fact, the subject of using nonspecific syndro me datasets such as evaluating the trends in over - the - co unter medication purchases to detect epidemic s or bio - attacks is not kno wn to have been researched up - to - date. T he

Center for Disease Control and Preventio n (CDC) keeps track of the most recent developments in the area of early - detection surveillance systems. T he infor mation on the systems that are available and complywith go vernment standards is available fro mtheir site at anytime. So far, the major developments have been done onlyin area of sympto m - specific systems that bynature can not provide infor mation fast enough especiallyin the situati on of a release of a bio agent that can cause death in a large gro up of population within a week. An example o f such a bio - agent is anthrax (Gold man, 2000).

Most of the analysis perfor med on the super mar ket data has also had a different purpose. T he rese arch, often sponsored b ythe private corporations o wning the particular super mar ket chain, has concentrated on developing pricing strategies and analyzing the pricing sensitivity (see Boatwright, McCulloch and Rossi, 1999;

Montgo mer y1997, etc.) , rather t han modeling base flo w of ever y daysales for non - price related ano maly detection.

5. Summary

T he problemo f early detection of epidemics and bio - terrorism attacks has been researched for centuries. T here are surveillance systems in place that evaluate epidem iolo gical data received fro mho spitals and laboratories. Ho wever, these systems are not as ^early~ as it is desired. Initiatives have been raised to research the issue and steps are being taken in many directions in order to model an ^earlydetection~ syst em. Preliminar y experiments cond ucted give strong evidence that the non - specific syndro me based systems that have not been looked at before, mayindeed be accurate enough to have a right to be considered. Comp lete framework has been developed that can serv e as a prototype for such a system.

It has been created to be flexible enough, to be able to other datasets that have time series properties and satisfy the condition for correlation with the particular epidemic that is to be predicted. T he condition is on lynecessar yto provide more confidence in the accuracy of the system.

Ho wever, it is not necessar yfor the general p urpose one.

Given a time windo wenough for the basis signal to be established, any spikes can be examined for the p urposes of detecting an abnor mality.

6. Discussion and Future Work

It is apparent that the task at hand requires a highly accurate system. Numerous stages to the system are introduced in order to increase the reliability and make a claimabout the lo wer bound on accuracy that can b e achieved. T he idea of smoothing the raw data in order to

1 0 /2 4 /9 9

1 1 /2 5 /9 9 1 / 1 /0 0

4 / 2 3 /0 0

4 . 5

4 . 7

4 . 9

5 . 1

5 . 3

5 . 5

5 . 7

5 . 9

6 . 1

6 . 3

8/8/99

8/26/99

9/13/99

10/1/99

10/19/99

11/6/99

11/24/99

12/12/99

12/30/99

1/17/00

2/4/00

2/22/00

3/11/00

3/29/00

4/16/00

5/4/00

5/22/00

6/9/00

6/27/00

7/15/00

8/2/00

8/20/00

9/7/00 da te s

normalized counts re a l d a ta p re d i c t i v e m o d e l

re fe re n c e l i n e fo r th e b e g i n n i n g o f p re d i c ti o n make the predictions more reliable and the fact that the current accuracyof the model can be explicitly calculated based on the previouslyseen data, gives a significant increase in confidence whe n making claims about the accuracyand reliability of the system. T he idea of an absolute lo w bound on accur acythat can be achieved b y smoothing the original time series will be researched further. If proved valid, it can be extended to manyother applica tions involving time series data. It is also desirable to verifywhether the mixing of stages wo uld give an increase in the perfor mance of the system. Intuitively it seems reasonable that better results can be achieved by using a combination of products or categories.

Verificatio n of this idea ho wever, requires more data. T he model sho uld also be tested with the kno wn periodicities removed to see if a significant improvement in accuracy can be achieved.

Acknowledgements

We wo uld like to thank Rich Caruana, Galit Schmueli and

Sebastian T hrun for their invaluable help with participating in brainstor ming sessions and assisting in making the project stronger.

Ref erences

Aha, D. W. (1990). A study of instance - based algorithms for supervised learning tasks: Mathe matical, empirical, and psychological evaluations. Doctoral dissertation,

Department of I nfor mation & Co mp uter Science,

University of California, Irvine.

Gold man B. (2000). Inhalation Anthrax in Cecil Textbook of Medicine . NewYork: Saunders Co mpany.

Step henson J. (1997). Pentagon - funded research takes aim at agents of biological warfare. JAM A;278:(373 -

375).

Air hart, M. (1997). Whydo we get the flu most often in the winter? Are viruses more virulent in cold weather?

Scientific American , Ask Experts sectio n .

Weigend, A. and Gershenfeld, N. (1993). Time Series

Prediction: Forecasting the Future and Understanding the Past , Addison Wesley.

Brockwell, P. and Davis, R. (1996) Introduction to Time

Series and Forecasting Springer.

Chatfield, C. (1998) What is the best Method in

Forecasting? Journal of Applied Statistics. 15:(19 - 38).

Brigham, E. (1988), The Fast Fourier Transform and Its

Applications , Englewood Cliffs, NJ: Prentice - Hall, Inc.

Daubechies, I. (1992). Ten Lectures on Wavelets CBMS -

NSF Series in Appli ed Mathematics 61, Philadelphia:

SIAM

Graps, A. (1995). An I ntroduction to Wavelets. IEEE

Computational Science and Engineering . Los Alamitos,

CA: IEEE Co mputer Society.

Shimizu K. (1995). Signal Detection Using the Wavelet

Transform

Nijs, V., Deimpe, M., Steenkamp JB. and Hanssens, D.

(2001). The Category Demand Effects of Price

Promotions Under Review at Marketing Science, second round.

Montgo mer y, A. (1997). Creating Micro - Marketing

Pricing Strategies Using Supermarket Scanner Data .

Boatwright P., McCu lloch R., and Rossi P. (1999).

Account Level Modeling for Trade Promotion: An

Application of a Constrained Parameter Hierarchical

Model . (315 - 337).