Applying Genetic Algorithms to Outlier Detection Kelly D. Cra wford Amo co Corp oration cra wford@amo co.com Roger L. ain wrigh The Univ ersit of ulsa rogerw@p enguin.utulsa.edu Abstract Researc hers are accustomed to inexactness in ph ysical measuremen ts and ha dev el- op ed statistical metho ds to help deal with error. Detecting outlying observ ations in re- gression data (outliers) is an imp ortan step in analysis of these sets of data. This pa- er presen ts genetic algorithm capable of generating subsets for ultiple-case outlier diagnostics. The genetic algorithm uses the diagnostics as ev aluation functions to driv the searc for go subsets. ests run on arious data sets from the statistical litera- ture demonstrate the excellen erformance of the genetic algorithm in lo cating the est subsets. ost-analysis of these subsets ul- timately determines whic sets are actually outlying. The genetic algorithm erforms su- erbly in using ultiple-case diagnostics to driv the searc for these outliers. INTR ODUCTION Data is rarely erfect. Whether the problem is fault equipmen t, uctuations due to wind, or simple uman error, the observ ations record often con tain errors that can result in misleading conclusions. These er- rors, called outliers, ust found and remo ed from the data. arious regression tec hniques help lo cate outlying data minimizing their e�ect or lo cating them directly class of tec hniques called ultiple-case outlier diag- nostics pro vides to measure the "outlyingness" of sets of oin ts relativ to the en tire data set. The di�cult task is selecting the righ subsets to test. The com binatorial nature of this problem requires heuris- tic solution. Section discusses ys the outlier problem is han- dled in statistics. In Section 3, genetic algorithm is presen ted that generates subsets of oten tially outly- ing oin ts in regression data. ests on real data are sho wn in Section follo ed results of those tests in Section 5. OUTLIERS 2.1 LEAST SQUARES Least sum of squares, more commonly called least squares LS ), is regression tec hnique used to esti- mate line (or yp erplane) �t to set of data. Least squares regression constructs line through data suc that the sum of the squared residuals (distances from eac oin to the line in the y-direction) is minimized. Man go references for the least squares tec hnique are ailable, suc as (Cheney 1980, Hager 1988). The data oin ts are represen ted the erdetermined system where is the um er of data oin ts, is the ector of dep enden ariables, is the matrix of indep enden ariables, is the ector of co e�cien ts and is the ec- tor of indep enden errors. aking least squares solution to the system is This is equiv alen to minimizing the residual error as follo ws: LS minimiz =1 As an example, consider the Hertzsprung-Russell dia- gram of the CYG OB1 star cluster, an often analyzed dataset tak en from the �eld of astronom (Rousseeu and Lero 1987). or reference, will call this the CYG dataset. The data, plotted in Figure 1, is tak en from 47 stars in the direction of Cygn us. The x-axis (sho wn umerically in rev erse) represen ts the log of the e�ectiv temp erature at the surface of eac star, while the y-axis sho ws the log of the star’s ligh in tensit There are lines on this plot. The line lab eled LS as pro duced from least squares �t of the en tire dataset. Notice the oin ts in the upp er righ corner of the LS LS 3.5 4.5 5.5 6.5 3.4 3.6 3.8 4.2 4.4 4.6 4.8 Log ligh in tensit Log temp erature Figure 1: Hertzsprung-Russell diagram for CYG OB1 star cluster plot. They corresp ond to gian stars whose measure- men ts do not correlate linearly with those of the other stars. These oin ts are considered to outliers. Re- mo ving these oin ts and recomputing the least squares line results in the line lab eled LS Notice in this exam- ple ho the original least squares line as dramatically a�ected the outlying oin ts and pro vided no help in �nding an outliers. 2.2 OBUST TECHNIQUES Robust tec hniques are so named ecause they attempt to minimize the e�ect of outliers. One of the est examples of this is least median of squares LM (Rousseeu 1984). With this tec hnique, the median of the squared residuals is minimized rather than the sum. This orks ell ecause for an line under con- sideration, only the oin corresp onding to the median of the sorted squared residuals is used. This results in thro wing out the high and lo residual alues that migh tend to thro least squares o� of the trail. Man other robust estimators are ailable, suc as the least absolute alues estimator, least trimmed squares, eigh ted and rew eigh ted least squares, M-estimators and S-estimators. Rousseeu and Lero (1987) pro- vide an excellen history of the dev elopmen of these tec hniques, together with discussion of the arious strengths and eaknesses of eac h. 2.3 OUTLIER DIA GNOSTICS This pap er fo cuses on class of tec hniques called outlier diagnostics. Rather than minimizing the ef- fect of outlying data, outlier diagnostics try to assess the in uence of eac oin in the dataset. Single- case diagnostics fo cus on the in uence of individual oin ts, while ultiple-case diagnostics ork with sets of oin ts. The least squares tec hnique, describ ed in Section 2.1, can though of as simple, ultiple-case outlier diagnostic tec hnique. Th us, LS is the least squares of the dataset with the subset of oin ts remo ed (Cra wford, ain wrigh and asicek 1995). will refer to this measure as LS Co ok’s squared distance form ula for ultiple-case di- agnostics (Co ok and eisb erg 1982) is generalization of the single-case ersion (Co ok 1977). Details of the form ula are left to the references, but in short, the form ula is )) )) ps where is the line equation formed least squares, and is the least squares line formed after the sub- set of oin ts is remo ed from the dataset. is the erdetermined matrix constructed from the dataset, is e�ectiv ely the dimension of the dataset, and is the sum of the squared residuals divided the recip- ro cal of the degrees of freedom ). will refer to this measure as Andrews and Pregib on (1978) dev elop ed ultiple- case outlier diagnostic based on the follo wing determi- nan tal ratio AP det )) det where is the matrix with the resp onse ariable app ended, and is with the subset of oin ts remo ed. Geometrically AP is measure of the "remoteness" of the subset of oin ts will refer to this measure as AP The outlyingness of selected subsets of oin ts from the dataset can estimated using LS and AP The di�cult part is �guring out whic subsets to ev alu- ate. All subsets of oin ts will need to hec ed un- less there is some mec hanism to ho ose appropriate subsets. This is fundamen tal com binatorial prob- lem shared all suc ultiple-case outlier diagnos- tics (Rousseeu and Lero 1987). Consider dataset of size Chec king all sets of in olv es computation on the order of =1 GENETIC ALGORITHM OR GENERA TING SUBSETS dev elop ed genetic algorithm (GA) to manage the selection of oin subsets. Giv en dataset con taining oin ts, need to able to represen subset of oin ts as oten tial outlier set. use unique list of oin indices to accomplish this. Logically this can considered as an order-based hromosome where the leftmost oin indices are the outliers, and the remaining alues are non-outlying. Ho ev er, in practice, only eep the outlying oin indices in the hromosome. This results in uc faster execution for the larger datasets. The crosso er used in our GA is arian of o-paren uniform order-based crosso er (UO X) (Da vis 1991). eac osition in the string, alue is randomly hosen from one of the paren ts to form the new hildren. Duplicate alues are remo ed selecting new unique random alue. or utation, randomly ho ose oin in the hromosome and exc hange it with unique random alue. In addition, sort the oin indices in the hromosome for impro ed erformance. compared three di�eren ev aluation functions. Eac is based on the ultiple-case outlier diagnos- tics form ulas LS and AP previously describ ed in Section 2.1 and Section 2.3. TEST tested di�eren datasets with the LS and AP ersions of the genetic algorithm. �rst ran tests for 2. Then ran tests for 3, separately and so on, up to will refer to the datasets as elgium br ain china cyg (describ ed in Section 2), and sie gel The elgium dataset sho ws the um er of in ternational calls from Belgium et een 1950 and 1973. The brain dataset con trasts dy eigh against the brain eigh of 18 di�eren animal sp ecies. The hina dataset is record of the ann ual rates of gro wth of erage prices in the main free cities of free China from 1940 to 1948. The siegel dataset is an exact-�t dataset. In other ords, when the outliers are remo ed, all of the remaining oin ts will exactly lie on straigh line. able pro- vides detail on the size and dimension of eac dataset, as ell as ho man kno wn outliers eac con tains. able 1: GA test data ASET NUMBER OF NUMBER OF NAME POINTS OUTLIERS elgium 24 brain 28 hina cyg 47 siegel or eac dataset, the goal is to remo an outlying data oin ts and �nd linear �t for the data. Eac of these datasets ha een analyzed thoroughly in the statistical literature, and eac ha kno wn out- liers. or complete description of eac dataset, see Rousseeu and Lero (1987). used the LibGA pac age to construct our genetic algorithm (Corcoran and ain wrigh 1993). Eac dataset as tested with 100 di�eren random seeds. The GA parameters are: represen tation in tegers, string length (separate �xed length runs for :::; ), opulation size 100, selection bias 1.8, utation rate 0.05, and maxim um um er of itera- tions 10000. RESUL TS able sho ws the erformance of eac metho on the test datasets in �nding the one single subset con taining the actual outliers. "% of time outliers found" refers to ho man of the 100 test runs actually found the est subset, while the "a erage iters" indicates ho man subsets ere ev aluated efore the est one as found. Ov erall, erformed est, with the exception of the siegel dataset. In this dataset, rank ed subset with outlying oin ts and one nonoutlying oin higher than the �tness of the correct three oin ts. Th us, while the GA ork ed correctly led us to an incorrect answ er (in fact, the GA found this dataset 0.2 0.4 0.6 0.8 10 12 Num er of oin ts omitted AP(I) LS(I) CD(I) Figure 2: Belgium dataset 0.2 0.4 0.6 0.8 10 12 14 Num er of oin ts omitted AP(I) LS(I) CD(I) Figure 3: Brain dataset for all 100 runs). The most lik ely explanation is that do es not handle exact-�t datasets prop erly Normalized plots of the GA results are used to lo cate the most lik ely outlier set. The GA lo cates the est subset of size (call it ), for :::; The normalized alues of LS ), and AP are plotted as three lines in Figure 2, Figure and Figure for the elgium, brain and cyg datasets, resp ectiv ely Relativ ely small y-axis alues indicate etter �t for the data. erfect �t, where all oin ts in the set are exactly on single line (or yp erplane), ould ha alue of 0. relativ ely large slop hange in the curv es sho wn in Figure 2, Figure and Figure indicates probable outlier set. Note the relativ slop hange in the LS and AP lines when oin ts are omitted for elgium (Figure 2), oin ts are omitted for brain (Figure 3) and oin ts are omitted for cyg (Figure 4). These cor- 0.2 0.4 0.6 0.8 10 12 14 16 18 20 Num er of oin ts omitted AP(I) LS(I) CD(I) Figure 4: CYG dataset resp ond directly with the actual outliers. pro es disapp oin ting for the purp oses of ost-analysis. CONCLUSIONS Our �ndings indicate that genetic algorithms pro vide useful means for generating subsets for ultiple-case outlier diagnostics. The abilit of genetic algorithms to ercome com binatorial searc spaces mak es it prime candidate for this sort of researc h. It is the un- derstanding of the authors that ultiple-case outlier diagnostics are not widely used on large data sets e- cause of this limitation. Our genetic algorithm mak es suc analysis feasible. Eac ultiple-case diagnostic has strengths and eak- nesses. Di�eren data mo dels and data sets pro duce di�eren "�tness landscap es". As in robust regres- sion and outlier diagnostics, there is no catc h-all for- ula for detecting outliers. The GA, ho ev er, er- formed sup erbly in using ultiple-case diagnostics to driv the searc for outliers. urther researc with other ultiple-case outlier diagnostic tec hniques will certainly o�er additional insigh ts in to this in triguing problem. Ac kno wledgemen ts This researc has een partially supp orted OCAST Gran AR2-004. The authors also wish to ac kno wledge the supp ort of Sun Microsystems, Inc. able 2: GA results ASET EV ALUA TION OF TIME VERA GE NAME FUNCTION OUTLIERS ITERS OUND (100 UNS) elgium LS 96 769 91 1526 AP 81 4846 brain LS 100 245 100 217 AP 100 391 hina LS 100 217 100 110 AP 100 100 cyg LS 87 2925 100 323 AP 100 759 siegel LS 100 261 195 AP 96 2438 References D. F. Andrews and D. Pregib on (1978). Finding the outliers that matter. Journal of the oyal Statistic al So ciety 40:85{93. W. Cheney and D. Kincaid (1980). Numeric al Mathe- matics and Computing Bro oks/Cole, Mon terey Cali- fornia. R. D. Co ok (1977). Detection of in uen tial observ ation in linear regression. chnometrics 19:15{18. R. D. Co ok and S. eisb erg (1982). esiduals and In uenc in gr ession Chapman and Hall, London. A. L. Corcoran and R. L. ain wrigh (1993). LibGA: user-friendly orkb enc for order-based genetic algorithm researc h. In Pr dings of the 1993 CM/SIGAPP Symp osium on Applie Computing pages 111{117. K. D. Cra wford, R. L. ain wrigh and D. J. asicek (1995). Detecting ultiple outliers in regression data using genetic algorithms. In Pr dings of the 1995 CM/SIGAPP Symp osium on Applie Computing La wrence Da vis (1991). Handb ok of Genetic lgo- rithms an Nostrand Reinhold, New ork, NY. W. W. Hager (1988). Applie Numeric al Line ar lge- br Pren tice Hall, Englew Cli�s, New Jersey J. Rousseeu (1984). Least median of squares re- gression. Journal of the meric an Statistic al Asso cia- tion 79:871{880. J. Rousseeu and A. M. Lero (1987). obust e- gr ession Outlier Dete ction John Wiley Sons, New ork, NY.