Impacts of Misspecifying the Evolutionary Model inPhylogenetic Tree EstimationTom BurrSafeguards Systems Group, NIS-7Los Alamos National LaboratoryLos Alamos, NM 87545James M. HymanMathematical Modeling, T-7Los Alamos National LaboratoryLos Alamos, NM 87545Gerry MyersBiology Group, B-1Los Alamos National LaboratoryLos Alamos, NM 87545Alexei SkourikhineSafeguards Systems Group, NIS-7Los Alamos National LaboratoryLos Alamos, NM 87545Abstract We consider phylogenetic tree estimationwith emphasis on estimating the number of groups(clades). We rarely know the full evolutionary model,so we want to understand the impact of modelestimation errors. Sensitivity to misspecifying themodel or model parameters depends on how distinctthe clades are, so it is important to consider differingdegrees of clade resolution. We do this by varying themacroscopic growth rate and microscopic rate of the taxa. We simulate DNA sequence datau s i n g c o a l e s c e n t t h e o r y t o s i m u l a t e t h e s a m p l e genealogy, and one of several mutation models. Fore a c h c a s e , w e c o m p u t e a l l p a i r w i s e d i s t a n c e s b e t w e e n s e q u e n c e s u s i n g t h e t r u e a n d s e v e r a l alternate models. The within-group variance (withdistance data represented in principal coordinates)is used to choose the number of clades. We concludethat the estimated number of clades can be sensitiveto model estimation errors, to an extent determinedby clade resolution.Keywords: evolutionary model, coalescence, clades,distance measures, HIV, AIDS.1. IntroductionT h i s i n v e s t i g a t i o n w a s m o t i v a t e d b y t h e u n r e s o l v e d q u e s t i o n o f w h y t h e r e a r e 1 1 approximately equi-distant subtypes (�clades� orgroups) of HIV-1, type M [1, 2]. One plausiblequalitative explanation is based on the rapidgrowth of the macroscopic AIDS epidemic andthe large variance in the number of new HIVc a s e s p r o d u c e d b y e x i s t i n g c a s e s . M o r e quantitative evidence is available by computingthe likelihood of the current DNA data fromrandomly selected sequences of each of the 11subtypes under �forward models� that specifyt h e g r o w t h r a t e a n d d y n a m i c s o f t h e m a c r o s c o p i c e p i d e m i c a n d t h e m i c r o s c o p i c m u t a t i o n m o d e l . T h a t i s , i f 1 1 e q u i d i s t a n t subtypes can emerge for certain combinations oft h e m a c r o s c o p i c e p i d e m i c g r o w t h r a t e a n d microscopic mutation rate, then the 11 subtypescan be �explained� as a natural consequence ofthe dynamics of the disease. Recently, a very different hypothesis has beensuggested [3] involving the possibility of aninadvertent wide-scale spread of HIV-1 throughoral polio vaccine (OPV) trials. The evidence fort h e O P V h y p o t h e s i s i n c l u d e s c l a s s i c epidemiology, including the facts that chim-panzee kidneys were used for some stocks of thevirus in central Africa in 1957-1960, and theobserved rate of incidence of initial HIV-1 casesclustered around the centers of the OPV trials.There is counter-evidence that the OPV trialscould not have added to the AIDS epidemic [1]. We do not take a position here on the OPVhypothesis. Instead, because t h e i s s u e o f h o w many groups are present in DNA data is generic,we consider the sensitivity of group assignmentst o i n e v i t a b l e m i s s p e c i f i c a t i o n s o f t h e m i c r o s c o p i c e v o l u t i o n a r y m o d e l . W e u s e s i m u l a t e d d a t a f r o m T r e e v o l v e ( [ 4 ] , http://evolve.zoo.ox.ac.uk) , a n d t h e n a p p l y several distance measures to define clades underv a r y i n g d e g r e e s o f c l a d e r e s o l u t i o n . T h i s approach allows us to study the impact of modelestimation errors on the estimated number ofclades that naturally arise. Section two gives anexample using HIV data. We then describe thec o a l e s c e n t p r o c e s s w e u s e t o c o m p u t e t h e probabilities of each possible sample genealogy.A f t e r d e s c r i b i n g t h e m u t a t i o n m o d e l s , w e introduce distance measures derived from thesemodels, and introduce one way to choose then u m b e r o f c l a d e s . F i n a l l y , w e p r e s e n t o u r s i m u l a t i o n r e s u l t s a n d c o n c l u d e t h a t t h e estimated number of clades can be sensitive tomodel estimation errors, to an extent determinedby clade resolution.2. BackgroundT h i s s t u d y a d d r e s s e s t h e i m p a c t o f misspecifying the evolutionary model on thequantitative assessment of how many clades arep r e s e n t i n a s a m p l e o f D N A s e q u e n c e s . I n p r a c t i c e , w e c a n n o t k n o w t h e e v o l u t i o n a r y model and all of its parameters exactly, so it isimportant to understand the impact of modelmisspecification and parameter estimation on theestimated number of clades. In the hierarchical cluster plot in Figure 1a, thebest estimate of the correct distance measure forthe evolutionary model is used to compute allpairwise distances among 100 randomly selectedHIV-1, env sequences (7 subtypes A-G are allused here; all are available at hiv-web.lanl.gov,and the accession numbers are available uponrequest). In Figure 1b, the distance measure forthe evolutionary model is approximated by ana l t e r n a t e m o d e l ( t h e J u k e s - C a n t o r m o d e l ) . Sections 4, 7, and the Appendix have moredetail about models and their approximations. Notice that the distances in Figure 1a are moredispersed, leading to greater within group andb e t w e e n g r o u p v a r i a t i o n . T h i s d i s p e r s i o n difference is easier to observe in the middle plot(a principle coordinate plot) which displays thesequences in a way that the pairwise distancescan be computed approximately using only the xand y coordinates. Notice (top plots) that evenwith these differences, the clade assignmentswould probably be the same for (a) and (b) if wechose 7 clades in each case. The bottom plotshows a maximum in the approximate weight ofe v i d e n c e ( A W E , s e c t i o n 6 ) o c c u r r i n g f o r 7 groups in case (a) and for 1 group in case (b).(a) (b)Figure 1: 100 HIV env sequences using the best estimate of the true model (a) and an alternate (Jukes-Cantor) (b) model. The top plot is hierarchical clustering; the middle plot is a principal coordinate plot;and the bottom plot is the approximate weight of evidence for candidate numbers of clusters.

3. CoalescenceCoalescent theory [5, 6] arose from the need toi n f e r a s p e c t s o f t h e p a s t b y s a m p l i n g f r o m present-day populations. We start with a sampleand trace a possible evolutionary path back intime to identify events that occurred en route tothe most recent common ancestor (MRCA) ofthe sample. For example, suppose a populationis size N for many successive generations. In thecurrent generation, randomly select n = 2 casesand ask: what is the probability that both casescame from the same �parent� in the previousgeneration? A �randomly toss balls into boxes�a r g u m e n t i s a p p l i c a b l e , a n d f o r t h i s s i m p l e example we readily see that both cases share thes a m e p a r e n t w i t h p r o b a b i l i t y 1 / . M o r e generally, the probability that the coalescent tothe MRCA occurred t generations ago is givenby the geometric distribution probability 1/N (1-, and for large this is well approximatedby an exponential distribution. The theory easilyg e n e r a l i z e s t o c o m p u t e t h e p r o b a b i l i t y distribution for the times to each of the n —1c o a l e s c e n t e v e n t s u n t i l a l l n c a s e s s h a r e a MRCA [5]. This approach continues to expand into newapplication areas and has several attractive fea-tures. First, it is sample-based rather than popu-lation based. Second, it leads to highly efficient (example: Treevolve) for simulatingsamples of DNA sequences from populationsthat have been changing under a wide range ofp o p u l a t i o n g e n e t i c s m o d e l s ( f o r e x a m p l e , allowing for migration among partially sub-divided populations, and different macroscopicgrowth rates of populations). Third, it is suitablefor DNA or other molecular data (provided themacroscopic branching process that describesthe population growth is independent of themutational process [4]).Treevolve has several features that allow fora wide range in the number of clades and claderesolution. For example, it allows the evolution-ary time period to be divided in time windowswith different growth (or decline) rates in eachwindow, and it allows the user to specify thevariance in the number of �offspring� (newAIDS cases for example) that each �parent�(existing AIDS cases for example) produces.Qualitatively, clades will be strongly resolved ifthey are well separated from the tree root (longbranches in the top plot of Fig 1 for example).Equivalently, from the coalescent point of view,if clade 1 has a recent MRCA that is wellseparated genetically from the MRCA for clade2, and both MRCA�s are recent enough to havesmall within-clade variation, then clades 1 and 2are easily distinguished.4. Mutation ModelsWe consider aligned sequences of DNA datawith no gaps, such as the example with 3 taxa inTable 1.Table 1: Example simulated (using Treevolve)aligned DNA sequence data.Taxa CodeMutually Aligned DNA1CCCGATCAAATT�2CACGCTCAAATT�3CGCGAACAAATT�An evolutionary model specifies the probabilityper unit time of a given nucleotide mutating toanother nucleotide. A fully parameterized 4-by-4t r a n s i t i o n p r o b a b i l i t y m a t r i x w o u l d h a v e 1 2 freely varying entries, but most current analysesa n d s o f t w a r e r e s t r i c t t h e n u m b e r o f f r e e parameters to 1 to 5. Most of these models allowa distance measure (section 5) to be defined thatproperly accounts for the assumed model. Oneof the most common currently used is a 5-parameter model (HKY5) that specifies positivem , k and the four nonnegative nucleotidefrequencies pA, p, pG, and pT (that sum to 1).The parameter m determines the average rate ofchange (usually assumed to be constant overtime and to be the same for each taxa).Typically, the number of changes per unit timeis assumed to be Poisson distributed with meanm . The parameter k allows for purine-to-purineor pyrimidine-to-pyrimidine mutations (calledtransitions) to be different than purine-to-pyrimidine or pyrimidine-to-purine (calledtransversions). Although the ps can be estimatedusing the observed nucleotide frequencies, thebest way to estimate m and k requires access toan outgroup taxa. Recently, it has been demonstrated thatallowing m to vary across site can be important

[ 7 ] , a n d e s p e c i a l l y s o i n o u r c o n t e x t o f estimating the number of clades [8] where longb r a n c h e s t e n d t o a t t r a c t ( g r o u p t o g e t h e r ) . Typically, m is assumed to have a gamma distri-bution with the parameter g determining itsvariation across sites (large g means lessvariation). It is currently believed [9] that substitutionmodel parameter estimation is somewhat robustto misspecifying the tree topology. Still, at bestwe have a challenging statistical estimationproblem, so in practice we will at least introduceerrors in approximating the evolutionary modelor model parameters. Also, currently almost nosoftware is available for allowing site-to-sitedependence in the mutation probabilities(limited exceptions ([10] and others) use hiddenMarkov models to identify DNA sections ofsimilar rates). This is another reason that modelsare likely to be misspecified to some degree inpractice. However, our simulated data does nothave site-to-site dependence, so we can exactlyspecify the correct model and then deliberatelymisspecify a model by varying parameter valuesto study the impact of model misspecification onclade assignments.5. Distance MeasuresAll distance measures attempt to compute adistance that is expected (on average) to increaseapproximately linearly or in a known way withtime to the MRCA. The simplest model isJukes-Cantor (JC1) which assumes allmutational possibilities are equally likely. Forthe JC1 model, the distance between taxa x and yis dxy = -3/4 log(1 - 4/3 ), where is thepercent of sites that differ between x and y.When D reaches its �saturation limit� of _ thedistance is infinite (by chance and reversiblemutation, eventually any two sequences shouldagree at approximately 25% of their sites). Some models allow different base pairfrequencies, the k parameter defined in Section4, and the observed numbers of each type ofmutation (A to C, A to G, A to T, etc.). Many ofthe more elaborate models also have distancemeasures [9], which we compute usingDNADIST [10], PAML [11], or our own codeusing S-plus [12]. The Fig. 1 distances werecomputed using the general reversible model [7,9] with rate heterogeneity in (a) and JC1 in (b).6. Clade AssignmentsThere are several methods for deciding howmany clades are present and which taxa belongto which clades. In a generic sense, this is anunsupervised learning problem, and clusterassignments often depend strongly on the dis-tance measure used. One common way is toresample the sequences (bootstrap) n times andcount the fraction of times that the specifiedsubsets remain clustered using any of severaltree building methods [9]. In any method, there is at least an implicitassumption about the evolutionary model. Also,we anticipate that the assumed distance measure(or evolutionary model) will impact the cladeassignments regardless of how those assign-ments are made. Here we report results from a novel andconvenient way to choose clade assignments.This model-based clustering (mclust [13], asimplemented in available software [12]),provides a semi-objective way to choose thenumber of clusters. Qualitatively, mclust issimilar to the well-known �look for diminishingreturns� approach that is often used in k-meansclustering: add clusters until the reduction inwithin group sum of squares begins to diminishsharply. Our method of defining clades involves threesteps: (1) assume an evolutionary model and useit to compute distances among all pair of taxa;(2) represent the pairwise distance matrix usingprincipal coordinates (Fig 1), which provides alow-dimensional representation of the data thatclosely preserves the distances, and (3) choosethe number of clades based on the mclustalgorithm when applied to the principalcoordinate [12] data (Fig.1). We have comparedstep (3) to the more common �diminishingreturns with k-means approach� and havenoticed a tendency for mclust to suggest fewergroups than k-means. Because our focus is onthe impact of model misspecification, we reportresults for only one �clade assignments� method(mclust). However, we are currentlyinvestigating other methods to choose the number of clades and the stated evidence for thatchoice. In Fig. 2 we present the results of our threesteps and note that the 2 clades in Fig. 2a (usingthe true model) are more distinct than the 2-7clades in Fig. 2b (using a wrong model, with k =2 rather than k = 1.2 and rate heterogeneityparameter g = 2 (smaller rate variance inm across sites) rather than g = 0.4 (larger ratevariance)). Qualitatively, we note that the case inFig. 2a has relatively strong evidence for 2tightly clustered clades, while the case in Fig. 2bhas weaker evidence for between 2 to 7 weaklyclustered clades. We provide a semi-quantitativemeasure of the evidence for the chosennumber of clades in the section 7 simulationresults that gives E = 0.09 for c = 2 clades inFig. 2a and E = 0.05 for c = 7 to 13 clades inFig. 2b. We select the clade number(s) c thatmaximize the estimated approximate weight ofevidence (AWE) as defined by mclust. And wedefine E by normalizing AWE to NAWE(NAWE is nonnegative and sums to one), and = maximum(NAWE), which is a measure ofhow peaked the AWE curve is.7. Simulation ResultsIn this section we present results of assigningsimulated DNA from 100 taxa to clades underseveral models for both the macroscopicbranching process that describes the populationgrowth and the microscopic mutational process.We illustrate that when clades are well resolved,the clade assignments are not sensitive to thechoice of distance measure. However, whenclades are not well resolved, the identification ofspecific clades is sensitive to the evolutionarymodels. The advantage of using simulated datafor this type of study is that we know the exactmutation model (and all its parameters) used inthe simulations. We refer to the exact model asthe �baseline� model or �true� model; all othermodels are referred to as �alternate� models. (a) (b)Figure 2. 200 simulated sequences with distances estimated using the (a) true (k = 2, g = 0.4) and (b)alternate (k = 1.2, g =2) models. The top plot is a principal coordinate plot and the bottom plot is theapproximate weight of evidence (AWE) for candidate numbers of clusters.

T a b l e 2 p r e s e n t s r e s u l t s ( c a n d ) f o r t h e baseline HKY5 model with pA = pC = pT pG =0.25, k = 2, m = 0.003 per site per year plus onerate heterogeneity parameter g that describeshow m varies across nucleotide sites, and resultsfor five alternative models for 3 main cases with3 subcases (each with different modelparameters) per case. Because we chose equalps, HKY5 is equivalent to Kimura-2 [9]. Subcases 1.1-1.3 assume zero populationgrowth followed by exponential populationgrowth, and have g = 0.3, 1, and 2, respectively.Subcases 2.1-2.3 assume exponential populationgrowth, and have g = 0.3, 1, and 2, respectively.Subcases 3.1-3.3 assume zero populationgrowth, and have g = 0.3, 1, and 2, respectively. The alternate models A-D are chosen to bewithin the range of statistical uncertainty (for400 nucleotide sites) due to model parameterestimation if the phylogenetic software cancalculate distance measures under the correctmodel and therefore only needs to estimatemodel parameters. Case E is the JC1 model withg assumed to be infinite. The ( values foreach model are specified in Table 2. Note thatthe impact of misspecifying g is larger for the g = 0.3 cases (cases 1.1 (B), 3.1 (D), env (A-E)).The real data for env sequences (plotted inFig. 1) are analyzed as the last case in Table 2.We observe that the estimated number of clades(ranging from 7 to 1) is extremely sensitive tothe model misspecifications considered here forenv, but only slightly sensitive for our simulateddata. Also, because the env sequences are realdata, we can not know the true model, so werefer to the best model as the baseline model.Therefore, for our purposes here, the baselinemodel case is the same as for subcases 1.1, 2.1,and 3.1. From our own estimates and from [7]we know that a better model for env sequencesis the general reversible model [9] with g = 0.3,but we have found that this model (used inFigure 1a) also estimates 7 clades with 0.09weight of evidence. To make all our table entriesconsistent it was more convenient to always useHKY-5 as described as the baseline model.8. ConclusionsTo our knowledge, this is the first quantitativestudy that begins to �calibrate� the effect of thedifference between distance measures (all basedon evolutionary models) as applied to DNAsequences for the purpose of choosing thenumber of clades. We have begun to confirmthat different distance measures give morevaried results when clade resolution is vague.Therefore, we have also begun to quantify howwell separated the clades must be to ensure thatall distance measures give essentially the sameTable 2: Estimated number of clades, c, and a measure of clade resolution/evidence, , using thebaseline model and 5 alternate models A, B, C, D, and E for 10 cases (9 simulated, 1 real example).Alternate ModelsCaseBaselineHKY5 Model k=2, ps equalAk = 1.3Bk = 1.3Ck = 2.6Dk = 2.6E (JC1) k = 1gc, Egc, Egc,Egc,Egc,Egc,E1.1 0.33, 0.090.23, 0.090.42, 0.090.23, 0.090.43, 0.09·3, 0.091.214, 0.090.94, 0.091.14, 0.090.94, 0.091.14, 0.09·4, 0.091.323, 0.091.43, 0.093.13, 0.091.43, 0.093.13, 0.08·3, 0.092.10.31, 0.100.21, 0.100.41, 0.100.21, 0.100.41, 0.10·1, 0.102.211, 0.100.91, 0.101.11, 0.100.91, 0.101.11, 0.10

·1, 0.102.321, 0.101.41, 0.103.11, 0.101.41, 0.103.11, 0.10

·1, 0.10

3.10.32, 0.080.22, 0.100.42, 0.070.22, 0.100.44, 0.072, 0.093.213, 0.080.93, 0.101.13, 0.070.93, 0.101.13, 0.07·3, 0.093.323, 0.091.43, 0.093.13, 0.091.43, 0.093.13, 0.09·3, 0.09 env0.37, 0.080.21, 0.090.41, 0.090.21, 0.090.41, 0.09·1, 0.08results. To do so, we used Treevolve to rapidlyexperiment with different clade resolutions,obtained from different combinations ofmacroscopic growth rate of the population andmicroscopic mutation rate. This also allowed usto better understand the �forward� processes thatlead to well-resolved clades. The only case thatgave the estimated number of clades for alldistance measures was the case with one clade(which occurred with exponential growth).Concerning model estimation, many existingcodes assume an infinite g parameter (whichmeans that all sites have the same mutation ratem). Because of the potential impact on theestimated number of clades, particularly forg < 1, this study illustrates the importance ofestimating g. Future work will include alternateways to choose the number of clades (such asbootstrap percentages) because here we usedonly the �model-based� (mclust) evidence.References[1]Hahn, B. Shaw, G., De, K., and Sharp, P.,�AIDS as a Zoonosis: Scientific and PublicHealth Implications,� , 607-614(2000).[2]Myers, G., Korber, B., Foley, B., Jeang, K.,and Mellors, J., et al, editors, HumanRetroviruses and AIDS, TheoreticalBiology and Biophysics Group, LosAlamos, NM (1996).[3]Hooper E., The River: A Journey to theSource of HIV and AIDS, Little, Brown,New York (1999).[4]Grassley, N., Harvey, P., and Holmes, E.,�Population Dynamic of HIV-1 Inferredfrom Gene Sequences� , 427-438 (1999).[5] Fu, Y., and Li, W., �Coalescing into the 21Century: An Overview and Prospects ofCoalescent Theory,� Theoretical Popu-lation Biology 56, 1-10 (1999).[6] Kingman, J.C., �On the Genealogy of LargePopulations,� J. Appl. Probab. A 19, 27-43(1982).[7]Leitner, T. et al, �Tempo and Mode ofNucleotide Substitutions in gag and envGene Fragments in HIV Type 1 Popula-tions with a Known Transmission History,�Virology 71(6): 4761-4770, (1997).[8]Van de Peer, Y., Janssens, W., et al, �Phy-logenetic Analysis of the env Gene of HIV-1: Isolates Taking into Account IndividualNucleotide Substitution Rates,� ,1485-1494 (1996).[9]Swofford et. al., �Phylogeny Inference,�Molecular Systematics, 2 edition, eds.Hillis et. al. (1996).[10]Felsenstein, J. PHYLIP: Phylogeny Infer-ence Package, ver 3.5c, Univ. ofWashington, Seattle (1993).[11]Yang, Z., PAML: Phylogenetic Analysis byMaximum Likelihood, Version 2.0, 1999[12]S-Plus 5.1, MathSoft, Seattle Wash. (1999).[13]Banfield, J., and Raftery, A., �Model-basedGaussian and non-Gaussian Clustering,�Biometrics 49 (3), 803-822 (1993).Appendix. Treevolve Model DetailsWe describe the three macroscopic models, eachwith three similar microscopic models used inTable 2. All baseline models were simulatedusing Treevolve 1.30 with inputs: seq. length =400, sample size = 100, mutation rate m = 0.003,microscopic substitution model = HKY5;transition/transversion ratio = 2; pA= p = pG =

pT = 0.25, discrete gamma rate heterogeneityshape g = 0.3 (subcase 1), 1 (subcase 2), or 2(subcase 3) with 8 rate categories; haploidmodel, (generation time) / (variance in offspringno.) = 0.001. All 3 cases used population size attime 0 of N0 =2.5 x 106, and = N0 e- as timemoves backward, with case 1 having an 8—year r= 0.693 period ( doubles yearly going forwardin time toward the present time 0) followed by20 year r =0.05 period, followed by 10000 yearr = 0 period; case 2 used one period with r =0.693; and case 3 used one period with r = 0 (nogrowth).We expected and observed: a �star-phylogeny� having 1 clade for case 2 (2.1, 2.2,and 2.3 in Table 2); two or more clades for cases1 and 3, with better clade resolution for case 1.We did observe slightly better clade resolutionfor case 1 than case 3, and the strongest claderesolution (evidence E) occurred for case 2.