But

B [, x, t, F) = EE(Q |x, =

X, t, Pg, x

o b F)

=EM, |, x ., t, F) (by definition) (5.3.3)

Mk is a quadratic function of x, and (5. 5. 3) can in theory by found from
the conditional distribution of X, given )’i= and the paramelers, If samp)p
gizeg are equal for all loci, the iterative method of Chapter 4 may be
readily modified to give the true ML solution, for in this case the variance
does not differ between dimensions and any orthogonal transformation of
the projected coordinates 18 equivalent to the ortginal data (4, &6(1)). 1In
iterating up the tree using (4. 7. 10) and (4, 7. 11), as described in 4. 4 we
must simply change the 'covariance matrix' for any 'subtree’ conslsting
of a gingle populatlon node from the previous single element (0) to the
element (l/ami) (nui = mih) for all h, See 4,4 and Appendix 2 of

4, 7.) A restriction t1 = 0 must also be included but has no effect on
the iterative method; the polnt t1 = 0 is no longer a alngularity since
sampling provides a positive lower bound to the population variances.
Convergence properties, etc., wlll be similar to those deacribed in
Chapter 4, but the program of 5.1 has not been modified in thia way,
gince sample sizes, even where stated, are not equal for all loci, except
perhaps where a single recent study of a population has covered many
blood group systems. If sample sizes are unequal the theory remaing
the same, but it would be necessary to consider the basic projected co-
ordinates and not a transformation based only on distances; this is not
at present computationally feaslble.

The above modification of the method corresponds to Felsensteln's
observation (personal communication) that sampling, with sample size m;,
is equivalent to Ne /mi generations (or I/Bm1 units of l/crz generations)
af evolution. He notes that the ML solution with gsampling included is the
same a8 the solution without sampling for the same population positions at

times 1/8m, in the future, His proposal, equivalent to the above, is that

i
the ML golution for the populationg at these unequal hypothetical time
polnts be [ound, and then the extra times subtracted off to reobtain the

contemporary populations. The required restriction that the time of the
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t ancestral split occurs no later than the present prevents the singu-
gity which lg in general caused by populations at unequal time polnts

. 4. 6(ii)). Although, for our iterative method, the modification to the
ngle element matrices degcribed ahove provides the simplest method

& golving the problem, Felsenstein's repregentation of the situation

rides a clearer ldea of the ellect of the inclusion of sampling on the
imated tree and on the relative support for alternative estimates. The
aller the sample size the less is our knowledge of the true present
lation position; equivalently the further into the future is the 'elfective
he' of the sample point.

The gituation in which all m, are equal {eay to m) provides the

cularly simple cage In which thie 'effective times' of the populations
nain equal, The only effect of the inclusion of sampling 18 to reduce

| estimate of ot by an amount 1/8m (provided previously

> 1/8m), for the term Uztl + 1/8m replaces aztl in the diagonal
s of the matrix ¢°T, and crzt1 does nol appear elsewhere in the

nort function. Thus when all sample gizeg are of the same order of
gnitude gampling should have little effect on the estimated form of tree,
. However, in practice the variation between loci 15 often much

:' ater than between populations and an alternative suggestion is the
wing. The coordinates used are those obtained by embedding the
dtstla:;lzces in any Euclidean space (4. 6(i)). But the observed squared
d..

mih), mgh) gatisfica

ce at locus h, between populations i and j, with sample

(h)2

1

+++y B, where d

(5.3.4)

. (h)?2
A=, 0,1

ween populations i and j at locus h, having kh alleles, Thus we
define

is the (unknown) true squared distance

ds? = ¢’
' 1) ij

here dgj is the total obgerved distance between populations 1 and J,
hd embed the modified distances d;jz ({, =1, ..., n) In the Euclidean
ace, This may be the best method in practice where sample slzes

The tree inferred 1s, at

-]
(h) {h)
- hzl(kh-l](l/eml +1/8m.™), (5. 3. 5)

er widely with both loci and populations,
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timation of t and F remains theoretically possible, although it is
banplicated by the fact that some dimensions no longer contain informa-
on each t, separately, However, as may be shown by a proof simi-
| to that of (5, 3, 2), we still have the fundamental result that

least, the correct likellhood solution for some get of true population gig.
tances, the squared distances heing unblassed estimates of the true
squared distances based on the obgerved data,

However, unlesa samples are large, we may obtain distances
which do not satisfy the Euclldean metric conditions, we may even haye " -
negative distances between populations where there 1s no evidence of iknkp = E(Ck1§g’ io(’ég’ L F, L F), k=L, el (5.4.9)

differing gene frequency. Thus although the method is ugeful in Practice Having obtained estimates of (x , t, F) based upon x_ we may
—o' = =g

mider the mirsing coordinates . S Since the dimensions are inde-

I dent we consider each separately and drop the superscript (g). We
the ML tree [or those populations for which there are data in the given
'. ension the 'Iramework’ of the iree (Fig. 5.4). Let w=n - rq.

there may be problems. In fact, although estimated distances at some
loci may be negative, the total distances (5. 3. 5) are usually positive ang
can often be embedded in a Euclidean space,

5.4 THE MISSING DATA PROBLEM

Although some heurlstic methods are based entirely on distances
and can use any avallable data to compute these, any method baged strictly
on the probability model must either use loci for which all data are present,
or elge take account of migsing coordinates in some logically justifiable
way, Having Inferred an evolutionary tree we may obtain the probability

distribution of missing coordinates, We then have the following problem:
'To what extent are the maximum probability estimates (or means) of
unobserved random variables compatlble with the ML values of the para-
metera on which they are baged?'

Suppose we have a subget ég of ixgq); 1=1, ..., n,

L z
xk Xj Xi xi

q=1, ..., p! with only rq of the coordinates in dimension q present
(L= rq = n). Suppose further that we with to infer (:_(n, t, F) usingall
avallable data. Population distances are no longer sufficient, and we
must consider the projected coordinates, For each q (1=g=p _’E(q)|x is

=E Fig. 5.4, The estimation of misslng data coordinates. The
N{x(q]l, T, (5.4.1) framework of the tree 18 shown by the solld lines, while
0 - q the broken lines denote missing parts of the tree.
where E(q) Il denotes the restriction of E(q) to ’ég and TE s the Given x_ and the parameters, X {s w-variate Normal, Without
T by T matrix formed by ellminating from T those rows and columns P8 of generality X, =&, e xw) and x,= {xw+1’ svey X ). Let
corresponding to populations for which there are no data in dimension 4. be the last ancestor of X; on the [ramework of the tree (i=1,..., w);
Then 1g. 5.4,
i(q)(x ¢ )= {B(q}[ ]‘T"'l 1)/(1'T*"11) 5. 4.2) Then the maximum probability estlmate (or mean} is
o =g =TT L, 4 —'='q = o
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iizE{x1|§g, x5ty F)

= EEX|x, x, b, F, y)ix. x, t, B
=Ely}lx, x, t. F). (5. 4.)
Lemma, If xi=E(yi*[§g, X t, F) (i=1, ..., w) then
EGilx . X0 %, b B =x, (5.4.5)
and
S b P =% xp b P (5. 4. 6)

Proof, Since all mean posttions and ﬁn may be determined
recursively by the series of equations relating each node to its immediate
neighbourg (4. 4), it is sufficient to congider only the equations relating
yi" to its immediate neighbours, The equations relating framework
splitting points to their neighbours are necessarily unchanged,

Now glven zZ, and z, of Fig. 5 4 and time intervals as shown,

1

X, =% =¢ = . = {t* » At
xl :t:12 ¥m E(yi121’ zz,i, F} {tzz1+t1zz)’(t1+tz)

But
EG; 1y 2,2, 8 IS ADFQUADHLAD (2 /t3)+Ha, ANy /D)

=ym=iil=xi2 i Ym=ym

=Bz, z,, t, P /

2

Thus we have that

(i)  Missing coordinates should be estimated by the mean posi-
tions of thelr ancestors on the framework of the tree,

(i) Given t and F, estimates of all node positions {(including
EO) are unchanged by the tntroduction of the missing coordinateg at their
mean positions, and introducing them in this way is 'consistent' with node
positions already inlerred,

However, the ML estimates of the parameters (f, F and 2
(= fu(g, i, ), are not unchanged by this insertion of the missing data;
the ML soluticn does not usually have 'vertical' arca in any part of the
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L tree, The question of change of ML tree form under the inclusion of

- additional populatlons, discussed in 5 1 with reference to the adequacy
' of the method af constructing an initial tree, is closely related to the

| problem here. The irue ML tree inferred [rom the data ig not preclsely
 the same as the 'revised' trec inferred from the data and additional hypo-
I thetical data constructed on the bagis of that ML tree: but such data do
not usually cause extensive changes in the tree inferred.

.' The approach here may be compared with Figher's 'predictive

Prikelihood® (Fiaher (1956, p. 126)), which would suggest that the complete

(5, 4.7

'ghould be regarded as a likelihood for (Jém, X t, F) and maximised
 jointly with respect to these variables, This approach leads to singulari-
ltiee If applied to the set of all Internal nodes, but in this case ig feasible,
ERecause of Normality, the tree inferred by maximising (5. 4. 7) 18 an
fequilibrium limit of a serics of repeatedly 'revised® trees.

5.5 ANCILLARITY AND THE NUISANCE PARAMETER x_

; As yet we have considered only the complete likelihood
PL(x , t, F), and the MRL

L*({t, F) = max.[Lix, t, ). {5.5.1)

X

=0

'We have diacussged the disadvantages of eliminating any parameter other
.7 than by considering the MRL (1. 3), and have also seen that X ghould

¥ sometimes be considered, for example in the missing data problem or in
'_imy sltuatlon where the node positions are of Interest, However, in gome
P situations it may be that we are interested only In inferring the evolution-
,I ary history {t, F), and X, may be truly a nuisance parameter, although
.. without Eu the estimated tree cannot be [ully specificd. The method of
| Felsensteln (1973) suggests a possible procedure for the elimination of
| x,. [The notation and terminology of Felsenstein (1968, 1973) are here

' alightly modified to corrcapond with those of Chapters 3 and 4. |
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Fclsenstein (1968) ghows how for each q (1 =q =p) andfor give
I

{t, F) statistics u(ﬂ) —u (x(q). t), A =1, ..., n}, may be iteratively
constructed; where

{a)

u™ is N(O, vi(i)) forg=1, ..., pandi=l, ..., (n-1}

and (5.5,2)
ur(]q} is N(x{vq), \rn(i)) for g=1, ..., p,

and all variables are independent,
As in Chapter 4 we write
Y . )

g q!q_l “"p! 1=1;""n1={."}i’i=1""’ _{u(q]!q=19'--1p].

(5. 5, 3)
)
o = u®; 1) = (ul.(icf‘”;p, {=1, ..., n 1slinear in xV and tne

Jacobian of the transformatlon is 1, for all t andevery q (Felsenstein

(1973); his 't' belng a simple transformation of curs). Thus

L()—(U’ Er F) = z(é‘fu’ t, F)= fg(}_l__’fu’ _t_’ P,

where {_ and f

dcnote density functions corresponding to sets of

14
I

variableg X and u respectively, and

n
“28(x,, t, F)=p I log(v,(t))
i=1 -

S s D 2 0)
1—1 gq=1

+ E (u, (x(q) L) - f”)z/vn(g). (5, 5. 4)
=1

q
Thus

2wt D= &V q9=1,...,p. (5.5.5)

Let (H,(x; t))z = Z {u (X(q) t)) , [not to be confused with the
Q=

function H (or functions D’k) of Chapter 4]; then

1138

-28%(t, F) = -2 log L*(t, F)

n-1

—DZ loglv,(t)) + )3 ((H (&5 t)) /vty (5.5.6)

Felaenatein (19?3) gives a method for the rapid evaluation of Hf
'."' A i=1, ..., (n-1)) and v and hence of {5, 5. 1), for given

k' F) and pairwlse population distances. Choice of a suitable series of
fatuation pointa (t, F) can lead to the determination of a local maxi-

pm in the multidimensional space

(n-1})
R,

x{Fj; i=1, ..., {(n{n-1Y /'2n_1) 1.

Rere may be many such local maxima and a gearch procedure based only
aluation cannot indicate whether this 18 the case, or demonstrate the
:ral form of the support surface; the !mportance of Felsenstein's
isformations are that the form (5. 5. 4) guggests a procedure for the
biination of x , in situations where it may be regarded as a nuisance

meter, For Felsenstein (1973) suggesta that u, cantaing no infor-

flon about (t, F), and that inferences may be based on L Y

_' &, We have then the marginal likelihood (Kalbflelach and Sprott
f70));

Lo, F) =y, ..., v, t, F) (5.5.7
| n-1

~2log L**(t, F)= PE logv.(t) + Z (H,(x; t) /V(t) (5.5.89)

-28*x{t, F) =-28*{t, F) - plogv (t) (5. 5.9

this may also be rapidly evaluated,

Since L**{{, F) is the likelihood used by Felgenstein (1973} we

' er to it as the Felsenstein Likelthood (FL) and to the values (L**, F**)
_-‘_-- miglng L** as the FL estimates.

' The justification offered tor the adoption of (5. 5. 8) has been that
jdoes not have the tendency of the MRL to produce 4-way roots (4, 5(ii)).
hat a model does not produce the required resuits should be a criticiam
_ I"t.he model or of the preconcelved results, rather than of the method of
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inference. The acceptance of (5, 5, 8) requires further justification, Wwhigh

may be based on the concept of M-anclllarity introduced by Barndorif-
Nielgen (1971),

The y, are independent (1 =1,
and (i, F)} there 18 a value of X, {that is, X, = t_zn) such that

., n), and for any given o

! ~ ~
fylug (X &0 FO 5 g(g;lllcn, t, F) forall u*#u. (5510

Further the domains of variation of X, and {t, F) are independent. But
these are precisely the conditions for M-anclllarity which ig based on the
concept of universality, as opposed to the more classlcal concepts of B-
and S-ancillarity which are based on a factorisation of the likellhood
function.

The statement of M-ancillarity is that: if, whatever happens (En)
angd whatever the values of the parameters of interest (t, F), there s a
value of the nuisance parameter (x ) that makes what has happened the
most probable event, then what has ha.ppened is uninformative about the
parzmeters of inierest ln the absence of further information regarding
the nuisance parameter.

There is a further problem in that the u, are functions of the

-1
parameters t. TFollowing Kalbflelsch and Sprott {1970) we have

t (xlx,g Flax =t (ulx,i Fldu

(fU(u reray U n- [’_‘0’ L F)d"_ll' . dEn—l)

tyla o, oo t, Fidu )

Sh-1r X
= (fg(ill, ey HD-I 't_, F)dE']_' v dEl'l.-].)

Uy, lx,, t, Fldu).

The second term 18 not independent of (t, F), but provided the concept of
M-ancillarity 18 accepted we see from (5.5. 10) that 1t may be deemed to
be uninformative about {t, F) in the absence of knowledge of X and
inferences regarding (t, F) may be based on the first term alcne. [TO
do 90 must however aflect our inferences regarding {t, F), since the
decond term does contain information jointly on {50, t, F) ] To further
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lhere K is the column vector (dxiq)/bur{‘q}, i=1,

I.:. nclude that inferences may be based on the density Iunction {5.5. 7) it

not sufficient that the determinant of the Jacoblan (|J|} of the trans-

prmation, and hence d31' . dBn’ be independent of t; the subspace

'lume element dgl. - dl’n-l must be so algo,

From Kalbfleizeh and Sprott {1970) we have that
n-1

1N
H du, = |[KK|*P 1 _ax,/|3P,

«+,, b}, which is inde-
andent of q.

Lemma, ,K'K| is independent of t.

Proot. u'¥ = J}_(q) @=1,...,p, (5.5.11)

ke e J ls the Jacobian of the linear transformation. Thus x( )—J u{q)

.__‘ !K‘K] - % (Jin)?_[,]'in: (J—l
: i=1

n
E(x£q5= D), (5.5.12)
=1

)m]. Taking expectations

XEQ) = mef]q) for all (x , t, F),

pee £uV) =0 for 1+n and B0 = x, snd BG@) =x@ for

o ' i 0
L
Thus 4" =1 (i=1, ..., n), and |K'K| =n which is indepen-
tof t. /
n-1 l
Thus 1 dy, = n?P I'I dx, and is independent of t (3] =1); the
i=1 i=1

Pibfleisch and Sprott criterion is satisfied, and inferences may be based
Pon (5. 5. 8).

We compare now the properties of (5. 5.1) and {5. 5, 8). From

M. 5. 5) and (4, 3. &)

o, =% &, t, B = (P )01, 9=1, ..., p)

ind thus
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We note finally that the sampling model (6. 2. 3} gives a MRS

$*(r) = -h’(z)/2(1/8m,) = -4m,b’ (), (6.3, 12)
the sample size m, being aimply a scale factor in this case, ag is 1 /¢° L . .
' -1 -3 0 3 1 14
in (6. 3. 11), T T I T 1
I —
6.4 THE DATA AND SOME FURTHER ASPECTS Jff‘ﬂ
77 -10
The relevant present-day descendants of the Norse and Celtic E‘,]f’ ,"
- I
populations which contrlbuted to the Icelandic colonislng population are - /
the Norwegians and North-Western Irish. Data on five blood group loci, ;“ -20
together giving p = 6, give /]
/(11)
dz = 00,0048 d? = 10,0324 and dz = 0. 0318 ff =30
ic” * InT 7 nc : !
]
[A table of the detailed gene frequency data, provided by Protessor J. H, N - 40
Edwards, is glven by Thompson {1973b), ]
Under the model of equal variances the roots of g(r} =0 are 5ol ‘\\\\

r = -0.0053 {maximum of S*} and r = 1. 766 (minimum).
8*{(0) = -6 and 8*(1} = -40.5, and din > dic go that the ML

estimate of r (within 0 <r =1) is T = 0. We therefiore estimate that

Fig. 6.4. The support function for the admixture fraction r
(0 =r=1) (i) The support for r in the cage of the

the Icelanders are of wholly Celtic origin and the hypothesis r =0 general model for the data of Thompson (1973b) and
(wholly Celtic} is e’ -3 {or 10t 5) times as likely as the hypothesia
r =1 {wholly Norse),

For the Icelanders Ni ~ 30,000, t=40 and m

Hence cr].z.

Taking this as the population variance for all three populations the
support function (6, 3. 11) may be plotted (Fig. 6.4). The two-unit support
limit, glven by the solution of S*(f) - 8*(r) =2, {18 r =< 0,19, Thus any
valve of T up to about 20% falls wlthin the two unit support limit, indica-
ting that any estimate within this range cannot be rejected on these genetiC

data,

o° =2 % 10", o° being estimated from data on popu-
lation and sample sizes, independently of the genetic
data, and assumed equal in the three populations,

(11) The support function for the same maximum like-
lihood estimates of gene frequency with a classical
sampling model and hypothetical Jcelandic sample size
of 250, assumed equal for all loci. [Dlagram from
Thompsaon (1973b).

{ = 3, 000.
[= (2 /'Smi) + (t/&Ni}] 18 approximately 2 x 107",

¥ though the general form of S$*(r) is unaltered. Thus an estimate of 2%,
or the Norse component in the Icelandic population is the best that can be

Malned with these data and this series of models, although no value leas

20%, may be rejected,

Estimates of the variances from population and sample sizes indl- | It is sometimes thought that 1t 1s only with reapect to the ABO

cate that, while oiz =2x10"" 18 reasonable, a better estimate of Ufl and :..Ystem that the lcelanders resemble the Irish. We note that the ABO

o is 1% 10°% contributed almost entirely by sampling. If we solve Fstem does nat dominate the distances above. Although it 1s a aignificant
< '} ontributor, and does provide a major part of d:c, it in fact gives

2 a 1y
the more general equation (6. 3. 7} with cri = orz = %U’i we obtaln T=0. 0l
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d.> 4 > d, , and hence £> 0 (Thompson (1973b: Table 1)).

there are unfo:-tunately insufficient data to examlne the consistency of

Again

results given by different data sets. Although most of the possible divi-
aions of the six available dimensions into two three- dimensional groups
do confirm the estimate of a Norse component of less than 20%, no con-
clusions can be drawn.

For comparison we consider briefly the sampling model (6. 2, 3)
with quadratic MRS (6, 3, 12).

Norse component of approxlmately 7%.

(6, 2.4) glves T = 0, 066, a rather larger
From the form of the quadratic
function of {6, 3. 7) we may deduce that this 1a the largest estimate obiain-
able with thege data and this series of models under the reasonable assump-
tions that o> = 0, 0710} 6. 702 + 5. 60
ensuring form (i) of S* and the Iormer g(O 066) = 0, Similarly we have
the smallest estimate, £ =0, if az = 0, 77oi and 6. 70 +5, 601 >of1
The sample size is a scale factor in the MRS (6. 3.12), a.nd the support

and = a; the latter condition

function given by the same genetic distances and a hypothetical Icelandic
sample size of 250 is also plotted in Flg. 6. 4. it may be seen that

m, = 250, or I/Bm1 =5% 10'4, glves simllar uncertainty to the general
drift and sampling model with cr]‘*~1 = az = of =2x10""%
larger support limits than those given by a quadratic approximation at

, the latter having

the maximum. The sampling model gives two-unit support limlts
L L
0.066 - [15, 7/m,]* =1 =0.066 + [15, 7/m,]*

for these genetic data, Although, for equal m,, the sampling model pro-
vides far stricter limits for the estlmate of r tha.n does the general model,
a sampling model is not justifled (cf. 1.3}, Even with the currently avail-
able samples, the distance ||l_1(f) || is too large to be explained only by
sampling in the Icelandic population,

We have assumed throughout that the variances have been lnde-
pendently estimated, It 18 however possible to estimate them jointly with
the other parameters from the genetic data, by maximising the support
{6.3.1) also w.T. t the three variances, Since a positive lower bound to
the variances is provided by the sample sizes we do not have a smg-ularlty-

In general the ML equatlons then obtained must be solved iteratively, but
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provided the relative magnitudes of the variances are known we may ob-

- X 2 2
tain an explicit expression. In the case where Un = cc = 0‘: = 0‘2,

L (6. 3. 10) may be maximised w. r. L. a? and we obtain the joint ML esti-

mate

8° = h’ () /3pf*(£). (6.4. 1)

ated. For the present data we have & = 1,3 x 10_4, which gives
pemarkable agreement with the estlmates of 1 or 2 X 1071 previously
fbtained on the basis of population and sample sizes.

: The data on which the above inferences are based are limited, but
b enlarged set of data is provided by Bjarnason et al. {1973),

pne frequencles for eleven loci, glving p = 13, we obtain

From the

a2 =0.0376, &
¢

— 0.0517 and d°
In n

= 0. 0406,
c

_ain we obtain the estlmate ¥ = 0 and, although d 1s no longer sig-
}ﬁcantly the smallest distance, these data do seem to confirm that the
celanders were predominantly Celtic, Although the actual maximising

' oint 1s now r = -0, 71, §*{(-0, 71)-8*(0) 1s small, and the two-unit support
$imit within 0 < =<1 [S%(0)-8*(r)=<2] is similar to before. The esti-
ate (6, 4, 1) of o given by the genetic data (and £ = 0) is now 4. gx10” "
is larger value may be accounted for by dominance and the smaller
Pample sizes on which the data for some locl are based, but may also be
indication of non-representative sampling (6. 1), or of selection at
lsome loci,

) Finally we consider an alternative hypothesis that has been sugges-
ged In order to preserve a predominantly Scandinavian origin for the Ice-
Anders, This 18 the hypothesis of migration to Norway since A, D, 1000
esulting in the present Norweglans not being descended from the Norse-
juen of that date. This hypothesis was first mentioned by Donegani et al,
! 1950), but there is little supporting historlcal evidence, and while it

- plains the dissimilarity between present day Icelanders and Norwegians
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1t does not explain the similarity of Irish and leelanders. The hypcthesis
thus [urther requires that the Norsemen of A, D, 900 had Celtic-type

gene frequencies and/or that a Norae eomponent also dominateg the
ancestry of Ireland and Northern Seotland. This does not seem to be
tenable. The Norse influence In Ireland and Norih-Western Scotland

wag guperficial and transitory, and these peoples have always been
regarded as of Celtle origln, Further, aithough the evidenee ig far from
conclusive, in thoge areas where the Norse influence waa more lasting,
Orkney and the Isle of Man, the gene frequencles seem to be more similar
to those of present day Norweglans (Mitchell (1973), Boyce et al, (1973,
Thus at the present tlme it seems that the best explanation of the data is a
Celtic component in the Ieelandic colonising population much larger than

has previously been suspected,
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Summary

Teo summarise, we restate the aim propesed in the Preface; that
of providing a specific answer to a specific question. On the basis of the
likelihood theory of inference, and of a model of bifurcating populations
and genetic evolution due to random genetlc drift, we have presented an
analysig of the inferences of evolutionary history that can be made from
current genetle data, 1n particular, we have produced and studied a
procedure for obtaining the maximum likelihood estimate of evolutionary
history, Chapter 6 shows that the same general approach may be used
to analyse an independent but related problem, although the detalls of the
model, as of the hypotheses Lo be congidered, are different,

Many criticisms may be made of the model, but it should be borne
in mind that in likelihood inference we are interested in the relatlve abili-
ties of hypotheses to describe the way in which current data have arisen:
we do not assume that any one hypothesis provides a complete explanation,
A model including all the factors that contribute te current genetic data
might be preferable in theory, but a model which does not permit the
analysis of data is not of practical use, 1t is clear that, with current
genetic data, little could be gained by a more sophisticated evolutionary
model; the effect of sampling errors and non-representative sampling
will be far greater than those of minor non-isolation orselection, or even
of differing population size.

The most serious criticism of the analysis is that, although the
effect of sampling and differing popylation size can be estlmated, they are
not explieitly included in the model. The inclusion of sampling is feaaible

. in some cases (5.3, Chapter &), but more generally the alternative must

be to obtain genetic data for which the sampling errors are truly negligible,
Situations of dominaace in sampling and the more fundamental problem of
obtaining samples representative of the relevant unit of population (2, 2}
are outside the scope of the model, We see in Chapter 6 that, for evolu-
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tlon over comparatively ghort perlods of tlme, sampling may contribute
a major part of observed population distances.

However, the regults of Chapter 5, together with our knowledge
of evolutlonary history obtalned from other sources, show that even
current sample gene [requencies do contain information concerning evo-
lution, and that our model is a sufficiently accurate description of reality
to allow some of this information to be extracted, and ugeful inferences

made,
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