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SUMMARY

Rock compositions may be expressed in terms of non-negative
proportions of end-members by use of linear programming methods, in
which one maximises the sum of these proportions; linear programming
may in many cases be a preferable alternative to both Q-mode factor
analysis (in which end-member proportions are not constrained to non-
negative values) and traditional norm computation (where linear programm-
ing has the advantage of generality).

A general purpose computer program has been written to do this,
with an option to identify, iteratively, the most divergent rock compositions
from within the data matrix, and include them as additional end-members.
KEY WORDS: linear programming, geochemistry, norm computation,
factor analysis.



INTRODUCTION

Linear programming is used to optimize linear functions where
the variables are subject to a number of linear constraints (inequalities).
In general, one seeks to maximize z, given by the relation:

zZ = clxl + szz + 0333 + cees + cnx

subject to the constraints xi;-a 0 and

n’

a0 8%t 4 alnxn-.g b1
.'»‘.21}:1 + azzxz + e + aann‘<~b2
a

X 4+ 8 X_ 4+ .00 + a2 X b
ml°m m2 2 mnns ‘m

where a__, bi’ and cj are given constants (Harbaugh & Bonham-Carter,
1970).

Frequently in geochemical and petrological studies, we wish to
characterize a rock as a mixture of 'end-member' compositions, which
may be idealized mineral compositions, as in norm computation, or extreme
rock compositions or hypothetical rock compositions as in Q-mode factor
analysis (Imbrie, 1963). In each case, a number of constraints are implied
in the model. If one considers a chemical analysis of m elements, of which
the ith element gives a percentage value p., and one wishes to split the observed
composition into proportions x, of n end-members, each of composition given
by a vector of percentage valuds a, ., the situation will fit the general case
by substitution p for b, and settingll:j = 1. Each constraint,

a X, + ai2x2 +eose + ainxn\<\ P,
has the simple meaning that the sum of contributions to each variable by
each end-member cannot exceed the observed value of that variable: i.e.,
end-member scores must be non-negative, and the 'error' term, given by
n ,

e, = p; - Y ax

o1 W

must also be non-negative - This contrasts with normal multivariate
techniques, such as least-squares optimization, where the error term is
allowed to take negative values. There is one additional constraint, since
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lzlt1 S 1x2 £ o000 + lxns.'; 1.0,

the sum of proportions of end-members cannot exceed 1. Normally,
with linearly independent end-members, this constraint is superfluous
and may be ignored, but in badly formulated problems containing redundant
variables, and in norm calculations involving extensive mineral lists, it
would be advisable to include this constraint in the formulation of the
problem.

SIMPLEX SOLUTION OF LINEAR PROGRAMMING PROBLEMS

This method is described in practical detail by Harbaugh &
Bonham-Carter (1970) and, as the explanations involved are rather
complicated the reader is commended to their excellent treatment, and
also to the account by Vajda (1961). Harbaugh & Bonham-Carter present a
FORTRAN computer program for solution of linear programming problems,
and this has been modified (Appendix 1) for application to problems of
rock chemistry.

TWO-COMPONENT EXAMPLE

Consider that one has obtained a number of chemical analyses
within the K-Al-Si-O system and wishes to express the data in terms of

quartz and kaliophyllite. Two end-member vectors could be set up as follows:

Q Kp

Si 33.33 14.29
Al 0 14.29
K 0 14.29
o 66.67 57.14

A sample with a composition correspondmg to orthoclase could
then be allotted a position between the two, and expressed in terms of
proportions of Q and Kp. Since negative proportions are disallowed, one
may write the following inequalities:
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33.331:.':l ¥ 14.29ka < 23.08 (Si)

Op. + 14.29ka =< 7.69 (Al
14.29ka =< 769 (K)
57.14ka =<61.65 (0)

g

-+

66.67
*a

The sum of p_and p, cannot exceed 1, and thus one may write a further

inequality: Ep

!
1p + 1 1
Py Prp S
By application of the simplex method to maximize the objective

function,
g = + ;
Dq pkp
one immediately finds that z = 1,p = 0.40 and p, = 0.60. Since
only two end-members are invol%%f this soffition can be regpesented graphic-

ally in two-dimensional space (Fig. 1), which may clarify a little the
principles of linear programming. '

NORM COMPUTATION

The essence of norm calculation is the transformation of a
chemical analysis vector by a mineral composition matrix to a vector
of mineral proportions. Expressed in these terms, it becomes somewhat
analogous to factor analysis, since in both methods one is attempting to
transform a set of observations into a set of more readily interpretable
variables. Computer programs for norm computation do not normally
reflect this theoretical simplicity, however, being generally rather long
and untidy, due to the many 'special cases' which must be allowed for
(e.g., the problem of partitioning iron and magnesium among the femic
minerals). Most of the constraints in norm computation are linear, and
thus one may use linear programming methods of solution. In simple
cases, where partitioning problems do not arise and mineral compositions
are linearly independent, the general model will invariably give correct
results, but attempts to apply it to more complex problems may lead
either to incorrect results, or to cyclic solutions (Beale, 1954), in which
there is no decision among several incorrect results.
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When pairs of solid solution series are involved, it is possible
to set up additional constraints concerning them. To consider the case of
coexisting orthopyroxene and olivine, let the molar percentages of MgSiO3
and FeSiO, be Xon and x - respectively, and the percentages of Mg_SiO 4
and Fe Sia be x o and ifa' Also let the ratios of Mg to Fe in the tWo
minera%s bé equa{. Then

xe~n/xfs T Tfe’ fa
where r is the ratio Mg/Fw.

This equality may be expressed as two constraints:

Xen = g ~ 0

%0 ~ gy = 0

If olivine and pyroxene are the only normative minerals containing
iron and magnesium, r may be computed beforehand and these constraints
applied directly (by use of the 'Big M' method - Harbaugh & Bonham-Carter,
1970). However, the presence of any minerals in which iron and magnesium
are treated separately (e.g. pyrite, dolomite) invalidates this approach, as
the proportions of residual Fe and Mg cannot be determined beforehand. It is
possible to remove r from the constraints by a rearrangement of the
equations, but the resulting constraint,

Xen'fa = *fs'fo’
is nonlinear, and thus linear programming methods can no longer be
used.

If such a case arises, it might be possible to remove the constituents
containing Fe and Mg alone or in fixed ratios first, then compute r and carry
out the main part of the norm computation. If this is not possible, one could
resort to more sophisticated programming methods (e.g., dynamic programm-
ing), or return to the specialised forms of norm computation. Despite this
disadvantage of such a generalised method, its great advantage over the
traditional types of norm computation lies in the variety of mineral end-
members which one may incorporate into the problem without alteration of

the computer program.



FIGURE 1. Representation of orthoclase as molar proportions of quartz (q)

and kaliophyllite (kp). The sum of p_and p, cannot exceed 1; thus the
objective functionz=p +p, <1 one (l::gnstraint. Additional constraints

—
are imposed by the reldtive lfi?'opcorticm.ts of the analysed elements in the
minerals. e.g. the sum of pqSiq and pkpsik'p cannot exceed Sior = 23.08.

These constraints, together with the requirement that all values
be non-negative, define a field (stippled) of feasible solutions. The optimal
solution is that in which z = pq - pkp is maximised.
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LINEAR PROGRAMMING AND FACTOR ANALYSIS

The factor analysis model (Harman, 1967) may be defined as:

a, F.+ dU_,
Jp p1 In

"k

Z.
n =1
where z is the value of variable j for individual or sample i, and each

of the m terms a_ F_. represents the contribution of the corresponding
factor to the valut‘ep oip }'z , While d.U., is the 'residual error’ in the theoretical
representation of z... Phe F's anll ¥'s are usually taken to be linearly indep-
endent, and are asstimed to have zero means and unit variances; thus in any
individual sample, the term containing U could take a negative value, so

that no physical significiance can be ascribed to the solution unless (as is
often the case) one assumes that U i approximates to zero.

i

By re-definition of all the components of a, F, and U as non-
negative (a reasonable definition in view of the fact that we are dealing
with a set of non-negative observations), one may re-write the model as an
inequality:

m
z..2 Z a, F . ;
ji = ip pi
p —)
leading to a set of constraints in a model in which one seeks to
meximize m F
pi’
p=1

PSEUDO FACTOR ANALYSIS

- Q-mode factor analysis, as carried out by Imbrie (1963),
involves the selection of the most divergent rock compositions from a

' data matrix, followed by computation of the relative proportions (scores)

of these hypothetical end-members in each sample.

Definition of the most divergent compositions is an area in which
linear programming appears at first signt to be of little relevance. However,
omé} may adopt an iterative approach, by first selecting a single end-member,
in which, for example, the variable of highest variance (e.g. silica) has
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maximum (or minimum) value. Applying linear programming methods to

a set of analyses, one may now select the sample with poorest fit to the
chosen composition, to become the second end-member. And so the process
might continue, obtaining as many end-members as desired, to a maximum
of m (the number of variables).

A computer program has been developed to carry out this type
of analysis, and a listing, together with a worked example, is included in
Appendices B and C. Operating instructions are given in Appendix A.

LIMITATIONS

Apart from the limitations of the method with respect to norm
calculation, discussed above, linear programming suffers perhaps by
being principally a deterministic technique, though Vajda (1961) has
discussed 'stochastic linear programming' in which one assumes that the
constants (or 'technological coefficients' as they are termed by Vajda)
are random variables.

The main difficulties in introducing random variables concern
the estimation of type and parameters of the distribution function of the
objective function optimum. The method used in the present paper has been
based on Madansky's (1960) 'Wait-and-See' principle, by which one does not

try to estimate the distribution parameters, but simply takes the available
observation (or waits for an observation) and solves the non-stochastic
linear programming problem resulting.

POSSIBLE APPLICATIONS

The use of linear programming techniques has the virtue of
generality, compared with classical methods of norm computation: empirical
mineral compositions may be slotted in as required, without the necessity of
writing a special computer program for each.

Further uses might be seen in the realms of experimental
geochemistry (construction of phase diagrams, etc.), and in studies of
magmatic differentiation, metasomatism, sedimentology, and ore-deposit
paragenesis.
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An interesting application might be the calculation of ternary
diagram co-ordinates. Apart from the conventional triangular diagram, one
could also envisage a diagram with two components plus an 'unknown' or
'remainder' component. In Fig. 1, for example, one might plot the optimal
points for a number of samples in the trangle defined by 1.0q, 1.0kp, and
the origin, which represents simply zero quartz, plus zero kaliophyllite,
plus 100% of something else. Such a plot could be useful in studies of
contamination of igneous rocks, or in economic geochemical surveys
(analogous to the communality maps recommended by Krumbein & Graybill,
1965).
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APPENDIX 1

PROGRAM ENDMEM : OPERATING INSTRUCTIONS, LISTING, AND SAMPLE

OUTPUT.

1) Operating instructions

The data input format has been kept as simple as possible, but
the user can easily include additional options if desired.

Card 1: Variable format card for input of analytical data. It consists of a
FORTRAN format definition, in brackets, allowing an initial alphanumeric
field for identification, e.g. (A8, 2X, 14F4.2).

Card 2: Columns 1-3 (right-justified) M, the number of variables.
4-6 (right-justified) N, the number of end-members supplied.

N may be punched as a negative number, in which case -N
end-members are supplied, and additional end-members

are extracted from the data matrix until every sample
composition is accounted for to at least TOL percent (set

at 95 at present) by linear combinations of the end-members.

Cards 3 to N+ 2 (or -N + 2): End-member compositions in the format
specified on card 1.

Cards N + 3 (or -N + 3) onward: Data cards in the format specified on
card 1.

Last card: End-of-file marker; format of th'hs card will vary with the
computer system; the CDC3600 format is 7E0F.



I PROGRAA ENEMEM ENON0QOY
DIMENSION KEYS(50),SCORES(R200,50),PR0OP(200),10(20),E4(70,50),%(71 FNDMUDD2
o 3 Vs EMH(7i,50),XX(20,200),1D0XXx¢200),FHT(10) ENDMUCO3
COMMUN/xIZCOM/K)7SRX,KQZBOD,KAZBOG FNOMOODG
l c ) e ENDMOOOS
C WRITTEW 3Y S, HENLEY BMR 1972 ENNMOODS
C ENDMOQOD7
“CONVZRTED AUTOAATICALLY TO ANSI FORTRAN FROY CDC3I600 FORYRAN ~~ TENOMO00B
l B ~ ENDMNOGY
. - SEPARATZS A ROCK ANALYSIS INTO A SET OF END=MEMSERS 3y THE SIMPLEXENDMUOLOQ
C METHOD 0F LINEA? PROGRAMMING IN SUCH A WAY AS TO «AXIMISE THE SUM ENDMOO11
l ¢ OF PROPGRTIONS NF THE END=-MEMBERS, ENDMD 012
c OPTINNALLY, SUBSEQUENT END-MEMBERS (MOST DIVERGENT COMPOSITIONS  ENDMUDLZ
T C  WITHIN TAE DATA SET) MAY BE IDENTIFIEN AND INCLJDED IN FURTHER ENDMUG14
, | ANALYSIS, ____ENDMOQ1S
I c ENDMUOL6
c _ — o _ENDMDO17
20 FORMAT(10AB) ENDMOQLE
___ KQzB00=32 ~__ _ENDMUD19
l KQzguésa ENDMO020
READ(5,20) FMT ENDMOQ 24
READ(5,170) M,N ENDMUD22
I P NS=0 e - S ENDMUD23
MMcMeq ENDMOQZ24
NUMBER®( . ENDMODR5
NUMCYC33 ENDMGD26
l _LLag ENOMOO27
IF(N,GT,0) GOTO 160 ENDMDO28
_ Nzl B L ENDMUD29
LLail ENDMOO 3D
I T0L295,0 ENDMUO 31
X(71)=0,0 ENDMOD32
160 CONTINUE ENDMOO33
170 FORMAT(213) ENDMNO34
l IF(1,GT,N) GOTC 189 ENDMUOQ 35
s DO 188 I=1,N ENDMO(Q 36
EM(MM,1)=21,0 ENDMOOD37
: READ(S5,FMT)Y IDCI), (EM(J, ). Jd=1, M) ENOMUD3B
188 CONTINUE ENDMO033
189 CONTINUE ENDMUQ4D
210 CONTINUE ENDMOD4Y
l ; X(MM) %3 ,0 ENDMOQ 42
IF(LL.EQs1.AND,NUMCYC,GT,0) GOTO 270 ENDMO043
READ(B,FMT) IDX,(X(1),1=1,M) ENDMUD44
CALL KQZEOF(5) ENDMUD 45
l GITO(49G,300),KNZSBX ENDMUD 4
.. 270 NIMeNUMBER+1 _ ENDMOQ47
IF(1,QGT,M) GOTO 289 ENDMUG48
DD 288 [#1,M ENDMO049
l XCIysXX (I, NIM) ENOMOG50
288  CONTINUE ENDMOOSY
289  CONTINUE ENUMODS52
300 CONTINUE ENDMUDS3
IF(NUMCYC,GE,1) GOTOD 370 - ENNMUDS4
NIMaNUMBER+1 ENDMUOS55
IDXX(NIM)=1DX ENDMOD36
l 1FT4,GT,.M) GOTQ 359 ENDMUO57
DO 358 =4, ,M ENDMIID58
XXCl1.NiMd)=X(]) ENNMUDS®
358 CONYINUE ENDMOOSO
l 359 CONTINUE ENDMOUDBY
370 [F(1,GT,N) GoTo 379 ENDMO0E2



I

D0 378 [=1.,1 ENiIMO0563
IFC1,GT ., MM) cOTn 330 Exmel i
DD 388 J=1,MM FyUMODBS
& EMM(J, 1Y SEY (S, 1) _ _ ENUMNO66
385 CONTINUC ENIMOQST
389  CONTINU:E o . ENUMDD OB
378 CONTINUE FNDMUOAD
379 _ CONTINUE e . . ENDMOO70
CALL SIVLEX(¥,FHM,MM,N,KEYS,08JFUN) ENDMUDT1
- NUMBERS JUMBEK+1 L . } L ENDMUQT72
PROP(NUMBER)=0RJFUN®100,0 ENIMODT73
o IF(1,GT, V) GOTL 439 o o _ENTIMUD74
DO 438 [=1,N ENIMIIQ7S
- __IF(KEYS(1),LT,1) GOTQ 470 N _ENDMUDT78
KQZO01sKEYS(]) TENDMUND7T7
SCQRES{yUMBER, 1)=sX(KQZ001} ENDMUD?B
470 CONTINUE ENDMOOQ79
438 CONTINUE e . ENDMUDSD
439 CONTINUE ENDMOOBY
o lFt.NOT,(NUMRER,EG.,NS)) GQTO 210 o ENDMODB2
490 CONTINUE FNUMUOSBZ
. NS=NUMBER _ . ENOMUDBS
WRITE(6,720) ENNMUDSS
. PMINE100,1 L e __ENDMUDSS
IF¢1,GT,NUMBERY GOTO 539 FNDMOOBY
. DO 538 [=1,NUMBER _ e ENDMUQRB
[F(PMIN,LT.PROPCI)) "GOTO 580 ENDMODS8G
Pw1u=PRJPtI) ENOMOO90
NMINE] ENDMOQ91
__ 580 _ CONTINUE : o ENDMUDD2
WRITE(6,730) IDXX(I),PROP(1),{SCORES(I.J)sJ=1,N) ENDMUDD Y
338 _ CONTINUE . _ENDMO00D94
539 CONT INUE ENDMUOOS
[F¢iL,EQ,0,0R,P¥IN,GT,TOL) GOTO 750 ENDMOQ09S
NIMaNMIN ENNMO097
WRITE(6,740) NIM,PMIN e o ENDM0OQ9E
NzN+i ENDMOD99
IF¢{1.,GT,M) GOTO 669 ENDMUL00
DO 668 |=1,M ENDMU10Y
EM(I NYeXXCI,NIM) EnNDMOLD2
668 CONTINUE ENDMO103
669  CONTINUE _ . ENDMU104
EM(MM,N)=1.,0 ENDMO105
NUMBER® 3 ENDMULOS
NUMCYCsNUMCYC+1 ENDMT107
GJITQ 219 ENDMUL08
720 FORMAT(BHLSUMMARY, BH OF SIMP,BHLEX L.P,,8' CLASSIF,7AICATION7/ ENDMU109
- ,BHOSAMPLE ,BH PFERCENT,&H ACCTD,7X,8HPROPORTI],8HONS OF E, _ENNMO110
,8HVD-HE%3E.2HRS} EnNDMO{11
730 FORMAT(1H ,AB,F10,2,10%,10F10,4,(/29X.10F10,4)) _ENBMG11?
740 FORMAT(8HO SnHPLE 14 BR SELECT,8HED AS NE, BHRT END=M,OHEMBER/ ~— ENDMOTITI
,8H PERCEN,BHT ACCOUN,BHTED FOR 18HBY EXIST,BHING ENN=,BHMEMBERS ENNDM0114
1 02H1S8,F10,2) ENDMU115
750  CALL EX]IT . 3 ENDMU118
END ENDMU117
_ SUBROUTINE SIMLEX(RTSIN,COEF ,MM,NN,KEYS,0BJFUN) SIMPUQOY
DIMENSION COEF(¢70,50), NEIGHT(70).IBASIC(SO)-RTSID(?D) KEYS(50) SIMp00OD2
g_ﬁHON/(QZCDHIKQZS“X.KQZBQQ.KQZﬂQ& SiMpl003
c S{MpU004
o CuyysesSIMPLEX METHOD GF LINEAR PROGRAMMING SIMPOODS

C PROGRAM FROM MARBAUGH AND BONHAM=CARTER , COMPUTER SIMULATION IN GSIMPUCO6
_C MONIFIED BY S, WENLEY FOR YSE AS AN UPTIHISATION SUBROUTINE IN SIMPUQO?7
c PROGRAM ENDMEM SIMp0QNA



I G SIMPUQD®
NVAR=NN SIMplO10
NEUL=HM SIMpODL Y
i 1F(1,GT,NN) GOTC 49 S1MpNoL2
I 00 48 I=z1,NN SIMp001L3
_ _KEYS(1)30 o 514p0014
‘" WEIGHT([)==1,0 SRR
I 48 CONTINUE S R— __SIMPUD16
49 CONTINUE SIYpU0L7
' OBJFUNS;,0 SIMpUO1S8
_ IF(1,GT,4M) GOT~ 89 S[4p0D19
' DO 8B [=1,"M S1MPO020
) MI=T*NN —— S TSR 21
~ IF¢1,6GT,MM) GOTO 109 . s1MplUD22
DD 108 J=1,MM SIMP0023
' COBRF(J,41)=0,0 SiMpU024
108  CONTINUE SIMpl025
109  CONTINUE - SIMPU026
I COBF(I.M1)=1,0 SIMPUD27
- KEYS(MI)=1] SIHpPNQ28
: IBASIC(1)=M] S1~p0029
. 88 CONTINUE SIMPUO3D
' 89 CONTINUE SINPOQ3Y
NVAR=M1 o SIMPUD32
NTIM=25 S1H4plipd4
. 1Ft1,87,NTIM) COTO 259 . __SIMPU045
l DG 258 NT=1,NT1H STMP00d6
SMALL13WEJGHT(1) SIMpODA4?
JENTERN1 S1MPUD 4B
IF¢2,GT,NVAR) GNTO 289 SIMPUD 49
. DO 288 J=2,NVAR SIMP00S5D
[F(HE]GHT(J),GE,SMALLY) GQTO 330 SIMPUOSY
SMALLLSAEIGHT () S19P0052
JENTER®Y SIMPI05S3
330 CONTINUE S19PN054
288 CONTINUE SIMPO0DSS
289 CONTINUE S1MPU056
I SMALL28999999,9 SIMPOQSY
IFt1,6T,NEQU) GOTO 359 SIMPUOSS
DO 358 Ia1,NEQU SIMPODS9.
IF(COEF(],JENTER) ,LE,0,000) GOTO 430 SIMPU0SO
I RATIOBRTSID(1)/COEF (1, JENTER) ) SINPODSY
IF(RATIO,GE,SMALL2) GOTO 430 SINPU062
SMALL2®RATIO . ~ SIMPU06T
ILEAVES] STHPUDG4
l 430  GONTINUE SIMP006S
' 358 CONTINUE S1MPU0GS
359  CONTINUE _ __ _SIMP0067
] JLEAVEq[BASIC(ILEAVE) STHPUGSE
IF¢(SMALL2,06T,414111,1,0R,SMALLL,GE,0,0) GOTO 670 SIMP00S69
cna:cak%tIEEIVE.J§NTERa T STMPUIOV0
1F¢1,8T,NVAR) GOTO 489 - SIMPUOT7Y
I D0 488 Js1,NVAR STNPUO T2
COGF(ILEAVE,J)sCOEF(ILEAVE,J)/CON SIMPU073
488  CONTINUE SI9PUG74
489  CONTINUE . L _SIMPUDT7S
I RTSID(ILEAVE)sRTSIO(ILEAVEI 70N STHPU0T6
JF¢1,GY,NEQU) GOTQ 519 SIMPUO77
DO 518 [31,NEQU STMp0078
IF¢1,EQ, ILEAVEY GOTO 580 SIMP0079
l CON=COBF(1,JENTER) SIMPUDBD
IF¢1,GT,NVAR) GOTOD 559 _ SIMpP00SY
. DO 558 J=1,NVAR STYP0082
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COEF(14J)=COEF(1,J)=CON®COEF (ILEAVE,J) S1vMPUO33
558 CONT INUE SIMP0084
559  CONTINUE SIMP0O0SS
RTSID(I)SRTSID(1)=CON®RTSIDC[LEAVE) L 51MpUOBS
580 CONTINUE : SI4pno37
518  CONTINUZ _ _ S|MPOSE
519  CONTINUE SERTEL
L CONsWEIGHT(JENTER) o _ o SIMPUOYO
IF(1,GT,NVAR) GOTO 609 S1Hp0091
DO 608 J31,NVAR SIMPUQ9?2
B WEIGHT(JI=~EIGRT(J)=CON®COEF (ILEAVE,J) SIMPU0O3
508  CONTINUE e ) ._314p0094
609 CONTINUE SI4p0055
0BJFUN30OBJFUN=CON®RTSIDCILEAVEY) ___SIMPUDIE
KEYS(JENTER)=ILEAVE SI1MpP0097
1BASIC(ILEAVE) = JENTER SIMPUNYS
258  CONTINUE ECILED)
259  CONTINUE B SIMP0100
GOTD 691 S14p01014
670  CONTINUE ” SIMp0102 _
690 RETURN S1YPU103
_END S]4pU1Ng

o —— e — — | ———
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..—.Major_element data.on. 24 altered clastic. sediments from the Holywell Bay = .
.-—Mitohell. area of Cornwall were suppliede One sample, a highly siliceous sandstone, . __ .
——chosen for_its dissimilarity with the other 23 rocks, was used as the first end—=__ . __ _
——membere-The -second -sampley- 165,-is the rock differgéng most.from the first, being .
——a-slate-containing much ~ba.sic--tuffﬁoeous materiale.-The.third sample. extracted by

~+—the —program;—ia—-again—an—wuaual—-rook-,—beiné--a—matamatisad--slate---wi-th—1 2.8.% X0 m -

- and -—-27%- A1-20 « Original -analyses may-be-seen-in-Henley,-1970-(PhD- thesis, University .

-—of -Nottingham)-or-will-be-sent,on-request to the author. —- e




SUMMARY OF SIMPLEX L,P, CLASSIFICATION

SamPLE PeRcenT accTD pRoPORTIONS oF END=-MEMBERS
101 65,34 0,6534
136 64,86 0,6486
37 56,76 0,5676
195 74,21 0,7421
156 85,09 0,8509
157 66,67 0,6667
198 70,84 0,7004
159 58,33 0,5833
180 556,67 0,6667
161 72,94 0,7294
182 71:57 0,7157
163 38,89 0,3889
T 164 70,07 0.7007
168 18,63 0,1863
181 69,38 07,6938
i82 71472 0,7172
o 4183 74,81 0,7481
. 192 . 78,27 0,7827
R T 7 3 78,40 0,7640
- 494 75,15 0,7515
197 76,98 0,7658
498 77,27 - 0,7727
199 ;oa 67 0,6667

SELECTED AS NEXY ENU=NEMBER

1A,63

%‘%P nr Aucouwren FOR By EXISYING END-HEMBERS IS

'3‘1' e '_..‘_

L




SUMMARY OF SIMPLEX L,P, CLASSIFICATION

SAMPLE PFRCENT ACCTD PRUPORTJONS OF END~-MEMRERS
101 65,36 0,85%0 0,00086
136 64,86 0,6486 0.,0000
137 56476 045676 0,0000
155 75,48 0,7178 0,0390
156 87,60 0,8091 0.,0669
157 66,67 0.,6667 0,0000
158 7182 0,6919 0,0264
159 58,33 0,5833 0,0000
160 66|67 0!6667 0.0005
161 83,60 0,5521 0,2839
162 77.93 - 0.,6100 00,1693
163 38,89 00,3889 0,0000
164 80,62 0,5252 0,2811
165 100,00 0,0000 1,0000
181 70,92 0.66@1 00,0410
182 80,61 D.5692 0,23569
183 85,01 _0.5753'"_"3"2713
192 85,32 0,6653 0,41879
193 78,75 00,7783 0,0091
194 80,08 0,6561 0,1527
197 83,69 0,8476 0,1893
198 79.21 0,7404 0,0548
199 66,67 06667 0,0000

AHFLE

T2 SELECTED AS NEXY END=MEMBER
PERGENT ACCOUNTED FOR By EXISTING END=MEBMBERS IS

38,89




SUMMARY QOF SIMBPLEX L,P. CLAS S‘IFIE‘&TION

SAMPLE PFRCEMT ACCTOD PROPNRTIONS OF ENW-MEMRBERS
101 77,03 M.4242 U, 000% U.3456
136 64,86 0.6486 0,0000 00,0000

. 1387 28.76 0,00676 u,Jduptl v, untuop
155 78,77 0e6188 0,0347 0.1536

. 196 91,25 N,7563 0.0593 00,0369 T
157 67.39 0.6522 0,0000 0,0217

& 158 76,80 0,5945 0,0263 0,1472
159 63,68 n.5112 0.000n 0,1856
160 72,00 0,5600 0,0000 0,1599
161 85,08 0,5110 0.2811 0,0647

o 162 3,58 0.4819 00,2112 0,1538
163 109,00 0.0000 0,0000 1,0000
164 85,64 0,4261 0.2744 0.1558
165 100,00 0,0000 1,0000 0,0000
181 78,87 0+5123 0.,0410 0.,2353
182 92,10 Ny3833 0,2368 0,2809
183 89,23 0.4951 00,7662 0,1311
192 92,73 0.5190 0.,1780 0,2303

Sy 193 85,86 20,6390 0.,009% 0,2106
194 86,71 0.5411 0,1450 0,1809
197 93,52 0.4534 0,1763 0,3056
198 85,74 0,6124 0,0517 0,1933
{99 73.84 045232 0,0000  U,z2{51

—EAMPLE SELECYED AS NEXT ENU=MEMBER

Q5RCENT ACCOUVTED FOR BY EXISTING END~MEMBERS 1S 56,76
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