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~ The analysis of morphometric data
discrimination has frequently been unﬁL
with the varying siie of specimens and
difficulties may be overcome by cmp1oy%

. |
and multivariate analysis of covarianc%

| ABSTRACT

for fish species differentiation and stock
tisfactory due to saﬁp1ing bias associsted
the large overlapping of characters. These
ng discriminant function with covariance

. In this paper, (1) these methodologies

are introduced in a classification stu%y of beaked redfishes, in which the

specimens of Sebastes fasciatus are smb]]er than those of S. mentella.

il

. - . . . il . . y A
Discriminant function with covariance pr9v1ded a more effective discrimination

between species/populations than one wﬁ

that employing a large number of chara%
\

thout covariance. (2) It is demonstrated

ters in discriminant analysis may not be

appropriate. (3) It is explained why %xpressing morphometric measurements as

ratios, proportions, or percentages ofabody Tength may not pe an appropriate way

|
of reducing variation owing to size dii

ferences. Presentation of analysis

it
. . . . . i . - .
includes discussion of intermediate re%u1ts, which are not easily accessible even

! .
though these details are often of inteﬁest to users. Seven morphometric

|
characters were identified as pertinen%

discriminators between S. fasciatus and S.'l

T . | .
mentella. Discriminant function separated the two species remarkably well; as

much as 89% of the total variation in %he sample was accounted for by the

discriminant function and only 8 out of

of uncertainty. '

198 individuals (i.e. 4%) were in the zone

!
STOCK DISCR&MINATION SYMPOSTUM
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Introduction

In morphological studies of beaked redfishes, Ni (1981a and b) pointed out

that the effective management of redfish resources in the Morthwest Atlantic

requires a clear understanding of Sebastes spp. composition and $tock units.
However, for decades the distinction between S. mente]]a and S. fasciatus has
not been clearly established. Although the dlst1nctxon can be susta1ned on the
basis of one anatomlcal character, the extrinsic gasbladder muscu]ature (Ni
1981a), examination of this character is time—éonsuming and not'practica] in

field studies. 1In his discriminant anaTysis, Ni (1981b) embloyed data on

meristic and nominal characters only and reported that discriminant analysis was

remarkably effective in separating the two species‘and for identifying good
discriminators to be utilized in field studies. However, he did not apply
discriminant analysis to morphometric data because the specimens of S. fasciatué
were smaller than those of S. mentella and the raﬁge of charactérs overlapped
broadly between groups. This difficultly is frequently encountered in
morphological studies of species differentiation and stock discrimination in fish.
Tt §s, therefore, submitted that use of discriminant function yith covariahcp ﬁi11
overcome this difficultly. -“ ‘ :

A survey of ‘the applied research in soc1a1 béhavioufé] busineSé and
medical sciences would indicate that the use of Fisher' s discriminant funct1on B
has been extensive by the most conservative standards (Go]dste1n and Dillon 1978).
YEven vihen two similar species can be identified with a single measursment, a
combined criterion of two or more may increase the separation between them" (Blisg'
1970). 1In this analysis of redfish morphometrics it was observed that a sing1e'
character would not separate species effectively. But a compound criterion
(discriminant function) of scveral characters separated the species offectively
and made identification possible from morphometric: data. Discriminant analysis
would be particularly apprnpfiate when the existence of reference samples can be
assumz=d on the basis of an external criterion (Kendall and Stuart 1976), as in
this study of redfish data where reference samples were formed on. the basis ¢/ the
extrinsic gasbladder musculature (Ni 198la). Multivariate normal distributic- is
a required condition for Fisher's linear discriminant function (LDF) ‘to yield
optimal assignment rule (Dillon 1979). Performance of LDF in non-normal

situations can be very misleading (Lachenbruch et al. 1973, Dillon'1979).

‘Morphometric measurements are taken on "continuous" variables and are far more
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appropriate for discriminant analysis as multivariate normality is closely

approximated by their Togarithms (Piementel 1979, p. 57; Bliss 1967, p. 115).
|
|

Individuals vary within populations, as in standard length, to warrant its

| .
| . . - . - . = o
correction and to employ a disckim1nant function which is adjusted by covariance

(81iss 1970). - The methodology %s documented in statistical literaturc (see e.g.
Bliss 1970) but, as far as the puthors are aware, it has not previously been
applied to fisheries data. A vL1id discriminant analysis must be preceded by a
significant difference between hopu]dtion mean veétors (Piementel 19793, ‘This nay
be tested by multivariate analysis of covariance (MAHCOVA). As far as the authors
are aware this mathodology also| has not been used for comparing fish populations,

although the utility of ANCOVA at the univariate level has long been recognized.

For example, Marr (1955) remarked that the analysis of ratios is inefficient as

opposed to regression analysis of original variates and Royce (1964) preferred
B |
regression analyis to ratios orl indices in order to control the effect of ‘size of

fish in his comparisons. |

|

In this paper, (1) methodologies of MANCOVA and discriminant analysis with
covariance are introduced and applied to a classification study of beaked
redfishes based on morphometric déta. (2) It is demonstréted that parsimony in
the number of characters to be included in discriminant analysis is desiraﬁ]e.
(3) It is explained why expressing morphometric measurements of characters as
ratios, proportions, or percentages of body length may not he an appropriate
way of reducing variation owing|to size differences. The presentation also

includes discussion of intermediate results which are not easily accessible

even though these details are ofiten of interest to users.

Maderia1s and Methods

. Morphometric data of the ZOP beaked redfish specimens described by Ni
|

(1981a and b) were employed in the present study. These specimens were

separated into two groups on theibasis of the extrinsic gaébiadder

muscu]aturé prior to discriminan% analysis. Each S. fasciatus or S. mentellz
group consisted of 100 specimensL A1l specimens were frozen after capture &:d
thawed prior to measurement. Th%re were twelve morphometric characters examined
(Table 1), most of which were sujgested by Barsukov and Zakharov k197é) and
Barsukov (1972). A1l mensural characters were measured with calipers to the

nearest 0.1 mm except standard length which was rounded to the nuarest 1 mm. Body
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weight was recorded to the nearest gm. Head Tength and preanal length were
measured’ from anterior part of upper jaw to the relevant posterior point on-a line
parallel to the main axis of the fish.

- Statistical methodology was organized and computer program was written in

FORTRAN by one of us (RKM).

Statistical Analysis and Results

'it is often believed that the effect of size differendes in population
tomparisons can be eliminated by expressing measurements as ratios,
proportioné, or percentages of body length. For examples, in their examination
of morphometric data for the evidence of stock discreteness, Casselman et al
(1981) expresseﬂ body measurements as ratios of body legth to reduce variatioﬁs
of fish size within each sample. Such relative values were also employed with a
similar oﬁjgctive in .a number of stock di5crimfnation studie§ presented at the
fourth annbal meeting, September 1982, of NAFO; This use of ratios'has beén
criticized (see e.g. Blackith and Reymgnt 1971, p. 27). The fo]]oQing would
demonstrate that this may not be an appropriate procedure: Consider, e.g. two
variables X (body size such as sténdard length) and Y (a morphometric character)
related by an equation 6f simple allometry, _

Y = aX N ' o

where a and b are constants. Equation (1) shbw; that Y is Functionally related
to X and requires adjusfment in its value for the effect of X. Functional

relationship fcr the ratio, Y/X, would then be Y/X = aX(bﬂl)

which is of the
same form as (1). Thus, ratio of Y {or percentage, wﬁich is only a coﬁétant,
viz. 100, times the ratio) is affected by X just as Y itself is, barfinérthe
special case when b = 1. 1In fact, a statistical analysis of ratio of Y would‘
very 1ike1y‘be more questionable than the analysis of Y itself, since
additional érob]ems prevail with ratio data. For example, ratios heve unusual
distributions and are subject to various errors (Pimental 1979, p.160). The
argument against appropriateness of analyziné ratio data would always hold when
X and Y are correlated, even if not related by allometry. For example, a
simple linear regression Y = atbX for Y leads to the equation Y/X = a/X + b for
jts ratio, which shows that the ratio is still not indepgndent of X.

A1l measurements were transformad to cowmon logarithmns for MAMCOVA'and

discriminant analysis for the following reasons. (1) Multivariate normality is

more closely approximated by logarithms than by the ariginal variables
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(Pimente] 1979"p. 57; Bliss 1967, P 115). (2) MANCOVA adjustments general]y

assume linear relationships and th1s a§sumpt10n is also made in the p.asent
analys1s. Logari thmic transformat1o% shou]d sat1sfy test of 11nearlty (Pimentel
1979, p. 60, p. 182). (3) The conve%tlon is to use common 1ogar1thm (Pimentel
1957, p. 57) Only complete spec1heL§‘i e., specimens for which all twelve
measurements were available, were usLd in stat1st1ca1 analyses. ”Missing
observat1ons virtually destroy morphometrlcs"‘(P1mente1 1979, p 191). Samples
from S. mentella and S. fasciatus haP 97 and 99 comp1ete spec1mens, respect1ve1y. V
Morphometr1c characters 11sted were designated Y 1 2, .. ., 12.;
Table 1 gives means and ranges of Y4 . . -

"A series of univariate statistical analyses carried out separately for
each of the variables is, in geﬁeraTQ not adeqqéte as it ignores the
correlations among var1ab1es“ (Kshlrsagar 1972). Fo]lcwxng Bliss (1970, p. 329

and 332), the followwng was noted ‘Ranges (Table 1) of Lharactprs over]appeo

between species, from 39% (Y,) to GOL (Y,,) in S. mentella and from 61% (v,) to

98% (Y1) in S. fasciatus. With these Targe over]aps no single character would

separate speClc, QflECLIVJ]j. Tha pLOUab111ty of misclassification based on
\

Lubischew's coefficient of separat1on was large, vary1ng from 7.5% (for Yo ) to

18.2% (for Y4). Yet univariate ana1y51s of var1ance (ANOVA) to test null

hypotheses of equality of means 1nd1cated that the difference between spec1es in

means was highly significant (proba5111ty level at p<0 001) for cach character.
It was, therefore, desirable to fxnﬂ a compound criterion (discriminant function)
of characters which would make idenLification possible from sev:i-al measurements.
However, discriminant analysis|is valid enly if populations differ
significantly in their meansv(Pimentel 1979, p. 188). Discriminant analysis
was therefore preceded by MANCOVA. |Standard length (¥,,) was employed as
covariate. Tﬁe following were noteL-(B]iss 1970, Morrison 1976). In the
general liﬁéar model of MANCOYA the‘wifhin—samﬁ]e linear regressioh of each
variate Y; on the covariate is in;d%porated. Sample mean‘vectors Y are
thereby adjusted for inequalities iﬁ standard 1ength. ilncidentally, large

\
over]aps of 46% in S. mentella and 67% in S. fasciatus in the ranges (Table i

of Y, and its inadequacy to d1scr1m1nate between the two species effectively,
remarked earlier in the text provwded additional support for quallfylng
standard length as a recasonable covir1ate (Snedecor and Cochran 1967 p- 430).

MANCOVA model assumes that popu]atlons do not differ in their regreSSIOn mode]
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and hence, utilizes the matrix B of combuted regression coefficients from
“within-sample" sums of squares and products (SS and SP) matrices.

‘The null hypothesis .of no diffgrence between species in slopes (weighted by
SS of the covariate) of individual variates was, thercéore, tested and accepted‘.

(p>0.05). When the combined slope ofla Y; differs significantly from zero, the

residual variation in Y, about each sample rearession wf11 be less than that

~

around the vrespective means of individual samples with the covariate ignored,
thereby leading to .a more effective comparisov of means and discriminant function
based on covariance procedure. The null hypothesis B = 0 of no linear regression
of variates on the covariate was tested by the union intersection procedure. The
test statistic © was 0.9889 with values 1, 4.5 and 188.5 of parameters s, m, and
n, respectively (Morrison 1976, Section 5.4), leading fo the rejection of the nuil
hypothesis (p~0.001). The null hypothsis of equai vecfdrs‘éf adjusted means was
ﬁext tested (Morrison 1976, Section 5.4). The test statistic 0 was 0.7243 with
the same values of s, m, and n." The null hypothsis was rejected in favour of the
conclusion that the two speciesbdiffer in mean values of one or more variates
independent éf the difference between them in standard length.

Before proceediﬁg with discriminant analysis it was considered desirabie
to investiéate which of the eleven variates, if any,’did not contribute to the
difference between species in the MANCOVA, with the aim of omitting them from
discriminant analysis, for the fo]lowihg reason. Discriminant ana]ysis‘has‘a
close anaiogy to mU]tip]e fegression with many stages of cal;ulation parallel
to those for a multiple regressjqn but with X and Y reversed (Bliss 1970,
Kshirsagar 1972). The expected value of RZ, coefficient of multiﬁfe correlation
squared, is proportional to the number of variates (Morrison 1976, p. 108). This
jmplies that for samples of limited sizes choosing a }arge number of characters in
discriminant function would artificially inflate its discriminatory nower. ’
parsimony -in the number of variates should, therefore, be exercised. Need]é;s to
say that working with a smaller number df discriminators also makes discriminant
function that much more convenient to employ in field studies. -Following Morrison
(1976, Section 5.5), 95% simultaneous confidence intervals for characters were
cstimated.  The hypothesis of no significant difference between two sp2cies in the
adjusted ﬁeans of Y, (snout length) and Ylé (width of caudal peduncle) was

accepuved, as their confidence intervals included zero. Discriminant analysis was

therefore done for variates Y,, Yo, Yy» Y5, Yoo ¥ys Ygu Yoo and Y, only, with Y,
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as the covariate.  The discriminant ana1y$is‘methodo1ogy employed here was taken °
mainly from Bliss (1970 Chapters 18 and 20). The methodology combines
discriminant analysis with analysis/ of covariance by adjusting variates by means

of their within-sample regressions on the covariates and then finding a compound

response (2) of adjusted variates which would measure best the difference between
two species. 'Species were qualified by values +1 and -1 of "dummy variate" X and
discriminant coefficients computed s6 as to maximize ratio of Z to its standard

error (SE). This Z ﬁay be expressed as

7= § Li Y, - ? Li bi,12 d, i=1, 2, 4, 5,6,7, 8,9, 11
where
L; are discriminant coefficients,

bi 12 is within-sample coefficient of regression of Yi on Y5, and d is the
difference between the observed value and a selected level of the covariate

Y the'selected level in this analysis was its overall mean (Bliss 1970).

12>
For the redfish data computed 7 = 10.5866 + 0.8935Y, - 9.6952Y, - 1.5965Y, +
5.7151Y, +12.3990Y, --4.7132Y, + 6.5272Yg - 7.7912Y - 1.3918Y,, - 4.5100Y,, .
Simultaneous equaticns determiqing L; (Bliss 1970, P. 335) were based on "total"
SS and SP in order to faci]itafe the ANOVA of Z in terms of X. ANOVA showed that
89% of the total SS in X was attributable to the discriminant function. In an
nttemp£ to reduce the numSer of variates further, this ANOVA was extended to test
the significance of each discriminant coefficient the same way as a partial
regression coefficient is tested (Bliss 1970). The null hypothesis that each Lj
has true or population value of zero was accepted (p}0.0S) for Y, (F =1.36) Y, (F
=1.89) and Y, (F = 3.55), each F with degrees of freedom (df) = 1, 185, and
rejected for every other variate. Following were noted (Bliss 1970, Section
18.3): (1) If coefficients for two or more variates are non-significant, the cne
with the smallest F is omitted first. Omitting a variate with a non-significant
coefficient reduces the error of the reméining'recomputed coefficients, especially
if the variéte is highly correlated with one or more -of the other variates.
Stabi]i#j qftthe discriminant function based on reﬁaining variates is also
inérea;éqwgy ﬁFs omission. For thelrgdfish data‘pgired within—;amp1e'céefficients
of cérfé{gégéﬁ Qere all high (in (the range of‘d,76_t6 0.98). (2) De]étioh of k
variate§ ié cohtinued, one at a time and starffﬁg with fhg one which'yie155

smallest F value, until each remaining variable has a significant effect.

Following this procedure, the discriminant function‘was recomputed with Y, (ody

SR04
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weight) omitted. The recomputed value of the disc1m1nant coefficient for Y, was ' 1
still non- s1gn1f1cant. Therefore, the d1scr1m1nant function was recomputed with
Y, (inter-orbital width) omwtted. As discriminant coefficients of all the
remaining variates were then significant (p<0.05), computat}on Was stcpﬁed at this
po1nt. ANOVA of the dlscr1m1nant functlon for the reduced set of var1ates
1nd1cated that percentage of the tota] SS in X attr1butab1e to the d1scr1m1nant
function was still the same, viz. 89% Thus 1t was suff1c1ent to emp]qy seven
variates in the d1scr1m1nant funct1on. 1t was, however, noted that the combined “
effect of all partial regression coeff1c1ents cannot bg partitioned orthogona]]y A
when the variates are correlated with one another“(éifsg 1970, Section 18.3).
Inte rurctat1onr based on individual dlscrlmlnant coeffxCIents may, therefore, be |
of restricted scope. Discriminant analysis uses (rather than removes) A
intercorrelations among variates (Pimentel 1979).
For diécriminant analysis with seven variates Y,, Y, , Yo Yy,bYU, Y,, and

Y,, and the covariate Y ,, the number of "completé" specimens was 99 iﬁ'each

sample. The discriminant function computed,was 7 =7.0682 - 10.2039Y, +
5.6028Y, + 12.8670Y; - 5.0213Y, + 7.3811Yy - 8.2966Y, - l.SiGOYll - 3.0098Y,,

A 1arger discriminant coefficient does not necessarily indicate a measure of
greater importance than a smaller discriminant coefficient (B1iss 1970). "ANOVA
of discriminant coefficients by the partial regressionbapproach indicated that
characters did.not contribute equally and were, in fact, placed in the
following order of decreasing impprtance Ys‘(F = 115.94), Yo Yo, Ygs Y75 Yss
and Y,, (F = 4.26), each F with df = i,l&?. In other words, the effective
discriminators are: pectoral fin base, length of longest pelvic ray, head ]éngth,
length of longest pectoral ray, anal fin base, preanal length, and dorsal length
of cadda] peduncle. Variance of a single Z was estimated as 0.086105. Whén the
discriminant function was cOmputed;with‘le (standard length) included as an
additional discriminator (rather than as a covariate), variance of a single 7 was
0.103184 which is as much as 20% highér than 0.086105. This indicated, in yet
another way, that a discriminant function with covariance provided more effective
discrimination than one without it. Mean Z values were -4.1697 and -2.77552 for
S. mentella and 5. fasciauts. respectively. Difference between these means was
highly significant (pf0.00l). The zone of ﬁncertainty or wrong identifications §f
individuais at each end (at p = 0.05) was small viz. -3.6530 to -3.2883. Only 8

out of 198 individuals (i.e. 4%) were in this zone of uncertainty.
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Table 1.
(i =1,

lMeans and ranges of body weight and eleven morphometric characters £
.12) for S. mentella (n=97) and S fasciatus (n=99). A]] measurcments were

transformed to common Toga r1thms

A

Character Character S. mentella S. fasciatus
No. description - Hean ~ Range Mean Range A
1 Body weight 2.7000 2.1703-3.2423 2.2324 2.0374-2.6830
2 Head length 2.0011 1.8325-2.1772 . 1.8211 1.7€34-1.9685
3 Snout Tength 1.3564 1.1584-1.5428 1.1586 1.1682-1.3365
4 Inter orbital : . : o '
‘width 1.2421 1.0755-1.4099 1.0486 0.9638-1.2529
5 Preanal length 2.2466 2.0846-2.4190 2.0991 2.0158-2.2480
6 Pectoral fin e .
base 1.3460 1.1790-1.5198 1.2184 1.1335-1.3856
7 Ana1 fin base 1.6124 1.4330-1.7528 1.4438 1.3522-1.6107
8 Length of longest ‘ :
pelvic ray 1.6723 1.4914-1.8156 1.5486 1.4265-1.6776
9 Length of longest
pectoral ray 1.8380 1.6484-1.9845 21.6712 1.6085-1.8312
10 Width of caudal : '
peduncle - 1.3522 1.1875-1.5340 1.21u3 1.1335-1.3579
11 Dorsal length of . .
~caudal peduncle 1.5954 1.3324-1.7679 1.4351 1.3263-1.56383
12 Standard length  2.4238 2.2742-2.5763 2.2725 2.2041-2.4132

- o~
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