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Abstract | We aimed to verify the relationship between body measurements (BM) and body weight as well as to in-
vestigate the prediction of live weight (LW) by using original BM and principal component scores of Corriedale ewes. 
BM of 100 ewes collected in the Illpa Experimental Centre of the National University of Altiplano in Peru were used. 
Data were recorded on LW, wither height (WH), rump height (RH), thoracic perimeter (TP), abdominal perimeter 
(AP), fore-shank length (FSL), fore-shank width (FSW), fore-shank perimeter (FSP), tail width (TW), tail perimeter 
(TPe), hip width (HW), loin width (LWi), shoulder width (SW), forelimb length (FL) and body length (BL). Pear-
son correlation and principal component analysis (PCA) were applied to LW and others BM. Additionally, regression 
equations of LW on BM and on its principal components (PC) were computed. Models were compared by using 
coefficients of multiple determinations (R2), Akaike information (AIC), Bayesian information (BIC) criteria and root 
mean squared error (RMSE). Correlations (r) for all BM with LW were positive and significant (r = 0.20 -0.78), except 
for FSW (r = 0.18). The PCA of BM and LW extracted four components explaining 68.7% of the total variance. The 
prediction LW model by using four PC had the lowest RMSE, AIC and BIC values as well as the highest R2 compared 
to models with smaller number of PC or based on original measurements. Our results suggested that this approach is 
a feasible alternative to predict LW.
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Introduction

The sheep population in Peru is estimated to ~9.5 mil-
lion animals. A total of 81% from this value com-

prised the Criollo breed. This breed is usually raised by 
peasant communities. In addition, the Corriedale breed 
represents 11.4% of the total population whereas oth-
er breeds 7.6% (INEI, 2012). Unlike Criollo, Corriedale 
animals are raised by communal cooperatives and private 
farmers. This breed is dual-purpose (wool and meat) and 

is widespread with major herds in Puno, Pasco, Cusco and 
Junín regions of Peru. These animals are characterized by 
good body development, and their dense fleece is medi-
um-fine and high yielding. However, the sheep population 
in Peru has decreased overtime (INEI, 2012). The primary 
reasons are the use of grasslands for field crop cultivation, 
low production levels, and insufficient income levels in the 
present production systems. This thereby generates a defi-
cit of meat production (Iñiguez et al., 2011; Williams and 
Anderson, 2020).

http://dx.doi.org/10.17582/journal.jahp/2021/9.4.417.424
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An alternative to this situation is an efficient herd manage-
ment through periodical evaluation of production param-
eters (e.g., body weight and composition, measurements). 
Body weight is an important parameter for to assess the 
general condition of an animal, to increase meat produc-
tion via selection, for feeding management, health care, to 
determine the end of fattening period and so on (Kunene 
et al., 2009; Yilmaz et al., 2013). However, given the im-
portance of sheep farming for the country and the scarcity 
of studies on this topic, it is necessary to develop a way 
to estimate body weight, composition and other measure-
ments in a simpler and less biased manner. 

A feasible alternative would be to use body measurements, 
an indirect, fast, and low-cost method. Prediction of sheep 
body weights from body measurements has been reported 
by several authors for different breeds (Atta and El khidir, 
2004; Riva et al., 2004; Silva et al., 2006; Sowande and 
Sobola, 2008; Kunene et al., 2009). It has been observed, 
however, that different models might be needed to predict 
body weight for different environmental conditions, body 
condition score and breeds (Enevoldsen and Kristensen, 
1997).

This is due to the different biological relationship that ex-
ists among linear body measurements (Yakubu and Ay-
oade, 2009), and may lead to collinearity (Akinsola et al., 
2014). Thus, principal component analysis (PCA), a mul-
tivariate technique, can be used with much success when 
morphological traits present multicollinearity (Mavule et 
al., 2013). PCA uses orthogonal transformation to con-
vert a set of observations of possibly correlated variables 
into a set of values of linearly uncorrelated variables called 
principal components ( Jolliffe, 2002). PCA of body meas-
urements has been used as a tool in breed description and 
characterization of different sheep breeds (Riva et al., 
2004; Cerqueira et al., 2011; Legaz et al., 2011; Silva et 
al., 2013) as well as to predict body weight (Mavule et al., 
2013; Eyduran et al., 2013).

To the best of our knowledge, there are no studies, which 
has developed linear regression equations for prediction 
of the body weights using principal component scores 
in Corriedale breed raised in extensive systems in Peru. 
Therefore, our objective was to estimate the relationship 
between body measurements and body weight as well as to 
determine the best model for investigate body weight pre-
diction, i.e., whether by using original body measurements 
or principal component scores.

Material and Methods

This study was conducted in the Illpa Experimental Centre 
of the National University of Altiplano, in Puno Depart-

ment, Peru. The climate of study area is rainy during sum-
mer and dry in winter. It has average annual precipitation 
of 654.20 mm, with an average annual temperature of 8ºC 
and average relative humidity of 53.5%. The animals were 
grazed on natural pastures. The dominating grass species 
in these areas are Festuca dolichophylla, Muhlenbergia fastig-
iata, Alchemilla pinnata, Calamagrostis vicunarum and Sti-
pa ichu. Oat hay was supplemented ad libitum. Since birth 
records were not available, the age of a ewe was estimated 
by counting permanent incisors as described by Gatenby 
(1991).

Live weights and body measurements were recorded on 
100 Corriedale female sheep between 1.5 and 2 years old. 
Both measurements were taken after eight hours of feed 
restriction in order to avoid any kind of error due to gut 
fill. Live A digital weighing scale that could measure to 
the nearest 0.1 kg was used to record live weight, whereas 
body measurements were carried out by two technicians by 
using tape measure and Vernier caliper. The 14 body meas-
urements were: wither height (WH), rump height (RH), 
thoracic perimeter (TP), abdominal perimeter (AP), fore-
shank length (FSL), fore-shank width (FSW), fore-shank 
perimeter (FSP), tail width (TW), tail perimeter (TPe), 
hip width (HW), loin width (LWi), shoulder width (SW), 
forelimb length (FL), and body length (BL).

Statistical analyses
The data were organized and analyzed by using several sta-
tistical procedures (PROC) in SAS (SAS Inst. Inc., Cary. 
NC. 2003). Pearson’s correlation coefficients between body 
measurements and body weights were calculated using 
the PROC CORR and tested for significance. PCA was 
performed on body traits measures using PROC FAC-
TOR. PCA was used in order to check whether body traits 
could be reduced to uncorrelated dimensions, that is, lin-
ear combinations of original variables, called as principal 
components (PC). As a prior to performing PCA, the Kai-
ser–Guttman rule was used to determine the number of 
extracted factors, i.e., factors with eigenvalues higher than 
1 (Kaiser, 1960). Bartlett’s test of sphericity was used to 
verify if the correlation matrix was an identity or a sparse 
one. Kaiser–Meyer–Olkin measures of sampling adequacy 
of the correlation matrix and communality were also com-
puted to validate the use PCA (sampling adequacy > 0.5). 
Subsequently, the varimax rotation algorithm was applied 
to enhance the PC interpretability. Loadings, i.e., estimat-
ed values for each body measurement in every PC, higher 
or equal than 0.50 were used for PCA interpretation.

To predict live weights from original body measurements 
[1], and from established principal component scores [2], a 
multiple regression analysis was performed by the PROC 
REG using the stepwise selection procedure. The follow-
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ing regression models were used:

,      for i = 
1,2,3,…,n					     [1]

,      for i = 
1,2,3,…,n				    [2]

where  is the value of the ith observation;  is the in-

tercept; , ,…,  are the pth partial regression coef-

ficients; , ,…,  and …,  are the 
pth original body measurements and principal component 

scores, respectively, for the ith observation; is the residual 
error, assumed as statistically independent, with common 
mean 0 and variance , and are approximately normal in 
distribution. 

The stepwise procedure provides the best prediction equa-
tions for body weight and did not include variables with a 
P > 0.05 as suggested by Diaz et al. (2004) and Marshall 
et al. (2005). Accuracies of prediction equations were esti-
mated through the coefficients of multiple determinations 
(R2) and root mean squared error (RMSE). Akaike’s in-
formation criterion (AIC) and Bayesian information cri-
terion (BIC) statistics were also used to assess the quality 
of the models (goodness of fit and model complexity). The 
best fit model should have lowest AIC (Akaike, 1974) and 
BIC values (Schwarz, 1978), maximum R2, and minimum 
RMSE.

Results and Discussion

Descriptive analysis of live weight and body 
measurements
Descriptive statistics of live weight and body measure-
ments are presented in Table 1. There was a greater phe-
notypic variability among animals for LW, FSW, TW and 
TPe with coefficients of variation (CV) ranging from 13.62 
to 18.08%, whereas the others traits showed smaller var-
iability (CV < 9%). The average LW was 34.4 ± 4.7 kg. 
The WH (59.8 cm) and RH (61.1 cm) were of average 
proportion. The average of TP was 82.6 whereas for AP 
was 96.7 cm. The region of the fore-shank had measures of 
20.4 cm in length, 2.5 cm in width, and 8.4 cm in perime-
ter, whereas BL was 95.5 cm on average. The availability of 
such information is essential to seek for optimal produc-
tion efficiency and better value for its products.

Pearson’s coefficients of correlation
Pearson’s coefficients of correlation (r) obtained between 

live weight and body measurements, and among body 
measurements are presented in Table 2. All the body meas-
urements were positively and significantly (r = 0.20 - 0.78; 
P < 0.05/0.01) correlated with LW, except FSW (r = 0.18, 
P > 0.05). LW had the highest correlation coefficient (r= 
0.78; P <0.01) with AP, followed by TP (r = 0.64) and BL 
(r = 0.52). The correlation between AP and TP was also 
high (r=0.772, P<0.01). On the other hand, the lowest val-
ues were observed between LW and TPe (r = 0.20), and 
between LW and FSW (r = 0.18; P > 0.05). Among the 
body measurements, strongest correlations were verified 
between WH and RH (r = 0.93; P < 0.01), and between 
TW and TPe (r = 0.80; P < 0.01), whereas TW with AP 
and FSL had relatively low values (r = 0.20; P < 0.05). Our 
results corroborate with those reported by Afolayan et al. 
(2006), Sowande and Sobola (2008), for Yankasa, West Af-
rican dwarf and Karayaka breeds, respectively.

Heavier animals tend to have bigger thoracic and abdom-
inal perimeters, indicating that the search for a deep and 
wide sheep would lead to ewes with more body weight. 
This can be confirmed by the Pearson’s correlations in Ta-
ble 2, which were the higher among body weight and body 
measurements. On the other hand, animals with higher 
width fore-shank, higher width, and perimeter of the tail, 
are either unrelated or have a weak relationship (below 
0.25), that would not be recommend as prediction variables 
for the body weight. Among the variables that presented r 
between 0.26 and 0.52, have better potential to apply in 
the practice are the hip width and body length, that present 
r, respectively, 0.500 and 0.517 and can be measure with 
relatively easy in the handling chute. Therefore, the tho-
racic and abdominal perimeters, together hip width, and 
body length, present a good relationship and is of easy of 
application in the management in the sheep facilities.

In Harnali sheep, Kumar et al. (2017), described corre-
lations between body weight and thoracic perimeter, ab-
dominal perimeter, and body length, respectively, form 
0.59, 0.44 and 0.32. For females Cornigliese sheep breed, 
Sabbioni et al. (2020), found correlations from 0.95, 0.86 
and 0.89 between body weight and thoracic perimeter, 
body length and hip width, respectivaly. Sun et al. (2020), 
in Jamuna Basin sheep, found correlations of the 0.65 be-
tween body weight and thoracic perimeter and 0.57 be-
tween body weight and body length. Rather et al. (2021) 
found better correlations of the thoracic perimeter (0.54), 
abdominal perimeter (0.54) and body length (0.48) with 
the body weight for Kashmir Merino sheep.

Principal component analysis (PCA)
The sampling adequacy Kaiser-Meyer-Olkin statistician 
was high for Corriedale ewes (0.70), which supports the 
use of the correlation matrix for PCA, i.e., it indicates that 
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Table 1: Descriptive statistics of live weight (kg) and body measurements (cm) of Corriedale ewes.
Body traits Mean SD Minimum Maximum CV(%)
LW 34.39 4.68 22 46 13.62
WH 59.80 2.68 50 66 4.49
RH 61.08 2.66 52 68 4.35
TP 82.55 4.40 72 99 5.33
AP 96.96 5.57 80 112 5.74
FSL 20.41 1.25 17 25.5 6.14
FSW 2.51 0.34 2 3 13.75
FSP 8.43 0.59 6 10 7.05
TW 3.17 0.52 2.5 5 16.36
TPe 7.45 1.35 6 17 18.08
HW 19.38 1.60 11 23 8.24
LWi 12.46 1.01 10 18 8.12
SW 19.33 1.44 15 23 7.46
FL 37.06 2.41 27 42 6.51
BL 95.48 4.28 83 104 4.48

SD: standard deviation; CV: coefficients of variation; LW: live weight; WH: wither height; RH: rump height; TP: thoracic perimeter; 
AP: abdominal perimeter; FSL: fore-shank length; FSW: fore-shank width; FSP: fore-shank perimeter; TW: tail width; TPe: tail 
perimeter; HW: hip width; LWi: loin width; SW: shoulder width; FL: forelimb length and BL: body length.

Table 2: Pearson correlation coefficients among live weight and body measurements in Corriedale ewes.
Traits WH RH TP AP FSL FSW FSP TW TPe HW LWi SW FL BL
LW 0.

330**
0.
398**

0.
637**

0.
776**

0.
482**

 0.
177ns

0.260** 0.
225*

 0.200* 0.500** 0.497** 0.514** 0.299** 0.517**

WH 0.
932**

 0.
185ns

0.
229*

0.
337**

0.
452**

 0.195ns  0.
126ns

 -0.007ns 0.316**  0.093ns  0.076ns 0.387** 0.287**

RH 0.
216*

0.
274**

0.
369**

0.
479**

0.211* 0.
225*

 0.065ns 0.339**  0.123ns  0.114ns 0.407** 0.359**

TP 0.
772**

0.
271**

 0.
161ns

 0.138ns 0.
224*

 0.162ns 0.383** 0.393** 0.405**  0.177ns 0.356**

AP 0.
314**

 0.
192ns

 0.168ns 0.
202*

 0.137ns 0.447** 0.370** 0.417** 0.270** 0.324**

FSL  0.
112ns

0.259** 0.
202*

 0.094ns  0.238* 0.272**  0.156ns 0.378** 0.378**

FSW 0.495**  0.
052ns

 0.017ns 0.355** -0.050ns 0.291** 0.334**  0.242*

FSP  0.
038ns

 0.011ns 0.281**  0.083ns 0.280**  0.245*  0.150ns

TW 0.803**  0.034ns 0.394**  0.231*  0.160ns  0.098ns

TPe -0.229ns 0.638**  0.225*  0.083ns  0.103ns

HW  0.011ns 0.608**  0.219*  0.247*

LWi 0.386**  0.137ns 0.290**

SW  0.208*  0.213*

FL 0.283**

LW: live weight; WH: wither height; RH: rump height; TP: thoracic perimeter; AP: abdominal perimeter; FSL: fore-shank length; 
FSW: fore-shank width; FSP: fore-shank perimeter; TW: tail width; TPe: tail perimeter; HW: hip width; LWi: loin width; SW: 
shoulder width; FL: forelimb length and BL: body length. nscorrelation is not significant; *correlation is significant at the 0.05 level 
(0.20-0.25); **correlation is significant at the 0.01 level (0.259-0.932).
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true PC factors exist (Yakubu et al., 2011). In addition, the 
Bartlett’s sphericity test showed a chi-square highly sig-

nificant (  = 925.06; P < 0.001) which also supports the 
use of PCA.

The estimated factor loadings extracted by PCA, eigenval-
ues and variation explained by each factor, are presented in 
Table 3. After a varimax rotation of the component matrix, 
only four PC were extracted with eigenvalues equal to or 
higher than one. The extraction of only four PC allows us 
to better understand the complex correlations among traits, 
as well as the use of more parsimonious models (Mota et 
al., 2016). Legarra et al. (2004) reported that more parsi-
monious models require smaller computational demands 
and are less susceptible to numerical errors. In other words, 
fewer PC are generally enough to explain a great part of all 
variability (Boligon et al., 2013).

The four PC contributed for 68.7% of the total variation 
among all traits. From the total variance, 33.67% was ac-
counted by the first component (PC1). PC1 had high pos-
itive loadings for LW, TP, AP, HW, and SW. The second 
component (PC2) explained 15.39% of the total variance 
and was characterised by high positive loadings for WH, 
RH, FSL and FL. The third component (PC3) which was 
associated with TW, TPe and LWi, accounted for 11.39% 
of the total variance, whereas the fourth component (PC4) 
had high positive loadings for FSW, FSP and SW, and 
contributed to 8.26% of the total variance. In addition, 
communalities represent the proportion of the variance 
in the original variables that is accounted by the PC. In 
general, the communalities were high for almost all traits, 
ranging from 0.39 (FL) to 0.95 (TPe) in Corriedale ewes 
(Table 3). The use of four PC may play a crucial role in the 
ranking of animals. This provides a chance to better select 
animals by using groups of traits instead of a single trait 
itself (Yakubu et al., 2011; Pinto et al. 2006).

Silva et al. (2015), by using a ranking method in perfor-
mance testing in Morada Nova sheep population, reported 
that the three first PC better explained the most variabili-
ty of all evaluated traits. In a Portuguese Bordaleira sheep 
population, Cerqueira et al. (2011) observed that the two 
PC were enough to explain 70.5% of the total variation, 
and PC1 explained 61.4% itself. These authors reported 
that body measurements of height at withers, height at 
back, height at rump, length of trunk, length of head, pe-
rimeter of the shin and live weight contributed positively 
for most of variation. Mavule et al. (2013) studying two 
Zulu sheep populations (young and adult) reported that 
two PC for a young and four PC for an adult population 
were sufficient to explain most of the variability. Is clear 
that variability of body measurements might be different 
across breeds, but some traits commonly influence sheep 

populations no matter the breed. This is an indicative that 
these traits could integrate a selection index in breeding 
programs for different sheep breeds.

Figure 1 showed the component plot of the first three PC 
in rotated space for body measurements. The plot clearly 
showed that the body measurements have been clustered 
into the following five groups: 1- by TW and TPe; 2- by 
LWi and SW; 3- by LW, TP and AP; 4- by FSL, HW and 
BL; 5- by FL, FSP, FSW, WH and RH.

Figure 1: Score plot of the first three principal components 
of the body measurements of Corriedale ewes. LW: 
live weight; WH: wither height; RH: rump height; TP: 
thoracic perimeter; AP: abdominal perimeter; FSL: fore-
shank length; FSW: fore-shank width; FSP: fore-shank 
perimeter; TW: tail width; TPe: tail perimeter; HW: hip 
width; LWi: loin width; SW: shoulder width; FL: forelimb 
length and BL: body length.

Predictions of live weight of Corriedale ewes 
from body measurements and their principal 
component scores
Table 4 shows the regression equations predicting LW of 
Corriedale ewes from original body measurements and 
their PC scores. Results of the stepwise multiple regres-
sion analysis revealed that abdominal perimeter alone ac-
counted for 60% of the variation in live weight. The inclu-
sion of body length increased this proportion up to 68%. 
The accuracy of the model was further improved to 76% 
when shoulder width, fore-shank length and loin width 
were added to the equation. Besides the higher R2, this 
model showed lowest AIC, BIC and RMSE values, which 
confirms its better goodness of fit when compared to the 
models that use original body measurements. Kunene et al. 
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Table 3: Eigenvalues and factor loading (PCs) after varimax rotation and communality of live weight and body 
measurements of Corriedale ewes.
Body traits PC1 PC2 PC3 PC4 Communality
LW 0.84 0.30 0.16 0.14 0.83
WH 0.06 0.89 -0.02 0.18 0.82
RH 0.10 0.90 0.05 0.20 0.86
TP 0.81 0.09 0.13 0.08 0.69
AP 0.84 0.15 0.09 0.12 0.76
FSL 0.39 0.53 0.12 -0.04 0.44
FSW -0.03 0.41 -0.02 0.74 0.72
FSP 0.06 0.16 0.04 0.72 0.54
TW 0.06 0.15 0.85 0.09 0.75
TPe 0.03 0.01 0.97 0.00 0.95
HW 0.54 0.14 -0.26 0.56 0.70
LWi 0.46 0.05 0.68 -0.07 0.68
SW 0.54 -0.14 0.23 0.61 0.74
FL 0.15 0.55 0.11 0.25 0.39
BL 0.48 0.45 0.06 -0.02 0.43

Eigenvalues 5.05 2.31 1.71 1.24
% of total variance 33.67 15.39 11.39 8.26
Cumulative variance (%) 33.67 49.06 60.45 68.71

Values in bold are ≥0.5; measure of sampling adequacy = 0.698. LW: live weight; WH: wither height; RH: rump height; TP: thoracic 
perimeter; AP: abdominal perimeter; FSL: fore-shank length; FSW: fore-shank width; FSP: fore-shank perimeter; TW: tail width; 
TPe: tail perimeter; HW: hip width; LWi: loin width; SW: shoulder width; FL: forelimb length and BL: body length.

Table 4: Stepwise multiple regression equations for predicting live weight from original body measurements and their 
principal component scores and its respective coefficients of determination (R2), root mean square error (RMSE), 
Akaike’s information criterion (AIC) and Bayesian information criterion (BIC) of Corriedale ewes.
Model Predictors Models R2 RMSE AIC BIC
Original body measurements as predictors
1 AP LW= -28.933 + 0.653AP 0.60 2.9680 219.5587 219.7488
2 AP, BL LW= -52.041 + 0.572AP + 0.324BL 0.68 2.6727 199.5749 200.1044
3 AP, BL, SW LW= -56.542 + 0.505AP + 0.305BL + 

0.665SW
0.72 2.5377 190.1671 191.0550

4 AP, BL, SW, FSL LW= -61.622 + 0.471AP + 0.240BL + 
0.664SW + 0.716FSL

0.75 2.4127 181.0219 182.6954

5 AP, BL, SW, FSL, 
LWi

LW= -62.057 + 0.452AP + 0.222BL + 
0.557SW + 0.658FSL + 0.578LWi

0.76 2.3684 178.2539 180.4312

Principal components as predictors
1 PC1 LW= 34.390 + 3.924PC1 0.70 2.6591 197.5749 197.3420
2 PC1, PC2 LW= 34.390 + 3.924PC1 + 1.385PC2 0.79 2.5246 188.1671 187.5310
3 PC1, PC2, PC3 LW= 34.390 + 3.924PC1 + 1.385PC2 + 

0.757PC3
0.82 2.4001 179.0219 178.2860

4 PC1, PC2, PC3, 
PC4

LW= 34.390 + 3.924PC1 + 1.385PC2 + 
0.757PC3 + 0.651PC4

0.83 1.9436 137.7839 140.3047

LW: live weight; AP: abdominal perimeter; FSL: fore-shank length; LWi: loin width; SW: shoulder width and BL: body length.

(2009) reported that linear regression coefficients of heart 
girth and wither height could be used to estimate the body 

weight of the Zulu sheep with R2 of 0.66 to 0.49, respec-
tively. In the Anatolian Peninsula, the study of Yilmaz et al. 
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(2013) reported that the model considered all traits (rump 
height, withers height, back height, chest depth, chest 
width and body length) presented the best R2 = 0.76 to 
estimate mature live weight in a Karya sheep population.

However, better results were achieved when using PC in-
stead of original body measurements (Table 4). As men-
tioned above, four PC contributed for 68.7% of the total 
variation between recorded body traits. Hence, we per-
formed a stepwise multiple regression analysis using one, 
two, three and four PC (4 models). It was observed that 
goodness of fit increased by including the four PC in the 
model. Although the use of more parsimonious models are 
preferable as aforementioned, the model considering 4 PC 
have lowest RMSE, AIC and BIC values and highest R2 
(Table 4). Nevertheless, the 4 PC model are more parsi-
monious than the model using five original measurements, 
the best fit model among models using original measure-
ments. In a similar study, Yadav et al. (2016) have found-
ed that body weight prediction model with PC1 and PC2 
presented better R2 (0.94) and lowest RMSE (1.86) rather 
the model with only PC1 (R2 = 0.80 and RMSE=3.84) in 
a Madgyal sheep population. The PC obtained here may 
be used as a group of variables or even in a selection index. 
In this case, the selection index would have four weighted 
coefficients which will decrease computational demands 
(Pinto et al., 2006; Mota et al., 2016).

From these results, we can suggest that it is possible to pre-
dict live weight of Corriedale ewes by using body measure-
ments, which is an advantage for farmers who cannot af-
ford a weighing scale. In addition, prediction of live weight 
using four PC calculated from the body measurements is 
rather better alternative than using original measurements. 
The four PC reported here have high association with the 
most evaluated body measurements.

Conclusions

Our results suggested that principal components analy-
sis is a suitable approach to evaluate live weight and the 
relationship between body measurements of Corriedale 
sheep population in Peru. This approach allows us to pre-
dict animals live weight through regression equations us-
ing principal components scores. Using this approach also 
represents a viable alternative for the farmer to rank their 
animals.
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