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Abstract: This study is conducted to predict the body weight (BW) for Thalli sheep of southern Punjab from different
body measurements. In the BW prediction, several body measurements viz., withers height, body length, head length,
head width, ear length, ear width, neck length, neck width, heart girth, rump length, rump width, tail length, barrel
depth and sacral pelvic width are used as predictors. The data mining algorithms such as Chi-square Automatic
Interaction Detector (CHAID), Exhaustive CHAID, Classification and Regression Tree (CART) and Artificial Neural
Network (ANN) are used to predict the BW for a total of 85 female Thalli sheep. The data set is partitioned into
training (80 %) and test (20 %) sets before the algorithms are used. The minimum number of parent (4) and child nodes
(2) are set in order to ensure their predictive ability. The R? % and RMSE values for CHAID, Exhaustive CHAID,
ANN and CART algorithms are 67.38(1.003), 64.37(1.049), 61.45(1.093) and 59.02(1.125), respectively. The most
significant predictor is BL in the BW prediction of Thalli sheep. The heaviest BW average of 9.596 kg is obtained from
the subgroup of those having BL > 25.000 inches. On behalf of the several goodness of fit criteria, we conclude that
the CHAID algorithm performance is better in order to predict the BW of Thalli sheep and more suitable decision tree
diagram visually. Also, the obtained CHAID results may help to determine body measurements positively associated

with BW for developing better selection strategies with the scope of indirect selection criteria.
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1. INTRODUCTION

Sheep are generally reared as a small ruminant
utilized in rural development in almost all societies
with various uses [1]. The ultimate aim of sheep
production is to obtain the enhanced productivity of
the yielding traits such as; milk and meat produced
from the animals. The actual BW of a sheep is one
of the determining factors in finding the proper
medicinal dose, feed amount and price of sheep [2].
Sheep breeders generally presume the live weight
of a sheep by touching or visually. The sale and
purchase of animals are usually made by bargaining
or on the source of their physical look. However, in
this way of selling the farmers usually did not get the
actual price of their animals and the big part of the
profit is manipulated by the middleman [3]. They
also estimate the live weight by using the weighing
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machine. However, it is really difficult to measure
BW in village surroundings where measurement
scale (i.e., animal weighing machine) and regular
records of sheep are not available [4]. Under these
circumstances, biometrical researchers (breeders)
often used different morphological measurements
in the prediction of live BW of sheep and to increase
wealthy animal breeding systems [5].

In the literature, different morphological
characteristics (i.e., withers height, body length,
chest girth, barrel depth or heart girth etc.) have been
utilized to predict BW [6-8]. The various prediction
equation of live weight has been estimated by
applying different types of regression (one variable,
two or more than two variables or ridge regression)
[9-12]. In these traditional methods, if there is a very
strong relationship greater than 0.80-0.90 among
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predictors, the biased parameter estimation is
available because of the multicollinearity problem
for each morphological trait and it is very difficult
to correctly infer the influence of morphological
trait on BW, see further details in [13, 14].

The limitations of regression equations have led
researchers to look at alternative models. In recent
years, different researchers planned to use different
data mining algorithms i.e., CHAID [14-21],
Exhaustive CHAID [17, 22-24] and CART [14, 20,
25-28], are reported to be superior compared with
multiple linear regression, cluster analysis, logistic
regression and discriminant analysis. Moreover,
these algorithms obtaining homogenous subgroups
in a little while are not affected by the problem of
multicollinearity, missing data and outliers [29].
Also, the supremacy of multivariate adaptive
regression splines (MARS) is reported for the
prediction of BW in sheep [21, 30-32], goat [28],
camel [33] and cattle [34]. These algorithms are
non-parametric methods that are commonly used
for nominal, ordinal and scale variables [14, 22].

In Pakistan, numerous studies on BW prediction
in sheep and goat are available e.g., Mohammad et
al. [4] predict the BW of Balochi sheep based on
different body measurements using the regression
tree method. In 2015, Ali et al. [14] predict the
BW from body length, withers height, chest girth,
paunch girth, face length, length between ears,
length of ears, width and length of tail of 6-9
months Harnai sheep. In their study, they used the
CART, CHAID, Exhaustive CHAID and ANN
algorithms. Another study by Eyduran et al. [22]
also predict the BW of Pakistani Beetal goat based
on six different predictors i.e., head girth, neck
length, diagonal body length, belly sprung, shank
circumference and rump height. They also used
the CART, CHAID and ANN algorithms for BW
prediction and the results were compared with the
multiple linear regression. However, no researchers
predict the BW for Thalli sheep of south Punjab,
Pakistan. This research gap motivated us to conduct
a study for BW prediction of Thali sheep of south
Punjab using different data mining algorithms. The
main purpose of our study is to predict BW for
Thali sheep of southern Punjab from different body
measurements. We also compared the performance
of different data mining algorithms viz. CART,
CHAID, Exhaustive CHAID and ANN under study

in order to predict BW.
2. MATERIALS AND METHODS

The current animal data were provided from Thalli
sheep locally found in southern Punjab, Pakistan.
The same breed was also available with livestock
farmers as well as government livestock stations.
In the present study, 85 female sheep at varying
ages ranging from 1 to 12 months were included.
Random sampling was used for sheep selection. All
healthy sheep who didn’t take any medication, not
any physical disability were included in the study.

Data collection activity was made by the same
person in order to avoid the between individual
variation. The required information was taken
throughaself-administeredquestionnaire,comprised
of age and morphologically measurements. All the
morphologically measurements i.e., withers height
(WH), body length (BL), head length (HL), head
width (HW), ear length (EL), ear width (EW),
neck length (NL), neck width (NW), heart girth
(HG), rump length (RL), rump width (RW), tail
length (TL), barrel depth (BD) and sacral-pelvic-
width (SPW) were recorded according to standard
procedures. Measurements were made in inches
and taken in standing position of sheep. Initially,
descriptive analysis i.e., means, standard deviation
(SD) and percentage co-efficient of variation
(C.V %) of each quantitative variable were reported
in Table 1.

The BW of sheep was predicted using four
different methods i.e., CHAID, Exhaustive CHAID,
CART and ANN algorithms. A CHAID algorithm
based on chi-square test of association and is used to
classify those subsets of predictors that best describe
the dependent variable. A CHAID algorithm forms
a decision tree structure by recursively dividing
a subset into many homogenous subsets (nodes)
consisting alike responses of predictand variable as
soon as possible starting from the root node [35-
36]. The term regression tree is used for the tree
that its dependent variable is scale [37]. In CHAID
algorithm, the dependent variable can be continuous
and categorical but, the independent variables are
categorical variables only and can have more than
two categories. CHAID can create multiple splits
[24, 38]. The basic aim of CHAID algorithm is
to reduce variance within nodes in the dependent
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variable during constructing regression tree
diagram. In the advancement of CHAID algorithm,
Exhaustive CHAID is based on three-stage-data
mining algorithm (i.e., merging, partitioning, and
stopping) algorithms that recursively use multi-
way splitting to form homogenous subsets on the
basis of Bonferroni adjustment until the differences
between the observed and the estimated values
in response variable are minimal [15, 22, 39].
Exhaustive CHAID has the same splitting and
stopping rules like CHAID; however, the merging
step is more exhaustive than CHAID, by continuing
to merge categories of the predictor variable until
only two super categories are left. The Exhaustive
CHAID can find the best split for each predictor
variable [40].

Breiman et al. [41] developed CART algorithm.
It is a recursive splitting method and is used both for
regression and classification problems. In CART
algorithm, the dependent variable is scale and
independent variables can be scale or categorical.
CART algorithm creates a binary split [24, 38]. In
CART, the best input variable is chosen by using a
range of diversity procedures [1]. CART algorithm
creates more homogenous sub-groups than CHAID
algorithm using pruning [42]. By default, the
maximum number of levels (tree depths) is 5 for
CART and 3 for CHAID algorithm. A 10-fold cross
validation criteria was applied and the minimum
number of cases for parent and child node was set
at 4:2 in order to correctly model the relationship
between response and independent variables and
also to get best possible decision tree structure.

Artificial neural network (ANN) biologically
resembles the human brain. It consists of three
layers i.e., input, hidden and output layers and are
used with one hidden layer on the source of MLP
which is also called a feed forward neural network
to predict BW from body measurements [14, 43].
The data were at random dividing into a training set
(80 %) and test set (20 %). All of the above stated
methods- CHAID, Exhaustive CHAID, CART
data mining algorithms and ANN are available
in statistical software “Statistical Package for
Social Sciences (SPSS)” version 23.0 which were
utilized for predicting BW of sheep on the basis of
different morphological characteristics. Moreover,
Bonferroni adjustment was performed for both
CHAID algorithms in order to calculate adjusted p

values of F values [44].
2.1. Model Quality Criteria

In our study, the model selection criteria was based
on R? (%), Adj. R* (%), 1, CV (%), SD ratio, RAE,
RMSE, MAD, MSE, MAPE, AIC and ME. we
selected those best algorithm that have highest r
values, R? (%), Adj. R? (%), but the lowest RMSE,
RAE, SD ratio, CV(%), MAPE, RAE, MAD, MSE
and ME values, respectively. All statistical notations
were obtained from a paper [14, 16, 22, 27-28], and
a review written by Grzesiak and Zaborski [45].
The formulas of these criteria are given below:
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Where y, and ¥, are observed and predicted BW
values of the ith sheep. & is the residual value of
ith sheep, Y and & are the mean of actual BW and
residual values. n is the size of the sample and k is
the number of input variables used in the model.

3. RESULTS AND DISCUSSION

The summary results of differentbody measurements
are given in Table 1.

Descriptive statistics (Mean + SD) of BW (kg),
WH, BL, HL, HW, EL, EW, NL, NW, HG, RL, RW,
TL, BD, and SPW of all sheep in inches were: 6.37
(£1.76), 22.43 (£2.97), 21.45 (£3.25), 7.72 (+1.09),
3.28 (+0.76), 9.83 (+1.17), 4.33 (+0.56), 8.49
(£1.31), 5.38 (+0.81), 23.46 (£3.74), 4.27 (+0.83),
5.69 (£1.56), 4.09 (£0.96), 13.95 (+2.63) and 24.89
(£4.59), respectively.

Table 1. Descriptive statistics for body weight (kg.) and
different measurements (inches) of Thali sheep.

Trait Mean SD CV (%)
Body weight 6.378 1.768  27.720
Wither height 22.431 2978 13.276
Body length 21.454 3.253 15.162
Head length 7.720 1.097  14.209
Head width 3.288 0.763  23.205
Ear length 9.831 1.175  11.951
Ear width 4.334 0.566  13.059
Neck length 8.496 1.310 15.419
Neck width 5.382 0.817 15.180
Heart girth 23.461 3.744  15.958
Rump length 4.275 0.835 19.532
Rump width 5.697 1.564 27.453
Tail length 4.090 0.969 23.691
Barrel depth 13.956 2.630 18.844
Sacral pelvic width ~ 24.899 4.594 18.450

The summary results related to the performance
of data mining algorithms to predict BW are
presented in Table 2.

The correlation coefficient (r) between observed
and predicted body weight, estimated for CHAID,
Exhaustive CHAID, CART and ANN methods
were 0.821, 0.802, 0.768 and 0.784, respectively.
For the best algorithm selection, smaller value
of SD ratio, CV (%), RAE, RMSE, MAD, MSE,
MAPE, ME and AIC should be observed, but
should greater in R and Adj. R?. In 2012, Grzesiak
and Zaborski [45] also suggested that if the SD
ratio value is less than 0.40 or between 0 and
0.10, the model will be a good-fit or a very good
fit. In this study, we also computed the values of
SD ratio for each data mining algorithm, which
were reported to be 0.571, 0.596, 0.640 and 0.616,
respectively. With the same order, percentage
coefficient of variation (CV %) were found to
be 15.85, 16.56, 17.76 and 17.26, respectively;
percentage coefficients of determination (R? %)
were 67.38, 64.37, 59.02 and 61.45 respectively;
adjusted coefficient of determination (Adj-R?), (%)
were 60.29, 56.62, 50.11 and 53.52 respectively;
relative approximation error (RAE) estimates
were 0.151, 0.158, 0.170 and 0.162 respectively;
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root mean square error (RMSE) estimates were
1.003, 1.049, 1.125 and 1.093 respectively; mean
absolute deviation (MAD) estimates were 0.708,
0.758, 0.869 and 0.794 respectively; mean square
error (MSE) estimates were 1.007, 1.100, 1.265 and
1.192 respectively; mean absolute percentage error
(MAPE) estimates were 11.32, 12.43, 17.86 and
15.01 respectively; mean error (ME) estimates were
0.0008,0.0016,-0.0014 and 0.094, respectively; and
Akaike information criterion (AIC) estimates were
37.59, 45.09, 56.98 and 49.47 respectively. From
these results, we found that SD ratio, CV (%), RAE,
RMSE, MAD, MSE, MAPE and AIC values of the
BW prediction model using CHAID algorithm
were least and R? and Adj-R? values were greater
as compared to the Exhaustive CHAID, CART and
ANN methods. These results depicted that CHAID
was the most superior decision tree algorithm
having better fitting performance in BW prediction
of Thalli sheep as compared to the Exhaustive
CHAID, CART and ANN algorithms. In line with
our results, some earlier reports highlighted the
biological advantage of CHAID algorithms in BW
prediction [2, 4, 14, 16]. The worst performance
in the current research work was recorded for the
CART tree based algorithm. A study of Yakubu [25]
also obtained low R? (62.0 %) for predicting BW of
UDA sheep by using the CART algorithm.

Due to the information that CHAID algorithm
was the most suitable algorithm according to its
results of a performance criterion, a decision tree was
constructed for CHAID algorithm. In the decision
tree diagram generated for CHAID algorithm, the
most influential predictor was BL. Then, HL and
SPW were determined to be the second degree
significant predictors in the BW prediction of Thalli
sheep (Figure 1). The model explain an accuracy of
% 67.38 R* and 60.29 Adj-R* %, the variation of
the BW on Thali sheep (Adj.P-value =0.000, F =
31.054, df1 =4, df2 = 80).

33

Average BW of all 85 sheep in Node 0 (root
node) was found to be (6.378 kg, S=1.768 kg). Node
0 was divided by BL (the most effective variable in
the prediction body weight) into 5 subsets named
Nodes 1-5, respectively (Adj. P-value = 0.000).
Node 1 was a subgroup of sheep with BL < 18.500
inch (BW= 6.044 kg, S=1.453 kg). Node 2 was a
subgroup of sheep with 18.5 < BL < 21.500 inch
among all the sheep (BW= 4.850 kg, S= 0.825
kg). The subgroup of sheep with a 21.500 < BL <
22.200 inch was entered into Node 3 in the decision
tree construction of CHAID algorithm (BW= 6.124
kg, S= 0.967 kg). The subgroup of those having
22.200< BL< 25.000 inch was included in Node
4 through CHAID algorithm (BW= 7.162 kg,
S=0.811 kg). Node 5 was the subgroup of sheep
that is BL > 25.000 inch (BW=9.596 kg, S=2.029
kg). As BL increased from Node 1 to Node 5, sheep
weight was also increased.

Node 1, on the basis of HL, was subsequently
divided into Node 6 (BL < 18.500 inch and HL <
7.00 inch) and Node 7 (BL < 18.500 and HL > 7.00
inch), respectively. The sheep (HL < 7.000 inches
and BL < 18.500 inch) in Node 7 were found lighter
in BW than those (with HL < 7.000 inch and BL <
18.500 inch) in Node 6 (Adjusted P= 0.041; 4.74
vs. 6.594 kg).

Node 2 was sub-divided into Node 8 (SPW <
20.00 inch and 18.500 < BL < 21.500 inch) and
Node 9 (SPW >20.00 inch and 18.500 < BL<
21.500 inch) based on the values of SPW. Node 9
appeared to offer a better prediction of (BW=5.097
kg, S=0.782 kg) than the corresponding values of
(BW=4.068 kg, S=0.321 kg) recorded for Node 8,
respectively. Since Nodes 3, 4, 5, 6, 7, 8 and 9 were
not divided into subgroups, they could be said to be
homogenous (terminal Nodes).

As mentioned in the introduction section,
continual importance is available for BW estimation

Table 2. Predictive performance of CHAID, Exhaustive CHAID, CART and ANN algorithms.

. SD cv R AdjR?
Algorithm C oo () %) vy ~RAE RMSE MAD MSE MAPE  ME  AIC
CHAID 0821 0571 1585 6738 6029 0151 1003 0708 1.007 1132  0.0008 37.59
E’éﬁﬁg’e 0802 0596 1656 6437 5662 0158 1.049 0758 1.100 1243  0.0016  45.09
CART 0768 0.640 1776  59.02  50.11 0170 1125 0869 1265 1786 -0.0014  56.98
ANN 0784 0616 1726 6145 5352 0162 1.093 0.794 1.192 1501 0.094 4947
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Fig. 1. Regression tree diagram for BW in sheep using CHAID algorithm

with the help of body measurements by using
one variable, two variables regression analysis,
factor scores and principle component analysis in
multiple regression analysis [2]. Karabacak et al.
[16] predicted the BW by means of several body
measurements. In their study, they also used the
different data mining algorithms and found that
CHAID algorithm determined the better results
for body weight prediction i.e., r = 0.805, R? =
64.8, SD ratio = 0.594 and RMSE =1.181) than
Exhaustive CHAID (r =0.787, R? = 62.0, SD ratio
=0.616 and RMSE =1.226) and CART (r =0.754,
R?=56.9 %, SD ratio =0.657, and RMSE =1.3006).
These results are almost consistent to our study
results. Another study by Mohammad et al. [4]
also predicted the BW from chest girth and height
at withers of indigenous sheep breeds of Pakistan.
They used different methods but 72 % variability
in BW was explained due to chest girth by using
CHAID algorithm. Khan et al. [2] recorded (R?
= 0.844) for Exhaustive CHAID algorithm in the
estimation of BW of Harnai sheep from significant
predictors, withers height, chest girth, face length,
and body length. Their estimates were also better as
compared to the results obtained from the current
study. R? estimate of the CHAID algorithm in the

present study was higher than those reported by
Tyasietal. [20]. Altay et al. [21] reported R (0.956),
adjusted R? (0.955), RMSE (0.377), RAE (0.018)
and SD ratio (0.210) for CHAID algorithm in the
description of factors affecting wool fineness in
Karacabey Merino sheep, which was much higher
than the current CHAID algorithms estimates. The
estimation of BW in indigenous beetal goat of
Pakistan through head girth, neck length, diagonal
body length, belly sprung, shank circumference
and rump height input variables was reported
by Eyduran et al. [22] in the scope of CHAID,
CART, RBF, MLP1, MLP2, MR modelling, the
correlation coefficient (0.8475, 0.8212, 0.8643,
0.8199, 0.8339, 0.8620), AIC (594.16, 619.81,
1172.16, 890.97, -30.12, 582.34), RMSE (4.1569,
4.4687, 3.9398, 4.4860, 4.3267, 3.9731), SD ratio
(0.5308, 0.5706, 0.5030, 0.5727, 0.5522, 0.5072)
respectively. Their estimates were better compared
to the results obtained from the present study. Ali
et al. [14] used different data mining algorithms
in the prediction of BW of Harnai sheep by using
the body measurements such as body length (BL),
withers height (WH), chest girth (CG), paunch
girth (PG), face length (FL), length between ears
(LBE), ear length (EARL), fat tail length (FTL) and
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fat tail width (FTW), respectively. They obtained
R? estimates (83.77, 84.210, 82.644, 81.999),
correlation coefficient (r) between observed and
predicted BW values (0.915, 0.918, 0.909, 0.906),
RMS (1.509, 1.488, 1.560, 1.589), RAE (0.0564,
0.0556, 0.0583, 0.0594), SD ratio (0.403, 0.397,
0.417, 0.423) for CHAID, Exhaustive CHAID,
CART, and ANN algorithms respectively. Their
model selection criteria estimates were better as
compared to the estimates of the current study. The
difference in the results may be due to the wide
variation in ages, ecological conditions, breed,
rearing systems, managerial factors, use of different
body measurements and their interface degrees, and
the statistical tools employed in the study. However,
it is recommended for further investigators that
the predictive performances of the evaluated
data mining methods should be used for different
sheep breeds and studies with a large population,
large number of sheep breeds and efficient factors
in generalization of the results obtained from the
current study.

The main limitation of the study was that the
male Thalli sheep wasn’t considered in the present
research work. For body weight prediction, this
work should be carried out in the future.

4. CONCLUSION

In conclusion, we found that CHAID algorithm is
a best algorithm (R*= 67.38, SD ratio = 0.571 and
RMSE = 1.003) for determining the BW predictions
of Thalli sheep. The most significant predictors
in the model are BL, HL and SPW on BW. The
predicted BW equation of Thalli sheep would be
helpful for researchers, breeders and veterinary
doctors of southern Punjab to determine the body
weight of Thalli sheep. The researchers may also
use these results for comparison purposes and may
be used as a reference for next studies.
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