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Objectives: This study aimed to investigate the association between body weight (BW) and linear body
measurements (LBMs) in indigenous sheep. Additionally, the study sought to establish a predictive model for
BW using the Classification and regression tree (CART) data mining algorithm.

Materials and Methods: A total of 347 ewes were randomly selected for physical measurements. LBMs, i.e.,
height at wither (HW), body length (BL), chest depth (CD), chest girth (CG), rump length (RL), rump height
(RH), pelvic width (PW), shoulder width (SW), head width (HW), head length (HL), cannon bone length (CBL),
cannon bone circumference (CBC), ear length (EL), horn length (HL), tail length (TL), and tail circumference
(TC), were recorded following the recommended FAO descriptors for sheep genetic resources. Statistical
analyses, including descriptive statistics, correlation coefficients, and CART algorithm were employed to assess
the impact of LBMs on sheep BW.

Results and Discussions: The correlation coefficients between LBMs and BW ranged from 0.11 (between RL
and PW) to 0.97 (between HG and BL and between BW and HG). For the training dataset, the model explained
93% of the variance in BW acounted for by the LBMs. The root average squared error was found to be 1.27,
suggesting that, on average, the model’s predictions deviated from the actual BWs by approximately 1.27 units.
The CART analysis identified distinct nodes and partitions based on LBMs, specifically heart girth (HG), body
length (BL), rump height (RH), and shoulder width (SW). The study reveals that BW can be effectively predicted
using different combinations of LBMs.

Conclusion: The findings provide valuable insights for researchers seeking to understand the relationships
between LBMs and BW in sheep. The developed predictive model can aid in estimating BW accurately,
facilitating decision-making in livestock management. Further research should focus on validating these results
using larger datasets and diverse sheep breeds. Additionally, future studies should consider factors such as age,
sex, and breed effects to gain a comprehensive understanding of BW determinants in sheep.
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Abbreviations: BW: Body Weight; LBMs: Linear Body Measurements; HW: Height At Wither; BL: Body Length;
CD: Chest Depth; CG: Chest Girth; RL: Rump Length; RH: Rump Height; PW: Pelvic Width; SW: Shoulder Width;
HdW: Head Width; HdL: Head Length; CbL: Cannon Bone Length; CbC: Cannon Bone Circumference; EL: Ear
Length; HL: Horn Length; TL: Tail Length; TC: Tail Circumference
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Introduction

Ethiopia harbours a diverse population of sheep across various
production systems and agro ecologies [1,2]. Small ruminants play
a significant role in the livelihoods of resource-poor communities
[3,4]. The small ruminant population in Ethiopia has been increasing
due to factors such as population growth, urbanization, and climate
change. This growth, coupled with the rising demand for meat in
domestic and international markets, has elevated the importance of
small ruminants in the country’s livestock sector [3,5]. According [5],
Ethiopia possesses the largest populations of small ruminants (42.9
million sheep and 52.5 million goats) in the world. Almost the entire
population (99.6% and 99.9%) respectively consists of native sheep
and goats, with only a small number of crossbred sheep found mainly
in research stations or their surrounding area. Despite the large size
and wide distribution of sheep in Ethiopia, their productivity remains
relatively low. This can be attributed to various factors, including in-
adequate nutrition, disease prevalence, insufficient breeding strat-
egies, and a limited understanding of the production system. Body
weight (BW) is an important economic trait in livestock production.
Linear body measurements (LBMs) can be utilized by farmers to pre-
dict the BW of their animals. Predicting BW assists farmers in mak-
ing informed decisions regarding breeding, feeding, medication, and
pricing [6]. However, smallholder farmers in rural areas often face
challenges in estimating the BW of their animals due to the lack of
weighing scales, which are expensive to acquire.

Previous efforts to predict BW using multiple linear regression
equations have been limited by poor predictions caused by multicol-
linearity issues [7-9]. To address this problem, some researchers have
employed principal component and factor analyses in multiple linear
regression analysis [9,10]. However, data mining algorithms such as
classification and regression tree (CART) offer more robust and accu-
rate alternatives to traditional methods [6-13]. These non-parametric
algorithms can handle large datasets without requiring any ambigu-
ous parametric structure [14]. They have been successfully used in
predicting BW, growth responses, age, milk yield, nutritional efficien-
cy, energy expenditure, and clinical conditions in livestock [15-19].
However, there is a lack of information on the use CART analytical
technique for BW prediction in Ethiopia. The objectives of the current
study were thus twofold: i. determine the association between BW
and LBMs of indigenous sheep. ii. establish a model to predict BW
from LBMs using the CART data mining algorithm.

Materials and Methods
Description of the Study Area

The study was conducted in three districts (Damote-Sore, Da-
mote-Gale, and Sodo-Zuria) of the Wolaita Zone of Ethiopia. Wolaita
Soddo is located 330 km away from Addis Ababa and is situated at
6.51 - 7.35 N latitude and 37.23 - 38.14 E longitudes. The three dis-
tricts were purposively selected based on sheep population density
(Figure 1).
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Figure 1: Map of the study area.
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Data Collection

A total of 347 ewes (148 from Damote-Sore, 64 from Damote-Gale
and 135 from Sodo-Zuuria) were randomly selected and used for
physical measurements. In livestock, such studies are mainly carried
out on females due to their larger numbers as compared to males
[20-22]. Body weight (BW) and linear body measurements (LBMs)
namely height at whither (HW), body length (BL), chest depth (CD),
chest girth (CG), rump length (RL), rump height (RH), pelvic width
(PW), shoulder width (SW), head width (HW), head length (HL), can-
nonbonelength (CBL), cannonbone circumference (CBC), ear length
(EL), horn length (HL), tail length (TL), and tail circumference (TC)
were recorded following the recommended FAO descriptors for sheep
genetic resources [23]. Measuring tapes and a suspended spring bal-
ance were used to measure the respective LBMs and BW of sheep.

Statistical Data Analysis
For all statistical analyses in this study, JMP 17 Pro [24] was used.
Exploratory Data Analysis

The BW and LBMs were subjected to exploratory data analysis
to get results of descriptive statistics and correlation coefficients. De-
scriptive statistics such as average, standard deviation, standard er-
ror, and coefficient of variation were calculated. Pearson correlation
coefficient was used to estimate the degree of the linear relationship
between BW and LBMs.

Classification and Regression Tree (CART) Analysis

In this study, the impact of LBMs on sheep BW was assessed using
a model based on the CART algorithm [25,26]. CART is a tree-based
model that identifies optimal cut-off values for LBMs that significantly
influence BW. By establishing prediction rules based on the values of
LBMs, CART aims to create homogeneous subgroups, referred to as
“terminal nodes,” by reducing variation in the BW. In CART, the initial
node is known as the “root node,” and continuous LBMs are trans-
formed into categorical variables by applying appropriate cut-off val-
ues. Initially, all observations are placed at the impure or heteroge-
neous root node. The objective is to devise a rule that divides these

Table 1: Descriptive statistics of BW and LBMs (n = 347).

observations and generates binary nodes that are more internally ho-
mogeneous than the root node. The tree-building process continues
until it becomes infeasible, with the maximum tree size reached. To
determine the most effective regression tree with appropriate com-
plexity and fit to the training data, a 10-fold cross-validation with a
one-standard error rule was employed as an error estimation meth-
od, and the corrected Akaike information criterion (AICc) value was
calculated [27]. The model with the lowest root average squared er-
ror, coefficient of variation, and corrected Akaike information criteria
values but the highest R2 values were selected as the optimum. The
Bonferroni method is used to obtain adjusted significance values for
merging and splitting criteria.

Results and Discussion
Exploratory Data Analysis

Descriptive statistics results for BW and LBMs namely height-
at-whither, body length, chest depth, chest girth, rump length, rump
height, pelvic width, shoulder width, head width, head length, cannon
bone length, cannon bone circumference, ear length, horn length, tail
length, and tail circumference are expressed as mean, standard devi-
ation, coefficient of variation, minimum, and maximum in the Table 1
below. The degree of linear association among the LBMs measured by
the Pearson correlation coefficient (r) and their statistical significance
are presented in Table 2. The correlation coefficients varied from 0.11
(between RL and PW) to 0.97 (between HG and BL and between BW
and HG). Among 107 possible pairs of correlations, all pairs of cor-
relations were found significant. Such positive and significant correla-
tion coefficient values have also been reported in sheep by the studies
of [28,29]. BW was positively correlated, with a statistical significance
at p < 0.05, with all the LBM traits. In line with the current study, pre-
vious studies also reported a positive and statistically significant cor-
relation between BW and body length (BL) [26]. Additionally, heart
girth (HG) and BWT were observed to have a statistically significant
correlation by [30]. Positive correlations suggest that selection for a
trait also leads to a correlated response in the other trait, thus provid-
ing a basis for the genetic manipulation and improvement of animals.

Nr. Trait (unit) Label Mean * SE STD Ccv Min. Max.
1 Body weight (kg) BW 25.2+0.3 49 19.3 15 34
2 Heart girth (cm) HG 70.5+0.3 49 6.9 58 78
3 Height at withers (cm) HW 63.3£0.2 3.7 5.8 55 70
4 Body length (cm) BL 63.6+0.2 4.2 6.6 52 70
5 Pelvic width (cm) PW 17.0£0.1 21 12.6 14 22
6 Shoulder width (cm) SW 16.540.1 1.6 9.9 13 20
7 Chest depth (cm) CD 29.7£0.2 43 14.5 3 36
8 Head width (cm) HdW 9.2+0.1 14 14.9 6 12
9 Head length (cm) HdL 18.0£0.1 1.7 9.2 15 21
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10 Cannon bone length (cm) CBL 16.0£0.1 1.2 7.6 13 19
11 Cannon bone circumference (cm) CBC 9.7+0.1 1.7 17.9 6 12
12 Tail length (cm) TL 29.7+0.2 41 13.8 24 38
13 Tail circumference (cm) TC 17.2+0.2 3 17.7 10 24
14 Rump height (cm) RH 65.4+0.2 3.9 5.9 54 72
15 Rump length (cm) RL 19.7+0.4 8 40.4 2 85
16 Ear length (cm) EL 10.5£0.1 0.9 8.2 9 12

Note: SE-standard error of mean; STD-standard deviation; CV- coefficient of variation; Min.- Minimum; Max.-Maximum. The mean body weight was 25.2
kg while for the LBM traits average values were 70.5 cm (HG), 63.3 cm (HW), 63.6 cm (BL), 17.0 cm (PW), 16.5 cm (SW), 29.7 cm (CD), 9.2 cm (HdAW), 18.0
cm (HdL), 16.0 cm (CbL), 9.7 cm (CbC), 29.7 cm (TL), 17.2 cm (TC), 65.4 cm (RH), 19.7 cm (RL), and 10.5 cm (EL) respectively. Rump length varied the most
(CV =404 %) while height at withers (CV = 5.8 %) varied the least. The descriptive statistics results found in this study agree with earlier reports by [28]

and [29].

Table 2: Correlation coefficients and their statistical significance levels among BW and LBMs (n = 347).

Trait BW | HG | HW | BL | PW | SW | cD | Haw | HdL | cbL [cbc | TL | TC | RH | RL | EL
BW 1.00

HG 097 | 1.00

HW 093 | 090 | 1.00

BL 096 | 097 | 091 | 1.00

PW 081 | 079 | 073 | 0.75 | 1.00

sw 088 | 083 | 090 | 083 | 078 | 1.00

cD 060 | 055 | 057 | 055 | 045 | 0.61 | 1.00

HdW 086 | 082 | 091 | 082 | 073 | 092 | 060 | 1.00

HdL 088 | 088 | 084 | 086 | 089 | 082 | 056 | 079 | 1.00

CbL 077 | 072 | 079 | 070 | 065 | 089 | 063 | 086 | 076 | 1.00

CbC 084 | 078 | 090 | 078 | 065 | 090 | 061 | 093 | 072 | 084 | 1.00

TL 084 | 083 | 077 | 081 | 094 | 076 | 050 | 073 | 091 | 0.63 | 063 | 1.00

TC 090 | 0.86 | 088 | 0.83 | 084 | 086 | 060 | 085 | 089 | 081 | 078 | 0.88 | 1.00

RH 096 | 097 | 090 | 096 | 0.80 | 0.84 | 058 | 082 | 088 | 074 | 078 | 0.83 | 087 | 1.00

RL 034 | 030 | 037 | 029 | 011 | 036 | 033 | 035 | 021 | 037 | 039 | 020 | 040 | 031 | 1.00

EL 065 | 0.61 | 066 | 0.60 | 049 | 0.69 | 053 | 072 | 063 | 073 | 062 | 0.54 | 069 | 064 | 035 | 1.00

Note: significant at p<0.05 for all correlation coefficients; Bodyweight (BW); heart girth (HG); height at whither (HW); body length (BL); chest depth (CD);
heart girth (HG); rump length (RL); rump height (RH); pelvic width (PW); shoulder width (SW); head width (HdW); head length (HdL); cannon bone

length (CbL); cannon bone circumference (CbC); ear length (EL); horn length (HL); tail length (TL); and tail circumference (TC).

Classification and Regression Tree (CART) Analysis

LBMs are alternatives which can be used to predict BW mostly in
rural areas where weighing scale is not available [6,31,32]. CART is
the best decision tree technique for recognizing LBMs playing a crit-
ical role in the BW of animals [6,33]. In the current study, CART anal-
ysis was conducted to predict BW based on LBMs.The CART model’s
performance was evaluated on both training and validation datasets
Table 3. The training dataset consisted of 260 observations, and the
regression tree had 8 splits. For the training dataset, the model ex-
plained R2 = 95% of the variance in BW, indicating that 95% of the
variability in BW was accounted for by the LBMs. The logworth val-
ue for the partition was 68.73, indicating a significant relationship

between the predictors and body weight. The root average squared
error (RASE) was found to be 1.04, suggesting that, on average, the
model’s predictions deviated from the actual BWs by approximate-
ly 1.04 units. The corrected Akaike Information Criterion (AICc) val-
ue was 780.59 for the training dataset. In a similar study conducted
by [34], they compared the predictive performance of different data
mining algorithms in predicting the BW of Mengali rams in Pakistan.
They estimated R2 (0.90) which is comparable with the present study.
However, [35] and [36] obtained a lower value of R2 (72% and 85%)
respectively as compared to the current study. Such differences may
be ascribed to wide variations in animal ages, type of breed, manage-
rial conditions, and environmental factors.
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Table 3: CART Model’s Performance.

Number of
RSquare RASE N Splits AICc
Training 0.95 1.04 260 8 780.59
Validation 0.94 1.28 87

The validation partition, comprising 87 observations, yielded an
R2 = 94%, indicating a good fit between the LBMs and BW weight.
The RASE for this partition was 1.28, suggesting a slightly higher av-
erage prediction error compared to the training partition. The CART
diagram (Figure 2) constructed result has 16 Nodes and it provides
a visual representation of the relationships between the LBMs and
BW.The CART analysis identified distinct nodes and partitions based
on different LBMs: heart girth (HG), body length (BL), rump height
(RH), and shoulder width (SW). This result was in agreement with

those reported by several authors [37,38]. These partitions allowed
for the identification of subgroups within the population that exhibit-
ed variations in average BW. The root node (Node 0) represented the
entire dataset, consisting of 260 observations. The mean BW of sheep
in Node 0 was 25.35 kg, with a standard deviation (SD) of 4.80 kg. The
initial partition based on HG resulted in two distinct nodes: Node 1
(HG <72 cm) and Node 2 (HG 2 72 c¢m). Similarly, [13,39,40] reported
that heart girth had the largest influence on the BW of Dorper rams. In
disagreement with the current study, [33] reported that body length
had the highest remarkable role in BW prediction followed by heart
girth. Node 1 had a predicted average BW of 21.15 kg, which was low-
er than that of Node 2 (29.18 kg). Node 1, representing animals with
HG < 72 cm, was further divided based on BL into Node 3 (BL <61 cm)
and Node 4 (BL 2 61 cm). In Node 3 (BL < 61 cm), the average BW was
18.95 kg (SD =1.70).

Mode 0
All Rows
Count 260.00 Logworth Difference
Mean 2535 68.73 8.03
Std Dev 430
Mode 1 | Noqe 2
HG=<72 HG==T72
Count 12400 Logworth Difference Count 13600 Logworth Difference
Mean 21.15 311 440 Mean 29.18 3601 439
Std Dev 268 Std Dev 259
I I
Node3 | | Moded Mode 5 | Made 6 |
BL<&1 BL==61 RH=69 RH==69
Count 62.00 Logworth Difference | Count 62.00 Logworth Difference Count 81.00 Count 5500 Logworth Difference
Mean 18.95 1357 2.89 || Mean 2335 14.1% 215 Mean 2741 Mean 31.80 13.15 223
Std Dev 1.70 Std Dev 133 Std Dev 146 Std Dev 138
Mode 7 ’—‘—‘Nodeﬁ» Mode § ’—‘—ﬂodem Mode 11 | | Mode 12
RH=60 RH==60 BL=64 BL==64 SW=19 SW==19
Count 18.00 (| Count 43.00 Count 37.00 (| Count 2500 Count 2400 Logworth Difference (| Count 31.00 Logworth Difference
Mean 1655 (| Mean 15.84 Mean 2245 || Mean 2464 Mean 30,54 852 144 | Mean 3277 967 1.65
Std Dev 1.03 || Std Dev 1.07 Std Dev 093 (| Std Dev 057 Std Dev 078 Std Dev 0.84
Mode 13 ’—‘—‘ Mode 14 Node15’—‘—‘ Mode 16
EL<12 EL>=12 cD<36 CD>=36
Count 15.00 || Count 9.00 Count 23.00 || Count 8.00
Mean 3000 [| Mean 3144 Mean 3235 || Mean 34.00
Std Dev 0.00 (| Std Dev 0.53 Std Dev 049 | Std Dev 0.00

Note: Body weight (BW); heart girth (HG); body length (BL); rump height (RH); shoulder width (SW); ear length (EL); chest depth (CD).

Figure 2: Regression tree diagram constructed by CART algorithm.

This partition comprised 62 observations. In Node 4(BL = 61 cm),
the average BW increased to 23.35 kg (SD = 1.33 kg). Within the BL
< 61 group (Node 3), a further split was made based on RH. For RH
values < 60 cm (Node 7), there were 19 observations with a mean
body weight of 16.95 kg (SD = 1.03). For RH values = 60 (Node 8),
there were 43 observations with a mean body weight of 19.84 kg (SD
= 1.07).For the BL = 61 cm (Node 4) group, there were 62 observa-
tions with a mean body weight of 23.35 kg (SD = 1.33). Within the BL
2 61 cm (Node 4) group, a further split was made based on BL values.
When BL was < 64 (Node 9), there were 37 observations with a mean
body weight of 22.49 kg (SD = 0.93). For BL values = 64 cm (Node 10),
there were 25 observations with a mean body weight of 24.64 kg (SD

= 0.57). Returning to the initial split, when HG was = 72 cm (Node
2), there were 136 observations with a mean body weight of 29.18
kg (SD = 2.59). Within the HG = 72 cm (Node 2) group, a further split
was made based on RH. For RH values < 69 cm (Node 5), there were
81 observations with a mean body weight of 27.41 kg (SD = 1.46). For
the RH = 69 cm (Node 6) group, a subsequent split was made based
on SW. When SW was < 19 cm (Node 11), there were 24 observations
with a mean body weight of 30.54 kg (SD = 0.78). Within the SW < 19
cm (Node 11) group, a further split was made based on EL. For EL
values < 12 cm (Node 13), there were 15 observations with a mean
body weight of 30 kg (SD = 0). For EL values 2 12 cm (Node 14), there
were 9 observations with a mean body weight of 31.44 kg (SD = 0.53).
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For the SW =19 cm (Node 12) group, a subsequent split was made
based on CD. When CD was < 36 cm (Node 15), there were 23 ob-
servations with a mean body weight of 32.35 kg (SD = 0.49). For CD
values = 36 cm (Node 16), there were 8 observations with a mean
body weight of 34 kg (SD = 0). The CART analysis results demonstrate
the hierarchical structure of the relationship between LBMs and BW
in the sheep population. The identified nodes and partitions provide
a clear understanding of how different LBMs contribute to variations
in BW. The average BW and standard deviation values within each
partition provide insights into the range and dispersion of BW with-
in the identified subgroups. These findings have important implica-
tions for animal management and breeding programs. By considering
LBMs such as HG, BL, RH, and SW, it is possible to predict the BW of
animals and identify specific subgroups with different BW character-
istics. This information can be utilized to optimize feeding strategies,
monitor growth patterns, and identify potential outliers or sheep
with exceptional BW.

Variable Importance

The importance of each EV in predicting the BW of sheep is pre-
sented in descending order in Table 4. The table shows the number of
splits associated with each trait, their respective sum of squares (SS),
and the contribution of contributions to the model.The results indi-
cate that heart girth (HG) has the highest importance in predicting
BW, as it accounts for approximately 75% of the overall contribution
in the regression tree model. Body length (BL) is the second most im-
portant predictor, with a contribution of approximately 12% to the
overall prediction of BW. Rump height (RH) follows in importance,
by accounting for approximately 11% of the contribution in the re-
gression tree model. Shoulder width (SW) demonstrates a relatively
lower importance compared to the other predictors. It contributes
approximately 1% to the overall prediction of body weight. The re-
maining predictor variables (i.e., HW, PW, CD, HdW, HdL, CL, CC, TL,
TC, RL, and EL) do not contribute to the prediction of BW, as they have
zero contribution values. These findings suggest that heart girth (HG),
body length (BL), and rump height (RH) are the most important LBM
traits for predicting BW in the studied sheep population. Researchers
should focus on these traits when assessing the relationship between
LBMs and BW. In agreement with the current study, [35] specified the
CART algorithm to predict BW from chest girth and height at withers
atyearling age in the indigenous sheep breeds of Pakistan.

Table 4: Linear body measurements important in predicting body

weight.

Trait Nr of Splits SS Portion
HG 1 4182.95 0.74
RH 2 7421 0.13
BL 2 670.23 0.12
SW 1 67.42 0.01
CD 1 16.2 0
EL 1 11.74 0

Others 0 0 0

Note: Others = HW, PW, CD, HdW, HdL, CL, CC, TL, TC, RL, and EL.

Terminal Leaf Report

Table 5 The terminal leaf report provides information about the
mean body weight and the count of observations for each terminal
leaf node of the regression tree. The terminal leaf labels are based on
the conditions for chest girth (CG). The terminal leaf report provides
information on the mean BW and the number of observations within
each terminal leaf of the regression tree. The report revealed nine dis-
tinct terminal leaves in the CART (Nodes 5, 7, 8,9, 10, 13, 14, 15, and
16), representing different combinations of LBMs. Each terminal leaf
is identified by the condition that categorizes the observations falling
within it. In leaf 1, individuals with HG < 72, BL < 61, and RH < 60 had
an average body weight of 17 kg. While in leaf 2, individuals with HG <
72,BL < 61, and RH = 60 had an average body weight of 20 kg. In leaf
3, individuals with HG < 72, BL 2 61, and BL < 64 had an average body
weight of 22 kg. While in leaf 4, individuals with HG < 72, BL 2 61, and
BL = 64 had an average body weight of 25 kg. In leaf 5, individuals
with HG 2 72 and RH < 69 had an average body weight of 27 kg; while
in leaf 6, individuals with HG = 72, RH = to 69, SW < 19, and EL < than
12 had an average body weight of 30 kg. In leaf 7, individuals with HG
>72,RH=269,SW <19, and EL 2 12 had an average body weight of 31
kg; while in leaf 8, individuals with HG = 72, RH = 69, SW 2, and CD <
36 had an average body weight of 32 kg. Finally, in leaf 9, individuals
with HG = 72, RH = 69, SW = 19, and CD = 36 had the highest average
body weight of 34 kg. These findings demonstrate the specific combi-
nations of LBM traits that are associated with varying body weights.
The regression tree analysis provides a comprehensive understand-
ing of the relationships between these predictors and body weight,
shedding light on the significant influence of particular LBM traits on
weight variations [41-43].
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Table 5: Terminal leaf report with mean body weight and count.

Leaf Label Mean Count
HG<72&BL<61&RH<60 16.95 19
HG<72&BL<61&RH>=60 19.84 43
HG<72&BL>=61&BL<64 22.49 37
HG<72&BL>=61&BL>=64 24.64 25
HG>=72&RH<69 27.41 81

HG>=72&RH>=69&SW<19&EL<12 30 15

HG>=72&RH>=69&SW<19&EL>=12 31.44 9
HG>=72&RH>=69&SW>=19&CD<36 32.35 23
HG>=72&RH>=69&SW>=19&CD>=36 34 8

Conclusion

The current study used Pearson correlation coefficient to deter-
mine the association between body weight (BW) and LBMs of sheep
with the use of CART algorithms to identify LBMs that can be used to
estimate BW. Results of the correlation analysis indicated that there
is a relationship between BW and LBMs in the studied sheep popu-
lation. BW was significantly correlated with all LBM traits (p < 0.05).
The CART analysis indicated that BW can be effectively predicted us-
ing a combination of LBMs. The predictors including heart girth (HG),
body length (BL), rump height (RH), and shoulder width (SW) exhib-
ited varying levels of contribution to the model. HG was the most im-
portant predictor, followed by BL and RH, while SW contributed rela-
tively less to the model. The current study will help resource-limited
farmers, researchers, and extension officers in determining the feed
amount, drug dose, and market price of an animal and in improving
the profitability of animal farms. It is recommended that the predic-
tion of BW using LBMs, especially at rural areas might save farmers
expenses for scales and help in decision-making for breeding purpos-
es. However, further research and validation using larger datasets and
diverse sheep breeds are recommended to confirm the generalizabil-
ity of these findings. Additionally, other factors such as age, sex, and
breed effects were not considered in this analysis, and their potential
influence on BW should be explored in future.
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