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Abstract

This study evaluated how limiting the amount of food that chickens could consume
influenced their growth rates, immune system responses, and body mass estimates. Eighty
chickens were started at 1 day old and raised for 56 days. All of the chickens were grouped
into four different groups. On days 21-35, each chicken from groups A, B, and C had
unlimited access to food during either six (Group A), twelve (Group B), or twenty-four
(Group C) hours a day. Each chicken in Group D was fed unrestricted as the control.
Limitations on feeding resulted in significant alterations to several haematologic
parameters (p < .01); these changes included a decrease in white blood cell count in
chickens that experienced severe levels of stress; an increase in the ratio of heterophils to
lymphocytes; and a decrease in serum titer antibodies against Newcastle disease virus
compared to those in the control group. Significant reductions in weight of lymphoid
tissues (the bursa of Fabricius, thymus, spleen) and an elevation in mortality rate (p <.05)
in chickens that consumed limited amounts of feed were also found. Mortality rates were
especially high in chickens from all of the restricted feed groups after they were
challenged by exposure to Newcastle disease virus. Machine learning models were
created to estimate body mass based on an expanded set of physiological variables.
Limitation of feed significantly impairs broiler immune systems and growth. Regression
models, including ridge regression, XGBoost regression model, and gradient boosting
model, provided the best accuracy (R2 > 0.92) when used to estimate body weight under
conditions of stress. Deep neural networks and lasso regression models provided poor
accuracy. These models provide a reliable method to assess poultry production under
conditions of feed limitations.
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1. Introduction

The majority of the world's population
depends on poultry, particularly broiler
chickens, for their protein intake, as they
have been genetically engineered to grow
quickly and be fed efficiently (Gawet et al.,
2022; R Mohammadalipour et al., 2017).
However, due to logistical issues including
delays in delivering food to them due to
transportation, hatchery processing, and
delivery to farms, broilers are often
deprived of feed for 6 to 48 hours after
hatching (Abou-Elnaga & Selim, 2018;
Shinde Tamboli et al., 2018). As the initial
days after hatching represent an important
developmental stage; however, the
middle-growth phase (days 21 through 35)
represents a critical period for rapid
metabolic needs and somatic development.
During this time frame, even minor
changes in environment and nutrition can
dramatically affect how the bird develops
physiologically (Bortoluzzi et al., 2013).
Feed restrictions applied at this time will
reduce the amount of energy the chicken
has available to use for both maintaining
itself and developing its muscles and
immune system  while it grows
("Evaluation of different changes in
diurnal feed restriction for broilers," 2021;
Kouki et al., 2016). Even though there are
some reports that indicate that the
application of short term physical
restriction could potentially cause the birds
to exhibit compensatory growth patterns in
later stages of life, if the birds are subjected
to prolonged or extreme levels of nutrient
deprivation throughout this 21 to 35 day
phase, the birds will likely experience long
term depression in total body weight gain
and irreversible damage to their immune
organs which would make them highly
vulnerable to disease causing pathogens
(Bortoluzzi et al., 2013; Saber et al., 2011).

Early feed restriction has an impact on
the animals' health and also the long-term
health of the business. The effects of
extended feed restriction can be
detrimental to many physiological
systems, such as growth, body weight,

gastrointestinal function, and
musculoskeletal development (Jawad,
2023). Early post-hatch feed restriction
(first 36 hours) causes changes in
enterocyte populations, hampers gut
morphological development, and damages
the intestinal barrier function (Hollemans
etal., 2018; Jacobs et al., 2016; Kang et al.,
2018). Starvation has been shown to
increase the colonization and maturation
of lymphoid tissue; particularly, the bursa
of Fabricius plays a critical role in the
development of B and T cells in avian
species (Madej et al., 2024). Early onset of
malnutrition  results  in impaired
immunocompetence, reduced potential
weight gains (p < 0.05), increased disease
vulnerability, and elevated death rates
during extended periods of refeeding (Liu
etal., 2020; Panda et al., 2015; Selim et al.,
2021; Wijnen et al., 2021).

Newcastle Disease Virus (NDV)
presents a significant risk to global poultry
producers through respiratory diseases,
suppression of immunity, and loss of profit
(Oviedo-Rondon et al., 2013). It is
common practice in poultry to administer
live NDV vaccines at an early age in the
chicks' lives. However, the efficacy of
these vaccinations depends upon proper
development of the immune system (Al-
Abdullatif et al., 2024). Poultry that have
limited nutrition will most likely not
develop a proper response when
administered antibodies or cells; therefore,
they may be more susceptible to disease
while in the field (Gholami et al., 2020).

A subset of Data Science, "Machine
Learning," is an area where computers can
use the information provided by large
databases to learn and forecast events
based upon this information. As a result,
machine learning methods improve
predictive capabilities through adaptation
to new data. Traditional statistical
approaches will be valuable; however,
these traditional statistical approaches do
not perform well when there are numerous
complex relationships or many individuals
are upset about one particular event.
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Therefore, we must research whether
machine learning provides a viable
alternative, since machine learning has
been successful in predicting various
outcomes, particularly those associated
with  large, complicated databases.
Machine learning (ML) is an effective way
to analyze multivariate data to develop
predictions related to complex biological
features. Furthermore, machine learning
models can identify non-linear
associations and interactions within
physiologic measures that can help
determine how stress affects development
(Kuhle et al., 2018). Recent studies in
poultry science have demonstrated that
machine learning models can be used to
determine the amount of weight in birds;
the probability of disease in birds; and the
efficiency of production in poultry using
data obtained from the bird's blood
samples and its management history.
However, very little research has
investigated using machine learning to
predict the body weight of broilers under
conditions of feed restriction stress, and
even less research has assessed the
performance of such models using data
sets that were not part of the original
training set to evaluate model bias due to
overfitting at smaller sample sizes. (Ghosh
etal., 2021; Pirompud et al., 2024).

The objective of this study was to
comprehensively evaluate the influence of
feed deprivation durations (6, 12, and 24
hours daily during the critical period days
21-35) on the growth performance,
immune response to NDV vaccination,
hematological  parameters, lymphoid
organs, and mortality rate in broiler chicks.
Develop and compare traditional (Linear,
Ridge, Lasso Regression), ensemble
(Random Forest, Gradient Boosting,
XGBoost, AdaBoost, Decision Tree), and
deep learning (DNN) regression models
for predicting body weight from
physiological and management variables
using an augmented dataset, with rigorous
evaluation on held-out test data.

2. Materials and Methods

2.1 Ethical Statement

All experimental procedures were
approved by the Institutional Bioethics
Committee at Government College
University, Lahore, Pakistan. All methods
followed institutional and national
guidelines for humane animal treatment
and care.

2.2 Broiler
Rearing
One-day-old broiler chicks of uniform
weight (40-45 g) and feed were obtained
from M/S Sabir's Poultry Breeders and
transferred to the Zoology Department,
GC University Lahore, Pakistan. The
chicks were reared at 35 °C in an artificial
brooder (1 sq ft/chick). A total of 80 chicks
were randomly assigned to four groups (A,
B, C, D), with 20 chicks per group. The
vaccination schedule was as follows: day
7, Infectious Bursal Disease (IBD)
vaccine; day 14, Newcastle Disease (ND)
vaccine and Infectious Bronchitis (IB)
vaccine; day 21, Hydropericardium
Syndrome (HPS) vaccine (Table 1).
Chicks had ad libitum access to a standard
broiler finisher diet and water except
during designated feed restriction periods.

Chicks Purchase and

Table 1. The vaccination schedule of
broiler chicks.

Age  Vaccine Route

(d)

7 IBD Drinking
water

14 IB/ND Eye drops

21 HPS SIC
inoculation
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Table 2. Schedule of feed deprivation and NDV vaccination of broiler chicks.

Treatment No.of Age(d) GroupA GroupB GroupC GroupD
birds

NDV All 5 and + + + +

Vaccination birds 21

Feed deprivation 20 21t0 35 + - - -

6:00 a.m.—12:00

p.m.

Feed deprivation 20 21t0 35 - + - -

6:00 p.m.—6:00

a.m.

Feed deprivation 20 21t0 35 - - + -

6:00 p.m.—6:00

a.m.

Feed provided ad 20 21t0 35 - - - +

libitum

50% birds (NDV 50% 21t035 + + + -

inoculated) chicks

2.3 Influence of Feed Deprivation on
Broiler Chicks

On the 21st day of age, the chicks were
randomly assigned to four groups. Group
(A) was 6 h (6 a.m. to 12 p.m.), group (B)
for 12 h (6 a.m. to 6 p.m.), group (C) for
24 h (6 am. to 6 a.m.), and the control
group (D) was given feed ad libitum (Table
2). Water was available ad libitum to all
groups throughout the experimental
period. The body weight and feed intake of
stressed birds were recorded weekly and
compared with those of the control group.
The feed conversion ratio was calculated
by equation (1) (Dosu et al., 2023; Wang
et al., 2020). Here, a means average
consumed feed (g), and a represents the
average increase in weight (g).

2.4 Hematological Assessment

The virulent NDV was used to
inoculate 50% of the chicks in the
experimental group on the 36th day. Blood
samples were collected on the 37th day
from non-inoculated and inoculated chicks
for several parameters, such as Differential
Leukocyte Count (DLC), including
Heterophil/lymphocyte ratio, and Total
Leukocyte Count (TLC) (Thiam et al.,
2022). The Heterophil-to-Lymphocyte

Ratio (H/L) was calculated by Eg. 2
(Farghly et al., 2019).

2.5 Serum Analysis for NDV Antibody

NDV Hemagglutination inhibition
(HI) antibody titers were measured on the
56th day post-infection using a standard
protocol (Abdi et al., 2016). The serum
sample was serially diluted in PBS buffer;
4 HA units of ND virus were added to each
dilution. 0.5% Chicks CRBC suspension
was added, and the test plates were re-
incubated at room temperature for 20-30
min. HI titers were expressed as the
reciprocal of the highest serum dilution
inhibiting hemagglutination. Geometric
Mean Titers (GMT) were calculated for
each group (Abdi et al., 2016).

2.6 Morphometry of the Lymphoid

Organs
At the 50th day of age, 5 birds were
randomly  selected and  humanely

euthanized. The lymphoid organs (thymus,
spleen, and bursa of Fabricius) were
aseptically removed, examined for
pathological lesions, and weighed (Islam
et al., 2023). On day 56 of age, all
remaining  birds in each group
(approximately 15 per group after losses)
were euthanized. Lymphoid organs were
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collected, weighed, and examined. Organ
weights were recorded and expressed as
absolute weight (g) and relative weight (%
of body weight).

2.7 Hypersensitivity Reaction (Delayed-

type) _
On day 56, cellular immune response

was assessed via delayed-type
hypersensitivity reaction using
phytohemagglutinin-P  (PHA-P).  Pre-

injection wattle thickness (left wattle,
measured <1 mm) was recorded using a
digital caliper. Each bird received an
intradermal injection of 100 puL of PHA-P
solution (2 mg/mL in sterile PBS) into the
left wattle. Post-injection wattle thickness
was measured at 24 hours using the same
caliper. DTH response was expressed as
the difference between post- and pre-
injection measurements (in mm) (Yadav et
al., 2021).

2.8 Machine Learning Modeling

This research focused on finding the
impact of varying feed restrictions on
animal physiology. The feed restriction
durations are 0, 6, 12, and 24 hours, and
the goal is to predict the animal's body
weight. Some major parameters being
assessed are weights, blood profiles,
immune responses, and mortality rates,
and body weight in grams (g) is used as the
target prediction.

Hence, the initial sample size was
small; to overcome this, the synthetic
minority oversampling technique
(SMOTE) was used. To increase model
robustness, Gaussian noise with a level of
0.02 is added to numerical features
(Saglam & Cengiz, 2022). To increase the
dataset size by twofold, bootstrap
resampling is used, and for data
normalization, the RobustScaler method is
used (Ahsan et al., 2021).

A variety of machine learning models
were used to predict body weight,
including Linear, Ridge, and Lasso
Regression, as well as Decision Tree,
Random Forest, Gradient Boosting,
AdaBoost, XGBoost Regressors, and a

Deep Neural Network (DNN) (Bansal et
al.,, 2022). The Deep Neural Network
(DNN) architecture consists of three
layers: an input layer with 64 neurons
employing ReLU activation, a hidden
layer with 32 neurons employing ReLU
activation, and an output layer with a
single neuron (Singh et al., 2023). A
dropout rate of 0.2 was used to reduce
overfitting, and the model was compiled
with the Adam optimizer and mean
squared error as the loss function (Anh et
al., 2023). Early stopping was
implemented after 10 epochs, allowing the
model to revert to the best weights based
on the lowest validation loss (Razali et al.,
2025). Models were evaluated using
metrics such as R-squared (R%), Mean
Absolute Error (MAE), Root Mean
Squared Error (RMSE), Mean Absolute
Percentage Error (MAPE), Explained
Variance Score (EVS), and Accuracy. The
models were trained on the augmented,
scaled dataset, and the predictions were
compared with the actual body weight
measurements (Pal & Dutta, 2024).

2.9 Analysis of Experimental Data
Biological data were analyzed using
SPSS Statistics v27 (IBM Corp., Armonk,
NY, USA). Differences among treatment
groups were compared using a one-way
ANOVA followed by Tukey's post hoc
test. Effect sizes for the ANOVA were
determined using partial eta-squared, and
95% confidence intervals (Cls) were
generated for mean differences. All results
are expressed as mean * standard deviation
(SD). Differences among treatment groups
(A, B, C, D) were compared using a one-
way ANOVA followed by Tukey's honest
significant difference (HSD) post hoc test
for pairwise comparisons. Significance
was set at P < 0.05 throughout (Ogbu,
2020).  Machine  learning  model
performance was evaluated on the test set
using Python (v3.10) with scikit-learn and
TensorFlow libraries; no statistical
significance testing was performed on ML
metrics (R2, MAE, etc.), as these represent



UCP Journal of Science and Technology

@)

OGroup A OGroup B

25 'I'

OGroup C

OGroup D (Cc_}r:trol)

(b)

70
o Group A

i

OGroup B

60

50

40

30

Total Values (%)

20

DGroup C OGroup D (Control)

Total Leukocyte F phile %
Count 103/mm

Figure 1. FCR of broiler chicks of feed restriction, Stressed and unstressed Groups in different Weeks
(a). Heterophil to Lymphocyte Ratio (b) and comparison of Total Leukocyte count (TLC) Stressed and
Unstressed Broiler Groups (c).

deterministic predictions on a fixed test
set.

3. Results and Discussion

This research aimed to determine the
extent to which feed restriction-induced
stress was responsible for humoral and
cellular immune responses and growth
performance in broiler chicks. The primary
purpose of this research was to investigate
the influence of these stressors on the
humoral and cellular immune responses of
chicks in response to NDV vaccination.

3.1 Feed Restriction Effects on Feed

Conversion Ratio of Broiler Chicks
Feed conversion ratios were recorded

before and after stress in all groups. The

FCR values recorded at the 4th, 5th, 6th,
7th, and 8th week of all groups as group A
(2.25, 2.42, 2.65, 2.9, and 2.4), B (1.9,
2.33,2.58, 2.8 and 2.25), C (1.7, 1.9, 2.3,
2.5and 2.00) and D (2.43, 2.16, 2.82, 2.94
and 2.54). During the active stress period
(weeks 4 to 6), the feed conversion ratio
(FCR) of the restricted groups (A, B, and
C) was generally lower (i.e., more
efficient) than that of the control group
(D), reflecting a compensatory metabolic
adaptation to limited feed availability.
However, during the post-restriction and
viral challenge phase (week 8), FCR
values fluctuated; group A exhibited an
increased FCR compared to the unstressed
control. Overall, the data indicate that
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while short-term restriction may lower
FCR, severe restriction followed by
immune challenge disrupts this efficiency
(Figure 1a). These results agree with the
study that reported feeding groups had a
lower feed conversion ratio than the
control group fed ad libitum (Lu et al.,
2022). The present study found that FCR
values decreased in feed-restricted groups
compared with the control group and
concluded that feed restriction did not
affect FCR in stressed chicks.

3.2 Feed Restriction Effects on
Hematological Values of Broiler Chicks

Hematological profiling revealed a
non-linear relationship between feed
restriction severity and hematological
parameters. In Group A (6 h restriction),
standard stress responses were observed,
marked by a significant decrease in
lymphocytes (32.30 £ 1.15%) and an
elevated H/L ratio (1.84 + 0.29) compared
to the control. Conversely, in the more
severely restricted groups B (12 h) and C
(24 h), Ilymphocyte  percentages
unexpectedly increased (39.8 + 0.2% and
37.33 £ 1.33%, respectively), resulting in
lower H/L ratios (1.37 £ 0.38 and 1.49 +
0.26). This suggests that severe feed
deprivation may  trigger  different
hematological survival mechanisms than
mild restriction. These findings contrast
with typical stress models, which typically
report an enhanced H/L ratio under feed
restriction. Basophil counts were 0.9 + 0.2,
0.5+0.2,0.7+£0.1, and 1.2 £ 0.057; these
results showed that basophils decreased in
all sets compared with the control group.
The count of Eosinophils was 1.30 + 0.3,
0.9 + 0.0577, 1.62 + 0.12, and 2 + 0.5; a
significant difference was observed in all
groups. Similarly, Monocyte percentages
were recorded at 6.99 + 0.51, 0.82 %
0.2886, 6.91 + 0.36, and 07.00 = 1,
respectively, and H/L Ratio (Heterophile
and Lymphocyte) was observed as 1.84 £
0.29, 1.37 £ 0.38, 1.49 £ 0.26, and 1.80 +
0.46, respectively. Similar values of
monocytes, 6.99 + 0.51, 6.91 + 0.36, and

07.00 * 1, were observed in all
experimental groups A, C, and D. There
was no significant difference, but it was
lower in group B by 6.82 + 0.29. The
values of eosinophils were lessened in all
experimental sets compared to set D
(control). The H/L Ratio was observed to
be greater in Group A (1.84 = 0.29), while
decreased in Group B (1.37 £+ 0.38) and C
(1.49 £ 0.26) than in control Group D (1.80
+ 0.46), which showed the impact of feed
restriction as a stress factor on the broiler
chicks (Figure 1b). A similar report
showed that the H/L ratio was significantly
higher on the 42nd day in feed-restricted
groups than in the control group D (Kalia
etal., 2017). The present study agrees with
the study who reported earlier that H/L was
significantly decreased by feed restriction
in broiler chicks (Bhadauria & Bhanja,
2017).

3.3 Feed Restriction Effects on Humoral
Immune Response

At the 36th day of age, GMT was
recorded for all NDV-vaccinated groups
AB,C,andDas75+05,7+1.00,6.2+
0.26, and 8.5 + 1.26, respectively. These
values showed that GMT was significantly
(p<0.01) higher in group D (control)
nourished ad libitum during the
experimental tenure than in all other
groups.

At the 56th day, GMT was again
recorded in all groups after the viral
challenge. GMT values recorded for all
groups A, B, C, and D were 5.6 + 0.1, 5.8
+ 0.26, 543 £ 0.38, and 8.75 + 0.25,
respectively.  GMT  values  were
significantly lower (p<0.01) in all stressed
and virus-inoculated sets than in group D
(control). A significant difference (p<0.01)
in GMT values was observed before virus
injection and post-challenge in all groups
compared with the control group (Figure
2a). The current research indicated that
feed restriction influenced the cellular
response of broiler chicks. A higher
thickness was observed in Group D. These
findings were consistent with those
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showing that feed restriction significantly
reduces the cellular response in broiler
chicks (Jang et al., 2009; Orso et al., 2019).

3.4 Feed Restriction Effects on the
Cellular Immune Response of Broiler
Chicks

The wattle width recorded before
injection of PHA-P in all Groups, as Group
A (1.37+£0.11),B (0.92 £ 0.02), C (1.33 =
0.03), and D (1.71 + 0.19), showed a
significant sharp difference between the
control set D and all experimental sets A,
B, and C. The cellular immune response
was recorded at the 56th day of age; post-
PHA-P injection thickness of the wattle
was measured (centimeter) in groups A
(1.77 £ 0.27), B (1.35 £ 0.15), C (1.61
0.09), and D (1.93 £ 0.07). Their
differences were indicated. A significant
difference (p<0.01) in the thickness of
Wattle pre- and post-PHA-P injection was
observed (Figure 2b).

3.5 Feed Restriction Effects on the
Overall Mortality

All the chicks were NDV-vaccinated
and exposed to the restricted feed stress
factor. Mortality was significantly higher
(p<0.05) in the feed-restricted groups than
in the control group D, peaking sharply
post-NDV challenge (Figure 3a). These
data indicate that while the chicks could
barely survive the metabolic stress of
starvation, the compounded stress of a live

viral challenge overwhelmed their already
depleted physiological reserves, leading to
systemic failure. A high metabolic rate
during fasting increased the mortality rate
of Dbroiler chicks (Sahraei, 2014).
However, feed restriction did not affect
mortality in  broiler  chicks (R.
Mohammadalipour et al., 2017).

3.6 Feed Restriction Effects on the
Lymphoid Organs of Broiler Chicks

Feed deprivation effects were observed
in lymphoid organs, which consist of the
spleen, the bursa of Fabricius, and the
thymus of broiler chicks, with the help of
morphometry. The morphometric values
have been recorded. The mean weight of
the spleen in different stressed groups A,
B, C, and unstressed group D was noted at
1.85+0.1, 1.61 £ 0.03, 1.33 + 0.03, and
2.90 + 0.1, respectively. The mean weight
of the spleen in group D (2.90 £ 0.1 g) was
significantly  greater than in the
experimental groups (p < 0.01, n* = 0.65,
95% CI [2.50, 3.30]) (Figure 3b). These
results are consistent with those of
Hangalapura et al. (2005), who reported
that the masses of the bursa and spleen
were notably lower in feed-restricted
broiler chicks.

The mean weight value of the Bursa of
Fabricius in Group A was 1.63 + 0.13,
Group B 1.13 £ 0.02, Group C 0.72 £ 0.07,
and Group D 1.92 + 0.07 was observed at
56th day of age. The mean bursa weight
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was significantly lower in all feed-
restricted groups (A, B, and C) compared
with the control group fed ad libitum
(Figure 3b). These outcomes are in total
agreement with Azis and Afriani (2023),
who documented a reduction in the
weights of the spleen and Fabricius bursa
in feed-restricted broiler chick groups. The
lymphoid organs (bursa of Fabricius,
spleen, and thymus) are considered vital
organs for producing B and T
lymphocytes. These lymphoid organs
weighed less due to feed restriction than in
the control group (Rahimi et al., 2015).

The mean weight value of the thymus
gland in Group A (feed restricted for 6
hours), B (feed restricted for 12 hours), C
(feed restricted for 24 hours), and D (feed
offered ad libitum) is 4.68 + 0.34, 2.75 +
0.25, 2.04 £ 0.09, and 6.78 * 0.28,
respectively. All feed-restricted groups
showed significantly lower thymus
weights than the control group D fed ad
libitum (Figure 3b) (Ahmadibonakdar et
al., 2024).

3.7 Machine Learning Modeling
XGBoost and Gradient Boosting
yielded the best results among all models
tested, followed closely by Ridge
Regression. XGBoost was able to achieve
an Rz of 0.9412, an RMSE of 55.40 g, and
an MAE of 42.10 g. Therefore, it appears

that tree-based ensembles and Ridge
regression were able to successfully
reduce multicollinearity in the data but
retain all of the original predictors. Ridge
regression has shown itself to be very
robust when wused on a properly
preprocessed and augmented version of
the full dataset (Arkorful, 2023; Mubasher
et al., 2024).

Gradient boosting, random forest,
AdaBoost, and XGBoost have been
demonstrated to be extremely effective at
predicting physiological responses to feed
restriction. All four of these algorithms
were found to produce R? values greater
than .9 with biologically meaningful error
rates. All four of these algorithms are well
known for being capable of modeling a
wide variety of nonlinear relationships
between features. Because of the large
amount of data augmentation, the
algorithms were able to learn a great deal
about the relationships between the
predictors and the response variable. And
because the data were kept separate during
training and testing, there was no
opportunity for data leakage. Compared to
ridge regression and the four tree-based
ensemble models, linear regression had a
significantly lower R2? value (.8215).
Although this may indicate that linear



UCP Journal of Science and Technology

Table 3. Performance metrics of machine learning models for body weight prediction.

Algorithm R2 MAE RMS MAP Explained Accuracy
(9) E(@ E Variance (x10%)

Linear 0.821 85.60 1084 0.052 0.8220 0.84
Regression 5 0 0
Ridge 0.924 48.30 6250 0.031 0.9245 0.94
Regression 1 0
Lasso 0.785 95.20 1195 0.061 0.7865 0.81
Regression 0 0 0
Decision Tree 0.852 7240 9530 0.048 0.8525 0.87

0 0
Random Forest  0.930 45.60 59.20 0.029 0.9310 0.95

5 0
Gradient 0.938 4350 56.80 0.028 0.9390 0.95
Boosting 8 0
AdaBoost 0915 51.20 65.70 0.033 0.9155 0.92

0 0
XGBoost 0.941 4210 5540 0.027 0.9415 0.96

2 0
Deep Neural 0.452 1854 2456 0.125 0.4600 0.55
Network 0 0 0 0

Regression can pick up on certain basic
patterns within the data; the much higher
error rates associated with linear
regression demonstrate that this type of

model will fail miserably when
attempting to predict complex nonlinear
biological relationships (Abbas et al.,
2024; Ahmad et al., 2022).

Lasso regression performed poorly
compared to the other three models tested.
An Rz of .7850 was calculated for lasso
regression.  This  represents  poor
generalizability. It is generally accepted
that lasso performs poorly when there are
multiple collinear or redundant features in
a dataset. Additionally, if there are too
many samples available and/or if there are
too many important features facing
penalties, then lasso will likely remove
important features (Ma et al., 2022;
Schmidiger, 2017).

Deep neural networks have performed
the worst among all of the models tested.
Deep neural networks have generated an
R2 of .4520, an MAE of 185.40 g, and an
RMSE of 245.60 g. The lower quality
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results from using deep neural networks
are attributed to both overfitting and a lack
of sufficient training data. Overfitting
occurs when the model is trained too long
or on too little data. Both issues are
common problems when using deep
learning models on small datasets. This
illustrates the importance of choosing
models that are appropriately sized and
suited for use on datasets that contain
limited amounts of  information
(Goodfellow et al., 2016; Guo et al., 2022).
Table 3 shows the performance results
for all the machine learning models tested.
Table 3 demonstrates that different levels
of accuracy exist across the models tested,
and that some models have provided
exceptional results when they were applied
to the properly separated dataset.
XGBoost has demonstrated
exceptional performance, producing an R?
of .9412 and having very low error rates
(MAE: 42.10 g, RMSE: 55.40 g, and
MAPE: 0.0270) that reflect excellent
predictive capabilities (Mustafa et al.,
2025). Likewise, gradient boosting,
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random forest, adaboost, and ridge
regression also performed exceptionally
well, each obtaining R? values > .91 and
small error metrics that indicated very
good predictive abilities on unknown data.
A moderate level of acceptable
performance was obtained by linear
regression (R? = .8215). However, lasso
regression was found to be less successful
than the other three models tested; an R? of
.7850 was reported. This suggests that
lasso regression did not generalize well
due to extreme regularization. As
expected, the deep neural network yielded
poor results; an extremely low R2 (.4520)
and notably high MAE (185.40 g) and
RMSE (245.60 g) wvalues indicate
overfitting and inefficient training in
relation to the small dataset (Table 3).

The strong performance of most
models (especially XGBoost, Gradient
Boosting, AdaBoost  and Ridge
Regression) implies that the augmented
data sufficiently captured the critical
relationships between feed restriction and
physiological traits that affect body weight
prediction. On the contrary, DNNs' poor
performance clearly demonstrates the
difficulties involved in using deep neural
networks with small datasets despite using
data augmentation. The results presented
here illustrate that ensemble methods like
Gradient Boosting and XGBoost would be
ideal candidates for this biological
prediction task.

4. Conclusion

Feed restriction, as a stress factor,
adversely affected both cellular and
humoral immune responses to Newcastle
disease  virus. Most hematological
parameters decreased in the stressed
groups compared with the unstressed
group. Antibody titers were lowered in all
experimental groups, making chicks
susceptible to Newcastle disease virus.
Ensemble models such as Gradient
Boosting and XGBoost achieved high
accuracy in predicting body weight under
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these stress conditions (R2 > 0.93), with
Ridge Regression also demonstrating
strong predictive capability (R? = 0.9241).
In contrast, the Deep Neural Network and
Lasso Regression performed poorly,
highlighting the limitations of complex or
overly regularized models on small,
augmented datasets. Furthermore, the
lymphoid organs showed less growth in all
experimental groups than in the control
group. A high mortality rate was observed

in stressed groups. Similarly, feed
conversion efficiency was disrupted
during the restriction and challenge

phases. Ultimately, severe mid-growth
feed restriction severely stunted broiler
body weight and compromised immunity,
effects that can be reliably forecasted using
properly validated ensemble machine
learning models.

Financial Support Statement

This study was supported by the Basic
Research Laboratory (No. RS-2023-
00219983) through the National Research
Foundation (NRF) of the Ministry of
Education, Science, and Technology
(MEST) of the South Korean government.

References

Abbas, F., Cai, Z., Shoaib, M., Igbal, J.,
Ismail, M., Ullah, A., Alrefaei, A. F., &
Albeshr, M. F. (2024). Ensemble
machine learning  algorithms  for
prediction and classification of animal
body weight from non-intrusive
parameters. Scientific Reports, 14(1),
5478.

Abdi, R. D., Amsalu, K., Merera, O.,
Asfaw, Y., Gelaye, E., Yami, M., & Sori,
T. (2016). Serological survey of
Newcastle disease virus antibodies in
village  chickens  (Gallus gallus
domesticus) in Ethiopia. Poultry Science
Journal, 4(1), 29-36.

Abou-Elnaga, M., & Selim, S. (2018).
Influence of early feeding with different
diet composition on performance and
immune response of broiler chicks.



UCP Journal of Science and Technology

Journal of Animal & Poultry Production,
9(3), 119-126.

Ahmad, M., Al-Mansob, R. A,
Kashyzadeh, K. R., Keawsawasvong, S.,
Sabri, M. M. S., Jamil, 1., & Algannam,
M. M. (2022). Prediction of California
bearing ratio of construction waste
containing soils using multi-expression
programming. Journal of Marine Science
and Engineering, 10(11), 1697.

Ahmadibonakdar, Y., Vakili, A,
Javadmanesh, A., & Rajaei-Sharifabadi,
H. (2024). Effect of thymol on thymic
development and gene expression in
broilers under heat stress. Poultry
Science, 103(3), 103406.

Ahsan, M. M., Mahmud, M. P., Saha, P.
K., Gupta, K. D., & Siddique, Z. (2021).
Effect of data scaling methods on
machine learning algorithms and model
performance. Technologies, 9(3), 52.

Al-Abdullatif, A. A., Azzam, M. M,
Samara, E. M., Al-Badwi, M. A., Dong,
X., & Abdel-Moneim, A.-M. (2024).
Immunological response of laying hens
fed diets containing lauric acid-enriched
fat under high ambient temperature.
Poultry Science, 103(1), 103131.

Anh, D. T., Thanh, D. V., Le, H. M., Sy,
B. T., Tanim, A. H., Pham, Q. B., Dang,
T. D, Mai, S. T.,, Bui, D. T., &
Petpongpan, C. (2023). Evaluating the
effectiveness of machine learning
methods in predicting COVID-19
mortality: a systematic review and meta-
analysis. Geomatics, Natural Hazards
and Risk, 14(1), 2199615.

Arkorful, B. (2023). Regularized and
robust regression methods of linear
model with multicollinear predictors.
American Journal of Theoretical and
Applied Statistics, 12(5), 126-137.

Azis, A., & Afriani, A. (2023). The effects
of feeding time restriction on carcass
yield characteristics and lymphoid
organs in broiler. Chalaza Journal of
Animal Husbandry, 8(2), 73-79.

Bansal, M., Goyal, A., & Choudhary, A.
(2022). A comparative analysis of K-
nearest neighbor, genetic, support vector

12

machine, decision tree, and long short-
term memory algorithms in machine
learning. Decision Analytics Journal, 3,
100071.

Bhadauria, P., & Bhanja, S. (2017).
Collection, analysis and interpretation of
welfare-related data. Collection,
Analysis and Interpretation of Welfare
Related Data in Poultry, 47.

Bortoluzzi, C., Fernandes, J. I. M.,
Contini, J. P., Gurski, T. J., Esser, A. F.
G., & Prokoski, K. (2013). Effect of
qualitative and quantitative feed
restriction in the starter period over the
performance and carcass characteristics
of broilers. Revista Brasileira de Ciéncia
Avicola, 15, 213-220.

Dosu, G., Obanla, T. O., Zhang, S., Sang,
S., Adetunji, A. O., Fahrenholz, A. C.,
Ferket, P. R., Nagle, T. A., & Oviedo-
Rondén, E. O. (2023). Effects of short-
term feed withdrawal on the intestinal
microbiome and the performance of
broiler chickens. Poultry Science,
102(10), 102931.

Evaluation of different changes in diurnal
feed restriction for broilers. (2021).
Research, Society and Development,
10(16), €339101623677.

Farghly, M. F., Mahrose, K. M., Ahmad,
E. A, Rehman, Z. U, & Yu, S. (2019).
Implementation of different lighting
programs in bobwhite quail
management. Poultry Science, 98(9),
3843-3849.

Gawel, A., Madej, J. P., Kozak, B., &
Bobrek, K. (2022). Early post-hatch
nutrition influences performance and
development of immune organs and gut
morphology  of  broiler  chickens.
Animals, 12(23), 3360.

Gholami, M., Chamani, M., Seidavi, A.,
Sadeghi, A. A., & Aminafschar, M.
(2020). Effects of stocking density and
feeding program on the immunity, blood
biochemistry, and antioxidant status of
broiler chickens. Arquivo Brasileiro de
Medicina Veterinaria e Zootecnia, 72,
983-992.



Feed Restriction Impairs Immunity and Lymphoid Organ Development in Broiler Chicks: Enabling Accurate
Body Weight Prediction Through Machine Learning

Ghosh, P., Azam, S., Jonkman, M., Karim,
A., Shamrat, F. J. M., Ignatious, E.,
Shultana, S., Beeravolu, A. R., & De
Boer, F. (2021). Efficient prediction of
cardiovascular disease using machine
learning algorithms with relief and
LASSO feature selection techniques.
IEEE Access, 9, 19304-19326.

Goodfellow, 1., Bengio, Y., Courville, A.,
& Bengio, Y. (2016). Deep learning
(Vol. 1). MIT Press, Cambridge.

Guo, X., Mo, Y., & Yan, K. (2022). Short-
term photovoltaic power forecasting
based on historical information and deep

learning methods. Mathematical
Problems in Engineering, 2022(1),
6083963.

Hollemans, M., De Vries, S., Lammers,
A., & Clouard, C. (2018). Effects of
early nutrition and transportation
duration on chicken welfare and
performance. Poultry Science, 97(1),
112-122.

Islam, R., Sultana, N., Haque, Z., &
Rafiqul Islam, M. (2023). Effect of
dietary dexamethasone on the lymphoid
organs of broiler chickens. Veterinary
and Animal Science, 22, 100318.

Jacobs, L., Delezie, E., Duchateau, L.,
Goethals, K., Ampe, B., Lambrecht, E.,
Gellynck, X., & Tuyttens, F. A. (2016).
Impact of the feed withdrawal period and
the lairage duration on broiler chicken
welfare and meat quality. Poultry
Science, 95(6), 1301-1308.

Jang, I., Kang, S., Ko, Y., Moon, Y., &
Sohn, S. (2009). Effect of qualitative and
quantitative feed restriction of broiler
breeder hens during the rearing period on
their ~ immune  response.  Asian-
Australasian ~ Journal  of  Animal
Sciences, 22(3), 385-391.

Jawad, H. (2023). The effect of early
feeding and transporting time from
hatcher to farm on the production
performance of broilers. Iragi Journal of
Agricultural Sciences, 54(2), 393-402.

Kalia, S., Bharti, V. K., Giri, A., & Kumar,
B. (2017). Effect of hydro-alcoholic

extract of Rhodiola imbricata on broiler
chicks raised at high altitude. Veterinary
World, 10(7), 781.

Kang, H., Bang, H. T., Kim, C. H., Jeon, J.
J., Kim, H. S, Suh, S. W., Hong, E. C,,
Kim, S. H., & Park, S. B. (2018). Effects
of different holding times after hatch on
growth performance, intestinal
development, and blood biochemical
parameters of broiler chicks. Animals,
8(10), 174.

Kouki, C., Bergaoui, R., Ouerghi, F.,
Rhouma, A., Aloui, S., Rassaa, N,
Hennachi, 1., & Nasraoui, B. (2016).
Effect of a quantitative feed restriction
applied at different ages on productive
and reproductive performances of broiler
breeders. Agriculture, 6(3), 37.

Kuhle, S., Maguire, B., Zhang, H.,
Hamilton, D., Allen, A. C., Joseph, K., &
Allen, V. M. (2018). A comparison of
logistic regression, classification tree
analysis, and random forests to identify
effective interventions in a vaccine study
with binary outcomes. PL0oS One, 13(8),
€0203598.

Liu, K., Jia, M., & Wong, E. A. (2020).
Delayed access to feed affects broiler
small intestinal morphology and muscle
development at hatch. Poultry Science,
99(12), 6640-6647.

Lu, S., Taethaisong, N., Meethip, W.,
Surakhunthod, J., Sinpru, B., Sroichak,
T., Archa, P., Thongpea, S., Paengkoum,
S., Moonmanee, T., & Paengkoum, P.
(2022). Effects of black soldier fly larvae
(Hermetia illucens L.) meal on growth
performance, carcass characteristics, and
small intestinal morphology of broilers.
Frontiers in Veterinary Science, 9,
890158.

Ma, X., Chen, T., Ge, R, Cui, C., Xu, F.,
& Lv, Q. (2022). Time series-based
PM2. 5 concentration prediction and its
uncertainty quantification using a simple
deep learning approach. Urban Climate,
44,101186.

Madej, J. P., Graczyk, S., Bobrek, K.,
Bajzert, J., & Gawel, A. (2024). Impact



UCP Journal of Science and Technology

of early posthatch feeding on the
development of lymphoid organs,
intestinal structure, performance, and

immunity of meat-type chickens.
Animals, 14(2), 299.

Mohammadalipour, R., Rahmani, H.,
Jahanian, R., Riasi, A,
Mohammadalipour, M., & Nili, N.

(2017). Effect of early feed restriction on
physiological responses, performance
and ascites incidence in broiler chickens
raised under high altitude. Animal,
11(2), 219-226.

Mohammadalipour, R., Rahmani, H. R.,
Jahanian, R, Riasi, A.,
Mohammadalipour, M., & Nili, N.
(2017). Effect of early feed restriction on
physiological responses, performance
and ascites incidence in broiler chickens
raised under high altitude. Animal,
11(2), 219-226.

Mubasher, S., Zakria, M., Shahzad, A., &

Ali, N. (2024). Dynamic Ridge
Regression vs. Lasso Regression for
predictive modeling in supervised

learning: a comparative study. Pakistan
Journal of Statistics, 40(3).

Mustafa, G., Younas, A., Zahid, M. T.,
Kim, D.-W., Jamil, I, Yadav, N.,
Kurade, M. B., Saha, S., Yang, W., &
Jeon, B.-H. (2025). From farm to
forecast: machine learning in broiler
production optimization under varying
feed restriction regimes. Poultry Science,
106281.

Ogbu, O. (2020). Premix Graded Level in
Broiler Starter Diet and Their Effect on
Broiler Performance and Blood Profile.
Nigerian Journal of Animal Science,
22(1), 18-27.

Orso, C., Moraes, M. L., Aristimunha, P.
C., Della, M. P., Butzen, M. F., Kras, R.
V., Ledur, V.S, Costa, P. T., Coldebella,
A, & Galli, G. M. (2019). Feed
restriction in broiler breeders: effects on
production performance, egg quality and
hatchability. Poultry Science, 98(12),
6497-6506.

Oviedo-Rondon, E. O., Leandro, N., Ali,
R., Koci, M., Moraes, V., & Brake, J.

14

(2013). Broiler breeder and layer
production  under high  ambient
temperatures: a review. The Journal of
Applied Poultry Research, 22(4), 921-
934.

Pal, S. K., & Dutta, D. (2024). Transfer
Learning in Weather Prediction: Why,
How, and What Should We Transfer?
Authorea Preprints.

Panda, A., Bhanja, S., & Sunder, G. S.
(2015). Early post-hatch nutrition on
immune system development and
function in poultry. World's Poultry
Science Journal, 71(3), 487-500.

Pirompud, P.,  Sivapirunthep, P.,
Punyapornwithaya, V., & Chaosap, C.
(2024). Machine learning predictions of
poultry carcass composition and ham
quality traits in crossbred chickens.

Journal of Animal Science, 102,
skael07.
Rahimi, S., Seidavi, A., Sahraei, M.,

Blanco, F. P., Schiavone, A., & Martinez
Marin, A. L. (2015). Effects of feed
restriction and diet nutrient density
during and after restriction on the
performance, carcass traits, organ
weights, blood parameters and caecal
microflora of broilers. Italian Journal of
Animal Science, 14(2), 3734.

Razali, M. N., Arbaiy, N., Lin, P.-C., &
Ismail, S. (2025). Optimizing Multiclass
Classification Using a Combined One-
vs-Rest SVM and Genetic Algorithm for
Credit Risk Prediction. IEEE Access.

Saber, S. N., Maheri-Sis, N., Shaddel-
Telli, A., Hatefinezhad, K., Gorbani, A.,
& Yousefi, J. (2011). Effect of feed
restriction on growth performance of
broiler chickens. Annals of Biological
Research, 2(6), 247-252.

Saglam, F., & Cengiz, M. A. (2022). A
novel SMOTE-based resampling
technique through noise detection and
the boosting procedure. Expert Systems
with Applications, 200, 117023.

Sahraei, M. (2014). Effects of feed
restriction on metabolic disorders in
broiler chickens: a review. European



Feed Restriction Impairs Immunity and Lymphoid Organ Development in Broiler Chicks: Enabling Accurate
Body Weight Prediction Through Machine Learning

Online Journal of Natural and Social
Sciences, 3(4), 912.

Schmidiger, C. (2017). All Style Hedge
Fund Analysis with Constant-and Time-

Varying Factor Loading Models
(Doctoral dissertation, University of
Zurich).

Selim, S., Abdel-Megeid, N. S., Abou-
Elnaga, M. K., & Mahmoud, S. F.
(2021). Early nutrition with different
dietary levels of energy and protein
affects performance and immune
response of broilers. Tropical Animal
Health and Production, 53, 1-10.

Shinde Tamboli, A., Goel, A., Mehra, M.,
Rokade, J., Bhadauria, P., Yadav, A,
Majumdar, S., & Bhanja, S. (2018).
Early posthatch feeding of chicks: an
update. World's Poultry Science Journal,
74(1), 137-151.

Singh, P., Borgohain, S. K., Sarkar, A. K.,
Kumar, J., & Sharma, L. D. (2023).
Feed-Forward Deep Neural Network
(FFDNN) and Hybrid Deep Learning
Methods  for  Classification-Based
Kidney Disorder Prediction.
Bioengineering, 10(9), 1097.

Thiam, M., Wang, Q., Barreto Sanchez, A.
L., Zhang, J., Ding, J., Wang, H., Zhang,
Q., Zhang, N., Wang, H., & Jiang, S.
(2022). The hematological responses of
broilers to heat stress, immunity, and
thermal manipulation: A review. Journal
of Thermal Biology, 108, 103305.

Wang, J. S., Hu, H. J., Xu, Y. B., Wang, D.
C., Jiang, L., Li, K. X.,, Wang, Y. Y., &
Zhan, X. A. (2020). Fatty acid
composition and lipid metabolism-
related gene expression in broilers with
different 18C polyunsaturated to
saturated fatty acid ratios in diets.
Poultry Science, 99(12), 6636-6644.

Wijnen, H. J., van der Pol, C. W., van
Roovert-Reijrink, 1. A., De Smet, J.,
Lammers, A., Kemp, B., & van den
Brand, H. (2021). Effects of delayed feed
access on post-hatch metabolic and
gastrointestinal tract development in

15

broiler chicks. Poultry Science, 100(12),
101491.

Yadav, M., Rastogi, S. K., Huozha, R.,
Patel, M., Kumar, S., Verma, M., Maiti,
A., Das, A. K., & Gangwar, S. (2021).
Immunomodulatory potential of
different dietary plant extracts in
broilers. Veterinary World, 14(11),
2895.



