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Introduction
The Japanese quail (Coturnix coturnix japonica) is a poultry 
species of considerable economic and scientific importance, 
widely farmed for its rapid growth, early sexual maturity, and 
high egg production [1,2]. Despite its small body size, the species’ 
prolific laying capacity has made it a valuable model in both 
commercial production and research settings. In particular, 
the quail’s suitability for confined rearing conditions and 
efficient feed conversion has positioned it as a promising 
source of sustainable animal protein, especially in resource-
limited contexts [3]. Egg production is a key determinant of 
profitability in quail farming. However, laying performance 
is shaped not only by genetic factors but also by a range of 
extrinsic and intrinsic variables, including environmental 
conditions, nutrition, health status, and individual behavioral 
tendencies [4,5]. This complexity underscores the need for 
continuous and individualized monitoring systems that 
can support effective flock management and improve the 
precision of genetic selection strategies.

Traditional approaches to productivity assessment often 
rely on weekly or periodic averages. While useful at a flock 
level, these methods tend to obscure the high variability 
present in individual laying behavior. They are especially 
limited in capturing the dynamic, day-to-day fluctuations 
that are characteristic of long-term production cycles. 
Accurate modeling of such temporal variability requires 
analytical tools capable of handling sequential data 
structures and uncovering subtle behavioral patterns 
[6]. In this context, artificial intelligence -and machine 
learning (ML) techniques in particular- have emerged 
as a powerful means of analyzing large-scale, temporally 
structured data. ML methods have been increasingly 
applied in animal production systems, including in 
disease detection, feed intake prediction, and productivity 
forecasting [7]. For example, Ahmad [6] compared three 
neural network architectures for predicting weekly egg 
production in commercial laying hens, identifying the 
general regression neural network (GRNN) as the most 
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Abstract

Accurate monitoring of individual productivity in quail farming is essential for maximizing 
economic returns and shaping effective, sustainable breeding programs. However, daily 
variation in egg-laying behavior across individuals presents significant challenges to 
consistent productivity prediction. While conventional methods often struggle to account 
for these irregular and long-term behavioral trends, machine learning techniques offer 
a promising alternative through their capacity for individualized, data-driven modeling. 
In this study, we propose a machine learning-based approach to forecast daily egg-laying 
outcomes by identifying production patterns from a longitudinal dataset comprising 193 
days of continuous observations on 371 quails. The predictive feature set includes rolling 
averages, cumulative production metrics, and prior-day laying status engineered from 
each bird's historical production data. Three supervised classification models, Logistic 
Regression, Random Forest, and Extreme Gradient Boosting (XGBoost) were employed 
to predict egg-laying on a daily basis. Performance was assessed using accuracy, precision, 
recall, and F1-score. Among the models, XGBoost outperformed the others, achieving an 
F1-score of 91.2% and a recall of 97% on the test set. Feature importance analysis identified 
the 7-day rolling mean as the most influential predictor. These findings underscore the 
value of machine learning approaches in modeling individual-level laying patterns and 
demonstrate their potential application in selection decisions, flock-level management, 
and automated performance monitoring systems in poultry production.
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accurate model. More recently, Lemke et al. [8] used 
multivariate time-series data to forecast egg production 
in Hy-Line chickens, applying a sliding window strategy 
with algorithms such as Ridge Regression, Random 
Forest, XGBoost, and Multi-Layer Perceptron (MLP). 
Their findings showed that Ridge Regression, when used 
with a 7-day window, minimized forecasting errors to as 
low as 3.81% in mean absolute percentage error (MAPE). 

Despite the growing body of literature on ML-based 
productivity forecasting in poultry, existing studies have 
predominantly focused on chickens and ducks. To date, 
there is a conspicuous absence of research applying 
machine learning to long-term, individual-level daily 
egg-laying data in quails. This represents a significant 
gap in the development of precision breeding tools for 
this species. The present study aims to address this gap by 
applying a pattern-based machine learning framework to 
forecast daily egg-laying behavior in Japanese quails. Using 
a longitudinal dataset comprising 193 consecutive days of 
egg-laying records from 371 individuals, a range of time-
dependent features were engineered -such as 7-day rolling 
averages, previous-day laying status, and cumulative 
production. These features were then used to train and 
evaluate three supervised classification algorithms: 
Logistic Regression, Random Forest, and Extreme 
Gradient Boosting (XGBoost). Model performance was 
assessed using standard metrics including accuracy, 
precision, recall, and F1-score, with the goal of identifying 
an effective and generalizable framework for individual 
productivity modeling in quails.

Material and Methods
Ethical Statement

This study did not involve any procedures requiring 
ethical approval.

Data Collection and Dataset Description 

This study utilizes a longitudinal dataset designed to 
monitor individual productivity trends in Japanese quails 
(Coturnix coturnix japonica). A total of 371 quails were 
individually housed under standardized environmental 
conditions, including controlled lighting, temperature, 
and feeding regimes. The egg-laying status of each bird was 
recorded daily over a 193-day period, with egg presence 
coded as 1 and absence as 0. Missing entries -resulting 
from mortality or recording errors- were marked as NaN.

The raw dataset was originally structured in a wide 
format, where rows represented individual birds and 
columns denoted daily observations. To facilitate temporal 
analysis, the data were reshaped into a long format, with 
each row representing a single bird-day observation. This 
restructuring enabled more flexible feature engineering 

and temporal modeling.

Feature Engineering 

To effectively capture individual productivity dynamics, 
three temporal features were engineered from each bird’s 
production history:

•	 RollingMean_7: The 7-day rolling average of egg-
laying status, reflecting recent productivity trends

•	 PrevDay: Binary indicator of egg-laying on the 
previous day

•	 CumSum: Cumulative egg count up to the current day

Missing values in predictor variables were imputed using 
feature-wise median imputation calculated across the 
dataset, while preserving the overall variance structure 
of the data. Records containing missing target values 
or incomplete rolling-window history were excluded 
from the analysis. In total, approximately 1,200 bird-day 
observations were excluded during preprocessing. The 
target for prediction was defined as the egg-laying status (1 
or 0) on a given day. After preprocessing, the final dataset 
comprised over 70,000 valid bird-day observations.

Model Development

Continuous explanatory variables were standardized 
using z-transformation (mean = 0, standard deviation = 
1) prior to model training.

To predict daily egg-laying behavior at the individual 
level, three supervised machine learning algorithms were 
applied:

•	 Logistic Regression (LR)

•	 Random Forest (RF)

•	 Extreme Gradient Boosting (XGBoost)

The models were trained to predict the laying status on 
day t+1 using features derived from day  t. The dataset 
was randomly split into training (80%) and test (20%) 
subsets, with stratification to preserve class distribution. 
As the class labels (laying vs. non-laying) were relatively 
balanced, no resampling or weighting adjustments were 
necessary.

Model performance was evaluated using the following 
classification metrics:

•	 Accuracy

•	 Precision

•	 Recall

•	 F1-score

•	 Area Under the Receiver Operating Characteristic 
Curve (AUC)
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In addition to overall metrics, feature importance 
scores were extracted for the tree-based models (RF and 
XGBoost) to interpret predictor contributions. Confusion 
matrices and ROC curves were also plotted to compare 
classifier performance visually.

Computational Environment and Software

All analyses were performed in Python 3.9 within a Jupyter 
Notebook environment on a Linux-based computational 
server. The following open-source libraries were employed 
throughout the analysis:

•	 pandas and numpy for data manipulation and 
numerical operations

•	 scikit-learn for model development and performance 
evaluation

•	 xgboost for gradient boosting implementation

•	 matplotlib and seaborn for data visualization

The entire analytical workflow was managed using version 
control to ensure transparency and reproducibility of data 
preprocessing and modeling procedures.

Results
The predictive performance of three supervised machine 
learning algorithms -Logistic Regression (LR), Random 
Forest (RF), and Extreme Gradient Boosting (XGBoost)- 
was assessed using daily egg-laying records obtained from 
371 individually monitored Japanese quails. The feature 
set comprised the 7-day rolling average of laying status 
(RollingMean_7), the previous day’s laying outcome 

(PrevDay), and the cumulative egg count (CumSum). The 
dataset was partitioned into training (80%) and testing 
(20%) subsets to evaluate generalization performance.

All models demonstrated high classification performance 
on the training data. Logistic Regression achieved an 
F1-score of 90.5%, serving as a robust linear baseline. 
Random Forest and XGBoost yielded slightly higher F1-
scores of 91.8% and 91.6%, respectively. Notably, Random 
Forest attained the highest recall (97.3%), indicating 
strong sensitivity in detecting laying events.

Model performance remained stable on the test dataset, 
suggesting minimal overfitting. Logistic Regression 
preserved an F1-score of 90.5%, whereas Random Forest 
and XGBoost achieved F1-scores of 90.9% and 91.2%, 
respectively. XGBoost exhibited the highest recall (97.0%) 
among all models. Precision values were comparable 
across methods (86-87%), reflecting balanced prediction 
behavior with controlled false-positive rates (Table 1).

Confusion matrix analysis further characterized model 
behavior. All algorithms effectively classified laying 
(positive) days; however, Logistic Regression showed 
relatively lower sensitivity in identifying non-laying 
(negative) days compared to tree-based models. Random 
Forest demonstrated a more symmetrical classification 
profile, achieving high true positive and true negative 
counts. XGBoost minimized false negatives to the greatest 
extent, albeit with a marginal increase in false positives 
(Fig 1).

Receiver Operating Characteristic (ROC) analysis 
produced AUC values of approximately 0.78 for LR 

Table 1. Comparison of training and test performance metrics of machine learning models

Model Train Accuracy Train Precision Train Recall Train F1 Test Accuracy Test Precision Test Recall Test F1

Logistic 
Regression 0.864 0.869 0.944 0.905 0.863 0.868 0.945 0.905

Random Forest 0.881 0.870 0.973 0.918 0.867 0.859 0.965 0.909

XGBoost 0.878 0.866 0.973 0.916 0.871 0.860 0.970 0.912

Fig 1. Confusion matrices illustrating classification performance across models: (a) Logistic Regression, (b) Random Forest, (c) XGBoost
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and RF, and 0.79 for XGBoost. These results indicate 
moderate class separability despite strong classification 
metrics (Fig 2).

Feature importance analysis derived from the Random 
Forest model identified RollingMean_7 as the dominant 
predictor, followed by CumSum, whereas PrevDay 
contributed minimally to overall predictive performance 
(Fig 3).

Discussion
The consistently high predictive performance across all 
three algorithms underscores the effectiveness of temporal 
productivity indicators in forecasting daily egg-laying 
behavior at the individual level. The strong recall values, 
particularly those achieved by XGBoost, demonstrate the 
models’ capacity to reliably detect productive laying days, 

thereby reducing the likelihood of overlooking actively 
laying individuals.

The marginal superiority of tree-based models over 
Logistic Regression suggests the presence of non-linear 
interactions within laying behavior patterns that cannot 
be fully captured by linear decision boundaries. Random 
Forest provided balanced classification performance, while 
XGBoost exhibited enhanced sensitivity toward positive 
events, reflecting its strength in modeling complex feature 
interactions through gradient boosting mechanisms.

Although the F1-scores and recall values indicate high 
predictive accuracy, the moderate AUC values (0.78-0.79) 
suggest that class probability discrimination remains 
limited. This discrepancy implies that while threshold-
based classification performs well, the sharpness of 
probabilistic separation between classes is comparatively 
modest. The constrained feature space -restricted to short-
term rolling averages, cumulative output, and single-day 
lag variables- likely contributed to this limitation.

The dominance of RollingMean_7 in feature importance 
analysis highlights the predictive value of short- and 
medium-term production dynamics. In contrast, the 
relatively weak contribution of PrevDay indicates 
that isolated day-to-day continuity provides limited 
incremental information beyond aggregated temporal 
trends. This finding emphasizes that laying behavior is 
better characterized by dynamic temporal patterns rather 
than single-point historical indicators.

These observations align with prior research highlighting 
the significance of temporally structured features in poultry 
productivity modeling [9,10]. Moreover, the superior recall 
performance of XGBoost corroborates previous reports 
advocating gradient-boosted frameworks for minimizing 
false negatives in livestock and behavioral prediction 
contexts [11,12]. Comparable advantages of XGBoost have 
been documented in diverse livestock prediction tasks, 
including slaughter age estimation in pigs, live weight 
prediction in sheep, and carcass trait modeling in cattle 
[13-15], reinforcing its robustness in modeling biologically 
complex and non-linear systems.

Despite the promising findings, the moderate AUC 
values suggest that predictive refinement is feasible. 
Incorporating additional physiological attributes (e.g., age, 
body weight, health status) and environmental variables 
(e.g., temperature, photoperiod, housing conditions) 
may enhance discriminative power. Furthermore, 
advanced sequence modeling approaches such as long 
short-term memory (LSTM) networks or attention-
based architectures could improve temporal dependency 
capture and provide deeper insights into individual laying 
dynamics.

Fig 2. ROC curves of the three machine learning models: (a) Logistic 
Regression, (b) Random Forest, (c) XGBoost

Fig 3. Relative importance of features in predicting daily egg laying 
according to the Random Forest model
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Collectively, these results demonstrate that gradient-
boosted machine learning models -particularly 
XGBoost- offer a reliable and scalable framework for 
individual-level egg-laying prediction. By integrating 
temporal production metrics into predictive modeling 
pipelines, this approach has the potential to support 
precision management and genetic selection strategies 
in quail production systems.

This study demonstrates that individual-level daily egg-
laying behavior in quails can be reliably predicted using 
machine learning models trained on sequential production 
data. Among the evaluated algorithms, tree-based 
ensemble methods outperformed the linear baseline, with 
XGBoost achieving the highest test performance (accuracy: 
87.0%, F1-score: 91.2%) and superior recall (97.0%). These 
results highlight the effectiveness of gradient-boosted 
frameworks in capturing non-linear temporal production 
patterns. Feature importance analysis identified the 7-day 
rolling average (RollingMean_7) as the most influential 
predictor, emphasizing the dominant role of short-term 
temporal dynamics over single-day indicators. The findings 
underscore the value of integrating time-dependent 
behavioral features into predictive modeling pipelines for 
precision livestock management. Such approaches enable 
early detection of productivity shifts and support individual-
based monitoring strategies beyond traditional group-level 
analyses. Future improvements may be achieved through 
the inclusion of physiological and environmental variables 
and the application of advanced sequence modeling 
architectures such as LSTM or attention-based networks. 
Although conducted in quails, the proposed framework is 
transferable to other livestock systems with individual-level 
behavioral data.
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