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Quail eggs are brown, grayish white, or more rarely 
chalky or greenish in color, with speckled patterns 
of varying density and scale on top (1, 5, 22). The 
ground color and speckle color are not merely visual 
phenotypes: according to the literature, these indicators 
can significantly influence the shell ratio and internal 
quality measures (white index, yolk index, Haugh 
unit), while shell weight and thickness are decisive 
in maintaining egg integrity and internal quality (1). 
The shell is a functional barrier formed in the uterine 
section of the oviduct, which allows gas exchange with 
its porous microstructure while protecting the embryo 
from external influences. Although the direct effect 
of spot color on quality in table eggs may be limited, 

the effect of shell color on hatchability and chick 
hatch weight has been reported in multiple studies 
(5). Recommendations for field applications indicate 
that brown ground–brown speckle or grayish white 
ground–small black dot patterns may be preferred for 
incubation (15).

Despite growing evidence for the relationship be-
tween the shell ground color and the spot pattern with 
quality and hatchery output, a field-based, instrument-
free, and low-input prediction mechanism for the Shape 
Index (SI) is still lacking (2, 5). Numerical estimation 
of SI often requires measurement infrastructure, time, 
and labor, while the critical point in production lines is 
a rapid and highly reliable separation of outliers (very 
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low/very high SI) (16, 20). Although the use of eggshell 
color as a determinant for SI may seem controversial at 
first glance, the literature has shown that this variable 
is not a purely coincidental phenotype, but is associ-
ated with underlying biological processes. The shell 
color and the mottling pattern are not merely visual 
features, but a result of pigmentation processes (spe-
cifically protoporphyrin IX and biliverdin deposition) 
occurring in the shell gland (25). This pigmentation 
process is closely related to mineralization, calcifica-
tion, and shell matrix organization that occur during 
shell formation (14, 23). Furthermore, the absence of 
a universal SI threshold standard in the literature neces-
sitates flexible and adjustable decision policies sensi-
tive to different line/age/environmental conditions. In 
this context, an approach that defers measurement to 
a secondary stage and generates calibrated probabilities 
based solely on easily observable phenotypes (weight 
and shell color), while explicitly managing the error-
coverage trade-off, offers both operational feasibility 
and methodological clarity.

This study aims to investigate the predictability 
of SI in quail eggs without field measurement (non-
invasive, instrument-free) and to develop and validate 
an automatic decision policy with a rejection option 
based solely on weight and shell ground color inputs. 
Given the absence of an operational threshold standard 
for SI in the literature, our goal is:

(i) to define a  target space that characterizes the 
lower and upper tails of the distribution,

(ii) to establish a  two-threshold accept/reject rule 
using a model that generates calibrated probabilities 
in this space, and

(iii) to quantitatively optimize the rule’s coverage–
accuracy tradeoff using a leak-free (out-of-fold, OOF) 
threshold adjustment.

The outputs of the study aim to provide interpretable, 
data-driven decision strips for the automatic classifi-
cation of “clear” cases and the referral of uncertain 
samples for measurement in field applications. Against 
this background, our aim is not to regress the continu-
ous shape index directly – an approach that demands 
full measurements and exhibits low explanatory power 
with only two field-level inputs – but rather to separate 
the practically critical extremes (LOW/HIGH SI) with 
calibrated confidence and a reject option. By tuning 
a  two-threshold policy on out-of-fold probabilities 
and snapping to the final model’s discrete support, we 
explicitly target the risk–coverage trade-off relevant 
to hatchery and quality-control settings: confident ac-
ceptance of clear cases while routing ambiguous eggs 
to measurement.

This study differs from the existing approaches by 
focusing on reliably discriminating application-critical 
SI values in the lower and upper tails of the distribu-
tion, rather than directly regressing the shape index, 
a continuous variable. Direct regression-based methods 
generally have limitations, such as the need for pre-

cise measurements and low explanatory power under 
limited field inputs. In contrast, the proposed approach 
explicitly models decision reliability through calibrated 
probabilities and a rejection option, and incorporates 
uncertainty management into the process.

Material and methods
The study material consisted of quail eggs from the Alter-

native Poultry Breeding Unit at the Experimental Research 
Application and Research Center of Hatay Mustafa Kemal 
University. At the start of the study, the quails were 70 days 
old, and the study lasted 10 weeks. The eggs were collected 
daily and visually classified as brown or grayish white based 
on the shell background color (Fig. 1). Each classified egg 
was individually weighed with a digital scale accurate to 
0.01 g, and the egg length and width were measured with 
digital calipers. The egg shape index (%) was calculated 
by dividing the egg width by the egg length and multiply-
ing by 100.

Classification theory with the rejection option. In 
a classification problem with two classes C = {C1, C2}, x ∈ Rp  
characterized by the feature vector and y ∈ C by the label. 
The posterior probability is defined by Bayes’s formula:

Here, p(Ci) is the prior probability of class Ci, p(x|Ci) 
is the conditional probability of x given Ci, and p(x) is the 
probability of x. There exists a function f: Rp → C that divides 
into two regions (R1, R2), with one region for each predicted 
class, such that x ∈ Ri implies f(x) = Ci. The performance 
of a classifier is measured by the error rate given below:

The accuracy of the classifier is given by a[f] = 1 – ε[f]. 
The classifier that minimizes error is called the Bayes 
classifier. This classifier predicts the class with the highest 
posterior probability:

If the accuracy of the Bayesian classifier is insufficient 
for the task at hand, instead of classifying all examples, an 
approach can be adopted that classifies only those with suf-
ficiently high posterior probabilities. Based on this principle, 
Chow (1970) presented an optimal classifier with a rejection 
option (4). A rejection region Rreject is defined in the feature 
space, and all examples belonging to this region are rejected 

Fig. 1. Quail eggshell ground color: a) Brown ground, b) 
Grayish white ground
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by the classifier. An example x is accepted only if the prob-
ability that x belongs to Ci is equal to or higher than a given 
probability threshold t:

Rejection rate,

and the acceptance rate is p(accept) = 1 – p(reject).
There is a general relationship between error and rejection 

rates: as the error rate decreases monotonically, the rejec-
tion rate increases (4). Based on this relationship, Chow 
proposes an optimal balance between error and rejection.

In Chow’s theory, an optimal classifier can only be found 
if the true posterior probabilities are known. In practice, this 
is rarely the case. Fumera et al. (2004) show that if there 
is a significant error in probability estimation, Chow’s rule 
does not perform well (8). In this case, they claim that defin-
ing different thresholds for each class yields better results. 
The classification rule is as follows:

These types of classifiers are popular in the machine 
learning community. Keep in mind that this method is 
similar to the concept of soft classification. The main differ-
ence is that in soft classification, the classifier’s output are 
a posteriori probabilities. In classification with a rejection 
option, the decision is made based on these posterior prob-
abilities. The classifier’s output is either a class assignment 
or a rejection (11).

Discriminant-based decision rule and rejection. In 
a two-class classification, the classifier f: ℝp → {0,1} can be 
equivalently defined as a discriminant function d: ℝp → ℝ, 
and a class decision can be made based on its sign. Simple 
(non-rejection) rule:

and the magnitude of |d(x)| reflects the confidence of the 
decision (distance from the boundary).

The decision is divided into three regions using two 
thresholds (t1, t2) with the rejection option:

Here t1 < t2, and the rejection region is (t1, t2) (12).
If we denote the class-conditional densities for S = d(X)

by gi(s) = p(S = s|y = i), then the class-conditional errors in 
the accepted cases are

The total error ε(t1,t2 ) = π1ε2 (t1) + π0ε1(t2). Rejection 
and coverage:

Sensitivity and balanced accuracy:

which follows the classical rejection option theory of Chow 
and subsequent generalizations in statistical pattern recogni-
tion and modern learning theory (6, 13).

OOF threshold setting and “snap” procedure. In 
a classifier with rejection options, the fundamental param-
eters are the threshold values that define areas to be rejected. 
Various strategies have been proposed to find the optimal 
rejection rule. Landgrebe et al. (2006) define 3D ROC 
curves for a classifier, where the axes represent the true posi-
tive rate, the false positive rate rejected by the classifier, and 
the false positive rate accepted by the classifier (18). The 
optimal thresholds are selected by maximizing the volume 
under the 2D surface. Dubuisson and Masson (1993) pro-
pose a rejection rule for problems where classes are poorly 
known (6). It includes two rejection options: uncertainty 
rejection when an example lies in the area between several 
classes, and distance rejection for examples far from known 
class examples. Li and Sethi (2006) suggest controlling error 
rather than finding a balance between rejection and error 
rates (19). They frame the problem as designing a classifier 
with the smallest rejection rate when an error rate is given 
for each class. Our approach proposes an out-of-fold (OOF) 
threshold setting. This approach involves three steps:

1. OOF probabilities: With K-fold stratified CV, each 
sample receives p̂ = p̂(HIGH|x) from a model it has not 
seen. Thus, the probability distribution is leak-free (17, 27).

2. Coverage target: For the desired acceptance rate (cov-
erage) α, plow and phi are adjusted in small steps on the OOF 
distribution. Constraints, such as minimum bandwidth and 
minimum acceptance count in both classes, are applied  
(3, 13).

3. Final fit + discrete snap: The final model is rebuilt 
with all training data. Thresholds are iteratively and stably 
adjusted by “snapping” to the model’s actual discrete p̂ 
support points (10, 24).

Final fit and discrete “snap”. After OOF tuning, the 
model was refit on the full tail data, and final probabilities 
{p̂i} were obtained. Because tree-based probability out-
puts are discrete on a finite support, we snapped (plo,phi)
to the nearest attainable probability grid points of the final 
model. A two-phase refinement ensured that (i) both accep-
tance sides are active and (ii) realized coverage lies within 
a  slightly narrower operational envelope (default [0.45, 
0.70]). This yields stable, reproducible operating points in 
deployment.

Performance metrics and uncertainty. Primary operat-
ing metrics were computed on the accepted subset (instances 
with a definite LOW/HIGH decision):

•	 Balanced accuracy (BA), accuracy (ACC), sensitivity 
(recall for HIGH), and specificity (recall for LOW).
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•	 Coverage within extremes: fraction of the samples in 
the tails that are accepted.

•	 Expected overall automation: coverage × (extreme-set 
share in the full data).

Uncertainty was quantified by nonparametric percentile 
bootstrap (B = 2,000 resamples) on the accepted subset, 
reporting 95% CIs for BA, ACC, sensitivity, specificity, 
and coverage.

Probability quality (calibration). We assessed calibra-
tion on the accepted subset via

•	 Brier score,
•	 Expected Calibration Error (ECE) using 10 equal-width 

bins on [0,1].
ECE and Brier were also reported by color subgroup 

(brown vs. grayish white) to probe group-level probability 
fidelity.

Computational environment. All implementations 
were carried out with Python 3.12.9. Deep learning models 
were implemented with TensorFlow 2.19.0 and Keras 3.9.0, 
while classical machine learning utilities were employed 
from Scikit-learn 1.6.1. All experiments were conducted in 
a CPU-only environment because of hardware constraints, 
though the proposed pipeline is fully compatible with GPU 
acceleration.

Results and discussion
The study was conducted on a dataset consisting of 

a total of 1,031 eggs. The distribution of measurements 
was as follows: weight (g) average 11.879 ± 1.395, 
length (mm) average 33.194 ± 1.736, width (mm) 
average 23.847 ± 1.902, and shape index (SI,%) aver-
age 71.960 ± 5.963. The eggshell background color 
distribution was determined as brown 638 (61.9%) 
and grayish white 393 (37.6%).

Preliminary assessment of SI regression without 
measurements. The performance of models estab-
lished for numerical SI estimation using only weight + 
color inputs is low: Ridge R² ≈ 0.018 and Hist Gradient 
Boosting R² ≈ –0.033. In scenarios where SI is divided 
into 3-4 classes, BA remained at ≈ 0.38 and ≈ 0.30. 
These findings indicate that the two-variable input is 
insufficient to explain SI variance and that the direct 
regression approach has limited operational utility. 
Therefore, the analysis strategy focused on binary 
classification with rejection options.

Definition of the tail regions and the analysis 
set. With this approach, the sample quantiles for SI 
were calculated as t1 = 67.197 and t2 = 76.196. The 
lower and upper tails defined by these thresholds  
(SI < t1 ∨ SI ≥ t2) contain 547 (53.1%) observations, 
and the automatic decision policy was applied only to 
this subset.

Modeling: calibrated probabilities and two- 
threshold decision. A classifier calibrated using only 
weight and color inputs was created in the extreme 
tails (Hist Gradient Boosting + target encoding + Platt 
“sigmoid”). The model produces p̂ = P(HIGH│x) for 
each example. The decision rule is defined as LOW  
if p̂ < plo, HIGH if  p̂ > phi, and UNSURE (referral for 

measurement) otherwise. The thresholds were selected 
with the coverage target on the leak-free OOF prob-
ability distribution and stabilized by “snapping” to the 
final model’s discrete probability support. At the final 
working point, plo = 0.5274 and phi = 0.7609 were 
obtained.

Operational performance: coverage and accu-
racy. Performance on accepted cases: coverage in the 
extreme tails = 0.614; BA = 0.720, sensitivity (HIGH) 
= 0.672, specificity (LOW) = 0.767, accuracy 0.717. 
The confusion matrix was found to be TN = 122, FP 
= 37, FN = 58, TP = 119. On accepted samples, 2,000 
repeated bootstraps yielded BA point estimate 0.72 
with 95% CI: [0.67, 0.77], ACC 0.72 with 95% CI: 
[0.67, 0.76]. Probability quality was found to be Brier 
= 0.227 and ECE (10-thousand) = 0.064. This indicates 
that the calibration curve is generally well-aligned, 
but there is a  small margin for improvement in the 
middle probability bands. Considering the proportion 
of the tail set in the entire data (53.1%), the expected 
total automation rate is approximately 0.614 × 0.531 
≈ 32.6% (Tab. 1).

Tab. 1. Summary metrics of the final two-threshold policy 
(extreme tails)

Metric Value

Lower/upper SI quantiles (t1, t2) 67.197; 76.196

Probability thresholds (plo, phi) 0.5274; 0.7609

Coverage within extremes 0.6143 (≈ 61.4%)

Balanced accuracy (BA)* 0.720 (95% CI: 0.670-0.770)

Sensitivity – HIGH 0.672

Specificity – LOW 0.767

Accuracy (accepted only) 0.717 (95% CI: 0.670-0.760)

Brier score (accepted only) 0.227

ECE (10-bin, accepted only) 0.064

Confusion matrix (accepted only) TN = 122, FP = 37, FN = 58, TP = 119

Extremes share (of all data) 0.5306 (547/1031)

Expected overall automation† 0.3259 (≈ 32.6%)

Explanations: * – 95% CIs for BA and ACC computed with 2,000 
bootstrap resamples (within the accepted subset). † Expected over-
all automation = (coverage within extremes) × (extremes share) 
= 0.6143 × 0.5306 ≈ 0.3259. Decision rule: accept LOW if wzór; 
accept HIGH if wzór; otherwise UNSURE (send to measurement). 
Probabilities are Platt-calibrated (“sigmoid”); thresholds are tuned 
on OOF probabilities for target coverage and “snapped” to the 
final model’s discrete support.

Risk–coverage envelope and selection of the 
working point. The grid scan conducted with OOF 
probabilities produced a  risk–coverage envelope 
(Fig. 2a). As coverage increased, the accepted values 
rose from BA ~0.50 to ~0.56, reaching saturation at 
a  coverage level of ≈ 0.80. The selected operating 
point (Fig. 2b) is positioned within the target coverage 
band. After final calibration and “snap,” BA ≈ 0.72 and 
coverage ≈ 0.61 were achieved.
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Probability quality and uncertainty 
structure. In the accepted samples, the Brier 
score = 0.227 and ECE (10-k) = 0.064 were 
calculated. These values indicate that the 
calibration curve is generally well-aligned 
but shows slight overconfidence in the 
medium probability bands (Tab. 1). Using 
bootstrap (n = 2,000) on the accepted cases, 
95% CI: BA [0.67-0.77], ACC [0.67-0.76] 
were obtained.

Calibration (general and by color). 
The calibration curve in the extreme tails 
(Fig. 3a) consists of two points due to the 
bimodal distribution, and both points lie 
below the ideal diagonal, indicating slight 
overconfidence. When examining color-
based calibration (Fig. 3b), overconfidence is more 
pronounced in the brown group, while calibration is 
close to the diagonal for the high probability mode in 
the grayish white group. Thanks to the OOF-coverage-
based selection of thresholds, these calibration devia-
tions do not adversely affect operational metrics.

Operational decision bands. The decision bands 
derived in the weight-color plane (Fig. 4) show that 
HIGH decision regions dominate at low weights and 
LOW decision regions dominate at high weights, 

whereas UNSURE windows specific to color appear 
at medium weights. The approximate intersections 
of the threshold probabilities on the weight axis are  
wplo ≈ 12.06 g and wphi ≈ 11.74 g for both colors.

In this study, we presented a classification frame-
work with probability calibration and a rejection option 
aimed at automatically separating application-relevant 
extremes (low/high) in the tails of SI in quail eggs us-
ing only weight + shell color information. Unlike the 
classical approach of direct regression, we focused on 

Fig. 2. OOF risk–coverage envelope and the selected operating point. (a) Risk–coverage envelope derived from out-of-fold 
probabilities. (b) The chosen operating point (×) on the envelope indicating the final threshold pair and expected coverage

a b

Fig. 3. Calibration curve. (a) Calibration curve for extreme tails (orange: ideal y = x). (b) Calibration curves by color

a

b

Fig. 4. Weight–decision bands by color
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selecting operationally critical extreme cases with high 
confidence. This provides a  practical pre-screening 
layer that reduces the measurement burden in incuba-
tion and quality control lines. Our findings show that 
SI outliers can be separated even with a  low input 
set, while rejected “uncertain” samples are rationally 
separated for measurement/second-stage review. This 
design makes it possible to integrate two-threshold 
policies that explicitly manage the error–coverage  
tradeoff into industrial decision processes. The theoret-
ical underpinnings of this framework are Chow’s rule, 
which optimizes the error–rejection tradeoff, and the 
subsequent rejection-option classification literature (4).

The classical literature shows that SI can establish 
meaningful relationships with quality indicators, such 
as specific gravity, albumen index, and Haugh unit, but 
the effects are sensitive to strain/age/environment (7). 
Recent studies have reconfirmed that the shell color/
pattern can play a discriminating role in the internal/
external quality and hatchability of quail and chicken 
eggs. For example, Ismael et al. (2024) found color-
based differences in fertility and hatchability rates in 
a large series comparing five color/pattern types, while 
reporting that SI was not significantly affected by color 
(15). Species/line-specific current data, however, show 
an interaction of color diversity with hatchability and 
quality metrics; when weight, width, and shell quality 
are used together, the discriminatory power increases 
(9, 21). Consistent with these findings, our approach 
aims to reliably separate operationally critical edge 
classes using calibrated probabilities and two thresh-
olds, rather than approximating SI directly through 
regression, thus providing a practical and reproducible 
method for unmeasured pre-screening in production/
hatching lines.

The rejection option literature has shown that single-
threshold and class-dependent multi-threshold rules 
can improve the error–rejection and cost tradeoff. 
In particular, work along the lines of Fumera et al. 
demonstrates that defining different thresholds per 
class yields better results when calibration errors are 
high. More recent syntheses (e.g., the “reject option” 
survey) distinguish between uncertainty and novelty 
rejection, proposing threshold optimization through 
ROC surfaces and volume metrics. Our two-threshold 
policy design (LOW/HIGH acceptance, neutral in the 
intermediate zone) is an operational adaptation of this 
line: it manages quality/risk by controlling the accep-
tance rate at the expense of reducing the expected error 
for each egg accepted on the production line (8, 26).

The study has some limitations: (i) The model uses 
only two attributes (weight and color); this deliber-
ate simplification increases operational applicability, 
while the addition of image-based phenotypes, such as 
pigment area/brightness intensity/staining percentage, 
has the potential to shift the coverage–accuracy curve 
upward. (ii) The data may be single-period/single-
herd; multi-center and time-spanning sampling would 

strengthen generalizability. (iii) Our decision not to 
perform direct regression toward SI is a methodologi-
cal choice; the goal of reliably separating outlier classes 
aligns better with the requirement for low-error-cost, 
coverage-controlled decisions on production lines.

Future work on integrating shell phenotypes ex-
tracted from images (pigmentation intensity, texture/
texture metrics), line/age-stratified models, cost-
sensitive coverage optimization, prospective field 
validation, and online band adaptation are natural 
extensions to improve the method’s accuracy and cov-
erage. Additionally, multi-objective selection schemes 
with quality-hatch outputs (e.g., hatch success) will 
enable dynamic policy adjustments based on produc-
tion targets.

Using only egg weight and shell color, a  two-
threshold policy based on calibration probabilities 
for samples in the tails of the SI distribution achieved 
reliable accuracy at BA ≈ 0.72 and ≈ 32-33% total auto-
mation. The policy was calibrated with OOF-based and 
coverage-targeted threshold adjustment; it was made 
operational with color-based calibration and decision 
bands. This approach rationalizes resource usage by 
automatically classifying “clear” cases while directing 
uncertain (UNSURE) cases to measurement.
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