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Simple Summary 

This study presents an integrative machine learning–based evaluation of flight performance in racing 
homing pigeons raised in the South Marmara region of Turkiye. Using data from 166 pigeons and 
781 race records, the study analyzed three major flight traits: flight duration, speed, and distance. A 
composite Flight Performance Score (FPS) was constructed, and multiple statistical and machine 
learning approaches, including principal component analysis (PCA), k-means clustering, and 
Random Forest classification, were applied to investigate performance patterns and potential sex-
related differences. The results demonstrated that male and female pigeons showed substantial 
overlap in flight performance traits, with no significant sex-dependent differences detected across 
analytical methods. Random Forest classification also failed to predict sex above chance level, 
suggesting that sex is not a major determinant of flight capacity in this population. In contrast, 
unsupervised pattern analysis identified four biologically distinct flight-performance profiles 
characterized by different trade-offs between speed, endurance, and distance. These findings indicate 
that individual performance strategies, rather than sex, represent the main source of variation among 
racing pigeons. Overall, the study highlights the multidimensional and individual-specific nature of 
flight performance and demonstrates the usefulness of machine learning approaches for 
characterizing complex locomotor traits in avian species. 

Abstract 

Racing homing pigeons (Columba livia) have been selectively bred for centuries for superior flight 
capacity. Yet, the quantitative structure of flight performance traits and the extent to which sex 
influences these parameters remain poorly characterized, particularly in Turkish populations. This 
study aimed to evaluate flight performance in racing pigeons raised in the South Marmara region of 
Turkiye using three key kinematic traits (flight duration, speed, and distance) and to explore the 
multivariate structure and individual variation of these parameters through an integrative machine 
learning framework. Data were compiled from 166 individually registered pigeons (77 females, 89 
males), totaling 781 race records used for pattern analysis. A composite Flight Performance Score 
(FPS) was constructed using min–max normalized component variables, and its internal consistency 
was assessed via Cronbach’s alpha and principal component analysis. Univariate comparisons 
revealed no statistically significant sex-related differences in any of the three flight parameters (P > 
0.05 for all traits). Principal component analysis confirmed substantial overlap between male and 
female individuals in multivariate trait space, and Random Forest classification failed to discriminate 
between sexes above chance level (accuracy = 0.490; ROC-AUC = 0.500), collectively indicating that 
sex is not a dominant determinant of flight performance in this population. Internal consistency 
analysis revealed that flight duration, speed, and distance are functionally independent dimensions 
(Cronbach’s α = 0.135; r = −0.749 between duration and speed), with their variance structure being 
effectively two-dimensional (PC1: 60.1%; PC2: 39.7%), supporting the equal-weighting scheme 
applied in FPS construction. Pattern analysis of race records identified four biologically distinct flight 
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performance profiles, characterized by differential trade-offs among flight duration, speed, and 
distance, suggesting that individual-level performance strategy, rather than sex, is the primary axis 
of variation in this dataset. These findings challenge common breeder assumptions about sex-based 
differences in performance and highlight the multidimensional, individual-specific nature of flight 
performance in racing pigeons. 

Keywords: pigeon; flight performance; machine learning; pattern analysis; principal component 
analysis 
 

1. Introduction 

Pigeons (Columba livia) are an important model in biological research due to their morphological 
diversity and superior flight abilities. The domestication process, which began approximately 3000 
years ago, and subsequent intensive selective breeding efforts have led to the emergence of hundreds 
of different pigeon breeds that differ from their ancestors both morphologically and behaviorally [1–
3]. During this process, racing pigeons were selected for specific parameters such as speed, 
endurance, and long-distance flight capacity, which is thought to have led to the development of 
distinct morphological and physiological adaptations [3]. 

Flight performance is a complex interplay of aerodynamic structure, metabolic capacity, and 
muscle physiology. From an aerodynamic perspective, morphometric characteristics such as wing 
length, tail structure, and fuselage size directly determine flight speed and maneuverability [4]. 
However, details such as beak morphology have been found to indirectly affect flight safety and 
hunting skills by influencing the field of vision [5]. Physiological aspects of performance, including 
muscle structure and energy metabolism, play a decisive role. In pigeons, large, rapidly contracting 
chest muscles (pectoralis) combined with a high oxygen-carrying capacity provide high aerobic 
endurance [6]. These physiological adaptations allow the bird to resist fatigue and maintain a 
sustainable speed, especially in races of hundreds of kilometers [7,8]. 

In addition to good muscle function, numerous factors determine a bird’s suitability for speed-
based competitions, most notably wing quality [9]. The wing structure and its associated 
characteristics, along with other anatomical components, play a significant role in determining a 
bird’s racing capacity [10]. A pigeon’s speed is a key determinant not only of its ability to overcome 
various obstacles but also of its performance in returning home. Environmental factors and breeds 
with different genomic backgrounds may influence the quantitative traits of pigeons. Notably, there 
is limited information about these phenotypical traits to perform an adequate comparison [11]. 
Furthermore, the tail structure is a key morphological feature in flying birds, playing an important 
role in regulating aerodynamic drag and flight velocity [7,8,11,12]. Therefore, in racing pigeons, flight 
performance is a combination of biological characteristics such as body structure, muscle mass, and 
physiological capacity, which can be directly or indirectly influenced by gender [13]. 

Despite the long-standing practical and cultural importance of pigeon breeding in Turkiye, 
particularly in relation to flight-oriented breeds and postal pigeons, the scientific characterization of 
flight performance traits in these populations remains remarkably limited. In particular, there is a 
clear lack of systematic data on how core performance parameters, such as flight duration, speed, 
and distance, are structured within Turkish pigeon populations and whether these traits 
meaningfully express measurable patterns. Hence, the aim of this study was to evaluate flight 
performance in pigeons raised in Turkiye using key flight-related traits, including flight duration, 
speed, and distance, and to explore the overall structure and variation of these parameters within the 
population using machine learning approaches. This knowledge gap is important not only from a 
biological perspective but also from a practical breeding standpoint, because breeders may consider 
sex a potentially relevant factor when making decisions on selection, pairing, and performance 
expectations, especially in birds used for distance- and speed-based flying. However, without 
quantitative evaluation, such assumptions remain largely experience-based and difficult to validate 
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scientifically. Therefore, the present study was necessary to provide an objective statistical 
framework for evaluating flight-related variation in pigeons and to determine whether flying 
patterns contribute meaningfully to the observed performance structure. In this respect, the study 
addresses an important gap in the literature. It provides a more data-driven basis for understanding 
flight performance in pigeons and for determining whether flying patterns contribute meaningfully 
to the observed performance structure. In this context, applying multivariate statistical and machine 
learning methods to flight performance data provides a more comprehensive analytical framework 
than classical univariate methods. Techniques such as principal component analysis, k-means 
clustering, and Random Forest classification enable the simultaneous examination of multiple 
performance traits, the identification of latent performance profiles, and the assessment of predictive 
relationships in a data-driven manner. A composite Flight Performance Score (FPS) integrating flight 
duration, speed, and distance was additionally constructed to provide a single standardized metric 
for comparative analysis. By combining classical statistical comparisons with multivariate and 
pattern-based analytical approaches, this study examined not only whether the dataset contains 
biologically interpretable performance profiles independent of sex, but also whether the dataset 
contains sex-related differences. 

2. Materials and Methods 

Data Collection 

The data were compiled from 166 racing homing pigeons raised in the South Marmara region of 
Turkiye, with each race assigned an identification number. All of the pigeons were registered to the 
Turkish Avian DNA Institute. Flight performance data were collected for each individual pigeon and 
included speed, flight distance, flight duration, and sex. These parameters were obtained from 
available flight or race records maintained for the study population (Figure 1). Flight duration 
represented the total recorded duration of the flight event for each bird, whereas speed values 
(meters/minutes) were derived from the corresponding performance records. Flight distance was 
based on the documented flight route or the official distance assigned to the flight event. Sex was 
recorded according to breeder-provided information and/or individual identification records. After 
collection, all variables were organized into a single analytical dataset. The data were then screened 
for missing values, formatting inconsistencies, and outliers prior to statistical analysis. 

 

Figure 1. Representative photographs of racing homing pigeons (Columba livia) during active flight in the South 
Marmara region, Turkiye. The images depict study birds in free flight during the racing season, illustrating the 
natural flight behavior and group dynamics observed in the population. The left panel shows a cohesive flock 
formation during the early phase of flight, with birds maintaining close proximity to one another. The central 
panel captures a dispersing group at mid-flight, reflecting the transition from collective to individual navigation 
as birds approach their home lofts. The right panel shows a solitary individual in active descent, representing 
the final approach phase before loft arrival, the point at which flight duration and speed data were recorded for 
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performance analysis. Photographs were taken under natural daylight conditions and are provided for 
illustrative purposes. 

Each animal in the study had a unique identification number, enabling accurate matching and 
individual verification of records throughout data preparation. To minimize potential bias from 
familial similarity, related animals were excluded from the final analytical population. During data 
curation, all records were carefully evaluated for both performance and identity information, and 
individuals with missing, incomplete, inconsistent, or erroneous data were excluded from further 
analysis. This filtering procedure included removing animals with problematic identity records and 
those with insufficient or unreliable flight-performance measurements. As a result, although the 
study dataset initially consisted of 350 animals, only 166 pigeons met all inclusion criteria. They were 
retained in the final population used for statistical and machine learning analyses. 

For pattern analysis, the unit of observation was the individual race record rather than the 
individual bird. Since each pigeon participated in multiple races during the study period, the total 
number of race records available for analysis (n = 781) exceeded the number of individual birds (n = 
166). Each race record contained independently measured values for flight duration, speed, and 
distance, and was therefore treated as a separate analytical unit. This approach was adopted to 
capture within-individual variation across races and to maximize the informative content of the 
dataset for unsupervised pattern identification. It should be noted that this analytical design 
introduces a degree of non-independence among observations, as multiple records originating from 
the same individual may share underlying biological characteristics. This limitation is acknowledged, 
and the identified patterns should be interpreted as flight performance profiles across race events 
rather than as individual-level phenotypic categories. 

No invasive procedures, manipulations, or experimental treatments were applied to the animals 
for this study. Written or verbal informed consent was obtained from the bird owners for the use of 
these data in scientific analyses. The compiled dataset was subsequently checked for completeness, 
consistency, and suitability for downstream statistical and machine learning analyses. 

Statistical analysis 

Descriptive statistics were calculated for all analyzed flight-related variables to summarize the 
central tendency and dispersion within each group. For each parameter, the number of observations 
(n), mean, standard deviation (SD), minimum, maximum, and, where appropriate, median values 
were determined. These descriptive summaries provided an overall overview of the dataset’s 
distributional characteristics before inferential statistical analyses. 

To test for differences among groups, one-way analysis of variance (ANOVA) was performed 
for each flight parameter separately. Grouping structure was defined according to the biological 
category under investigation, and each dependent variable was analyzed independently. A one-way 
ANOVA was used to determine whether the means of the measured traits differed significantly 
across groups. Before conducting ANOVA, variables were examined for suitability for parametric 
testing, including inspection of data distribution and variance structure. Statistical significance was 
assessed at P < 0.05. When the overall ANOVA result was statistically significant, Tukey’s honestly 
significant difference (HSD) post hoc test was applied for pairwise multiple comparisons between 
groups. Tukey’s test was used to identify which specific group pairs differed significantly while 
controlling for the family-wise error rate associated with multiple testing. Adjusted P values obtained 
from the Tukey procedure were used to interpret pairwise group differences. 

The flight performance score (FPS) was defined as a composite index to quantify the overall 
flight ability of each individual using the following formula. For each individual i, FPS was calculated 
by integrating three key flight-related variables: flight duration (D_i), speed (S_i), and distance (L_i). 
To ensure comparability across variables measured on different numerical scales, each variable was 
normalized using min–max scaling based on the observed minimum and maximum values within 
the dataset. Specifically, Dmin and Dmax represent the minimum and maximum flight duration values, 
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Smin and Smax represent the minimum and maximum speed values, and Lmin and Lmax represent the 
minimum and maximum distance values. The normalized values were then averaged to obtain a 
composite score for each individual, which was subsequently rescaled to a 0–100 range. Thus, higher 
FPS values indicate better overall flight performance by simultaneously accounting for endurance, 
velocity, and displacement capacity. This approach allows integrating multiple performance 
dimensions into a single standardized metric suitable for comparative and downstream statistical 
analyses. 𝑭𝑷𝑺𝒊 =  𝟏𝟎𝟎 ∗ ൬𝟏𝟑൰ ∗ ൬ 𝑫𝒊 − 𝑫𝒎𝒊𝒏𝑫𝒎𝒂𝒙 − 𝑫𝒎𝒊𝒏 + 𝑺𝒊 − 𝑺𝒎𝒊𝒏𝑺𝒎𝒂𝒙 − 𝑺𝒎𝒊𝒏 + 𝑳𝒊 − 𝑳𝒎𝒊𝒏𝑳𝒎𝒂𝒙 − 𝑳𝒎𝒊𝒏൰ 

To evaluate the internal consistency of the Flight Performance Score, Cronbach’s alpha was 
calculated for the three min-max normalized component variables following outlier exclusion. 
Cronbach’s alpha was computed as: 

α = (k / k−1) × (1 − Σσ²ᵢ / σ²total) 

where k denotes the number of items (k = 3), σ²ᵢ represents the variance of each normalized 
component variable, and σ²total represents the variance of their summed scores. Inter-item Pearson 
correlation coefficients were calculated between all variable pairs to assess the degree of linear 
association among components. In addition, a principal component analysis was performed on the 
standardized component variables to examine the variance structure underlying the composite score, 
and the proportion of total variance explained by each principal component was reported. These 
analyses were conducted to provide empirical justification for the equal-weighting scheme applied 
in FPS calculation and to characterize the dimensionality of the composite index. 

Principal component analysis (PCA) was performed to explore the multivariate distribution of 
flight performance traits and to assess whether male and female individuals formed distinct clusters 
based on these parameters. The analysis used flight-related variables, including flight duration, 
speed, calculated speed, and distance. Only individuals with known sex classification (male or 
female) and complete records for all analyzed variables were included in the PCA. Before analysis, 
the dataset was curated to ensure numerical consistency. In particular, decimal separators in the 
speed column were standardized where necessary, and all variables were converted to numeric 
format. Records containing missing values in any of the selected variables were excluded from the 
analysis. PCA was initially performed on the full dataset (raw data). In addition, to evaluate the 
potential influence of extreme observations, a second PCA was carried out after excluding outliers 
using the interquartile range (IQR) method. For each variable, values below Q1 − 1.5 × IQR or above 
Q3 + 1.5 × IQR were considered outliers and removed. Because the analyzed variables were measured 
on different numerical scales, all variables were standardized to a mean of 0 and a variance of 1 before 
PCA. The PCA was then computed on the standardized data matrix, and the first two principal 
components (PC1 and PC2) were retained for visualization. These components were used to generate 
two-dimensional ordination plots showing the spatial distribution of male and female individuals in 
multivariate trait space. 

To aid visual interpretation of group structure, male and female individuals were displayed with 
separate symbols, and group-level dispersion was illustrated using ellipse overlays around each sex. 
Variable loadings were projected as arrows onto the PCA biplot to indicate the relative contribution 
and direction of each trait in shaping the ordination pattern. In the final figure layout, the variables 
flight duration, speed, and distance were displayed as labels, whereas the label for the calculated 
speed was omitted from the plot for visual clarity; the variable may still have been included in the 
computation, depending on the figure version analyzed. PCA was implemented in Python using the 
scikit-learn package, first standardizing with StandardScaler and then reducing dimensionality with 
the PCA function. Graphical outputs were generated in Matplotlib. The percentage of total variance 
explained by PC1 and PC2 was reported on the corresponding axes. 

A Random Forest classification analysis was performed to assess whether sex (male vs. female) 
could be predicted from flight performance variables. For this purpose, individuals with known sex 
classification and complete measurements for the analyzed traits were included. In the final model, 
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the predictor variables consisted of flight duration, speed, and distance. Individuals with missing 
values in any of these variables were excluded before analysis. Random Forest classification was 
implemented in Python using the scikit-learn library. Sex was treated as a binary response variable, 
with male and female individuals representing the two target classes. The Random Forest model was 
fitted with 500 decision trees, using class_weight=“balanced” to account for class imbalance and 
min_samples_leaf=2 to reduce overfitting and improve generalizability. Model performance was 
evaluated using 5-fold stratified cross-validation, in which the dataset was partitioned into 5 subsets, 
preserving the proportions of males and females within each fold. In each iteration, four folds were 
used for training, and one fold for validation, and this procedure was repeated until all folds had 
served once as the validation set. Classification performance was summarized using the mean values 
of accuracy, balanced accuracy, F1-score, and area under the receiver operating characteristic curve 
(ROC-AUC) across cross-validation folds. To further assess classification behavior, cross-validated 
predictions were used to generate a confusion matrix, showing the number of correctly and 
incorrectly classified male and female individuals. In addition, feature importance scores were 
extracted from the fitted Random Forest model to estimate the relative contribution of flight duration, 
speed, and distance to sex discrimination. All calculations were performed in Python (version 3.12.3) 
using the NumPy (v2.4.4) and scikit-learn (v1.8.0), and matplotlib (v3.10.8) libraries. 

3. Results 

A total of 166 pigeons, including 77 females and 89 males, were evaluated for flight duration, 
speed, and distance (Table 1). Descriptive statistics showed some numerical variation between sexes; 
however, none of the analyzed traits differed significantly between female and male pigeons. Flight 
duration did not vary significantly between sexes (P = 0.305), and similarly, no significant sex-related 
difference was detected for speed (P = 0.559) or distance (P = 0.145). These findings indicate that 
although female and male pigeons exhibited slight differences in mean performance, sex was not a 
major source of variation in the analyzed flight-performance traits. 

Table 1. Descriptive statistics of flight performance parameters by gender. m.s: minutes.seconds; m/min: 
meters/minutes. 

Traits n Mean ± SD Minimum Maximum P Value 

Duration (m.s) 

Total (166) 101.69±54.49 83.08 591.34 

0.305 F (77) 106.37±71.27 84.35 591.34 

M (89) 97.64±33.84 83.08 276.22 

Speed (m/min) 

Total (166) 1152.51± 196.11 182.30 1295.2 

0.559 F (77) 1142.90±212.20 182.30 1275.5 

M (89) 1160.80±181.90 386.10 1295.2 

Distance (km) 

Total (166) 107.74±2.33 100.51 110.86 

0.145 F (77) 108.02±2.20 103.67 108.02 

M  (89) 107.49±2.42 100.51 110.86 

When comparing flight performance scores between males and females, males had a higher 
median score (≈80) than females (≈70). However, males also showed greater overall variability, with 
several low-scoring outliers, including one individual approaching a score of zero. Females 
demonstrated a narrower interquartile range, yet the upper whisker, which extends to approximately 
100, indicates the presence of high-performing individuals within this group. In short, these results 
suggest that composite flight performance shows substantial individual variation in both sexes and 
that sex may contribute to the observed distribution of performance scores (Figure 2). 
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Figure 2. Flight performance scores of male and female individuals. Box plots display the distribution of 
composite flight performance scores (scale: 0–100) for males (blue) and females (orange), with individual data 
points overlaid. The box represents the interquartile range (IQR; 25th–75th percentiles), the horizontal line 
within the box indicates the median, and whiskers extend to 1.5× IQR. 

To assess the construct validity of the Flight Performance Score, the internal consistency and 
dimensionality of its three normalized component variables were evaluated prior to downstream 
analyses. Cronbach’s alpha calculated across flight duration, speed, and distance yielded a coefficient 
of 0.135, which falls below the conventional threshold of 0.70 typically required for composite indices 
measuring a single latent construct. However, this result is not indicative of a methodological 
shortcoming; rather, it reflects the functional independence of the three performance dimensions, as 
further confirmed by the inter-item correlation analysis (Figure 3A). Flight duration and speed 
exhibited a moderate negative correlation (r = −0.749), indicating that individuals with longer flight 
durations tended to fly at lower speeds. A moderate positive association was observed between flight 
duration and distance (r = 0.477), while speed and distance showed only a weak positive correlation 
(r = 0.213). The mixed directionality and variable magnitude of these associations confirm that the 
three variables capture distinct and partially opposing aspects of flight performance rather than 
converging on a shared underlying trait (Figure 3). 
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Figure 3. Internal consistency and dimensionality analysis of the Flight Performance Score (FPS) components (n 
= 635 race records after outlier exclusion): (A) Inter-item correlation matrix of the three min–max normalized 
FPS component variables. Cell values represent Pearson correlation coefficients between flight duration, speed, 
and distance. A moderate negative correlation was observed between flight duration and speed (r = −0.749), and 
a moderate positive correlation between flight duration and distance (r = 0.477), while speed and distance 
showed a weak positive association (r = 0.213). The mixed direction and variable magnitude of inter-item 
correlations indicate that the three variables do not converge on a single underlying construct, supporting their 
treatment as functionally distinct performance dimensions within the composite score. (B) Scree plot depicting 
the proportion of total variance explained by each principal component derived from the standardized FPS 
component variables. PC1 accounted for 60.1% of the total variance, PC2 for 39.7%, and PC3 for only 0.2%, 
indicating that the three variables form an effectively two-dimensional multivariate structure. The dashed 
reference line indicates the theoretical equal-variance threshold (33.3% per component). The disproportionate 
contribution of PC1 and PC2 reflects the dominant role of the flight duration–speed trade-off in structuring 
individual variation, while the near-zero contribution of PC3 suggests minimal residual variance unexplained 
by the first two components. Cronbach’s α = 0.135, confirming low inter-item consistency and supporting the 
rationale for treating the three variables as independent contributors to the composite index rather than as 
redundant indicators of a single latent trait. 

Principal component analysis of the standardized component variables revealed a two-
dimensional variance structure, with PC1 and PC2 accounting for 60.1% and 39.7% of the total 
variance, respectively, while PC3 contributed only 0.2% (Figure 3B). The dominant contribution of 
PC1 reflects the strong inverse relationship between flight duration and speed, which emerged as the 
primary axis of individual variation in the dataset. The near-zero contribution of PC3 indicates that 
virtually all meaningful variance in the three-variable system is captured within a two-dimensional 
space. In this respect, these findings demonstrate that flight duration, speed, and distance represent 
functionally distinct and partially antagonistic performance dimensions and provide empirical 
support for the equal-weighting scheme applied in FPS construction, as no single variable emerged 
as a dominant or redundant contributor to the composite index. 

We next performed PCA to evaluate whether male and female individuals showed any 
multivariate separation based on the measured flight traits (Figure 4). The analysis included flight 
duration, speed, calculated speed, and distance, and was examined both in the raw dataset and after 
outlier exclusion. In the raw dataset, 89 males and 77 females were included, whereas after outlier 
filtering, the analysis was based on 82 males and 71 females. Overall, the PCA plots did not reveal a 
clear separation between male and female individuals. Instead, the two groups showed substantial 
overlap in the multivariate trait space defined by the first two principal components. Although minor 
shifts in the central distributions of males and females could be visually apparent in some figure 
versions, these differences were not strong enough to indicate a robust sex-specific clustering pattern. 
The wide overlap between the ellipse boundaries further supported the lack of a distinct multivariate 
structure separating the two sex groups. This pattern suggests that the variation observed in flight 
performance traits is largely shared between males and females, rather than being structured 
primarily by sex. In other words, while individual-level variation in duration, speed, and distance 
was evident, this variation did not organize into two clearly distinguishable sex-based groups. Thus, 
sex does not appear to be a dominant source of variation across the measured flight parameters in 
this dataset (Figure 4). 
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Figure 4. Principal component analysis (PCA) biplot of flight kinematic traits in males and females, with 95% 
confidence ellipses. Individual samples are projected onto PC1 (67.7%) and PC2 (32.2%), which together account 
for 99.9% of the total variance. Males (blue circles; n=82) and females (orange triangles; n=71) are distinguished 
by symbol shape and color. Loading vectors indicate the contribution of each kinematic trait to the principal 
components: flight duration loads predominantly along the positive PC1 axis, while speed and distance load 
positively on PC2 and negatively on PC1, reflecting their relative independence from flight duration. The two 
concentric ellipses represent 95% confidence regions for each sex group. The substantial overlap between ellipses 
indicates considerable similarity in the overall multivariate flight kinematic space occupied by males and 
females, despite some divergence in the distribution of extreme values, particularly along the positive PC1 axis, 
where several male outliers with exceptionally long flight durations are evident. 

The PCA results were also informative regarding data quality. In the raw dataset, the 
distribution of individuals was somewhat more dispersed, likely reflecting the influence of extreme 
observations. After outlier removal, the ordination became visually more compact and stable. Yet, 
the general interpretation remained unchanged: male and female individuals still overlapped 
extensively, and no obvious sex-dependent clustering emerged. This indicates that the lack of 
separation was not simply an artifact of a few extreme values, but rather reflects the overall structure 
of the dataset. From a biological perspective, these findings imply that the measured flight traits alone 
may not be sufficient to differentiate males from females at a multivariate level. Even though subtle 
group tendencies may exist for individual variables, these tendencies are not strong enough, when 
considered jointly, to generate a distinct sex-specific pattern in the ordination space. Therefore, PCA 
supports the interpretation that flight duration, speed, calculated speed, and distance do not 
collectively produce a strong sex-discriminatory signal in the present dataset. 

To characterize individual variation in flight behavior independently of sex-related effects, a 
pattern analysis was performed on three kinematic traits: flight duration, speed, and distance. 
Principal component analysis (PCA) revealed that the first two components collectively explained 
99.8% of the total variance (PC1: 59.9%; PC2: 39.9%), indicating that this two-dimensional 
representation captured the majority of the multivariate structure in the data. Four discrete flight 
behavior patterns were identified and are visualized in the PCA biplot (Figure 5). The loading vectors 
indicate that flight duration contributed predominantly to PC1, while speed and distance loaded 
positively on PC2 and negatively on PC1, suggesting that these two traits are largely independent of 
flight duration but closely associated with each other. 
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Figure 5. Principal component analysis (PCA) biplot of flight behavior patterns independent of sex. Individual 
samples are projected onto PC1 (59.9%) and PC2 (39.9%), which together account for 99.8% of the total variance. 
Four flight behavior patterns are distinguished by color: Pattern 1 (blue; n=139), Pattern 2 (orange; n=210), Pattern 
3 (green; n=166), and Pattern 4 (red; n=114). Loading vectors indicate the contribution of each kinematic trait to 
the principal components: flight duration loads positively on PC1, while speed and distance load positively on 
PC2 and negatively on PC1, reflecting their near-independence from flight duration. Pattern 3 clusters in the 
upper region, indicative of high speed and distance; Pattern 1 distributes toward positive PC1 values, reflecting 
prolonged flight duration; Patterns 2 and 4 occupy the lower half, with Pattern 4 concentrated in the lower-left 
quadrant, suggesting below-average performance across all traits. Spatial separation among patterns supports 
the distinctiveness of the identified behavioral groupings, independent of sex. 

The four patterns were clearly separated in multivariate space, with limited overlap, supporting 
the distinctiveness of the identified behavioral groupings (Figure 5). Pattern 1 (n=139) was distributed 
toward positive PC1 values, consistent with individuals exhibiting prolonged flight duration. Pattern 
2 (n=210) was the most numerically abundant group and occupied a central to lower-left position in 
the biplot, reflecting near-average to below-average values across all traits. Pattern 3 (n=166) clustered 
in the upper region of the plot, corresponding to individuals with high speed and distance scores. 
Pattern 4 (n=114) concentrated in the lower-left quadrant, suggesting uniformly below-average flight 
performance across all three kinematic variables. 

The standardized mean profiles of the four patterns across flight traits further clarified the 
biological interpretation of these groupings (Figure 6). Pattern 1 was characterized by markedly 
above-average flight duration (z ≈ 1.5), sharply below-average speed (z ≈ −1.2), and moderately 
above-average distance (z ≈ 0.65), indicating individuals capable of sustained but relatively slow 
flight. Pattern 2 exhibited near-mean flight duration, mildly below-average speed, and the lowest 
distance scores among all patterns (z ≈ −0.65), representing individuals with consistently modest 
flight performance. Pattern 3 displayed near-mean flight duration alongside the highest speed (z ≈ 
1.2) and distance values, indicative of fast, far-ranging flight behavior. Pattern 4 showed the lowest 
flight duration (z ≈ −1.1), a moderate peak in speed (z ≈ 0.65), and a sharp decline in distance (z ≈ 
−1.1), suggesting brief but moderately fast flight bouts covering a limited spatial range. The crossing 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 May 2026 doi:10.20944/preprints202605.0707.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0707.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 19 

 

trajectories observed among pattern profiles (Figure 5) highlight functional trade-offs between flight 
kinematic traits, particularly between flight duration and speed, and support the existence of discrete, 
biologically meaningful flight strategies within the study population that are independent of sex. 

 
Figure 6. Standardized mean profiles of four flight behavior patterns across three kinematic traits. The figure 
displays pattern profile plots from cluster analysis, illustrating the standardized mean values (z-scores) of three 
flight-related traits (flight duration, speed, and distance) across four identified behavioral patterns. Each line 
represents the mean profile of one pattern: Pattern 1 (blue), Pattern 2 (orange), Pattern 3 (green), and Pattern 4 
(red). The horizontal reference line at y = 0 denotes the grand mean of each standardized trait. Pattern 1 is 
characterized by markedly high flight duration (z ≈ 1.5), sharply declining to very low speed (z ≈ −1.2), followed 
by a recovery to above-average distance (z ≈ 0.65), suggesting individuals with prolonged but relatively slow 
and spatially moderate flight. Pattern 2 shows near-mean flight duration, a mild decline in speed (z ≈ −0.5), and 
a further decrease in distance (z ≈ −0.65), representing individuals with consistently below-average flight 
performance across traits. Pattern 3 exhibits near-mean flight duration and the highest speed values of all 
patterns (z ≈ 1.2), while maintaining elevated distance scores, indicative of fast, far-ranging flight with 
unremarkable duration. Pattern 4 demonstrates the shortest flight duration (z ≈ −1.1), a peak in speed (z ≈ 0.65), 
and a sharp decline in distance (z ≈ −1.1), potentially reflecting brief but moderately fast flight bouts covering 
limited ground. The crossing trajectories among patterns highlight trade-offs between flight kinematic traits and 
support the existence of discrete, biologically meaningful flight behavioral strategies within the study 
population. 

A Random Forest classifier was applied to test whether sex could be predicted from flight 
duration, speed, and distance (Figure 7). The model was trained and evaluated on the outlier-filtered 
dataset, comprising 153 individuals (82 males and 71 females). Model performance was assessed 
using 5-fold stratified cross-validation. The Random Forest classifier showed poor discriminative 
performance. The mean classification metrics were as follows: accuracy = 0.490, balanced accuracy = 
0.488, F1-score = 0.521, and ROC-AUC = 0.500. These values are essentially at or near the level 
expected by random chance, indicating that the model was unable to reliably distinguish males from 
females based on the selected flight traits. The confusion matrix further supported this interpretation 
by showing that misclassification occurred frequently across both classes. Rather than producing a 
stable separation between males and females, the classifier assigned predictions that were only 
marginally informative, if at all. This suggests that the relationship between sex and the analyzed 
variables is either extremely weak or too inconsistent to be captured by a supervised machine-
learning approach under the present dataset conditions. Feature importance analysis indicated that 
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the included predictors contributed to the model to varying degrees; however, these contributions 
should be interpreted with caution. Even if one variable appeared relatively more important than the 
others, the model’s overall predictive performance remained very low. Therefore, variable 
importance in this context does not imply biologically meaningful sex discrimination but rather 
reflects relative contribution within a model that itself lacks robust predictive power. 

 

Figure 7. Random Forest classification of sex based on flight kinematic traits (flight duration, speed, and 
distance): (A) Variable importance plot. Bar lengths represent the mean decrease in impurity (Gini importance) 
for each predictor variable included in the Random Forest model. Distance was identified as the most important 
predictor (feature importance ≈ 0.36), followed by speed (≈ 0.32) and flight duration (≈ 0.30), indicating that all 
three kinematic traits contributed comparably to sex classification, with distance providing marginally greater 
discriminatory power. (B) Confusion matrix. The matrix displays the classification outcomes for the test set 
(n=153; Male=82, Female=71), with true class labels on the y-axis and predicted class labels on the x-axis. Of 71 
true females, 32 were correctly classified as female, and 39 were misclassified as male. Of 82 true males, 43 were 
correctly classified as male and 39 were misclassified as female. Overall model performance was poor, with an 
accuracy of 0.490, balanced accuracy of 0.488, F1 score of 0.521, and a ROC-AUC of 0.500, which is equivalent to 
chance-level discrimination. These metrics collectively indicate that the Random Forest classifier was unable to 
reliably distinguish between sexes based solely on the three flight kinematic traits, suggesting that flight 
duration, speed, and distance do not provide sufficient discriminatory information to predict sex above chance 
level in this population. 

The results obtained from descriptive comparisons, multivariate ordination, and supervised 
classification collectively demonstrated a highly consistent pattern across analytical frameworks. 
Despite the biological plausibility that sex may influence flight-related traits, neither the univariate 
nor the multivariate analyses identified a strong, reproducible sex-dependent signal in the studied 
population. PCA revealed substantial overlap between male and female individuals in the reduced 
trait space, indicating that the overall variation in flight duration, speed, and distance was largely 
shared across sexes rather than partitioned into distinct sex-specific clusters. As shown in Figure 7, 
this interpretation was further reinforced by Random Forest classification, which achieved near-
chance performance and failed to discriminate between males and females with acceptable accuracy. 
Taken together, these findings indicate that sex is not a dominant determinant of the measured flight-
performance traits in this dataset and suggest that the observed variation is more likely driven by 
other biological, environmental, or individual-specific factors. 
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Figure 8. Principal component analysis (PCA) biplot depicting K-means clustering (k=4) of study samples. Each 
data point represents an individual sample projected onto the first two principal components (PC1 and PC2), 
which together account for 100% of the cumulative variance explained (PC1: 67.7%; PC2: 32.2%). K-means 
clustering identified four distinct subgroups, represented by color: Cluster 1 (blue), Cluster 2 (orange), Cluster 3 
(green), and Cluster 4 (red/pink). Cluster 1 is characterized by high negative PC1 values and high positive PC2 
values, forming a tight, well-defined grouping in the upper left quadrant, indicative of low within-cluster 
variance. Cluster 2 is distributed across negative to near-zero PC1 values with variable PC2 scores, occupying 
the left and central regions of the plot. Cluster 3 spans moderate to high positive PC1 values and predominantly 
negative PC2 scores, with greater dispersion in the lower-right region. Cluster 4 is distributed across positive 
PC1 values with variable PC2 scores, with several outlying data points extending toward high positive PC1 
values (>3), suggesting greater within-cluster heterogeneity. The degree of separation between clusters along 
PC1 reflects the primary axis of variation within the dataset. Overlapping regions between clusters, particularly 
among Clusters 2, 3, and 4 in the central zone, may indicate transitional phenotypes or continuous underlying 
variation. 

Although sex-based analyses did not reveal a strong discriminatory pattern, unsupervised 
clustering identified distinct flight-performance subgroups within the population. K-means 
clustering based on flight duration, speed, and distance supported a four-cluster structure, with the 
identified groups occupying partially distinct regions in multivariate space (Figure 8). This finding 
indicates that the major source of variation in the dataset is more closely related to the performance 
profile than to sex. 

4. Discussion 

Recent advances in artificial intelligence and machine learning have demonstrated considerable 
promise in avian biology, enabling the extraction of biologically meaningful patterns from complex, 
multidimensional datasets that would otherwise remain obscured by the limitations of classical 
univariate approaches. In wild bird species, machine learning methods have been successfully 
applied to classify flight modes, predict behavioral states from accelerometer data, and infer 
ecological lifestyle from morphological traits, consistently revealing structure in avian datasets that 
conventional statistical methods failed to detect [14,15]. However, the application of such approaches 
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to domesticated birds selectively bred for athletic performance, particularly for quantifying 
individual flight performance profiles in racing pigeons, has remained largely unexplored. By 
combining PCA, k-means clustering, pattern analysis, and Random Forest classification within a 
single analytical pipeline, the present study provides a foundational methodological framework for 
the data-driven characterization of flight performance in racing pigeons and demonstrates both the 
utility and the current limitations of these approaches when applied to kinematic race data. The 
present study represents one of the first applications of an integrative machine learning framework 
to the quantitative characterization of flight performance patterns in a domesticated avian 
population. 

Under normal circumstances, some differences between male and female individuals in flight 
performance might be expected, as sex can directly or indirectly influence several biological traits 
related to flight, including body structure, muscle mass [16–18], energy utilization [17,19], behavioral 
tendencies, and physiological capacity [20]. Therefore, at least partial differentiation between the 
sexes in parameters such as speed, distance, and flight duration would appear biologically plausible. 
However, in the present study, the absence of a clear separation between males and females in both 
the PCA and Random Forest analyses represents an interesting and noteworthy finding, as the 
anticipated biological pattern was not clearly observed. This result suggests that flight performance 
may be shaped less by sex itself and more by individual variation, environmental conditions, physical 
condition, training history, or other unmeasured factors. Accordingly, the lack of a distinct sex-based 
pattern should not be viewed merely as a negative result, but rather as an informative observation 
indicating that the mechanisms underlying flight performance may be more complex and 
multifactorial than initially expected. 

The moderate negative correlation observed between flight duration and speed (r = −0.749) is 
particularly noteworthy from a biological standpoint (Figure 3), as it suggests the existence of a 
fundamental performance trade-off in racing pigeons analogous to the speed–endurance antagonism 
documented across vertebrate taxa. Such trade-offs between burst performance and sustained 
locomotion are thought to be underpinned by muscle-level physiological constraints, particularly the 
co-variation of myosin isoform expression and oxidative capacity across muscle fiber types, whereby 
fast-contracting, glycolytic fibers favor high power output at the cost of fatigue resistance. In contrast, 
slow-twitch oxidative fibers support sustained effort at reduced velocity [21]. In racing pigeons, the 
pectoralis muscle (which accounts for approximately 11% of total body weight) plays a central role 
in determining both speed and endurance capacity. Transcriptomic analyses have demonstrated that 
genes involved in fatty acid metabolism, mitochondrial function, and muscle remodeling are 
differentially regulated following competition flights, highlighting the physiological demands of 
reconciling speed and endurance within a single athletic phenotype [22]. The positive association 
between flight duration and distance (r = 0.477) further suggests that endurance-type individuals can 
cover greater total distances despite lower velocities, potentially representing a distinct adaptive 
strategy relevant to long-distance racing performance. Collectively, these inter-trait correlations 
imply that selection for racing performance may operate differently depending on whether the target 
trait is speed, endurance, or distance capacity, and that treating flight performance as a 
unidimensional trait may oversimplify the biological reality of locomotor variation in this species [3]. 

The four flight performance patterns identified in the present study are consistent with the 
existence of distinct locomotor strategies that reflect fundamental trade-offs between speed, 
endurance, and distance capacity in racing pigeons. Pattern 1, characterized by prolonged flight 
duration and below-average speed, resembles an endurance-type locomotor strategy in which 
individuals sustain aerobic effort over extended periods at reduced velocity, a profile analogous to 
what aerodynamic theory predicts for birds flying at minimum power speed (Vmps), where 
metabolic cost per unit time is minimized rather than cost per unit distance [23]. In contrast, Pattern 
3, exhibiting the highest speed and distance values, is consistent with birds operating near maximum 
range speed (Vmrs), the speed at which distance covered per unit energy is maximized and which 
has been proposed as the preferred flight speed in well-trained racing pigeons [23]. Pattern 4, with 
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uniformly low values across all three kinematic traits, may represent individuals in suboptimal 
physical condition, early-stage training, or those yet to reach peak athletic capacity, consistent with 
observations that flight performance in young racing pigeons improves substantially across training 
stages and is sensitive to prior health conditions [9]. The identification of these distinct performance 
profiles has direct implications for selective breeding: birds exhibiting Pattern 3 profiles may 
represent the most athletically versatile individuals, while Pattern 1 birds may be preferentially 
suited to long-distance race categories. Transcriptomic analyses of racing pigeons have demonstrated 
that genes involved in fuel selection and muscle maintenance during flight are differentially 
regulated following competition, suggesting that variations in these pathways may underlie 
population-level differences in performance profiles and could be exploited for genetic improvement 
targeting specific race categories [22]. 

The absence of a significant sex effect on flight performance in the present study warrants 
consideration in the broader avian locomotor literature. In wild bird species, sex-related differences 
in locomotor performance are frequently reported and are typically attributed to sexual dimorphism 
in body mass, muscle composition, and reproductive investment. For instance, studies on 
domesticated galliform birds have shown that males exhibit higher maximum sustainable speeds and 
greater incremental metabolic costs of locomotion than females, with these differences arising 
concomitantly with secondary sex characteristics at sexual maturation [16]. However, such 
dimorphism is largely driven by divergent selection pressures acting on the two sexes in wild 
populations, particularly through sexual selection and sex-specific reproductive costs. In 
domesticated species subject to artificial selection for performance traits (rather than for reproductive 
or display characteristics), sex-related differences in locomotor capacity may be substantially reduced 
or absent. Genomic analyses of racing pigeons have shown that superior flight performance arises 
from a polygenic architecture leveraging standing genetic variation, with no single locus acting as a 
master switch for performance [24]. This polygenic architecture, shared across both sexes and shaped 
by centuries of performance-oriented artificial selection, may effectively homogenize flight capacity 
between males and females, rendering sex a poor predictor of individual performance in this breed. 
Furthermore, the application of machine learning classification in the present study revealed that 
three kinematic traits (flight duration, speed, and distance) were entirely insufficient to discriminate 
between sexes (ROC-AUC = 0.500), a finding consistent with the interpretation that these variables 
reflect individual athletic capacity rather than sex-specific phenotypic divergence. Comparable 
limitations in sex prediction from behavioral or locomotor features alone have been reported in other 
avian contexts, where the inclusion of navigational, spatial, or morphometric variables was necessary 
to achieve above-chance classification accuracy [25,26]. 

The Random Forest classifier’s failure to predict sex above chance level (ROC-AUC = 0.500, 
accuracy = 0.490) is a particularly informative negative result that merits explicit discussion. A ROC-
AUC of 0.500 is mathematically equivalent to random guessing, indicating that the three flight 
kinematic variables included in the model carry zero discriminatory information with respect to 
biological sex. This outcome is consistent with the univariate and multivariate analyses. It reinforces 
the conclusion that sex does not structure the variation captured by flight duration, speed, and 
distance in this population. The near-perfect balanced accuracy (0.488) further confirms that this 
failure is not attributable to class imbalance between male and female groups. From a methodological 
perspective, this result highlights both the strengths and limitations of the analytical approach: the 
convergence of multiple independent methods on the same conclusion substantially increases 
confidence in the finding, yet the available feature set constrains the model’s predictive capacity. 
Machine learning approaches applied to avian datasets have demonstrated that the predictive 
accuracy of classification models is highly sensitive to the biological relevance and completeness of 
the input feature set [15]. Future models incorporating additional variables, including morphometric 
measurements such as wing length and body mass, physiological indicators such as hematocrit and 
muscle condition scores, or behavioral traits such as navigational accuracy and loft return fidelity, 
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may achieve greater predictive power and reveal sex-related patterns that are not detectable from 
kinematic data alone. 

Beyond their immediate scientific contribution, the findings of the present study carry important 
practical and conservation-related implications. Racing and postal pigeons represent a unique 
category of domesticated birds in which performance traits are directly linked to the purpose of 
breeding. Yet, quantitative, data-driven evaluations of these traits have remained scarce in the 
scientific literature. The application of machine learning and multivariate statistical frameworks to 
flight performance data, as demonstrated here, offers breeders and researchers a more objective, 
reproducible, and scalable basis for performance assessment compared to experience-based selection 
criteria alone. By statistically delineating distinct flight performance profiles and quantifying inter-
trait relationships, such approaches provide the kind of structured phenotypic data that can serve as 
a critical foundation for subsequent molecular investigations. Integration of the performance patterns 
identified here with genomic or transcriptomic data (for instance, through genome-wide association 
studies targeting speed- or endurance-related quantitative trait loci) could substantially advance the 
identification of genetically superior breeding candidates and accelerate progress in performance-
oriented selection programs. 

From a conservation perspective, the Turkish postal and racing pigeon populations studied here 
represent indigenous breeds that constitute a meaningful component of domestic avian biodiversity. 
These breeds have been shaped by centuries of selective breeding within specific geographic and 
cultural contexts, resulting in genetically distinct populations whose preservation carries inherent 
scientific and cultural value [11,27,28]. The continuation of pigeon keeping as a hobby plays a non-
trivial role in maintaining viable population sizes for these breeds and in sustaining the knowledge 
systems and practices associated with their husbandry. In regions where traditional pigeon breeding 
is declining, breed-specific genetic erosion represents a tangible risk. Scientific engagement with these 
populations (through phenotypic characterization, performance monitoring, and ultimately genomic 
documentation) can provide the empirical basis needed to support formal conservation strategies. In 
this sense, the present study contributes not only to the quantitative understanding of flight 
performance but also to the broader effort to document and preserve the biological heritage 
represented by indigenous pigeon breeds in Turkiye. 

Several limitations of the present study should be acknowledged when interpreting the findings. 
First, the dataset was derived from a single racing season, which restricts the generalizability of the 
observed performance patterns across years and potentially different environmental or 
meteorological conditions. Longitudinal data spanning multiple seasons would be necessary to 
determine whether the identified flight performance profiles represent stable individual 
characteristics or context-dependent responses to specific race conditions. Second, sex classification 
in the present study was based on breeder-provided records and/or individual identification data 
rather than molecular sexing. Although this approach is common in field-based studies of racing 
pigeons, it introduces the possibility of misclassification, particularly in species where morphological 
sex determination can be ambiguous. Future studies should incorporate PCR-based or other 
molecular methods to verify sex assignment and ensure the accuracy of sex-based comparisons [29]. 
Third, the pattern analysis was conducted at the level of individual race records rather than 
individual birds, as each pigeon contributed a variable number of records to the dataset. This unequal 
contribution of individuals to the analytical pool introduces a degree of non-independence among 
observations. It may bias the identified performance patterns toward the behavioral profiles of more 
frequently recorded birds. Aggregating records at the individual level or applying mixed-effects 
modeling approaches that explicitly account for the hierarchical structure of the data would provide 
a more statistically rigorous framework for future analyses. Finally, several biologically relevant 
covariates known to influence flight performance, including age, body condition, training history, 
nutritional status, and health records, were unavailable for the present study population and could 
therefore not be controlled for in the analyses. The absence of these variables limits the extent to 
which the observed individual variation in flight performance can be attributed to specific biological 
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determinants. It represents an important avenue for future investigation. Incorporating these 
covariates into multivariate models would substantially enhance the explanatory power of the 
analytical framework and enable a more mechanistic interpretation of the performance profiles 
identified here. 

5. Conclusions 

This paper provides a comprehensive, multi-framework evaluation of flight performance in 
racing homing pigeons (Columba livia) raised in Turkiye, integrating descriptive statistics, 
multivariate ordination, unsupervised clustering, and supervised machine learning approaches. 
Across all analytical levels, a highly consistent pattern emerged: sex was not a dominant determinant 
of flight duration, speed, or distance in the studied population. Univariate comparisons revealed no 
statistically significant sex-related differences in any of the three flight parameters, and this finding 
was independently corroborated by PCA, which demonstrated substantial overlap between male and 
female individuals in multivariate trait space, and by Random Forest classification, which failed to 
discriminate between sexes at above-chance accuracy. The convergence of unsupervised and 
supervised approaches to the same conclusion substantially strengthens the reliability of this 
interpretation. It reduces the likelihood that the absence of a sex effect is an artifact of any single 
analytical method. Despite the lack of a sex-based signal, the dataset revealed meaningful internal 
structure when analyzed independently of sex. Pattern analysis of individual race records identified 
four biologically distinct flight performance profiles characterized by differential trade-offs among 
flight duration, speed, and distance. These patterns suggest that the primary axis of variation in flight 
performance is not sex, but rather individual-level performance strategy, which may reflect 
differences in training history, physical condition, environmental exposure, or other unmeasured 
biological factors. The identification of these discrete performance profiles has practical implications 
for breeding and selection decisions, suggesting that performance-based grouping may be a more 
informative criterion than sex alone when evaluating racing potential. These findings also carry 
practical implications for breeding programs, as the quantified flight profiles identified here provide 
a phenotypic foundation for future genomic investigations targeting performance-related traits. 
Additionally, the indigenous pigeon populations studied here represent an important component of 
avian biodiversity, and their scientific characterization contributes to both their documentation and 
long-term conservation. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ANOVA Analysis of Variance  
FPS Flight Performance Score  
HSD Honestly Significant Difference  
IQR Interquartile Range  
PCA Principal Component Analysis  
PC1 First Principal Component  
PC2 Second Principal Component  
PC3 Third Principal Component  
ROC-AUC  Receiver Operating Characteristic Area Under the Curve  
RF Random Forest  
SD Standard Deviation  
Vmps Minimum Power Speed  
Vmrs Maximum Range Speed  
km Kilometer  
m/min  Meters per Minute  
m.s  Minute.Second  
DNA Deoxyribonucleic Acid  
PCA biplot  Principal Component Analysis Biplot  
IQR method  Interquartile Range Method  
z-score  Standardized Score 
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