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Abstract
Antarctic penguins are considered sentinels of ecosystem health. They face multiple anthropogenic threats, including global 
climate change and local stressors such as tourism, fisheries, and pollution. Monitoring their physiological responses to stress 
is essential for assessing the Antarctic population and ecosystem health. On the other hand, it is equally important to minimize 
impact of handling stress, i.e., reducing time of restraint, and if possible, reducing the number of birds sampled. Given the 
valuable insights provided by hematological parameters in monitoring and assessing individual physiological conditions, there 
is growing interest in refining analytical methods (i.e., the amount of blood) and counting techniques to minimize analysis 
time and the number of samples required. We here refined the analysis of Erythrocytes Nuclear Abnormalities (ENAs), for 
genomic instability, and total White Blood Cells (WBCs) for immune status, in Adélie penguin (Pygoscelis adeliae) blood 
smears. The improved method, using Giemsa staining, effectively distinguishes nuclear and cytoplasmic components in both 
erythrocytes and leukocytes, enabling the reliable enumeration of ENAs and the clear identification of different WBC classes. 
A statistical sample size-rarefaction analysis also informed on the number of individuals required, optimizing sampling 
effort while maintaining data precision. More specifically, the sums of ENAs and WBCs can be precisely estimated for all 
the three study colonies with a sample size of about 20–25 individuals, while the parameters micronucleus and two-lobed 
nucleus show greater uncertainty. For most other parameters, the estimates stabilize with approximately 15–20 samples. Our 
findings provide a foundation for developing optimized sampling protocols for improved hematological analysis in penguins, 
offering a practical tool for assessing their health and immune status; therefore, the adoption of the presented method should 
be supported as a cost-effective and less invasive tool at the population level for long-term conservation studies.

Keywords  Blood smears · Pygoscelis adeliae · Erythrocytes nuclear abnormalities · White blood cells · Field sampling 
effort · Stress ecology

Introduction

Antarctic seabirds are threatened by several anthropogenic 
stressors originating from both global (i.e., climate changes) 
and local sources (i.e., tourism, fishery, pollution) that are 

challenging their health and survival (Croxall et al. 2002; 
Ropert-Coudert et al. 2019; Bestley et al. 2020). Despite 
evolutionary robustness and resilience toward multiple 
stressors, Antarctic penguin populations are currently at 
considerable risk in the Southern Ocean, being vulnerable 
to shifts in terrestrial and marine environments, to which the 
novel impacts from climate change (Trathan et al. 2014) and 
wildlife diseases (i.e., avian influenza: Aguado et al. 2024; 
Banyard et al. 2024) add up. Widely accepted as sentinels of 
the Southern Ocean ecosystem health, Antarctic penguins 
reflect spatial and temporal changes in their habitat (i.e., 
breeding, foraging, and trophic webs) and thus have been 
used in long-term ecological research programs for monitor-
ing and conservation purposes (Ainley 2002; Boersma 2008; 
Southwell et al. 2017).
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Over the years, sampling techniques and methodologies 
used in scientific studies have been improved in order to 
reduce disturbance and invasive manipulation and prevent 
unnecessary handling of penguins and their colonies (Le 
Maho et al. 2014; Turcu et al. 2023). Issues consequent of 
animal handling potentially causing injury, spread of non-
native pathogens (i.e., human-borne or exotic diseases), and 
distress have been raised by the scientific community over 
the years (Kerry and Riddle 2009; Fraser et al. 2013; Coet-
zee and Chown 2016).

Blood collection has been used by far as a suitable moni-
toring tool to assess penguin population genetics, diet, expo-
sure to pollutants, and, in general, stress, i.e., from patho-
gens and parasites (Maceda-Veiga et al. 2015). All these 
considered, information on the health status of the Antarctic 
penguin population is crucial for evaluating their ability to 
cope with environmental changes. Blood analysis has great 
potential to provide insights into the overall functioning 
of the organism. Hormone levels, isotope signatures, and 
genetic analysis can be immediately affected by handling 
stress and often require complex preservation methods 
(Maceda-Veiga et al. 2015). On the other hand, hemato-
logical parameters from blood smear, such as erythrocyte 
and leukocyte profiles, remain stable after sampling (Davis 
2005) and involve simpler storage procedures (Maceda-
Veiga et al. 2015). Analyzing blood smears is considered 
among the most cost-effective and informative non-lethal 
methods to assess individuals’ health compared to blood 
analysis (Maceda-Veiga et al. 2015), capable of depicting 
physiological conditions, responses to stress, diseases, and 
genotoxicity (Menéndez-Blázquez et al. 2021; Kophamel 
et al. 2022). They have been successfully incorporated into 
several monitoring programs involving penguin populations 
to obtain a useful baseline knowledge of unique physiologi-
cal parameters, as a reference to define spatiotemporal trends 
in physiological changes and detect underlying perturbations 
(De Mas et al. 2015; Colominas-Ciurò et al. 2017; Palacios 
et al. 2018). Guidelines have been proposed on procedural 
aspects of blood collection to minimize potential negative 
effects, including training researchers to properly conduct 
this procedural step by limiting stress and isolating penguins 
from the colony or nest (Wells et al. 2023). Approval from 
national Antarctic programs is required before sampling 
penguin blood, and the minimally harmful sampling meth-
ods should be adopted to minimize stress, pain, and long-
term impact on birds.

Erythrocytes Nuclear Abnormalities (ENAs) and White 
Blood Cells (WBCs), commonly assessed from smears, indi-
cate genomic instability (ENAs; Heddle et al. 1983; Hayashi 
2016) and immune/stress status (WBCs; Davis et al. 2008). 
Differential WBC counts can help distinguish a cellular 
immune response resulting from disease or inflammation 
(Davis et al. 2008), and the ratio between heterophils and 

lymphocytes (H/L ratio) is considered a reliable and accu-
rate physiological indicator of the stress response (Gross and 
Siegel 1983; Müller et al. 2011). Different studies on Ant-
arctic seabirds aim to assess physiological differences and 
variability, cell immune response, health status, and stress 
levels through the analyses of either ENAs or WBCs (as in 
Menéndez-Blázquez et al. 2021; De Mas et al. 2015, and 
references within). Giemsa staining has been by far the most 
widely used for ENA or WBC identification (De Mas et al. 
2015; Colominas-Ciurò et al. 2017; Palacios et al. 2018) due 
to its ability to provide good contrast between nuclei and 
cytoplasm (Campbell 2015). However, improper prepara-
tion can lead to overstaining and inconsistent results, thus 
limiting the advantages of the staining method (WHO 2016). 
Giemsa stain was also combined with Wright dye (Gallo 
et al. 2019; Vleck et al. 2000) to enhance nuclear and cyto-
plasmic detail, but this combination is specifically used for 
WBC differentiation. Other staining methods, i.e., Wright-
Rosenfeld (Gallo et al. 2019) and May-Grunwald (Hawkey 
et al. 1989), were commonly used for only WBC counting 
in avian blood smears. Conversely, they are not suitable for 
ENA analysis unless used in combination with Giemsa stain-
ing, and they are only used for limited investigations and 
never applied routinely despite the great advantages (Kursa 
and Bezrukov 2008). Additionally, although a less-known 
stain method, Tinción 15 (D’Amico et al. 2014, 2016), has 
been proven to contrast nucleated cells, making it useful for 
ENA and WBC identification.

Considering the range of available staining techniques, 
refining methodologies, and establishing a standardized 
approach would be crucial to improving the efficiency and 
accuracy of blood parameter assessments in Antarctic pen-
guins. A standardized laboratory method for optimal stain-
ing would implement smears reading, possibly reducing the 
number of samples and/or the amount of blood required for 
analysis. Furthermore, reducing the number of individu-
als required to collect biological samples, thus limiting the 
number of captures and handling and, ultimately, the time 
spent in the field to conduct these activities, would increase 
the cost-effectiveness of penguin monitoring. Although 
advances have been made in minimizing the fieldwork effort 
for assessing individual characteristics such as sex (e.g., 
Polito et al. 2012; Fattorini and Olmastroni 2021), there is 
limited information on immune-hematological parameters.

In our previous study on the drivers of immune-hema-
tological parameters of Adélie penguins, we used Giemsa 
staining (Olmastroni et al. 2024) since it was the most com-
monly adopted dye, ensuring an easier result comparison 
with past studies. Here, we aim to refine the methodology 
behind that work, which was developed based on past studies 
analyzing Antarctic penguin blood smear (reported above) 
and validated to enhance existing techniques by integrating 
ENA and WBC counts. Currently, the possibility of adapting 
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the method to simultaneously evaluate ENAs and immune 
cells would significantly reduce analysis time. This approach 
enables the extraction of dual information on genomic sta-
bility and immune function from just a few drops of blood, 
making it a more efficient alternative to conducting separate 
analyses. Finally, we investigated the possibility of obtaining 
precise measurements of immune-hematological parameters 
under simulated scenarios of reduced sample size to opti-
mize monitoring procedures.

Materials and methods

Blood smear samples analyzed in the present study have 
been collected from adult Adélie penguins (Pygoscelis ade-
liae, Hombron & Jacquinot, 1841) breeding in three colonies 
(Edmondson Point—EdPo, Adelie Cove—AdCo, Inexpress-
ible Island—InIs) in Mid Victoria Land, Ross Sea (Antarc-
tica), during 2017–18 Antarctic summer as a part of a wider 
research monitoring program. Details on the study area, 
sampling, and field methods have already been described in 
our previous studies (Olmastroni et al. 2019, 2024). Descrip-
tive statistics (e.g., mean and standard deviation) for ENAs 
and WBCs are presented in Olmastroni et al. (2024). Here, 
we detailed the novel methodological approach applied for 
staining and counting ENAs and WBCs.

Blood smears analysis

Smear samples were dried at ambient temperature and stored 
at 4 °C in a plastic box until analysis. All samples were 
processed in the Ecotoxicology and Biological Monitoring 
research Lab of the University of Siena (Italy). Slides were 
fixed with cold (-20 °C) methanol (100% v/v) for 3 min, 
dried at room temperature (20 °C), and stained with a solu-
tion of 6% Giemsa in Milli-Q (pH 7.26), previously filtered 
with cellulose-acetate membrane syringe filters, pore size 
0.22 μm (Sartorius). Smears were then rinsed in Milli-Q 
water, covered with a coverslip, and observed under a light 
microscope (Olympus BX51) equipped with a Camera. The 
analysis of ENAs and WBCs was carried out as follows. 
Initially, slides were examined at 40 × magnification, pro-
gressively scanning the x and y axes to identify monolayer 
fields with a similar density of well-stained erythrocytes.

The manual counting of nuclear abnormalities was per-
formed on 10,000 erythrocytes using 100 × (oil immersion) 
magnification according to Zúñiga-González et al. (2000). 
Total number of ENAs was calculated for each individual 
and classified according to De Mas et al. (2015) as: micronu-
cleus (MN), lobed nucleus (LN), tailed nucleus (TN), two-
lobed nucleus (TL), budding nucleus (BN), nucleus with 
cavity (WC), kidney-shaped nucleus (KN), unknown nuclear 
malformation (UN).

The percentage of WBC types was determined by two 
different counts, both performed at 100 × (oil immersion) 
magnification: (i) the number of leukocytes in each class 
out of 100 immune cells (as usually assessed in previous 
works; D’Amico et al. 2016; Palacios et al. 2018) and (ii) 
the percentage of leukocytes in each class out of the total 
immune cells observed among 10,000 erythrocytes. Leuko-
cytes were classified according to Samour (2006) as: hetero-
phils (H), eosinophils (E), lymphocytes (L), basophils (B), 
and monocytes (M). The H/L ratio was evaluated from the 
WBCs profile, according to Davis et al. (2008). Furthermore, 
the total number of WBCs was assessed with two different 
counts: (i) among 10,000 erythrocytes at 100 × (oil immer-
sion) magnification (estimated simultaneously ENAs count) 
and (ii) counted in 10 adjacent visual fields at 40 × magnifi-
cation (as usually assessed in previous works; D’Amico et al. 
2016; Palacios et al. 2018; Menéndez-Blázquez et al. 2021) 
to compare the two counting methods.

The time required to count 10,000 erythrocytes is approx-
imately 2.5 h. Assessing the total number of WBCs simul-
taneously with the ENAs count does not require additional 
time, whereas counting WBCs in 10 adjacent visual fields 
requires at least an additional 30 min.

We analyzed 87 smears from as many individual pen-
guins. However, the leukocyte composition could not be 
determined for one sample. Since the statistical evaluation 
for each parameter is independent from one another, we 
did not exclude the sample without the leukocyte profile. 
Therefore, the sample size was n = 87 for all parameters, and 
n = 86 for parameters concerning the leukocyte composition.

Our evaluation assumed a robust technical precision in 
all counts, meaning that, for each parameter, the number 
of cells in each smear was counted with no measurement 
error. All samples were analyzed by the same researcher to 
avoid potential inter-observer variability and bias in counts, 
and the researcher manually counted cells, which reason-
ably allowed us to meet this assumption. Eventually, as we 
evaluated one smear per individual penguin, our counts also 
assumed that each sample was representative of the immune-
hematological levels of the relevant individual  (Davis et al. 
2008; Menéndez-Blázquez et al. 2021).

Statistical analysis: rarefaction to inform required 
sample size

We performed a general sample size-rarefaction analysis on 
each immune-hematological indicator measured to evalu-
ate how the uncertainty in the mean response changed with 
reduced number of sampled penguins. We considered all 
the 23 parameters (i.e., the total number of ENAs/10,000 
erythrocytes, the percentages of MN, LN, TN, TL, BN, WC, 
KN, and UN, the total number of WBCs/10,000 erythro-
cytes, the total number of WBCs/10 fields, as well as the 
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percentages of H, E, L, B, M and the H/L ratio counted both 
on 10,000 erythrocytes and 100 WBCs) (Table S1). Since 
the original number of collected samples differed between 
the three study colonies, and because researchers are usu-
ally interested in assessing site-specific mean responses as 
baseline levels separately across study sites, we conducted 
rarefactions separately for each colony. Thus, we arbitrar-
ily established different absolute levels at which the sample 
size was reduced, depending on the original, colony-specific 
number of individuals sampled (EdPo: 59 to 5 individuals 
sampled, by 2; AdCo: 25 to 5, by 2; InIs: 17 to 5, by 2).

For each indicator, we exploited the well-known statisti-
cal properties of the sample mean when computed from a 
sample of n independent and identically distributed obser-
vations—usually referred to as a random sample (e.g., 
Lehmann 1983)—to estimate the relative standard error 
(RSE) as the familiar measure of uncertainty of mean 
responses. RSE indeed reflects the average discrepancy of 
the sample mean to the true mean, expressed in percent-
age of the true mean. Because it is well known that in the 
case of random samples RSE = �∕(�

√

n) , where µ and σ 
are respectively the unknown mean and standard deviation 
of each indicator, we exploited the mean response x̄ and 
the standard deviation s obtained in the whole sample to 
estimate the relevant RSE for each level of sample size n 
using s∕(x̄√n ). Although the level of acceptable uncer-
tainty depends on the context, generally, estimated values of 
RSEs < 5% would suggest high precision in mean responses, 
RSEs between 5 and 15% would indicate moderate preci-
sion, and RSEs > 15% would reflect low precision (Shecht-
man 2013). The analysis thus simulates a situation in which 
sampling effort in the field is reduced progressively from the 
actual sample size, up to samples of a few smears collected, 
to inform at which sample size researchers would be able to 
assess mean responses with an acceptable level of precision. 
We performed rarefaction analysis by applying the above 
RSE formula through an ad hoc code in R version 4.3.0 (R 
Core Team 2023) provided in the Supplementary Material.

Statistical analysis: concordance between leukocyte 
counting methods

For each immunological indicator, we tested separately 
the bias, the linear association, the repeatability, and the 
inequality between the measurements obtained through the 
two counting methods. These represent different properties 
of bivariate data distributions that may provide alternative 
information about the concordance of the two counting 
methods; therefore, using appropriate statistical indices, we 
assessed all of them.

The bias represents the potential general differences in 
the values of each indicator measured with the two count-
ing techniques. Thus, detecting an overall and significant 

difference in the measured parameter would indicate the 
presence of bias among the counting methodologies. We 
evaluated it using the paired Wilcoxon test. We used such a 
nonparametric test to minimize assumptions about the data 
distribution, employing a Monte Carlo significance value 
based on 99,999 random reassignments of values to the 
two treatments (counting techniques), within each paired 
individual.

The linear association reflects the degree to which the 
measurements made by the two techniques are linearly asso-
ciated, and we tested it for comparison with a previous study 
(Menéndez-Blázquez et al. 2021). We used Pearson’s cor-
relation coefficient to assess linear association, with signifi-
cance computed using a two-tailed t-test with n-2 degrees 
of freedom.

The repeatability represents either the consistency (aka 
additivity) or absolute agreement (aka identity) between 
two measurements (Schuck 2004; Koo and Li 2016). We 
used the intraclass correlation coefficient (ICC; Shrout and 
Fleiss 1979) and relevant 95% confidence interval to meas-
ure repeatability between the two counting techniques, par-
ticularly consistency in our case. Among the available ver-
sions of ICC (cf. Shrout and Fleiss 1979; Koo and Li 2016; 
Liljequist et al. 2019), we employed the so-called ICC’s 
Model 3, namely the two-way mixed-effects model, follow-
ing the Shrout and Fleiss’s formula specification and relevant 
equation for confidence interval (Shrout and Fleiss 1979). 
This model of ICC assumes fixed ‘raters’, rather than raters 
sampled from a normal distribution. We used this model as 
it is recommended whenever the selected ‘raters’ (i.e., our 
counting techniques) are the only ‘raters’ of interest (Shrout 
and Fleiss 1979; Koo and Li 2016). Hence, this ICC model 
is the freest from assumptions about ‘raters’, only reflecting 
the reliability of the two specific ‘raters’ involved in the reli-
ability experiment. We determined both the ICCindividual, and 
the ICCmean to investigate consistency both in terms of the 
reliability of a single ‘rater’ and the mean value of the two 
‘raters’, respectively (Koo and Li 2016). These ICC types 
correspond respectively to the ICC(3,1) and ICC(3,k), as 
per Shrout and Fleiss’s notation (1979). The ICC can range 
from 0 to 1. Although any classification is arbitrary to some 
degree, and ICC value should be better evaluated based on 
the specific context (Liljequist et al. 2019), we followed the 
more conservative thresholds by Koo and Li (2016). Thus, 
we considered ICC < 0.50 as poor, 0.50 ≤ ICC < 0.75 as mod-
erate, 0.75 ≤ ICC < 0.90 as good, and ICC ≥ 0.90 as excel-
lent repeatability. We also extended the repeatability analysis 
under a mixed model framework to estimate and decompose 
the variability of the observed measurements explained by 
the counting technique from that due to the sample identity 
(Stoffel et al. 2017). If the data variability explained by the 
sample identity is high and significant, then the variability in 
measurements within each sample is low (or, in other words, 
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the measured parameter is consistent within each sample), in 
turn indicating weak or no effect of the counting technique. 
For each immunological parameter separately, we specified 
the mixed effect model reflecting the ICC design we used 
(i.e., assuming ‘fixed raters’), whereby each immunological 
parameter (response variable) is modeled against the count-
ing technique (‘rater’) as a fixed effect while entering the 
sample identity as a random intercept. Therefore, following 
Stoffel et al. (2017), we estimated the fraction of the total 
variance explained by the fixed effect, i.e., by the counting 
technique (corresponding to the marginal R2 of the mixed 
model; Nakagawa & Schielzeth 2013), and the fraction of 
the total variance explained by the random effect, i.e., by the 
sample identity (corresponding to the conditional R2 minus 
the marginal R2 of the mixed model; Nakagawa & Schielzeth 
2013), as well as their uncertainties (confidence intervals) 
via parametric bootstrapping (n = 1000 bootstraps).

Finally, the inequality mirrors the degree of mismatch 
of two variables and, although being strongly related to the 
concept of repeatability, it may provide an alternative indica-
tor of the reliability between ‘raters’ (cf. Pan and Yin 2023). 
We used Theil’s inequality index (U), also known as Theil’s 
forecasting accuracy coefficient (Theil 1966), to assess the 
inequality of the measurements obtained with the different 
counting techniques. This index is normalized within the 
0–1 interval, and it is commonly used to measure predic-
tion error between observed and predicted values in forecast 
models. Lower values of U indicate lower prediction errors 
and thus greater equality of measurements (Theil 1966).

We conducted the above analyses by setting the sig-
nificance level at α = 0.01. We performed the paired Wil-
coxon tests and the ICC analyses using the software Past 
4.13 (Hammer et al. 2001). We ran the Pearson correlation 

analyses and calculated the Theil’s indices respectively 
through the cor.test function and by applying the relevant 
Theil’s formula in R version 4.3.0 (R Core Team 2023). 
Finally, we estimated the variability explained by sample 
identity and counting technique within the mixed model 
framework using the R package rptR (Stoffel et al. 2017).

Results and discussion

Blood smears analysis

The established Giemsa staining method effectively distin-
guishes nuclear and cytoplasmic components in both eryth-
rocytes and leukocytes, enabling the reliable enumeration of 
ENAs and the clear identification of different WBC classes. 
This technique allows a clear distinction between erythro-
cytes and WBCs even at 40 × magnification, where different 
WBC classes can also be identified (Fig. 1a). At 100 × mag-
nification, the nuclei of the erythrocytes can be seen even 
more clearly, and a more precise differentiation of the leu-
kocyte classes is possible (Fig. 1b).

Figure 2 illustrates that ENAs are readily identified at 
100 × magnification and were classified as MN (Fig. 2a), 
LN (Fig. 2b), TN (Fig. 2c), TL (Fig. 2d), BN (Fig. 2e), WC 
(Fig. 2f), KN (Fig. 2g), and UN (Fig. 2h), according to our 
previous studies (Olmastroni et al. 2019, 2024) and based 
on De Mas et al. (2015).

Notably, the optimal staining for ENAs does not compro-
mise the quality of WBC staining, allowing for clear differ-
entiation of H (Fig. 3a), E (Fig. 3b), L (Fig. 3c), B (Fig. 3d), 
and M (Fig. 3e). In addition, the characteristic granules of 
granulocytic leukocytes (H, E, B) can be recognized clearly 

Fig. 1   Microscopic observation of blood smear of Adélie penguin 
(Pygoscelis adeliae) at different magnifications: a, a low magnifica-
tion (40x) shows the overall field with blood cells (all erythrocytes 
except for one monocyte pointed by an arrow), b, a higher magnifi-

cation (100 × with oil immersion) highlights the details of the cells, 
such as erythrocytes and WBCs (as the heterophil pointed by the left 
arrow), revealing any morphological abnormalities (as the nucleus 
with cavity pointed by the right arrow)
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(Fig. 3a, b, d), further enhancing their classification into the 
three different categories.

The results obtained through our optimization of Giemsa 
staining are easily comparable with most of the data avail-
able in the literature, as Giemsa stain is usually the most 
commonly used in studies on the immune-hematological 
parameters of Antarctic seabirds (De Mas et al. 2015; Colo-
minas-Ciurò et al. 2017; Palacios et al. 2018; Menéndez-
Blázquez et al. 2021, and references therein). Moreover, 
the use of Giemsa allows for faster analysis compared to 
employing two different stains, as proposed by Kursa and 
Bezrukov (2008), which are required for the clear identifi-
cation of both erythrocytes and leukocytes. This approach 
reduces both processing times and associated costs.

Given the wide range of methodologies available for 
blood smear staining, the implementation of a standardized 
protocol using a common dye as Giemsa and only one smear 
instead of two   for the analysis of ENAs and WBCs repre-
sents a significant advancement in the assessment of hema-
tological parameters. Such a standard enhances diagnostic 

efficiency and accuracy while simultaneously reducing the 
blood volume required for analysis and reducing the number 
of animals sampled.

Sample size‑rarefaction to inform field sampling 
effort

A previous study conducted in the same areas showed that 
the variability in mean responses of some immune-hemato-
logical parameters considered to be major proxies for stress, 
namely total number of ENAs/10,000 erythrocytes, total 
number of WBCs/10,000 erythrocytes, percentage of MNs, 
and H/L ratio, increased according to a simulated reduc-
tion in sample size (Olmastroni et al. 2024). Nevertheless, 
that evaluation was conditioned on the specific sampled data 
thus, the extent to which the uncertainty of mean responses 
changes with reduced sampling effort remains unknown in 
general situations, e.g., for means computed from different 
sample data regarding these and other immune-hematolog-
ical parameters.

Fig. 2   Erythrocytes Nuclear Abnormalities (ENAs) in Adélie penguin 
blood smears: a micronucleus, b lobed nucleus, c tailed nucleus, d 
two-lobed nucleus, e budding nucleus, f nucleus with cavity, g kid-

ney-shaped nucleus, h unknown nuclear malformation. All pictures 
were taken at 100 × magnification
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Here, we evaluated the precision of the mean responses 
for each blood indicator to assess the reliability of the 
counts. The precision of the mean responses decreased non-
linearly with decreasing sample size (Fig. 4).

In general, the estimates of hematological parameters are 
characterized by low error values for almost all parameters 
considered. This is evident from the convergence of the 
curves (Fig. 4) toward low RSE values as the sample size 
increases. This means that increasing the number of samples 
provides marginal benefits to the precision of the estimates. 
This suggests that it is possible to reduce the number of 
sampled individuals while still obtaining a high degree of 
precision of hematological parameter estimates, mitigating 
handling and stress to the colony, i.e., at the population level 
(Zurlo et al. 1996; Wells et al. 2023).

However, it is worth noting that less frequent parame-
ters with higher variability, such as MN and TL, show less 
precise estimates, especially with small sample sizes. This 
suggests that these parameters are less stable or more influ-
enced by external factors and require a larger number of 
samples to obtain reliable estimates. More specifically, the 
sums of ENAs and WBCs are precisely estimated for all 
three colonies with a sample size of about 20–25, while the 
parameters MN and TL show greater uncertainty. For most 
other parameters, the estimates stabilize with approximately 
15–20 samples (Fig. 4).

Our findings showed that a strategic sampling approach, 
targeting around 20 individuals, can yield accurate hema-
tological data for most markers. This reduction is crucial 
to optimize the sampling effort and minimize the number 

of penguins handled during sample collection: although 
the handling impact on each individual would not change, 
a lower number of target individuals possibly reduces the 
overall stress and the risk of injury at the population level. 
This is particularly relevant in the current context of emerg-
ing threats to Antarctic penguins, including climate change 
(Trathan et al. 2014) and the increasing risk of wildlife dis-
eases such as avian influenza (Aguado et al. 2024). However, 
the specific research objective is paramount in determining 
optimal sample size. For instance, robust genotoxicity stud-
ies focusing on MN require a substantially larger sample to 
ensure adequate statistical power. Conversely, investigations 
primarily targeting leukocyte counts can achieve reliable 
results with a reduced sampling effort.

Concordance between WBCs counting methods

Generally, the two counting techniques to assess WBCs 
provided similar values for most immunological param-
eters. The total WBC number assessed by both counting 
leukocytes in 10 fields and among 10,000 erythrocytes 
showed a moderate linear association and a moderate-good 
repeatability for the values (Table 1; Fig. 5a), albeit rela-
tively lower than previous results by Menéndez-Blázquez 
et al. (2021). Additionally, an acceptable level of preci-
sion was estimated with a sampling effort of, on average, 
approximately 9 blood smear samples for both methods 
(Fig. 4j-k). However, it is worth noting that the number of 
leukocytes counted in 10 fields significantly differed from 
those counted among 10,000 erythrocytes, slightly biasing 

Fig. 3   Representative leukocyte types in Adélie penguin blood smears: a heterophils, b, eosinophils, c lymphocytes, d basophils, e monocytes. 
Pictures taken at 100 × magnification
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the mean value downwards (-22%; Table 1; Fig. 5a). In this 
case, the variance explained by the counting technique was 
much higher than for the other parameters, albeit being 
low in general terms (approximately 7%; Table 1). This 
could be due to the uneven density of erythrocytes of the 
analyzed blood smears for each field, which should not 
guarantee the presence of 10,000 erythrocytes in 10 fields.

Values of WBC composition determined by counting 
the leukocyte number in each class out of 100 WBCs 
showed a strong positive correlation with those determined 
with the other method (counting leukocytes out of 10,000 
erythrocytes, during ENAs count), with Pearson’s r val-
ues between 0.86 and 0.95 (Table 1; Fig. 5c-n), nearing 
perfect linear association. Furthermore, a good–excellent 
repeatability (with ICCs spanning 0.85–0.97 and sample 
identity explaining from 85%-to-95% variance in measure-
ments, with a negligible variance explained by the count-
ing technique), as well as low inequality (with Theil’s U 

indices between 0.04 and 0.12), were found (Table 1), thus 
approaching perfect consistency, and equality. Indeed, 
mean values of WBC indicator composition did not gen-
erally differ between the two counting methods except 
for % basophils, which was slightly underestimated when 
counting them out of 100 WBCs (Table 1; Fig. 5i-j). Both 
counting methods demonstrated a similar level of accept-
able precision for each class of WBCs and the H/L ratio 
(Fig. 4l-w). It is worth noting that Menéndez-Blázquez 
et  al. (2021) demonstrated that 10 microscope fields 
observed at 40 × magnification contain approximately 
10,000 erythrocytes. In light of this, the present findings 
suggest that especially the leukocyte profile (i.e., the per-
centage of each WBC class) can be rapidly and reliably 
obtained by analyzing 10 microscope fields at 40 × magni-
fication, effectively reducing analysis time when the focus 
is solely on leukocyte assessment.

Taken together, these results demonstrate the effective-
ness of directly counting WBCs during the ENAs count 
(over 10,000 erythrocytes) and highlight the redundancy of 
repeating the count in different ways, enabling a reduction 
in analysis duration. Thus, in a simultaneous count of ENAs 
and WBCs, the use of a WBCs count of 10,000 erythrocytes 
at 100 × (oil immersion) magnification instead of counting 
them in 10 fields at 40 × magnification can significantly 

Fig. 4   Variation in the percentage relative standard error (% RSE) of 
the mean colony-specific response (green: EdPo; red: AdCo; blue: 
InIs) for all the 23 immune-hematological parameters measured in 
our study according to a reduction in sample size. Horizontal dashed 
lines indicate thresholds commonly suggesting high (RSE < 5%) and 
moderate precision (5% ≤ RSE < 15%). For parameters with cases 
exceeding RSEs > 40% (%MN, %TL, %M/10,000 erythrocytes), lines 
are cut out from the figure for better representation

◂

Table 1   Mean ± standard deviation of immunological parameters 
measured by the two counting methodologies (WBCs in 10,000 
erythrocytes vs WBCs in 10 fields, for total number of WBCs, or in 
100 WBCs, for other parameters), showing their general differences 
as assessed by the Wilcoxon paired test, as well as the linear associa-

tion (Pearson’s r and p-value, in parenthesis), repeatability (individual 
and mean ICCs and relevant 95% confidence interval, in brackets), 
variance fractions explained by sample identity and counting meth-
odology (and relevant 95% confidence interval, in brackets), and ine-
quality (Theil’s U index) between techniques

*WBCs in 10,000 erythrocytes
**WBCs in 10 fields, for the total number of WBCs, or in 100 WBCs, for other parameters
***variance explained by the sample identity
****variance explained by the counting technique
The sample size is n = 87 individuals for total WBCs and n = 86 individuals for the other parameters

Parameter Mean ± St.
Dev.*

Mean ± St.
Dev
**

Test statistic 
and p-value

Pearson’s cor-
relation

ICCindividual ICCmean % Variance 
explained
***

% Variance 
explained
****

U

Total 
number of 
WBCs

78.95 ± 33.79 61.25 ± 28.15 W = 3087.5 
(p < 0.001)

r = 0.61 
(p < 0.001)

0.61
[0.45; 0.72]

0.75
[0.62; 0.84]

56.0
[42.6; 67.7]

7.6
[3.7; 13.1]

0.21

% H 42.24 ± 10.04 43 ± 9.53 W = 2250.0 
(p = 0.038)

r = 0.95 
(p < 0.001)

0.95
[0.92; 0.97]

0.97
[0.96; 0.98]

94.8
[91.9; 96.5]

0.2
[0; 0.6]

0.04

% E 20.13 ± 8.97 20.44 ± 7.83 W = 1978.5 
(p = 0.389)

r = 0.93 
(p < 0.001)

0.92
[0.89; 0.95]

0.96
[0.94; 0.97]

92.4
[88.5; 94.9]

0
[0; 0.3]

0.07

% L 26.52 ± 8.63 25.85 ± 7.01 W = 2141.5 
(p = 0.169)

r = 0.87 
(p < 0.001)

0.85
[0.78; 0.90]

0.92
[0.88; 0.95]

85.1
[78.1; 90.1]

0.2
[0; 1.0]

0.08

% B 5.97 ± 4.00 5.50 ± 3.69 W = 2402.5 
(p = 0.006)

r = 0.92 
(p < 0.001)

0.92
[0.88; 0.95]

0.96
[0.94; 0.97]

91.7
[87.4; 94.6]

0.4
[0.1; 1.2]

0.12

% M 5.14 ± 3.49 5.21 ± 3.23 W = 1825.5
(p = 0.572)

r = 0.92 
(p < 0.001)

0.92
[0.87; 0.94]

0.96
[0.93; 0.97]

91.6
[87.1; 94.5]

0
[0; 0.3]

0.11

H/L ratio 1.86 ± 1.03 1.85 ± 0.86 W = 2081.0 
(p = 0.123)

r = 0.86 
(p < 0.001)

0.85
[0.78; 0.90]

0.92
[0.88; 0.95]

85.1
[78.3–89.9]

0
[0–0.4]

0.12



	 Polar Biology          (2025) 48:106   106   Page 10 of 12

save time when analyzing a large number of penguin blood 
smears.

Conclusion

In this study, we tested an alternative methodology for 
blood smear cell counts by adapting an existing approach 
to simultaneously assess ENAs and WBCs in Adélie pen-
guins. A refined staining and counting method improved 
efficiency and reduced the number of samples needed to 
obtain a high degree of precision of hematological param-
eter estimates. WBC counts within ENA analysis (10,000 
erythrocytes) were generally comparable to traditional 
methods, reducing both smear number and analysis time 
without losing accuracy. The only parameter that failed to 
reach the optimal accuracy level was the total WBC count, 
which showed merely moderate repeatability between the 
two counting methods (among 10,000 erythrocytes vs in 10 
subsequent fields). Rarefaction analysis indicates that reli-
able estimates for most parameters can be obtained with 
approximately 20 individuals per parameter, significantly 
reducing blood smears needed and minimizing fieldwork 
efforts. This approach also helps standardize the sample size 
needed for robust analysis. However, larger sample sizes are 
still required for specific studies focusing on micronucleus 
assessments to ensure statistical robustness. Additionally, 
our investigation could be improved through an assessment 
of the technical precision and repeatability of the immune-
hematological parameters estimated from multiple smears 
on the same individual penguin.

Studying the stress response of key organisms is cru-
cial for monitoring the Antarctic population and ecosystem 
health, also in light of the growing concerns over emerg-
ing diseases that may harm Antarctic wildlife (Grimaldi 
et al. 2015; Aguado et al. 2024). The data presented herein 
provide a basis for the development of optimized sampling 
and analysis protocols for the monitoring of hematological 

Fig. 5   a-b Total number of WBCs; c-d % H; e–f % E; g-h: % L; i-j % 
B; k-l % M; m–n H/L ratio. The left panel (a, c, e, g, i, k, m) shows 
differences between values of paired samples measured with the two 
counting methods (black dots connected by gray lines); a modified 
boxplot showing the median (horizontal thick line) and interquartile 
range (box limits) of measured values is also plotted for each indica-
tor and counting method. The right panel (b, d, f, h, j, l, n) shows 
the relationship between values of the same indicator measured with 
the two counting methods (WBCs in 10,000 erythrocytes vs WBCs in 
10 fields, for the total number of WBCs, or in 100 WBCs, for other 
parameters). The diagonal, 1:1 red line reflects perfect repeatability 
(variance explained by the sample identity = 100%) and the lowest 
inequality (Theil’s U index = 0) between measurements

▸
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parameters in penguins. Emphasizing the 3Rs principle, 
particularly Reduction, this methodology minimizes dis-
turbance while maintaining analytical precision. We sug-
gest its adoption to enhance Antarctic ecosystem moni-
toring, offering a cost-effective and less invasive tool for 
long-term conservation studies.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00300-​025-​03422-5.
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