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A B S T R A C T   

Palynology, the study of pollen and spores, plays a crucial role in various scientific disciplines, including earth 
sciences (paleovegetation and paleoclimatology), botany, allergy, archaeology, forensic sciencs and cosmetics. 
This study delves into the critical question in fossil pollen analysis studies: the minimum count of pollen grains 
required for accurate estimation of vegetation composition. Various statistical methods have been proposed over 
the years to address this question. Our research introduces an alternative technique, the orderly count, tailored to 
the nature of palynological analysis. We apply this method to diverse sediment catchments, including peat bogs, 
marine and lake sediments, from different geographical locations. Additionally, we revisit the reliability co
efficients and propose adjustments for more accurate results. Our findings suggest that relying on statistical 
methods without considering the specific characteristics of palynological data may lead to low reliability. We 
advocate for the integration of dissimilarity criteria and the orderly count in sample size assessments for 
enhanced accuracy in palynological analyses. Our study emphasizes the importance of choosing appropriate 
methodologies aligned with the unique aspects of palynology to ensure robust and reliable results.   

1. Introduction 

Palynology is the science of understanding and reconstructing past 
vegetation by means of proxy data, which in this case it is the pollen 
grains that are produced by seed plants and that become preserved in 
sediments from different environments, e.g. lakes, marine and peatlands 
(Erdtman, 1952, 1954, 1957; Faegri and Iversen, 1989; Moore et al., 
1991). Besides various areas of application, the reconstruction of Qua
ternary vegetation change is a frequent aim of palynologists. Pollen 
samples collected from lakes, peat bogs, coastal and marine sediments 
suggest potential ecological interplays between individual plant types, 

advance and retreat of forests, the structure and floristic composition of 
vegetation formations for a specific place and through time, which in 
turn may indicate past changes in climate, human land use and biodi
versity (Chevalier et al., 2020; Woodbridge et al., 2021). 

The use of quantitative methods in palynology dates back to the 
1930s. With roots in geology, at its inception, the science was used as an 
aide by geologists to determine changes in land cover, reconstruct past 
climate, and as a dating tool for bog stratigraphy (Birks, 2019). From the 
1950s onwards, the proxy nature of pollen grains helped scientists un
derstand spatio-temporal palaeovegetation (past vegetation) dynamics 
along with anthropogenic effects on land cover (Faegri and Iversen, 
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1964). Faegri and Iversen’s book highlighted the ecological importance 
of palaeovegetation reconstruction through detailed taxonomic identi
fication of individual pollen grains while recognizing the statistical 
importance of the number of pollen grains counted – referred to as “the 
pollen count” (Birks and Berglund, 2018). 

1.1. In search of the minimum count 

The typical palynological analysis in a laboratory setting is an 
arduous and time demanding task and inherits a considerable amount of 
bias: a trained eye (i.e. experienced in the taxonomy of the pollen in the 
study area) may identify a larger number of different species whereas an 
untrained eye may miss or misidentify several taxa. Thus, a minimum 
pollen count is important in establishing an optimum standard for the 
study, and contributes in large part to the accuracy of reconstruction by 
means of proxy (i.e. pollen as a proxy for vegetation). A large number of 
studies to date attempted to address the question of the minimum count 
for accurate palynological analyses (Erdtman, 1952, 1954; Faegri and 
Iversen, 1964, 1989; Moore et al., 1991; Djamali and Cilleros, 2020; 
Pardoe et al., 2021). The first statistical study on the number of pollen 
grains that should be counted in a sample was carried out by Fred 
Alexander Barkley, where he compared equal numbers of pollen grains 
from different depths in peat samples in central Pennsylvania, using 
both the Pearson Correlation Coefficient with the Spearman-Brown 
Prophecy formula, and concluded that a count of 175 to 200 would be 
sufficient to attain a 90% accuracy in reconstructing vegetation 
composition (Barkley, 1934). In the 1970s, Anne P. Bonny published a 
procedure for obtaining an estimate of fossil pollen per unit sediment 
volume using a method involving the addition of an estimated number of 
exotic or marker pollen grains to a measured volume of sediment. With 

the added markers, Bonny tried to calculate an approximate confidence 
interval for a pollen count by determining the potential error margin in a 
count (Bonny, 1972). 

Mosimann, Birks and Gordon, proposed different statistical methods 
to be introduced to palynological analysis including, but not limited to, 
confidence intervals, binomial and multinomial distribution, difference 
measurement equations (Mosimann, 1965; Gordon and Birks, 1974). 
Applications of multivariate analysis methods (i.e. cluster analysis and 
principal component analysis) to pollen data were initiated in the 1970s 
(Mosimann, 1965; Dale and Walker, 1970; Adam, 1974; Walker and 
Wilson, 1978; Webb III and Brayson, 1972; Gordon and Birks, 1974). In 
2006, Weng made use of rarefaction analysis to compare diversity be
tween different-sized pollen samples, an extension of the prior statistical 
approaches to determine ecological variety by means of diversity 
indices. While explaining his approach, he highlighted the necessity to 
minimize the effects of external factors (i.e., the different pollen pro
duction rates of plants, dispersal ability of pollen grains and additional 
environmental factors) for a well-designed methodology (Weng et al., 
2006). Most recently, Morteza Djamali and Kevin Cilleros revisited the 
Pearson Correlation Coefficient and Spearman-Brown methodology to 
determine the minimum count level for a reliable pollen analysis (Dja
mali and Cilleros, 2020). 

1.2. The importance of the minimum count 

Much as the statistical methods applied to pollen count data, the 
minimum number of pollen grains to be counted matters greatly. 
Counting a large number of pollen grains in each sample takes a 
considerable amount of time, but more importantly in certain samples 
the amount of pollen grains and their diversity at different layers of an 

Fig. 1. Locations of the cores which were included in the analyses for this study and their respective codes used in plots: 1. Karataş Lake, Turkey (37◦23′08”N – 
29◦58′18″E), KRTS(1/2/3); 2. Akgöl Lake, Turkey (41◦02′49”N – 30◦33′55″E), AKGL (0/40/100); 3. Tuzla Lake, Turkey (38◦50′00”N – 35◦20′00″E), TZLL (1/2/3); 4. 
Aktaş Lake, Turkey (41◦12′54”N – 43◦13′01″6E), AKTS (1/42/81); 5. NE Black Sea (44◦13′76.67“ - 38◦38’05”), NEBS (21/45/133); 6. Coldhabour Moss, UK 
(53◦26′2.07”N – 1◦53′7.74”W), CLDM (1.01 1/1.1 36/1.21108); 7. Lake Constance, Alp Mountains (47◦42′35”N – 9◦03′41″E), CNST (4/362/592); 8. Issyk Lake, 
Kyrgyzstan (a. 42◦20′09.2”N – 76◦44′30.8″E, b. 42◦25′49.8”N – 76◦47′42.7″E, c. 42◦17′18.2”N – 77◦26′41.3″E), ISSK (14/16/50); 9. Region of Issyk-Kul, Kyrgyzstan 
(42◦44′23.5”N – 78◦13′17.8″E) RIKA; 10. Region of Issyk-Kul, Kyrgyzstan (42◦22′40.6”N – 77◦54′59.1″E), RIKB; 11. Region of Issyk-Kul, Kyrgyzstan (42◦18′46.4”N – 
76◦28′08.2″E), RIKC; 12. Caspian Sea (45◦00′55.93”N – 48◦28′17.96″E), CSPS (7,5/22,8). 
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individual core may be different, reflecting temporal changes in vege
tation. Therefore, a minimum number to be counted becomes critical for 
sustaining continuity in cross comparison. 

In light of this, Sears suggested that counting up to 100 to 200 pollen 
grains in each sample would be sufficient for an accurate analysis (Sears, 
1930). Erdtman used a minimum count of 150 in his studies (Erdtman, 
1931). Lewis and Cocke determined the minimum number to be 800, 
while Bowman recommended a minimum count of 1000–1800 pollen 
grains for accuracy (Lewis and Cocke, 1929; Bowman, 1931). In 1946, 
Iversen published a method where he referred to percentages of taxa in a 
sample instead of absolute counts, highlighting that for further statisti
cal analysis, it was necessary to count approximately 500 pollen grains 
per sample (Iversen, 1946; Manten, 1966). Djamali and Cilleros, sug
gested that for samples from Lake Urmia (NW Iran) that were rich in 
pollen diversity, a minimum pollen count of 174 and 83 is sufficient to 
obtain 0.95 and 0.90 reliability coefficients respectively. The authors 
further proposed, based on a statistical analysis methodology that made 
use of Spearman-Brown with Pearson Correlation Coefficient, that count
ing 67 pollen grains was sufficient for a reliable result, while the number 
could differ for individual studies (Djamali and Cilleros, 2020). 

In this study, we attempted to underline the occasional misuse of 
certain statistical methods in palynological analyses, while suggesting 
an additional technique applied to the pollen count, that takes its name 
from the nature of the analysis itself: the orderly count. To show that our 
method can be applied to palaeo research involving different types of 
sediment catchments, we conducted our analyses on different core 
samples from peat bogs, marine and lake sediments and from a number 
of different geographies (the Anatolian Peninsula, Black Sea, Caspian 
Sea, Alpine lakes, and mires from northern England). Through our an
alyses, we also offer an alternative answer to the age-old question: when 
the reconstruction of floristic composition and structure of vegetation 
based on dominant pollen types is the main objective, what should be 
the minimum number of pollen grains counted? 

2. Methodology 

After a sample is taken from a sediment core for pollen analysis, 
numerous chemical processes are applied before the sample is mounted 
on the slide, with the grains ready to be identified and counted under a 
light microscope. All inferences made by means of the final count data 
and inferential statistical methods that are applied during the analysis 
are based on the sampling theory assumption that the sample should be 
randomly selected from the population (Alf and Lohr, 2007). However, 
in the case of pollen grains, due to their nature, the assumption of 
randomness may not always apply. Pollen grains are small in size 
(10–100 μm) and since specific gravities greater than unity when wet 
follow Stokes’ Law of Resistance, the morphologically identical grains 
tend to attract each other (Brush and Brush, 1994). Thus, the assumption 
that the sample taken from the core will contain all pollen species 
randomly – for a given time period, for a given area – may not always be 
accurate. 

Thus, to increase the number of samples to run our tests on, and to 
see whether or not any depth within the core, or the source of the sample 
(lake, bog or marine) would have a differentiating affect in our analyses, 
where possible, count data were obtained from different depths in a 
sample core. Fig. 1 shows the location of the study sites, their respective 
coordinates and reference names with a number designating core depth 
as they appear in the plots. 

2.1. Study area and sample selection 

The pollen samples considered in our sets of analyses are from 
sample cores collected for different studies from diverse ecosystems: 
lakes in the Anatolian Peninsula, Eastern Mediterranean Basin; a peat 
bog from the Peak District National Park, UK; northeast Black Sea; the 
Caspian Sea; the shores of Lake Issyk-Kul, Krygyzstan; and Gnadensee in 

Lake Constance, German Alps. Lake sediments and peat bogs depleted of 
oxygen are favored among palynologists for spatio-temporal analysis of 
changes in vegetation composition, as they provide better preservation 
of the organic deposition – including pollen grains – and thus a more 
detailed temporal record of past vegetation (Moore et al., 1991). Marine 
cores offer the possibility to study long-term vegetation changes at a 
regional scale, usually in a multidisciplinary approach (biogeochem
istry, sedimentology, etc.). They can also be the only archives of 
palaeoenvironmental conditions available where there are no appro
priate sites to study (see Hooghiemstra et al., 2006). In general, pres
ervation of pollen grains is good in marine sediments, as they settle 
rapidly in the water column. On the other hand, diversity is often lower 
than on the continent due to factors such as pollen production and 
transport (Holmes, 1994). 

By applying our method to samples taken from different geographic 
regions and accumulation areas with varying dynamics, we tested the 
similarities and differences of samples obtained from diverse environ
ments. The Anatolian Peninsula is remarkably rich and diverse in terms 
of vegetation. It encompasses various climatic regions from east to west 
and from north to south, each characterized by distinct types of vege
tation. In the north, plant species typical of the Euro-Siberian region can 
be found (Fig. 1, sample 4; Karlıoğlu Kılıç et al., 2018), while Central 
(Fig. 1, sample 3; Şenkul et al., 2018), Eastern, and Southeastern Ana
tolia are characterized by species from the Irano-Turanian region. In the 
south, Mediterranean vegetation predominates (Fig. 1, sample 1; Şenkul 
and Kalıpçı, 2019). The Marmara region is a cross-over climate zone 
with vegetation showing characteristics of the Mediterranean and the 
Black Sea regions (Fig. 1, sample 2; Karlıoğlu Kılıç et al., 2020). A 
marshland area in England, characterized by the prevalence of aquatic 
plants, constitutes another of our study sites (Fig. 1, sample 6). In 
another of our sample sites, the area around Lake Issyk-Kul, reeds, 
rushes, and various aquatic plants are commonly found (Fig. 1, samples 
8–11). In another of our sample sites, the Caspian Sea, halophytic plants 
are present (Fig. 1, sample 12). In the German Alps near Lake Constance, 
Gnadensee is another of our sample sites characterized by alpine and 
subalpine vegetation (Fig. 1, sample 7). The northern Black Sea sample 
(Fig. 1, sample 5) is a marine core, and includes information on both the 
transformation of the region’s now Colchic forests, and dinoflagellate 
cyst assemblages (Marret et al., 2019). 

2.2. Statistical measures and ecological indices used in this study 

While the use of quantitative methods and statistics to determine an 
optimum pollen count dates back to the 1930s, different approaches are 
recommended by different researchers for the same problem with oc
casional inconsistencies between the theory behind and the application 
of their proposed technique: i.e., the debate in determining the distri
bution of pollen samples (Mosimann, 1965; Birks and Gordon, 1984; 
Overpeck et al., 1985; Maher, 1972; Birks and Birks, 1980; Keen et al., 
2014). Furthermore, although the fundamental theory of the frequently 
used Pearson Product–Moment Correlation Coefficient relies on the 
assumption of the provision of a normal distribution within the observed 
data, the coefficient is often used to determine an association between 
pollen samples whose distribution is not known (Barkley, 1934; Djamali 
and Cilleros, 2020) or is likely not normally distributed. We summarize 
the statistical theory behind different Measures of Association that are 
applied to assess sample reliability which we used in our comparative 
analyses in detail in Appendix A. 

In this study, we use the terms reliability and validity with reference 
to their definitions in measurement theory. In measurement theory, 
reliability refers to the consistency of a measurement across repeated 
assessments. Reliable measures have minimal random errors. One of the 
methods for evaluating reliability is the Split-Halves test. Validity, on 
the other hand, pertains to the accuracy of a measurement in capturing 
what it is intended to measure (Nelson Jr., 1980). 
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2.3. The orderly count 

Weng et al. (2006) stated that while evaluating palynological rich
ness where the number of pollen counts is limited only to a few hundred 
in the majority of samples, all taxa for the study region may not be 
identified during the counting process. However, when the samples are 
counted “sequentially”, the number of taxa identified in any given 
sample increases with larger sample size, assuming the sample is 
randomly selected The orderly count approach builds up on this idea. It 
requires the analyst to identify and record pollen grains sequentially (as 
counting progresses) without tallying by taxa, whereas in the classical 
approach the sample is randomly tallied as count progresses (from now 
on called the random count).A non-statistical approach is illustrated in 
Pardoe et al. (2021), where additional taxa are recorded line by line, 
allowing visualization of the increase in diversity obtained by additional 
counts. Here in the orderly count, each taxon is recorded one after the 
other as counting progresses. 

Therefore, in the data preparation process of the reliability coeffi
cient calculation, instead of dividing the total count data into two equal 
parts randomly, we first gave a sequence number to the pollen taxa 
during the count of the entire sample – i.e. if the first pollen type spotted 

in the sample belonged to Quercus L. that became number 1, the second 
being another Quercus L. pollen (or any other taxon) that became 
number 2, etc. For the random list representing the classical method
ology, the orderly count list was randomized using the Excel function =
RAND() which assigned a random number between 0 and 1 to the re
cords on the count list and then relisted the count data in ascending 
order. We split the total lists into two halves and performed our calcu
lations on these two sequential samples: while calculating the relation
ship measures to determine the reliability of a sample size of 400, the 
first 200 pollen grains from numbers 1–200 were added to the first group 
and the second 200 to the second group. To test the effects of an orderly 
vs a random count we used Spearman-Brown along with a similarity 
measure (inverse of Chi-square Distance) in addition to its native Pearson 
Correlation, and we tested our results with the Split-Half approach to 
further verify sample adequacy and reliability. Our results from different 
reliability measures (which are detailed in Appendix A) that we applied 
to samples which were split randomly vs orderly are explained in detail 
in the Results and Discussion section below. The minimum (for the 
purposes of this study also the maximum) count number of 400 per 
sample was a mutual decision by the authors of this study: an even 
number with which statistical analyses could conveniently be run on the 

Fig. 2. Changes in the indices shown on the y-axis, with respect to sample (random count) size. Sample names are followed by a number designating sample level in 
the core, their locations detailed in Fig. 1. In the case of inverse of Euclidean Distance, since proportional frequency is used, we adjusted our calculations of the count 
data accordingly. 

Fig. 3. The Correlation Matrix of indices calculated with the maximum random count data of 400, from 24 sample sets with Pearson Correlation Coefficient.  
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split halves; high enough to give sufficient samples for comparative 
analyses; and a level within the range of a large number of palynological 
studies (Erdtman, 1952; Faegri and Iversen, 1964; Bonny, 1972; Birks 
and Birks, 1980; Prentice, 1982a, 1982b; Moore et al., 1991; Reille, 
1992; Djamali and Cilleros, 2020). Once a count of 400 was reached per 
sample, the count data list was reworked, for the orderly count erasing 
the final counts by increments of 25 (leaving sets of 375, 350, and so on) 
until there was a count of 50 left. In the random count list, increments of 
25 were erased starting from the top of this randomized list, resulting in 
an equal number of samples as in the orderly count. In the case of the 
orderly count, erasing increments of 25 from the end of the list reflects 
the real-life practice of using smaller numbers as a minimum count. For 

the randomized list, it makes no difference from which end we shorten 
our list (Fig. 2). 

Based on the frequency distribution of these 15 different sample sizes 
and 24 different pollen count data sets, as well as the sample with the 
optimum count of 400 for this study, Pearson’s Correlation, Spearman’s 
Correlation, Euclidean and Chi-square distances, Richness (S), Shannon’s 
Entropy (H′), Simpson diversity (D1), Simpson dominance (D2), Berger- 
Parker (BP) indices, as well as (Simpson) Evenness and Rarefaction Co
efficients were calculated. All results gathered from all samples were 
indexed respectively. This allowed us to see how the indices changed 
along with sample size, mainly when different sample sizes were 
compared with the base index from the optimum count data of 400 

Fig. 4. Spearman-Brown Prophecy and Split-Half calculated with two different association coefficients, Pearson Correlation and the inverse of Chi-square Distance 
respectively. The y-axis shows reliability whereas the x axis shows the sample size. Lake names are followed by a number designating sample level in the core from 1 
to 3: 3 being the deepest sample. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. Sample reliability coefficients (y-axis denotes index values) with Pearson Correlation and inverse of Chi-square values for the two halves of optimum count 
data (400 for this study) for individual samples. 
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(Fig. 3). 

3. Results and discussion 

In palynology, the pollen sample is a representation of the vegetation 
composition in a given region, over a certain time period, and a repre
sentative sample is one that reflects the population’s characteristics. 
Characteristics of the population can be described through its natural 
diversity, and representativeness can be evaluated by comparing 
different measures of the diversity of the samples against the population. 
Thus, its accurate interpretation is of outmost importance, as it not only 
gives us an idea of past vegetation distributions, but also, by means of 
proxy, helps us interpret past changes in vegetation diversity, land-use 
change, and climate (Pardoe et al., 2021; Cleal et al., 2021). 

While making interpretations, the researcher needs to have all the 
available data, and thus the minimum number for a pollen count be
comes extremely important: it needs to be within a range where all key 
vegetation types are observed. Since regions may differ in richness of 
taxa, accepting a single number for the minimum count becomes risky, 
and flexibility needs to be observed as different count levels may be 
necessary for regions with higher floristic diversity vs those where the 
samples do not exhibit similar levels of diversity. 

Fig. 2 shows the results from the random count data, in which, 
despite our samples representing different vegetation compositions from 
different geographies with different fossil pollen reservoirs and different 
accumulation rates, convergence started to occur in sample sizes of 300 
and above, except for Pearson’s Correlation. When we revisited the use of 
the reliability coefficient (rp) in the Spearman-Brown approach with the 
Pearson Correlation, it became apparent that using the Prophecy Coeffi
cient of Reliability with an appropriate similarity measure increased ac
curacy through a more sensitive detection of reliability than the Pearson 

Correlation. This upheld our prior arguments that (1) Pearson Correlation 
is not a statistically appropriate method for this type of data, and (2) 
specifically for the field of palynology, to assess the reliability of the size 
of the sample, an appropriate Measure of Association should replace 
Pearson Correlation if Spearman-Brown’s Prophecy is the method of 
choice. 

Our main criticism in using Spearman-Brown’s Prophecy with Pearson 
Correlation formula (Appendix A: Eq. 11 – an adaptation of the Pearson 
Product Moment Correlation 

(
rij
)

in Eq. 1) to count data – first by Barkley, 
and later by his successors – is that, as aforementioned, Pearson Corre
lation provides a correlation coefficient for data types measured at in
terval or ratio levels and upholds an assumption that the variables have a 
normal distribution (Allen and Yen, 2002). In palynology, the count data 
are derived from a limited sample, one which has been sampled from a 
sediment core. In theory, the range of a count variable lies between 
0 and infinity, therefore one should be able to display these count data as 
a one-way frequency distribution, similarly to any kind of nominal 
variable. However, in practice, palynological data are obtained from a 
limited sample, the range of which varies between samples, and the 
variability of which is dependent on the sample size. Even though, in 
theory, it is commonly accepted that the distribution of count data types 
is multinomial, we cannot and should not make that assumption in the 
case of a limited pollen sample from a sediment core. Also, per theory, 
Poisson Distribution serves as a robust alternative to model count data 
(Tang et al., 2012; Addison-Smith et al., 2020). 

Thus, we recommend that in the operationalization of the Spearman- 
Brown approach, first an appropriate association measure needs to be 
selected between two pollen count datasets, obtained by dividing the 
original pollen sample into two halves. This leaves us with two one-way 
frequency distributions of taxa where x represents the first half and y 
represents the second half. If we suppose x has s, and y has r different 

Fig. 6. Spearman-Brown Prophecy calculated for the samples with low richness index with two different association coefficients, Pearson Correlation and the inverse of 
Chi Square Distance respectively. The y-axis shows reliability whereas the x axis shows the sample size. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 
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levels (also note that neither the total number of taxa nor the identified 
pollen types in the two halves need to be identical), the outcomes of 
pairs can be represented in an s × r contingency table. Now, the Pear
son’s Chi-Square Statistic will be ideal for testing the general association 
of row and column variables (Tang et al., 2012). 

Fig. 3 shows the correlation matrix of indices calculated by Pearson 
Correlation Coefficient from the 29 samples with a maximum count data 
of 400. This matrix validates our use of the Inverse of Chi-square Distance 
(a similarity measure which does not rely on a specific distribution) as 
an appropriate Measure of Association for this type of count data if 
Spearman-Brown is the chosen method, and shows that the theoretical 
basis for each measure has been provided for. 

When Spearman-Brown and Split-Half methodologies (as explained in 
Appendix A) were applied with both Pearson Correlation and our pro
posed inverse of Chi-square Distance as a measure of association to both 
the random count and the orderly count lists, a noticeable difference in 
the level of reliability was observed, even at our maximum sample size 
of the 400-grain count (Fig. 4). When a sample of 400 is considered and 
Spearman-Brown Prophecy is calculated with the inverse of Chi-square 
Distance with the random count list, a cut of 20 in count number indi
cated a decrease in the confidence level within a range of 15–55%. When 
Pearson Correlation was applied, this decrease was by 5% at most. As a 
means of verification when Split-Half was calculated using these two 
different association coefficients, a similar pattern emerged. Alternately, 
when the same methodologies were compared on the orderly count data, 
a significant decrease in reliability coefficients from both techniques 
were observed. This was indeed a carry-over effect of the change, 
depending on whether the Pearson Correlation or the inverse of Chi- 
square Distance was used on the orderly count data, as we explain further 
below. 

The Spearman-Brown method inherently assumes random sampling, 

which is the basis of parametric methods in statistics. However, while 
sampling for palynological analysis, this randomness hardly applies due 
to a series of constraints from the morphological qualities of the pollen 
grains to the nature of the science itself – which requires that the grains 
in a sample are counted in an orderly manner, although this order is not 
reflected in the final count record. Thus, we initially suggested as a 
correction to formulate Spearman-Brown with a Measure of Association 
(inverse of Chi-square Distance), as opposed to its native Pearson Corre
lation; and that integrating the orderly count into future methodologies 
may avert this statistical method’s weakness when evaluating pollen 
count data for reliability. Orderly count is in fact in tune with the nature 
of the pollen count: in the classical method the taxa are listed as they are 
observed and then strikes are added next to them as more of them are 
seen in the sample, whereas in the orderly count, the taxa are listed by 
their assigned numbers per their order of observation, the numbers 
extending from 1 to the chosen optimum count level (400 in our case). 

When our lists of count data (both orderly count and random count) 
that were split into two halves to further assess the sample’s reliability 
with a statistical method such as Spearman-Brown using Pearson Corre
lation, the coefficients changed in a much more conservative manner 
from each other and were higher when the data had been randomized; as 
opposed to the significantly lower index values observed in the orderly 
count (Fig. 5). This was also in support of our suggestion that random 
sampling cannot be assumed for palynological samples. Our orderly 
count data additionally showed that when the samples are split into half, 
the two half-samples are significantly dissimilar when inverse of Chi- 
square is applied instead of Pearson Correlation. This result also high
lighted the importance of suggesting and/or selecting the correct range 
for a minimum count for maximum representativeness of a sample: not 
necessarily an absolute number, but a range which needs to be appro
priately high enough for accurate construction of pollen assemblage 

Fig. 7. Spearman-Brown Prophecy calculated for only the samples with high richness index with two different association coefficients, Pearson Correlation and the 
inverse of Chi-square Distance respectively. The y-axis shows reliability whereas the x axis shows the sample size. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.) 
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composition. 
To see if we could confidently suggest a minimum count range, we 

further analyzed our simulation results, looking for changes in reliability 
levels if the samples exhibited different levels of diversity. As is stated in 
several studies (Magurran, 1988; Weng et al., 2006), sample size has a 
direct effect on the number of taxa identified in a sample. However, in 
palynology, the size of the sample is by and large limited (Moore et al., 
1991). Richness (explained in Appendix A) as an indicator of diversity 
helps the researcher easily identify whether they are looking at a sample 
representing a high diversity in vegetation composition, or vice-versa. 
To test if our proposed methodology can be applied to samples with 
different levels of diversity, we first calculated the Richness (S) index 
values for the samples, and then divided the entire sample base into two 
halves using the median S value (21 in our case) as a threshold. We then 
compared both the random and the orderly count groups from these two 
sample pools of high vs low S using Spearman-Brown with Pearson Cor
relation and alternately with the inverse of Chi-square Distance. Com
parison of the results from these groups rendered results in agreement 
with the above-mentioned findings that samples exhibiting a high di
versity of taxa require a higher sample size for accurate detection of 
taxa. This, from a palynological perspective can be interpreted as: a 
higher (minimum) count level in turn renders more accurate re
constructions of paleovegetation. Fig. 6 shows Spearman-Brown Prophecy 
results for the group of 12 samples with low richness index, and Fig. 7 
shows the second group of 17 samples exhibiting a high richness index. 

Fig. 8 shows the average of the reliability coefficients for all sample 
sub-groups (high S, low S) and total samples from all core-depths. In this 

final plot, it becomes clearer that when the reliability coefficients are 
calculated using Pearson Correlation Coefficient a reliability of around 
80% can quickly be reached at relatively small count numbers, and in all 
groups. The reliability level drops to around 20% for a similar range of 
minimum count for the random count data when the reliability coeffi
cient is calculated using the inverse of Chi-square Distance, and drops 
further below 20% when the same technique is used with the orderly 
count. Higher reliability levels – over 70% – are reached only at count 
numbers above 700 for the random count data, and at much higher 
minimum count numbers by using orderly count (i.e., for a reliability 
coefficient of 70%, more than 1000 pollen grains need to be counted). 
The reliability for the count numbers higher than 400 were calculated by 
inversing the Spearman-Brown formula (as shown in Appendix A); 
increasing reliability (instead of the count) and testing for higher count 
levels to see where convergence would occur. 

4. Conclusion 

Using statistical methods with little to no adjustments for distribu
tions, and/or data types that do not necessarily meet the criteria behind 
the approach – i.e., parametric methods with the inherent assumption 
that the data should follow a certain distribution, vs non-parametric 
methods where the distribution is not a concern – is a common pitfall 
in quantitative scientific analysis that makes use of statistics. In this 
study, we show how such automated applications of statistical ap
proaches may render results with low reliability, whereas adjustments 
reflecting the nature of the work may significantly improve results’ 

Fig. 8. Spearman-Brown Prophecy calculated for all sample groups, including the two sub-samples taking the average of the reliability coefficients calculated with two 
different association coefficients, Pearson Correlation and the inverse of Chi-square Distance respectively. The y-axis shows reliability whereas the x axis shows the 
sample size. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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accuracy – i.e. ascertaining sample representativeness. 
Thus, in addition to integrating a dissimilarity criterion into the 

assessment of reliability of sample sizes if Spearman-Brown Prophecy is 
the chosen method for comparison in the palynological analysis, we 
recommend that the potential effect of the orderly count should be 
considered. Our results also support this approach, which holds true for 
fossil pollen grains from different sediment catchment types and 
throughout our geographically disparate study points. The nature of the 
science provides that after a certain number of pollen grains are coun
ted, additional counts of the sample does not provide significant addi
tional information about the sample’s representativeness of the 
population, an assumption also supported by our results: this threshold 
acts as the optimum (minimum) count. 

When we are trying to ascertain the reliability, and with that the 
representativeness of the sample for the whole population, if we use the 
orderly count as our chosen technique we will drive at more accurate 
results, albeit at higher minimum count numbers. This also holds true in 
our analyses, where samples counted in an orderly manner render 
smaller reliability ratios than those that are counted randomly (classical 
method). 

Additionally, if we are attempting to assess the representativeness of 
a sample in palynological interpretation, then we should keep in mind 
that our sample in question might not be random. This is partially due to 
the nature of the pollen counting activity and the tendency of pollen 
grains from the same taxa to clump together (Brush and Brush, 1994). 
All this strengthens our argument that a palynological sample is not 
randomly selected, which in turn makes the application of statistical 
methods which assume random sampling inappropriate in its analysis. 
However, if such a method is used, then as an amelioration, it can be 
adjusted to reflect the nature of the study, in our case using a dissimi
larity measure along with our own methodology: the orderly count. 
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Appendix A. Appendix 

A.1. Measures of association 

A common application of Measures of Association in statistics is one in which factors or coefficients are used to quantify a relationship between two 
or more variables (Haug, 2019). In palynology, Measures of Association have been used (see Birks, 2019) to assess the similarity of two or more pollen 
samples, which are essentially datasets comprised of observed frequencies of different taxa. 

A.1.1. Pearson product–moment correlation coefficient 
Pearson Product–Moment Correlation Coefficient, which is commonly used as an index for the linear relationship between two variables, is indeed an 

estimate of the product–moment correlation where the respective parameters are substituted by the “sample moments”. The underlying assumption of 
Pearson Correlation Coefficient is that the sample being examined has been randomly drawn from a population with a normal distribution. An 
indiscriminate use of this method in attributing statistical significance to calculated coefficients is problematic since it will render inaccurate results in 
cases where the conditions of normal distribution are not met and/or where a curved or curvilinear relationship occurs between the two variables for 
which the relationship is attempting to be determined (Allen and Yen, 2002; Tang et al., 2012). 

The formula for Pearson Correlation Coefficient is provided below in Eq. 1 (Prentice, 1980), where rij represents the correlation coefficient between 
two pollen spectra, i and j, pik is the proportion of pollen type k in pollen spectrum i, pjk is the proportion of pollen type k in pollen spectrum j, pi 

indicates mean pollen proportion for pollen spectrum i (pi =

∑

k
pik

n ), and n is the total number of pollen taxa. The notations are consistent in all formulas 
below: 

rij =

∑

k
(pik − pi)

(
pjk − pj

)

[
∑

k
(pik − pi)

]1 /2[∑

k

(
pjk − pj

)]1 /2
(1)  
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A.1.2. Spearman rank-order correlation coefficient 
The non-parametric Spearman Rank-order Correlation is used to measure the degree of association between two multi-step or ordinal level measured 

variables, where the calculated correlations between two ordered data series and the significance of correlation coefficients are used to test whether 
there is an association or not (Siegel and Castellan, 1988). 

Spearman Rank-order Correlation Coefficient can be calculated by the following formula in Eq. 2, where xik is rank number for pollen type k in pollen 
spectrum i and xjk is the rank number for pollen type k in pollen spectrum j (Keen et al., 2014). 

rij = 1 −

6
∑

k

(
xik − xjk

)

n3 − n
(2) 

Although this coefficient is inherently not an appropriate tool for some data types, such as the count data in palynology (although it has been used 
in previous analyses of pollen spectra, see Keen et al., 2014), we include this approach to test the effectiveness of our evaluation. 

A.2. Measures of dissimilarity 

In statistics, dissimilarity measures refer to a set of metrics that represent the distance between data points, and how these samples are related or 
how close they are to each other. In palynology, their application in previous studies has been similar to Measures of Association (Prentice, 1980, 1982a, 
1982b; Overpeck et al., 1985). 

A.2.1. Euclidean distance 
Euclidean Distance is a numerical measure of how different two data objects are in a range of [0,∞). The concept behind this measure is to find the 

distance between two points in a Euclidean Space by Cartesian coordinates of those points using the Pythagorean theorem (Gower, 1985). Proximity to 
0 indicates two objects that are alike and vice versa, i.e. dii = 0, dij > 0 (Gordon, 1999). The formula is provided below in Eq. 3 where dij represents the 
similarity between two pollen spectra, i and j (Birks and Berglund, 1979). 

dij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

k

(
pik − pjk

)2
√

(3)  

A.2.2. Chi-square distance 
According to The Concise Encyclopedia of Statistics, the Euclidean Distance between the frequencies of objects is called the Chi-square Distance, which 

is a dissimilarity measure that is often used in palynology (Dodge, 2008; Birks and Deacon, 1973). Its use is mainly proposed in the context of Principle 
Component Analysis as a relative distance to the total abundance within each pollen dataset (Heegaard et al., 2006). 

dij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑

k

(
pik − pjk

)2

pik + pjk

√
√
√
√
√ (4) 

Because our calculations for this study will be based on absolute frequencies, Chi-square Distance is an appropriate approach within our context. 

A.3. Ecological diversity measures 

Diversity indices that compare different regions, taxa and trophic levels are frequently used to describe general properties of communities (Morris 
et al., 2014; Li et al., 2018; Cursach et al., 2020). Like ecologists, palynologists have been using these indices as a measure of ecological diversity (Keen 
et al., 2014). One of our main reasons for considering diversity indices in our study is because the compatibility of the distribution of the pollen sample 
to the overall population (representativeness) is one of the foundational assumptions of sampling theory. As such, monitoring variations in diversity 
indices for samples of different sizes can be considered as an indicator of sample size adequacy. 

A.3.1. Richness (S) 
As a simple and popular approach to represent diversity in a certain habitat, richness is defined as the total number of species or attributes present 

(Whittaker, 1972). 

A.3.2. Berger–Parker (BP) dominance 
Since species abundance and dominance are also critical to understanding diversity, Wolfgang H. Berger and Frances L. Parker proposed to use the 

maximum proportional abundance value to represent diversity (Berger and Parker, 1970). The approach is represented in Eq. 5, where P indicates the 
proportion of a certain pollen type in a pollen spectrum. 

BP = Pmax (5)  

A.3.3. Shannon Diversity Index (alternately, Shannon-Wiener Index) 
The foundations of Shannon’s Diversity Index lie in statistical physics (Boltzmann, 1872), modified a century later in information theory by Claude 

Shannon (Shannon, 1948). When the method is adapted to ecology as an indicator of diversity, interpretation of the index focuses on the uncertainty 
level of the system. The theory behind Shannon’s Diversity Index states that in a diverse and evenly distributed system, an individual can belong to any 
of the taxa included in the system, and the prediction of its identity will carry much uncertainty (Magurran, 1988). On the other hand, in a less diverse 
system, prediction of an individual’s identity will be easier. 
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The formula for Shannon’s Diversity Index is given below in Eq. 6 where pi is the proportion of pollen type i. 

Hʹ = −
∑

piln(pi) (6)  

A.3.4. Simpson diversity (D1) 
Another commonly used index in measuring diversity is the Simpson Diversity Index (Simpson, 1949). Although Simpson’s original paper did not 

contain the index itself, nor consider it in an ecological context (Gorelick, 2006), his successors used it to interpret ecological diversity (Magurran, 
1988; Morris et al., 2014). Traditional calculation of Simpson’s diversity is shown below in Eq. 7. The index value represents the probability of two 
randomly chosen individuals belonging to different taxa. 

D1 = 1 −
∑

p2
i (7)  

A.3.5. Simpson dominance (D2) 
Simply the inverse of Simpson’s Diversity, Simpson’s Dominance (D2) also has a widespread use in measuring diversity (Simpson, 1949). In both 

Simpson indices in Eqs. 7 and 8, a higher index value indicates higher diversity. 

D2 =
1

∑
p2

i
(8)  

A.3.6. Simpson evenness 
Derived from diversity measures of diversity, dominance, and richness, evenness can be considered as the degree by which individuals are split 

among species with low values indicating that one or a few species dominate, and high values indicating that relatively equal numbers of individuals 
belong to each species (Morris et al., 2014). 

E =
D2

S
(9)  

A.3.7. Rarefaction 
The fundamentals of the rarefaction theory are owed to a number of studies (Heck et al., 1975; Simberloff, 1978, 1979; Tipper, 1979; Gart et al., 

1982; Siegel and German, 1982). To represent the palynological richness of an investigated area, H. J. B. Birks and J. M. Line recommended the use of 
rarefaction analysis to estimate average palynological richness (Birks and Line, 1992), and Weng used this method to estimate the minimum pollen 
count (Weng et al., 2006). The original formula is given below in Eq. 10, where E(Tn) is the expected number of pollen types in a sample of n individual 
grains selected at random without replacement from a count of N grains containing T taxa, namely the estimated number of pollen types that would 
have been found if only n grains had been counted. In the formula, N is the minimum pollen count, T is the number of pollen types in the original pollen 
count, Ni is the number of individual grains assigned to pollen type (taxon) i in the original pollen count, and n is the total number of grains counted in 
the sample. 

E(Tn) =
∑T

i=1

(

1 −

[
(N − Ni!)(N − n)!
(N − Ni − n)!N!

])

(10)  

A.4. Reliability measurements 

A practical test for the reliability (in our case representativeness) of a dataset is to take two samples and assess their reliability coefficients. This 
provides an objective and unbiased measure of the degree of reliability (also replicability) between two samples (Allen and Yen, 2002). The first 
attempt to establish some form of reliability of palynological samples belongs to Barkley (Barkley, 1934) who used Pearson Correlation and Spearman- 
Brown’s Prophecy formula to obtain the reliability coefficient. This coefficient can either be obtained for a given sample size, or it can be used to 
determine the required size of a sample for a given reliability level. 

A.4.1. Spearman-Brown’s prophecy 
In measurement theory, the Spearman-Brown approach is one of many to define and interpret test reliability – i.e. a survey-based data collection 

method for collecting people’s evaluations regarding a phenomenon with a predefined scale. For a reliable test, a high correlation between test based 
observed scores and the test’s true scores are sought, where the definition of the true scores is based on the True Score Theory (Allen and Yen, 2002). 
According to the theory, scores gathered from parallel test halves (i.e. splitting the data into two sub-sets) should be correlated if only the entire test is 
reliable. 

Spearman-Brown’s assessment of the reliability of the whole test using the formula for Pearson Correlation is meaningful, only if the sample meets 
two important criteria: that it is randomly selected and normally distributed (Allen and Yen, 2002). Barkley’s adaptation of the formula is provided in 
Eq. 11, where X is the number of pollen grains of each type found in the first half, Y is the number of pollen grains of each type found in the second half 
and, M is obtained by dividing the sum of each half by the number of types of pollen grains found during the count of a slide – essentially an average. 
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r =
MXY − (MX*MY)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

MX2 − (MX)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

MY2 − (MY)2
√ (11) 

Barkley and his followers later applied this approach to the Prophecy Coefficient of Reliability 
(
rp) for use in palynology (Barkley, 1934; and later 

Djamali and Cilleros, 2020) by adapting the formula in Eq. 12 to reflect N which is the necessary number of the pollen count to obtain a given rp. 

rp =
Nr

1 + r(N − 1)
(12)  

A.4.2. Split-half reliability 
In measurement theory, one approach to evaluate internal consistency is the Split-Half Reliability estimate (Allen and Yen, 2002). This entails 

dividing the measurement into two halves (i.e., splitting the total pollen count data into two halves), and then searching for similarity between the two 
subsets of data. If the halves are inherently similar, the Prophecy Coefficient of Reliability can be calculated using the Spearman-Brown formula provided 
in Eq. 13. 

rp =
2r

1 + r
(13) 

In our study, we used Split-Half as an alternate method for verification while constructing our novel approach. 

A.5. Pollen data analyzed in this study 

Akgöl Lake: Karlıoğlu Kılıç N., Yilmaz Dagdeviren R., Acar D., Kucukdemirci M., Makaroglu O., Karaoz M. O., Sahin Altun D., Tutar A., Horuz A., 
Gurel A., Islam Z., Cagatay M. N., 2020. Akgöl’de (Sakarya) Fosil Polen Analizine Dayalı Paleovejetasyon Araştırmaları: İlk Bulgular. Journal of 
Geography-Cografya Dergisi, 40: 219–230. (Extended abstract, in English). 

Aktaş Lake: Karlıoğlu Kılıç, N., Caner, H., Erginal, A.E., Ersin, S., H. Haluk Selim, H. Kaya, 2018. Environmental changes based on multi-proxy 
analysis of core sediments in Lake Aktaş, Turkey: Preliminary results, Quaternary International, 486: 89–97. doi.org/10.1016/j.quaint.2018.02.004. 

Caspian Sea: core IGS-1 from Shirshov Institute of Oceanology, counted by S. Leroy, unpublished. 
Coldharbour Moss, Peak District National Park: Heather moorland, radiocarbon dated counted by Jessie Woodbridge, unpublished. 
Gnadensee in Lake Constance: core ARG6 from University of Constance, counted by S. Leroy, unpublished. 
Issyk-Kul: surface samples taken by S. Krivonogov, counted by S. Leroy, unpublished. 
Karataş Lake: Şenkul, Ç., Kalıpçı, E., 2019. Güneybatı Anadolu’dan Yeni Bir Paleoekolojik Değerlendirme: Karataş Gölü ve Çevresinin Geç Holosen 

Paleovejetasyon Değişimleri ve İklim ile İlişkileri. Coğrafya Dergisi, 38: 35–47. doi.org/10.26650/JGEOG2019-0006 
Northeast Black Sea: Marret, F., Bradley, L. R., Tarasov, P. E., Ivanova, E. V., Zenina, M. A., & Murdmaa, I. O. (2019). The Holocene history of the NE 

Black Sea and surrounding areas: An integrated record of marine and terrestrial palaeoenvironmental change. The Holocene, 29(4), 648–661. 
https://doi.org/10.1177/0959683618824769 

Tuzla Lake: Şenkul, Ç., Memiş, T., Eastwood, W.J., Doğan, U., 2018. Mid-to late-Holocene paleovegetation change in vicinity of Lake Tuzla 
(Kayseri), Central Anatolia, Turkey, Quaternary International, 486: 98–106. https://doi.org/10.1016/j.quaint.2018.05.026. 
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Değerlendirme: Karataş Gölü ve Çevresinin Geç Holosen Paleovejetasyon Değişimleri 
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