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Abstract

Pollen has a vital role in the reproduction of flowering plants by pro-
ducing genetically diverse offspring via pollination. Environmental
effects have strong influence on reproductive structures of plants, in-
cluding on pollen. Phenotypic plasticity allows plants to adjust trait
values to suit specific environmental conditions, and to persist in vari-
able conditions. Plant phenotyping is the comprehensive assessment
of complex plant traits related to their morphological, biochemical
and physiological features. In order to determine the climate related
plant adaptation and acclimation, it is imperative to improve plant
phenotyping and monitoring of plant communities. Plant products
are at the center of challenges posed by increasing requirements for
food, feed and raw materials. Integrating new solutions across all
scales, from molecular to field research, is necessary to develop sus-
tainable plant production with higher yield by using limited resources.
Therefore, plant phenotyping with a cost efficient and rapid method-
ology is highly desirable.

The main aim of this study was to develop a novel methodol-
ogy for plant phenotyping by employing vibrational (infrared and
Raman) spectroscopic techniques in combination with chemometrics.
More specifically, the goal was to correlate pollen biochemical data,
obtained by vibrational spectroscopy, with phylogenetic and environ-
mental data by multivariate analyses.

In order to attain this, plant adaption and acclimation of a large
sample set, including a large number of different plant species growing
under a number of different environmental conditions, was studied.
During the timeframe of the thesis, more than a thousand of out-
door samples have been collected from across Europe. The collected
pollen sample set, consisting of Betulaceae and Fagaceae families in
Fagales order, Pinaceae, Podocarpaceae and Cupressaceae families in
Pinales order, as well as Poaceae and Cyperaceae in Poales order, of-
fers phylogenetic variety and representation at the family and genus
level. In addition, a group of selected grasses comprising more than
five hundred individual plants were grown in controlled conditions in
order to study plasticity and genetic effects. The degree and nature of
variation in pollen chemical composition within and between species
was studied, including phenotypic plasticity of pollen in response to
differing temperatures and nutrient levels.
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The main drawback of pollen analysis is that pollen grains are still
mainly studied by measuring their morphology employing conven-
tional microscopy. It is time-consuming and expensive and provides
only identification based on morphological analysis, while chemical
characterization of samples cannot be acquired. Vibrational (infrared
and Raman) spectroscopies offer an alternative approach to pollen
analysis. The vibrational spectroscopy enables biochemical charac-
terization of pollen and detection of phylogenetic variation. There-
fore, infrared and Raman spectroscopy are developing as an important
tool in biology for studying phylogenetic differences between pollen
grains of diverse plant species. Several diverse measurement tech-
niques regarding single grains and bulk samples of pollen as well as
microspectroscopic techniques were investigated subsequently.

Employment of the different spectroscopic techniques, such as At-
tenuated total reflection and microspectroscopy, which operate on dif-
ferent scales, can highlight different chemical aspects of pollen. Mod-
els based on chemometric methods have provided novel insight into
acclimation and adaptation mechanisms of pollen. Multivariate meth-
ods allow to interrogate to what extent vibrational spectra can be
used for classification and discrimination of pollen species. Namely,
Consensus Principal Component Analysis (CPCA) and Partial Least
Squares Regression (PLSR), were conducted in order to extract bio-
chemical information on chemical building blocks of pollen grains. For
the discrimination analysis of pollen species, chemical and physical in-
formation were separated by extended multiplicative signal correction
(EMSC) and used together to establish classification models. With
development of sparse PLSR classification models, the biochemical
interpretation of the classification was obtained subsequently.

Overall, the value of vibrational spectroscopy as analysis method
of pollen classification on taxonomic levels has been demonstrated
in the peer review articles published as an outcome of the thesis. It
has been shown that vibrational spectroscopy has a great potential for
systematic collection of data on ecosystems in terms of environmental
effects. The obtained phylogenetic variation can be well explained by
the biochemical composition of pollen. Moreover, the novel findings
regarding large variations in chemical composition of pollen prove that
male functions and pollen quality deserve a wider research attention
than they have received so far.
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Norsk sammendrag

Pollen spiller en viktig rolle i reproduksjonen av blomstrende planter
ved å produsere avkom via pollinering som er genetisk forskjellige.
Det er kjent at miljøeffekter har en sterk innflytelse p̊a reproduk-
tive strukturer hos planter, inkludert pollen. Plantene er i stand til
å tilpasse seg spesifikke miljøforhold og for å overleve i varierende
forhold, ved å justere egenskapene. Evnen til planter til å tilpasse
egenskapene til spesifikke miljøforhold kalles fenotypisk plastisitet.
Komplekse planteegenskaper som morfologiske, biokjemiske og fysi-
ologiske funksjoner vurderes i biologi gjennom plantefenotyping. For
å bestemme den klimarelaterte tilpasningen og akklimatiseringen hos
planter er det derfor viktig å forbedre fenotypingen og overv̊akingen
av ulike plantesamfunn.

Produkter fra planter er av hovedutfordringene knyttet til økt et-
terspørsel etter mat, fr og r̊avarer. Å integrere nye løsninger p̊a tvers
av flere felt, fra molekylre metoder til feltarbeid, er nødvendig for
å utvikle en mer brekraftig planteproduksjon med høyere avkastning
ved bruk av begrensede ressurser. Derfor er plantefenotyping med en
kostnadseffektiv og hurtig metode meget ønskelig.

Hovedformålet med denne studien var å utvikle en ny metode
for plantefenotyping ved å bruke vibrasjonsspektroskopiske teknikker
(infrarød og Raman) i kombinasjon med kjemometri. Mer spesifikt
var målet å korrelere biokjemiske data av pollen, innhentet ved vi-
brasjonsspektroskopi, med fylogenetiske data og miljødata ved hjelp
av multivariabel analyse.

For å oppn̊a dette, ble store datasett med plantetilpasninger og -
akklimatiseringer undersøkt, inkludert et stort antall forskjellige plante
arter som vokser under en rekke forskjellige miljøforhold. Gjennom
tidsrommet dekket av denne avhandlingen, ble mer enn tusen utendørs
prøver samlet inn fra hele Europa. Det innsamlede prøvesettet av
pollen, som best̊ar av Betulaceae og Fagaceae familier i Fagales or-
den, Pinaceae, Podocarpus og Cupressaceae familier i Pinales orden,
samt Poaceae og Cyperaceae i Poales orden, garanterer fylogenetisk
variasjon p̊a familie- og slektsniv̊a. I tillegg ble en gruppe av utvalgte
gress, som best̊ar av mer enn fem hundre individuelle planter, dyrket
under kontrollerte betingelser for å studere plastisitet og genetiske
effekter. Graden av og typen variasjon i den kjemiske sammensetnin-
gen av pollen innen og mellom arter ble studert, inkludert fenotypisk

ix



plastisitet av pollen som svar p̊a ulike temperaturer og nringstilgang.
Den største ulempen med tradisjonell pollenanalyse er at pollenko-

rnene fortsatt hovedsakelig er studert ved å bestemme deres morfologi
gjennom konvensjonell mikroskopi. Det er tidkrevende og kostbart,
og gir bare identifikasjon basert p̊a morfologisk analyse, mens kjemisk
karakterisering av prøvene ikke blir registrert. Vibrasjonsspektroskopi
(infrarød og Raman) tilbyr en alternativ tilnrming til pollenanal-
yse. Vibrasjonsspektroskopi muliggjør biokjemisk karakterisering av
pollen og p̊avisning av fylogenetisk variasjon. Dette er grunnen til
at infrarød- og Raman-spektroskopi i de siste årene har f̊attstørre
og større betydning som verktøy i biologi for å studere fylogenetiske
forskjeller mellom pollenkorn av ulike plantearter. Flere ulike vi-
brasjonsspektroskopiske m̊aleteknikker for å analysere enkeltkorn og
sammensatte prøver av pollen, samt mikrospektroskopiske teknikker,
har blitt utviklet i de siste årene.

I denne avhandlingen ble detvist at bruken av ulike spektroskopiske
teknikker, for eksempel Attenuated Total Reflectance og mikrospek-
troskopi, som opererer p̊a ulike skalaer, kan fremheve ulike kjemiske
aspekter av pollenkornene. Modeller basert p̊a kjemometriske metoder
har gitt ny innsikt i akklimatiseringen og tilpasningsmekanismer hos
pollen. Multivariate metoder kan brukes til å bestemme i hvilken
grad vibrasjonsspektra kan brukes for klassifisering og diskriminering
av pollenarter. Spesielt ble Consensus Principal Component Analy-
sis (CPCA) og Partial Least Squares Regression (PLSR), utført for
å trekke ut biokjemisk informasjon om de kjemiske byggesteinene i
pollenkorn. For diskrimineringsanalyse av pollenarter, ble kjemisk og
fysisk informasjon atskilt med Extended Multiplikative Signal Correc-
tion (EMSC) og brukt sammen for å etablere klassifiseringsmodeller.
Med utviklingen av sparse PLSR klassifiseringsmodeller, ble den biok-
jemiske tolkningen av klassifiseringen forenklet.

Totalt sett har verdien av vibrasjonsspektroskopi som analyseme-
tode for pollenklassifisering p̊a taksonomiske niv̊aer blitt vist i peer
review-artikler som er publisert som et resultat av doktorgradsar-
beidet. Det er vist at vibrasjonsspektroskopi har et stort poten-
siale for systematisk innsamling av data om økosystemer i form av
miljøeffekter. Dessuten kan de nye funnene om store variasjoner i
kjemisk sammensetning av pollen bevise at mannlige funksjoner og
pollenkvalitet fortjener en bredere forskningsoppmerksomhet enn de
har f̊att s̊a langt.
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If we knew what it was
we were doing, it would
not be called research,
would it?

Albert Einstein 1
Scope

The main purpose of this thesis was to investigate vibrational spec-
troscopy of pollen for plant phenotyping in biology, ecology and paly-
nology. In order to accomplish this, the following sub goals were set
up.

1. To compare different vibrational spectroscopic techniques for
identification and biochemical characterization of pollen.

2. To study vibrational microspectroscopy and hyperspectral imag-
ing regarding chemical characterization of pollen grains sub-
structures.

3. To study FTIR microspectroscopy of single pollen grain for
aeroallergen monitoring.

4. To develop a high throughput FTIR approach for characteriza-
tion of pollen and plant phenotyping.

5. To study the degree and nature of variation in pollen chemical
composition within and between species, including plasticity of
pollen in response to differing temperatures and nutrient levels.

The outline of the thesis is illustrated in Figure 1.1. Vibrational
spectroscopy techniques including several sampling methods of in-
frared and Raman spectroscopy as well as microspectroscopy were
applied to analyse pollen. Multivariate techniques were used to inte-
grate the vibrational spectroscopy data that were obtained on differ-
ent scales.
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CHAPTER 1. SCOPE

Figure 1.1: Framework of this PhD thesis
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If you can’t explain
it simply, you don’t
understand it well
enough.

Albert Einstein 2
Introduction

2.1 The need for efficient plant phenotyping

By the year 2050 the world population is expected to exceed 9 billion
people. This will lead to a substantial increase in the demand for
food and feed, and thus, yield per arable land has to be improved [1].
Progress in plant research is essential for dealing with the need for
higher crop yields, and higher resistance to environmental stresses.
This is even a bigger challenge due to expected impact of global cli-
mate change on ecosystems. Novel and improved methods for deter-
mination of plant traits, such as resistance to stress and the concentra-
tion of metabolites, are needed. Therefore, plant phenotyping is the
key regarding sustainable food production, as well as use, conserva-
tion and protection of terrestrial ecosystems in a resource-constrained
world.

2.2 Basis of current plant phenotyping

The main sources of phenotyping variations are genetic differences
within and among populations, effects of the environment on traits
(phenotypic plasticity), and traits change over the course of growth
(ontogenetic drift) [2]. The perception of plant phenotyping in agron-
omy refers to quantitative and qualitative assessments of traits in
terms of breeds for new cultivars and improvement of processes in
plant production [3]. Plant phenotyping deals with the morpho-
metric traits such as leaf elongation, seed size and number, plant
height and width, growth, development and yield, and the physiolog-
ical traits such as photosynthesis, respiration, transpiration, quantum
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CHAPTER 2. INTRODUCTION

yield, chlorophyll fluorescence, as well as phenological traits such as
flowering time, germination time, and leaf and fruit abscission. It has
become a widely used tool in the characterization of plant growth and
productivity in response to biotic and abiotic stress [4].

Plants have haplodiplontic life cycles: during its life cycle a plant
switches from multicellular sporophyte to multicellular gametophyte
life stage and back. Diploid sporophytes produce haploid spores,
which develop into haploid gametophytes that produce haploid ga-
metes. Sexual reproduction in plants occurs with the fertilization
of a female gamete by a male gamete, resulting with a seed (i.e. a
new sporophyte generation). Traditional plant phenotyping of seed
plants (spermatophytes) has been focused on sporophytes which com-
prises the whole multicellular body except pollen (male gametophyte)
and megagametophyte (female gametophyte). Moreover, the impact
of environment on plant reproductive fitness is predominantly based
on studies of female functions while the contribution of male func-
tions is mostly ignored. For instance, measurements regarding the
female components of plant fitness, such as fruit or seed production,
has been performed for investigation of impact of abiotic factors, such
as nutrients and light, and biotic factors, such as herbivory and pol-
lination [5–7]. However, contribution of pollen, and male fitness in
general, needs to be addressed in order to better understand impact
of environment on plant reproductive fitness [8–11].

2.3 A new candidate for plant phenotyping:
pollen

Pollen grains, the male gametophytes, are known as the sperm pro-
ducing reproductive microorganisms of seed plants such as conifers
(Pinophyta), cycads (Cycadophyta), and flowering plants (Angiosper-
mae). By pollination, pollen guarantee genetically diverse offspring
of plants, which is basic for evolution and breeding. Pollen properties
are characteristic for plant families, genera or even species, and there-
fore they are source of information in the diverse scientific fields, such
as ecology, forensics, climate change, insect migration, food (including
honey) and aero allergen [12–22].
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2.3. A NEW CANDIDATE FOR PLANT PHENOTYPING:
POLLEN

2.3.1 Chemical properties of pollen

Since the life cycle of seed plants contains both multicellular hap-
loid stage (gametophytes) and diploid stage (sporophyte), it is often
referred to as alternation of generations. The sporophyte creates mi-
crospores via meiosis, while mitotic division of a microspore produces
a gametophyte Figure 2.1. Further mitotic division of the gameto-
phyte produces gametes. Fusion of male and female gametes during
fertilization creates zygote, which divides mitotically to produce a
sporophyte, thus restarting the life cycle.

Each pollen grain is comprised of both non-reproductive (vegeta-
tive) and reproductive (generative) cells Figure 2.1. The former reveal
pollen tube while the latter holds male sperm nuclei, which is required
for fertilization. Generative cell divides into two sperm cells, which
will be transported via pollen tube to female gametophyte during
fertilization. Primarily, pollen grains are composed of two core com-
ponents: cytoplasm and grain wall. Cytoplasm, which is considered
as the inner part of the pollen grain, is packed with structural and
nutrient chemicals such as protein, carbohydrates, and lipids. The
grain wall (i.e. outer shell of the grain) consists of two layers: intine
and exine Figure 2.1. Intine is mainly made up by cellulose, which
is the most common cell wall material in plants. Exine is composed
of sporopollenin, a complex biopolymer based on phenylpropanoid
building blocks. An additional extracellular lipidic matrix, the pollen
coat, can cover the interstices of the exine. Pollen coat is mostly
observed in insect-pollinated plants, and has significant purposes in
pollen dispersal and pollen-stigma recognition.

Figure 2.1: Parts of pollen grain
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CHAPTER 2. INTRODUCTION

Pollen composition depends on sporophytic genome which controls
development of exine (sporopollenin) and pollen coat, as well as ga-
metophytic genome which controls development of intracellular ma-
terials and intine [23]. The sporopollenin and pollen coat precursors
are both synthesized in the tapetum (tissue within the anther, which
provides nutrition) under the control of the sporophytic genome, but
at different stages of development. Pollen grains contain two major
intracellular lipidic structures, namely storage oil bodies and an ex-
tensive membrane network. These intracellular lipids are synthesized
in the vegetative cell of the pollen grain under the control of the
gametophytic genome [24].

2.3.2 Pollination

Pollination is transfer of pollen grain (i.e. male genetic material) from
anther, or male cone, to stigma, or female cone, preferably from one
plant to another. Following germination of pollen grain, pollen tube
will be developed from vegetative cell, and sperm cells will be trans-
ferred through pollen tube and fertilize female gamete. Pollination
can be obtained by wind, water, or animals. The two most preva-
lent ways of pollination are wind pollination (anemophily) and insect
pollination (entomophily) [25].

Plants sometimes utilise double strategy regarding pollination, such
as in the case of oak (Quercus). Insects might collect pollen grains
from anemophilous flowers when protein content of pollen from ento-
mophilous flowers is limited, thus increasing pollination probability.
Anemophilous plants are present in both gymnosperms i.e. conifers
(including pine, fir and spruce) and angiosperms i.e. seed plants of
which the latter do not develop scented flowers or produce nectar (in-
cluding oak, beech, birch and hazel). In contrast, entomophiles and
zoophilous species are almost exclusively angiosperms, while gym-
nosperms rarely rely on animals for pollination.

2.3.3 Pollen morphology and taxonomy

Pollen grains can have specific shape, size and texture that are unique
for plant taxa. Figure 2.2 shows the variety of morphology of pollen
grains. Pollen grains of anemophilous species tend to be smaller (di-
ameter of 20 µm) and lighter than pollen from entomophiles species,
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and thus it has ability to float in air easily. As can be seen in Fig-
ure 2.2A, conifer pollen of pine family (Pinaceae) has developed extra
air-sacs in order to get larger surface area without increasing the
weight. Anemophilous pollen grains have smoother and drier surface
layers allowing to float in air easily without adhering at each other,
whereas entomophilous pollen grains are ornamented, thus increasing
the chance to attach to insects. Further, entomophilous pollen species
often contain sticky pollen kit, which consists of lipids, carbohydrates,
proteins, glycoproteins, carotenoids and flavonoids [26]

Figure 2.2: Microscope images of pollen grains. (A) Abies cephalonica, equatorial
view; (B)Cupressus sempervirens (Cupressaceae), polar view; (C) Quercus robur
(Fagaceae), polar view; (D) Carpinus betulus (Betulaceae), polar view; (E)Bromus
erectus (Poaceae), equatorial view; (F) Carex pendula (Cyperaceae), equatorial
view [PLoS ONE 10(4): e0124240]

2.4 The importance of pollen analysis

Pollen identification and characterization is important in diverse sci-
entific fields such as in ecology for monitoring of life cycles of vege-
tation, in public health for allergy forecast, in botany for studying of
plant-environment interactions, in paleoecology for providing insight
into past plant-climate interactions, in melissopalynology for authen-
tication of honey, and in forensics for crime scene assessment.
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2.4.1 Environmental interactions studies of pollen

During the last three decades, there have been studies on the so-
called pollen competition hypothesis and the relationship between
pollen viability and offspring performance. Pollen viability has been
considered as one of the critical factors for assessment of pollen medi-
ated gene flow release to transgenic cultivars [27,28] . It designates the
function of pollen grains in terms of compatible pollination strategies.

Environmental factors, such as herbivory, soil fertility, mycorrhizal
association, temperature, relative humidity, and UV irradiation, can
affect pollen viability and longevity substantially during the flowering
period [29]. For instance, effect of pollen grain size and pollen produc-
tion per flower as well as higher siring of seed can be observed when
the environmental factors are changed [30]. Moreover, along with
viability, chemical composition of pollen may be effected by change
of environmental conditions during anther development [31–35]. For
instance, pollen of Petunia hybrida (petunia) has shown that protein
composition was dependent on the day temperature during the plant
growth. The total amount of protein was higher for the plant grown at
high temperature, whereas the amount of fats were the same [36]. Pol-
lens grown at higher temperature compromised low molecular weight
carbohydrates and phytic acid, revealing the information that pollen
produced longer pollen tubes at higher temperatures and yielded more
nutrients [37].

Moreover, herbivory and foliar leaf damage decreases the flower
number, resulting in a decrease of pollen production per flower. Sim-
ilar kinds of damage caused decreased pollen production in Raphanus
raphanistrum (wild radish) [8] as well as in Cucurbita texana (Texas
gourd) [38].

In addition, environmental factors have an impact on pollen viabil-
ity. For instance, pollen viability can be reduced when the concentra-
tion of stratospheric ozone was diminished in geographic regions with
elevated UV-B radiation because higher UV-B doses might reduce
viability under direct sunlight [39].

Further, environmental factors, which diminish the pollen produc-
tion (i.e. quantity), are also negatively related to the plant fitness
[30, 33, 40, 41]. Pollen quality can be considered as the ability of cre-
ating new plant via pollen germination. For instance, the fertilization
rates increase with the amount of pollen grains released onto stig-
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mas of plants. Recently, heat stress tolerance of intact pea pollen
grains was investigated via infrared spectroscopy [42, 43]. Genotypes
which have been growing at higher temperature have had better per-
formance on both pollen germination and on fertilization [43]. This
property was correlated with the protein and lipid ratio of the pollen
grains [42]. Thus, the pollen cell wall intine structure would change
with the increasing temperature.

In the lights of aforementioned studies, knowledge about chemi-
cal composition of pollen, and thereby indirect assessment of pollen
quality, is of outmost importance.

2.4.2 Pollen studies in health sciences for allergy
forecast

Airborne pollen of wind pollinated plants, such as grasses and weeds,
are a major cause of allergies [44,45]. Approximately 30% of the pop-
ulation in developed countries are affected by pollen allergies. Pollen
allergy can cause respiratory diseases in susceptible individuals, such
as asthma, allergic rhinitis and hypersensitivity pneumonitis. The
prevalence of pollen allergy is high and it is the most common form of
respiratory disease in Europe [46]. Pollen identification is the corner-
stone of aeroallergen monitoring networks and allergy forecast. Pro-
viding information on the occurrence of aeroallergens is essential for
allergen avoidance and prevention, as well as for symptom treatments.

2.4.3 Pollen microfossils studies based on sporopol-
lenin

It is known that pollen microfossils can have well preserved morphol-
ogy for millions of years [47]. Therefore, in paleoecology, paleobotany,
biostratigraphy and biogeography, identification of pollen microfossils
is crucial for the reconstruction of past flora, population sizes and ter-
restrial communities. Once pollen samples are isolated from sediment
layers and rocks, pollen grains can be counted and identified accord-
ing to their unique shape and size using microscopy. These studies
allow the reconstruction of past environments and provide an under-
standing of the causes of environmental changes.

Sporopollenin is an extremely robust and chemically stable sub-
stance, and is the most important component of pollen grain wall.
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The ornamentation and morphology of the sporopollenin-rich exine
layer is characteristic for plant taxa. Sporopollenin is one of the most
resilient biological materials allowing pollen grains to survive under
harsh conditions for long periods of time [48]. It is also important
that concentration of phenylpropanoid components in sporopollenin
can be used as UV-B proxy, thus allowing measurement of changes in
the flux of UV-B radiation over geological time [49]. Therefore, the
analysis of pollen substructures and their chemical components, such
as grain wall biopolymers, are of foremost importance.

2.5 Conventional pollen analysis methods

Pollen research has remained basically unchanged in the last hundred
years. Pollen grains are identified and characterised based on their
morphological parameters by using optical microscopy. This tradi-
tional pollen analysis is based on conventional microscopic counting
techniques, which are known to be labour intensive, time consuming,
and limited in the reliability of identification of species [25, 50].

2.5.1 Pollen sampling

Pollen sampling depends on the analysis purpose. For instance, it
can be sampled directly from the plant when assessment of plant de-
velopment and plant-environment interactions is needed, particularly
in greenhouse studies. In order to assess microfossil, sediment core
samples are sampled by drilling or by sediment traps-gallon bottles
suspended in wire cages [51]. For forensic studies, pollen samples are
obtained from any kind of materials collected in crime scene such as
dirt, dust and mud recovered from suspects clothing and bags [52–54].
Collection of airborne particles, including pollen and spores, from the
atmosphere is obtained by air sampling devices, such as Burkard trap.
It is based on a Hirst spore volumetric trap system (Burkard Scien-
tific, UK), in which air is drawn in and the airborne particles are
deposited onto adhesive tape mounted inside the trap [55]. Although
sampling efficiency is high, it depends strongly on particle size, wind
velocity and the types of adhesives used [56,57].
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2.5.2 Conventional microscopic counting technique:
optical microscopy

The sampled pollens are usually identified on the basis of their distinct
morphological features via optical microscopy. This step is strongly
dependent on the expertise of the operator who is identifying and
counting the pollen grains individually [58, 59]. Visual pollen iden-
tification by optical microscopy is challenging because pollen grains
belonging to the same genus or the same family may have very similar
morphological properties. This is demonstrated in Figure 2.3, where
Poaceae (grass family) pollen grains of Anthoxanthum, Deschampsia
and Festuca species share similar morphological features. This illus-
trates that even for a trained operator it is difficult to perform pollen
analysis on species level by optical microscopy, and in case of grasses,
even identification of genera is rarely obtained. Despite the drawbacks
of conventional microscopy for pollen analysis, it is still considered as
the standard method for pollen analysis [46,59].

Figure 2.3: Scanning electron microscope images of pollen grains belonging the
pollen species of: A) Anthoxanthum nipponicum , B) Anthoxanthum odoratum,
C) Avenella flexuosa, D) Deschampsia cespitosa, E) Festuca ovina in top view

Different types of optical microscopic techniques have been em-
ployed in order to evaluate shape and surface texture of pollen grains
in palynological studies. For instance, differential interference con-
trast microscopy [60] and phase contrast microscopy [61] have been
performed for contrast enhancing in order to investigate fine morpho-
logical differences between pollen grains of different plant species. Flu-
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orescence microscopy has been used to identify preserved specimens
in samples of fossilized pollen grains [62]. Confocal laser scanning mi-
croscopy was performed to study ultrastructure of pollen grain walls
[63,64]. Unfortunately, all these methods are time-consuming, expen-
sive and provide only identification based on morphological analysis,
while chemical characterization of pollen samples cannot be obtained.

2.5.3 Biomolecular methods for pollen analysis

In addition to optical microscopy, biomolecular and sequencing meth-
ods are applied for identification of pollen grains [65,66]. For instance,
molecular biological methods such as quantitative real-time poly-
merase chain reaction (qPCR) have been employed to quantify the
airborne plant materials of birch samples [66]. In qPCR instruments,
the amplified DNA is labelled by fluorophores and optical components
are employed for sensitive fluorescence detection. However, isolation
of nucleic acids is difficult for pollen grains due to extremely resilient
grain wall materials. Moreover, due to complex chemical composi-
tion of pollen grains, the extraction process may lead to traces of
unwanted substances in the nucleic acid extract, which is challeng-
ing for biomolecular methods. Finally, due to costs of equipment,
chemicals, and consumables, biomolecular methods have several un-
favourable characteristics for standard pollen analysis [65,67].

2.5.4 Emerging techniques for pollen analysis

During recent years, emerging spectroscopic techniques such as flu-
orescence spectroscopy [68], laser induced breakdown spectroscopy
(LIBS) [69], matrix assisted laser desorption ionization mass spec-
trometry (MALDI-MS) [70, 71], Raman spectroscopy [69, 70, 72–79],
and Fourier transform infrared spectroscopy (FTIR) [80–90] have
been introduced for the chemical characterization of pollen grains.
LIBS [69] is a versatile tool for studying relative element concen-
tration distributions for different types of pollen. Further, it was
demonstrated that MALDI-MS can be used for identification of aller-
genic pollen samples. MALDI-MS fingerprint spectra of whole pollen
grains could be used for the classification of certain pollen species on
the basis of chemical compounds such as sugars, proteins and glyco-
proteins [70,71].
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Vibrational spectroscopic techniques for pollen analysis

Infrared and Raman spectroscopy acquire a biochemical fingerprint of
the main cell compounds such as lipids, carbohydrates and proteins.
Different chemical bonds absorb infrared radiations at specific fre-
quencies resulting in a molecular fingerprint of the irradiated sample.
Both, the type of chemical bonds, as well as the molecular interac-
tions, produce a specific biochemical and biophysical fingerprint of
the sample [91]. A major asset of vibrational spectroscopies is that
the samples can be measured without chemical pre-treatment [92–97].
In addition, vibrational microscopic techniques allow spatial measure-
ment of different cell substructures [98,99]. Further, vibrational spec-
troscopy offers potential high-throughput approaches for measure-
ments [98,99]. Due to the high sensitivity of biochemical variations in
the spectroscopic fingerprint, and due to their high throughput char-
acteristics, vibrational spectroscopic methods have a high potential
for phenotyping [100–107]. This is the main reason why vibrational
spectroscopy has attracted attention as a tool for pollen analysis and
identification in recent years.

Each pollen species has characteristics biochemical composition,
and thus it allows to perform the identification of pollen, including
allergenic species [108]. Besides, sporopollenin has an important role
to study plant adaptation to environmental changes, even information
about pollen microfossils can be obtained via vibrational spectroscopy
by examining sporopollenin [109–111]. Pollen microfossils are well
preserved for millions of years and provide important information
in the studies of paleoecology, paleobotany and biogeography. As
a consequence, vibrational spectroscopy (infrared and Raman) can
provide not only comprehensive chemical analysis of pollen, but can
also enable simple, rapid and economic assessment of parent plants,
their evolutionary history and living conditions [80, 83,89,90,112].

Vibrational spectra of pollen grain comprise species-specific bio-
chemical fingerprints of carbohydrates, lipids, proteins, biopolymers,
such as cellulose and sporopollenins, and plant pigments, such as
carotenoids and flavonoids [73, 81, 83, 89, 90] . These chemicals are
the primary physical structures as well as nutritious constituents of
pollen samples, and they are related to phenotypic features of pollen
samples. Typical infrared and Raman spectra of pollen belonging
to different conifer species are shown in Figure 2.4. Distinctive fea-
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tures in a vibrational spectrum of pollen is a major reason why vi-
brational spectroscopy techniques have gained attractiveness during
recent years.

Figure 2.4: Spectra of representative samples of pollen measured as: (a) FTIR
spectroscopy, (b) Raman spectroscopy. For better viewing the spectra are offset.
The marked vibrational bands are linked with lipids (L), proteins (P), carbohy-
drates (C) sporopollenins (S) and carotenoids (Cr) (Adopted from paper I)

The spectral bands are summarized in Table 2.1.

Lipids are characterized by the strong vibrational band at 1745
cm-1 (C=O stretch) in FTIR, as well as by a weaker band at 1462
cm-1 (CH2 deformation) in Raman. In addition to these bands, phos-
pholipids are characterized by the bands at 1240 cm-1 (P=O asym-
metrical stretch) and 1090 cm-1 (P=O symmetrical stretch). Proteins
are characterized by two strong and broad bands at 1640 cm-1 (amide
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Table 2.1: Characteristic infrared frequencies and Raman band shifts of pollen
chemicals (spectral range: 1800-600 cm-1)

Compounds Frequency(cm-1) Assignments

Sporopollenin 1673

vibrations of aromatic
ring of phenylpropanoid
building blocks

1605-1610
1590
1512
1209
1173
833

Lipids 1740-1750 C=O str.
1460-1444 C-H def. of CH2

1304
1240 P=O str. (asym)
1200-1000 C-O str
1090 P=O str (sym)
965 P-O-C str. (asym)
720 C-H def. of CH2

Proteins 1700-1630 amide I
1550-1520 amide II
1310-1240 amide III

Carbohydrates 1202 vibrations of pyranose
units of the cellulose
skeleton

1159
895
1200-1000 C-O str.

C-C str.
C-O-H def.
C-O-C def.

Carotenoids 1160 C-C str.
1131 C=C str.

Water 1640 OH2 def.
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I: C=O stretch) and 1535 cm-1 (amide II: NH deformation and C−N
stretch) in FTIR. Carbohydrates have strong absorption bands in the
1200 - 900 cm-1 region (C−O−C and C−OH stretch) in FTIR, in-
cluding some characteristic bands for certain types of carbohydrates,
such as cellulose (at 1107, 1055 and 1028 cm-1) and amylose (at 1076
and 995 cm-1).

Carotenoids can be designated with the bands at 1531 cm-1 and
1160 cm-1. Carotenoids have an allowed π-π* electronic transition
which occurs in the visible region and which gives rise to their strong
colors. Even though pollen carotenoids are present at too low con-
centration to be observed by FTIR, they can be analyzed by Raman
due to resonant effect. A resonance Raman spectrum of carotenoids
is obtained when the wavelength of the incident laser coincides with
electronic transition causing strong enhancement of vibrational bands,
particularly those at 1531 and 1160 cm-1 that have strong electron-
phonon coupling.

Sporopollenins, which consists of complex dehydrogenation-type
biopolymers based on phenylpropanoid acids, have distinctive bands
associated with the vibrations of aromatic rings at 1605, 1515, 1171,
853, 833 and 816 cm-1 in FTIR [80].

While in infrared spectroscopy, polar chemical bonds give rise to
strong spectral bands, in Raman spectroscopy non-polar chemical
bonds are predominant. In this sense, Raman spectroscopy is consid-
ered as a complementary method to infrared spectroscopy. It reveals
information on the major chemical constituents of pollen [73,89,113].
The main spectral features, which are dominating on Raman spectra
of pollen grains, are signals at 1637, 1610, 1590, 1209 and 1173 cm-1,
which can be associated with sporopollenin. These are bands referring
to phenylpropanoid building blocks, such as p-coumaric acid found in
cell walls. They are known to be species specific for pollen [114]. The
lipids can be referred to the bands at 1750, 1444, 1304 and 1065 cm-1.
The proteins bands are related with 1660, 1455 and 1007 cm-1.

Raman spectroscopy can be carried out with single pollen grains or
fragments of pollen as in FTIR measurements. There are numerous
studies on Raman spectroscopy for pollen analysis. In Raman spec-
troscopy, fluorescence and electronics absorption of the laser light can
lead to heating and eventual decomposition of the sample. Most of
the sample materials are colored and they absorb the light in a specific
part of the visible spectrum. The absorbed light excites electrons of
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the sample material to higher state of energy level and return rapidly
(ps) to the ground state by emitting the same wavelength. However,
for some sample materials the emission from excited state to ground
state can take more time (ns) and can be accompanied by losing the
part of its energy due to internal molecular process. Thus, light is
emitted at longer wavelengths compared to the absorbed light which
is called as fluorescence. Fluorescence is a problem in resonance Ra-
man spectroscopy where the electrons are excited to higher electron
state rather than in non-resonance Raman spectroscopy. It occurs
when the virtual energy level overlaps an upper electronic level and
as the energy of the laser gets higher which is shorter wavelength.
Thus, it may results in low detection Raman signals due to the fact
that the lifetime of electrons in excited states is longer [115]. In
essence, fluorescence occurs due to real electronic transitions whereas
Raman scattering occurs as a results of virtual electronic-vibrational
transitions. Fluorescence can be seen when the excitation source is
in the visible range. Near infrared (NIR) 785 nm laser can help to re-
duce the fluorescence contamination but there can be seen still some
residual fluorescence effects on Raman spectra [116].

Fluorescence can be tackled with a variety of techniques such as
performing confocal configuration, photobleaching or chemical bleach-
ing, as well as by deployment of laser excitation at longer wavelengths
[117–119]. Therefore, 1064 nm laser excitation in FT-Raman instru-
ments can be used to avoid fluorescence background problems [80].
However, a longer wavelength excitation laser source results in lower
spatial resolution and decrease of the sensitivity. Laucks et al [79]
investigated single pollen grains by photo bleaching, i.e. photo de-
pletion of the carotenoid molecules, in order to overcome fluorescence
background problems in Raman. Photobleaching is usually performed
when deployment of laser excitation in longer wavelength is not avail-
able. Nevertheless, photobleaching is not preferable since the sample
is chemically altered, while the spectral acquisition time is signifi-
cantly increased.

Schulte [77] performed experiments by High Performance Thin Layer
Chromatography (HPTLC) combined with resonance Raman spec-
troscopy to investigate the pollen carotenoids. Carotenoids are ex-
tracted from pollen and separated with HPTLC before measurements
by Raman spectroscopy. The spectra of resonance Raman spectroscopy
of in situ carotenoids were obtained as similar to overall carotenoid
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composition derived from whole pollen grains. Further, they have
measured the dynamic process of pollen germination and pollen tube
growth [73, 77]. Bernhard et al [120] studied chemistry and mor-
phology of dried up pollen suspension residues, which can be extract
from pollen interior. Guedes et al [74] established a Raman-based
pollen spectral library for the applicability of database to detect and
identify pollen in airborne samples. Recently, Wang et al [121] de-
veloped a new measurement technique, referred to as photophoretic
trapping-Raman spectroscopy (PTRS), for measuring Raman spec-
tra of bioaerosol particles, such as pollen and spores, by using pho-
tophoretic forces [122]. The combination of laser trapping with Ra-
man spectroscopy (LTRS) allows that individual bioparticles in air
or in liquid to be optically trapped and analyzed in an automated
or manual manner via Raman spectroscopy [123, 124]. The pho-
tophoretic trap was combined with an aerosol delivery nozzle to al-
low efficient particle trapping for potential applications as an online
aerosol characterization of biological molecules, fungal spores and
pollen samples [125].

2.6 Vibrational spectroscopic measurement
techniques for pollen analysis

Infrared spectroscopy of pollen can be applied via several diverse mea-
surement techniques, including single- [42, 43, 80, 83, 89] and multi-
reflection [126] attenuated total reflection (ATR) FTIR, diffuse re-
flectance FTIR (DRIFT) [90,126], transmission FTIR measurements
between windows [87, 127] and in pellets [80, 89, 90, 126], FTIR mi-
crospectroscopy measurements of single grain [83, 89, 90, 120, 128] as
well as multi grains [79, 127, 128], and photoacoustic FTIR spec-
troscopy [82].

Raman spectroscopy of pollen can be performed as microspectroscopy
measurements of single grains [77] and different parts of pollen grains
[73,75,131] as well as bulk [80].

In this thesis, different measurement techniques of pollen analysis
via vibrational spectroscopy were investigated focusing on infrared
spectroscopic sampling techniques such as pellet, ATR and microspec-
troscopic measurements, as well as Raman microspectroscopy.
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2.6.1 Pellet measurements

One of the oldest techniques for performing FTIR transmission mea-
surements is the use of alkali halide pellets, such as potassium bro-
mide (KBr), sodium chloride (NaCl) and potassium iodide (KI). Al-
kali halides are transparent in the majority of infrared region of the
electromagnetic spectrum, and have plastic properties when subjected
to pressure. KBr is the most commonly used alkali halide for prepar-
ing pellets. For KBr measurements, a background spectrum can be
obtained by an empty pellet holder or using a blank (sample free)
KBr pellet. However, blank pellets can create additional artefacts,
since pellets are not identical and thus can have different moisture
content and scattering effects. Therefore, it is often better not to use
the blank pellets as a reference since it can be easier to remove scatter
effects by spectral pre-processing [132].

KBr measurement of pollen samples has been considered as a bench-
mark method in this study due to its extensive use in FTIR spec-
troscopy of pollen [80,89,90,126]. Pellet measurement is the method
that obtains high quality pollen spectra, and thus any further de-
velopment of methods needs to be compared with this method. It
is important to notice that during the preparation of pellets, pollen
sample is homogenised by grounding.

2.6.2 Attenuated Total Reflectance (ATR) mea-
surements

Attenuated Total Reflectance (ATR) measurements are performed by
guiding infrared light through a crystal with a high refractive index,
such as diamond or germanium, while the infrared light undergoes
total reflection at the surface of the crystal. The infrared beam gen-
erates an evanescing wave at the surface of the crystal, and will pen-
etrate into the sample and be partially absorbed, provided that the
sample is in direct contact with the crystal. The ATR measurement
principle allows to measure solid or liquid samples without further
preparation.

In ATR measurements, pollen grains can be measured both in-
tact and ground. In contrast to transmission measurements, where
infrared light interacts with the whole sample, the infrared light in
ATR penetrates the pollen grains only up to 0.5-5 µm in depth, de-
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pending on the wavelength [131]. It means that while in transmis-
sion measurements the whole pollen grain is measured, in ATR mea-
surements predominantly the grain wall is measured if the grain is
intact [42, 43, 80, 83, 89, 126]. So far, the pollen samples were mea-
sured as intact, therefore revealing the chemical spectral information
from outer layer of pollen grains. However, when pollen samples are
ground, it is possible to get information from the pollen grain inte-
rior.In the thesis, the possibility of ground measurement of pollen was
investigated for better differentiation of grain wall-related signals from
cytoplasm-related ones.

2.6.3 High throughput screening - Fourier trans-
form infrared spectroscopy (HTS-FTIR)

A high throughput system (HTS), consisting a microplate extension
unit coupled to a spectrometer, can be used for high-throughput
screening of liquids and cell suspensions. Suspensions are transferred
to 96 or 384 microplates and dried as thin films of a few microme-
ters. In order to achieve thin and homogeneous films, cell suspensions
are often homogenized before transfer to the microplates [100]. The
technique itself allow to measure high number of samples at once.

HTS has been already established in different areas, and success-
fully applied as automated high throughput technique for the in-
vestigation of cells and microorganisms [134–136]. Although HTS
could be useful for rapid analysis of pollen, including for monitoring
of terrestrial ecosystems, it has never been used in pollen analysis.
Measurement with HTS should provide similar results as KBr pellet
measurements since the pollen grains are in the form of ground ho-
mogenized samples. Having in mind that the KBr is standard and
well-established method for getting high quality pollen spectra, HTS-
FTIR should provide high quality spectra but in a high throughput
way. However, due to thick resilient grain wall, pollen samples can
be more difficult to homogenize compared to aforementioned samples
commonly used for HTS measurements. Therefore, in the thesis, we
wanted to evaluate to what extent the HTS technique can be used for
pollen analysis and to develop a new measurement protocol for pollen
analysis via the HTS-FTIR approach.
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2.6.4 Infrared microspectroscopy

By using infrared microspectroscopy imaging one can obtain spatially
resolved chemical information of pollen. Depending on the detector,
spatially resolved measurements can be performed as point by point
measurements by a single element detector or by the simultaneous
measurement of a whole area by a focal plane array detector.

FTIR microspectroscopy has been applied broadly in plant science
to study plant structures, especially cell walls, seeds, and leaves in
the field of ecology, plant physiology, and developmental biology [137–
145]. In FTIR microspectroscopy, different types of infrared radiation
sources might be applied, such as traditional thermal globar sources,
synchrotron radiation sources or quantum cascade lasers (QCLs) [142,
146, 147]. Globar sources consist of silicon carbide rods generating
infrared radiation and providing a uniformly illuminated aperture of
10-200µm in diameter at the sample [148].

The spatial resolution of FTIR and Raman microspectroscopies,
which are defined by the diffraction limit, depends on the wavelength
of the source light and the objective used. In Raman measurements,
the lateral resolution is typically within 0.3-1.0 µm range, which is
comparable to microscopes that are using light in the visible range.
In FTIR the diffraction limit is within 2-20 µm range due to the long
wavelength of mid-infrared light [149]. However, such spatial reso-
lution is rarely obtained without an infrared light source with high
brilliance, such as synchrotrons, and thus the typical lateral resolution
is within 20-50µm range.

Synchrotron radiation light sources are approximately 100-1000 fold
times brighter than current benchtop thermal infrared light sources
and allow smaller apertures and thus a higher resolution. They al-
low to illuminate smaller aperture areas with diameters of 10-20 µm
with high signal to noise ratio, and even spectra down to the diffrac-
tion limit of the light can be obtained [150]. The main use of syn-
chrotron sources has been primarily concerned with biological samples
by coupling a standard FTIR microscope to a synchrotron source.
So far, FTIR microspectroscopy measurements of single and multi-
grain pollen samples were conducted by globar sources [81,83,89,90,
120, 128–130], although synchrotron sources or QCLs can be used as
well [151].

21



CHAPTER 2. INTRODUCTION

When particle sizes are in the same order as the wavelength applied
in spectroscopy, strong scattering effects occur. In FTIR microspec-
troscopy of single pollen samples, the infrared wavelengths are typi-
cally between 2.5 µm and 25 µm, while pollen grain sizes range from 5
to 200 µm with certain types of particle sizes. Broad oscillating base-
lines due to Mie scattering in pollen samples is one of the foremost
scatter variabilities in infrared spectra. This effect is strong in trans-
mission microspectroscopic measurements of spherical shaped single
pollen grains [151,152]. Scattering effects in FTIR microspectroscopy
have been considered as a major obstacle for the reliable interpre-
tation and further use of the IR spectra in biological and biomedi-
cal science. Different approaches have been developed to deal with
Mie-type scattering [153, 154]. Mie scattering consists of both broad
oscillations in the spectrum and so-called dispersive artefacts. Disper-
sive artefacts occur due to refractive index fluctuations in absorption
resonances. The refractive index fluctuates due to absorption and is
linked to the pure absorbance spectrum through the Kramers-Kronig
transform. Thus, Mie-distorted spectra can only be modelled if the
pure absorbance spectrum is known. Different efforts have been made
to estimate the pure absorbance spectrum from the Mie-scatter dis-
torted spectrum by iterative algorithms, which iteratively estimate
the pure absorbance spectrum [153]. However, the correction of Mie-
type scattering remains difficult for biological samples, such as pollen,
due to the complexity of the samples. Thus, it would be of great ad-
vantage to avoid Mie-type scattering experimentally. Therefore, one
of the goals of this thesis was to investigate to what extend strong
scattering can be avoided experimentally in the infrared spectroscopy
of single pollen grains.

2.6.5 Raman microspectroscopy

The major conceptual difference between infrared and Raman spec-
troscopy is that Raman spectroscopy is a scattering technique whereas
infrared spectroscopy is an absorption technique. The laser spot size
is primarily defined by the laser wavelength and microscope objective
being used. The minimum achievable spot size is diffraction limit:

Laser spot diameter equals to
1.22λ

NA
where λ is the wavelength of

the laser, and NA is the numerical aperture of the microscope ob-
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jective used. For instance, with a 632.8 nm laser, and a 0.90/100x
objective, the laser spot diameter is 772 nm. The diffraction limit
in infrared is much higher than in Raman, due to use of radiation
source of longer (and non-coherent) wavelengths (up to 20 µm). The
penetration depth of the laser used in Raman spectroscopy depends
upon the wavelength of the laser as well. For instance, at 532 nm,
the wavelength of the HeNe laser, light will penetrate 0.7 µm, at 633
nm it is approximately 3 µm, whereas at 785 nm it is 12µm on the
surface of silicon crystal [155,156].

Due to the higher resolution, Raman spectroscopy can spatially re-
solve substructures of pollen grains. For instance, pollen grains of
pine family Figure 2.2A have two large hollow projections (saccus)
from the central body (corpus) of pollen grains. Therefore, measure-
ment can be focused on either saccus or corpus regions of the grain.
The saccus region, which consists of almost pure sporopollenin can
be measured in order to obtain sporopollenin spectra, while mea-
surement of corpus region can result with the information on pollen
nutrients. In the thesis, the possibility of measurement and chemical
analysis of pollen substructures by Raman spectroscopy was investi-
gated. Moreover, Raman microscopy of pollen was used to observe
how the acquired spectra differ when the depth of the laser focus is
altered from outer layers of pollen grain (i.e. pollen wall) to interior
parts of the grain (i.e. pollen cytoplasm).
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In questions of science,
the authority of a thou-
sand is not worth the
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Material and Methods

3.1 Outdoor experiments: Fieldwork study

During the study period, several families of wind pollinated plant
species (Table 3.1) were collected at 3 different locations (Croatia,
Germany and Norway) during 3 different pollination seasons (2012,
2013 and 2014). Pollen samples from Croatia were obtained at the
Botanical Garden of the Faculty of Science in the University of Zagreb
by Boris Zimmermann (Ruder Bošković Institute, Zagreb, Croatia) in
2012. Pollen samples from Germany were obtained from the Botanical
Garden in Berlin-Dahlem in Germany by Stefan Seifert (Humboldt-
Universität zu Berlin, Adlershof, Germany) in 2013 and 2014. Pollen
samples from Norway were collected in the campus area of Norwegian
University of Life Sciences in Ås in 2013 and 2014.

All pollen samples were collected directly from plants at flower-
ing time by shaking either male cones, i.e. strobili (Pinales) or male
catkins (Fagales). Pollen samples of Poales were collected by cutting
several flowering spikes from the same or different individuals. The
samples were then kept at room temperature for 24 hours, cleaned,
and subsequently stored in microcentrifuge tubes at -15 °C until mea-
surements time. The chosen sample set, consisting of different families
Betulaceae and Fagaceae in Fagales order, Pinaceae, Podocarpaceae
and Cupressaceae families in Pinales order, as well as Poaceae and
Cyperaceae in Poales order, offers phylogenetic variety and repre-
sentation at the family and genus level (Table 3.1). Moreover, the
samples show diversity in grain size, shape, and relative biochemical
composition.
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Table 3.1: List of pollen samples used in the thesis.

Order Family Genus Species Name

Pinales Pinacea Abies A. pinsapo Spanish Fir
A. cephalonica Greek Fir

Cedrus C. atlantica Atlas Cedar
Picea P. omorika Serbian Spruce

P. orientalis Caucasian Spruce
P. abies Norway Spruce
P. pungens Blue Spruce

Pinus P. banksiana Jack Pine
P. peuce Macedonian Pine
P. mugo Mountain Pine
P. nigra European Black Pine
P. resinosa Red Pine
P. sylvetris Scots Pine
P. tabuliformis Chinese Red Pine
P. wallichiana Himalayan Pine

Podocarpaceae Podocarpus P. neriifolius Brown Pine
Cupressaceae Cunnighamia C. lanceolata China Fir

Cupressus C. sempervirens Mediterranean Cypress
Juniperus J. chinensis Chinese Juniper

J. communis Common Juniper
J. excelsa Greek Juniper
J. phenicea Phoenician Juniper

Cryptomeria C. japonica Japanese Cedar

Fagales Fagacea Quercus Q. robur English Oak
Q. rubra Northern Red Oak
Q. shumardii Shumard Oak
Q. cerris Turkish Oak
Q. cocciena Scarlet Oak
Q. libani Lebanon Oak
Q. palutris Spanish Oak
Q. petrea Irish Oak

Fagus F. sylvatica European Beech
Betulaceae Betula B. pendula Silver Birch

B. alleghaniensis Yellow Birch
B. divaricata Siberian Birch
B. ermanii Ermans Birch
B. lenta Black Birch
B. papyrifera Paper Birch
B. pubescens European White Birch
B. raddeana Raddes Birch
B. utilis Himalayan Birch

Carpinus C. betulus European Hornbeam
Alnus A. glutinosa Black Alder

A. hirsuta Manchurian Alder
A. incana Grey Alder
A. viridis Green Alder

Corylus C. americana American Hazel
C. avellana Common Hazel
C. chinensis Chinese Hazel
C. colurna Turkish Hazel
C. cornuta Beaked Hazel

Poales Poaceae Bromus B. erectus Erect Brome
Cyperaceae Carex C. pendula Pendulous Sedge
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Fagales taxa are considered to be one of the most abundant in
the atmosphere. The most allergenic pollen species, responsible for
a majority of allergy-related respiratory diseases, belong to Fagaceae
(Quercus), and especially to Betulaceae (Betula, Alnus, Corylus, Carpi-
nus). Betulaceae family has an early progressive flowering tendency
in the Northern Europe. Moreover, birch (Betula) pollen grains pro-
duce cross allergic reaction with alder (Alnus) pollen as well as with
hazel (Corylus) species, meaning that the potential cross reactivity
can make diagnosing specific allergies more complicated and more se-
vere allergic reactions. Furthermore, the concentration of grass pollen
grains is highest typically 1-2 months after pollination season of Fa-
gales order. Same as Fagales species, grasses can cause an extensive
cross-reactivity for allergy sufferers. Lastly, Cupressaceae taxa, such
as Cryptomeria and Cupressus can cause allergic reactions as well.
Cryptomeria pollination season begins in January and lasts in April.
Since the pollination period is quite elongated, cedar and cypress al-
lergy are long lasting.

In addition, the reason for collecting pollen samples of Pinaceae
(pine family) was typically related to their unique morphological char-
acteristics. These are typically bisaccate pollen grains, which have
two sacci and one corpus portion. (Figure 2.1). The saccus areas
of pollen grains are principally made of grain wall materials, pre-
dominantly sporopollenins, whereas the corpus region of pollen grains
comprises the nutrients chemicals. Due to the fact that saccate pollen
has these two distinct morphological features, it makes pollen grains
of Pinaceae a good candidate for vibrational spectroscopic analysis,
since different pollen grain compartments can be addressed. More-
over, the obtained spectra on the different parts of the saccate pollen
may differ depending on the focus depth of the Raman excitation
laser.

Pollen samples were analyzed via several vibrational spectroscopic
methods, followed by analyses of spectral data via different chemo-
metric techniques.
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3.2 Indoor experiments: Greenhouse study

In addition to fieldwork studies, where the pollen samples were col-
lected as wild types in natural habitats, a greenhouse study was con-
ducted as well. The aim was to investigate the climate effects and nu-
trients on the pollen composition in a controlled environment as well
as phylogenetic relationships via FTIR spectroscopy. The greenhouse
experiment has included species and populations originating from sev-
eral diverse locations, spanning the North-South and the West-East
axes. The following species of Poaceae were investigated; Anthoxan-
thum odoratum (Sweet vernal grass), Festuca ovina (Sheep fescue)
and Poa alpina (Alpine meadow grass).

During the growth study, two different conditions for temperature
(cold chamber at 14◦C, and warm chamber at 20◦C) and nutrition
(nitrogen added watering and nitrogen deficient watering) were imple-
mented. Three populations per species were used in the greenhouse
study: Poa alpina from Sweden, Italy and Norway, Anthoxanthum
odoratum from France, Greece and Finland, and Festuca ovina from
Sweden, Finland and Italy. From each population, 15 genetically in-
dependent individuals were grown in separate pots, and kept outside
at Norwegian University of Life Sciences, Ås, Norway over summer,
before we divided each individual into four clones. During this pe-
riod, plants were fertilized upon need with water containing 4% Yara
Kristalon Indigo (Yara, Skøyen, Norway) and 3% YaraLiva Calcium
Nitrate (Yara, Skøyen, Norway) adjusted to an electron conductivity
of 1.5. In order to induce flowering, the plants were vernalized during
12 weeks at 4◦C under short day length (8 h). After the vernalization
period, the four clones were subjected to four different treatments:
high (20◦C) and low temperature (14◦C) in combination with high
and low levels of nutrients (+/- NU). The +NU plants were watered
twice a week with nutrients containing water. The NU plants received
only water, thus no extra fertilizer apart from what was in the soil at
the start of the flowering period was added.

In total, 520 individuals were included in the flowering experiment,
after removing misclassified individuals and some individuals with
mould infection. 460 individuals produced inflorescence, and, out
of those, 435 produced sufficient amount of pollen for spectroscopic
analysis (at least 0.5 mg per individual).
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Table 3.2: Sample set used in the greenhouse experiments

Anthoxanthum odoratum Festuca ovina Poa alpina

conditions France Greece Finland Sweden Finland Italy Sweden Italy Norway

14 ◦C +NU 11 14 15 15 8 4 15 12 14
14 ◦C -NU 11 14 15 15 8 4 15 14 14
20 ◦C +NU 11 14 13 15 8 4 15 14 14
20 ◦C -NU 11 14 14 15 4 4 15 13 14

The data in Table 3.2 represents the number of pots (individual
plants) which had produced sufficient amount of the pollen samples
for measurements. For instance, all the plants of the Swedish popu-
lation of Festuca ovina produced sufficient amount of pollen samples,
whereas in case of Italian population only 20% percent of the plants
created inflorescence and released pollen. As can be seen in Table
3.2, it is obvious that Anthoxanthum odoratum and Poa alpina cre-
ated enough pollen samples for the analysis.

In addition to pollen collection, different morphological, phenolog-
ical, and physiological parameters were measured. For morphological
parameters, dry matter, number of stems with spikes and height of
stems with spikes were recorded. For phenological parameters, time
of pollination was recorded. For physiological parameters, chloro-
phyll a and b data were measured by UV spectroscopy. After pollen
samples of grasses were harvested, they were analyzed applying the
high-throughput FTIR spectroscopy protocol. Analysis of spectral
data was performed by PCA and Sparse PLS classification methods.

3.3 FTIR spectroscopic measurements of pollen

3.3.1 Pellet measurements

The transmission infrared spectra of pollen samples were obtained by
measuring potassium bromide (KBr) sample pellets, which is the most
commonly used infrared transparent matrix. KBr pellets were pre-
pared by mixing and grinding approx. 1 mg of pollen sample with ap-
prox. 100 mg of KBr using a pestle and mortar. KBr matrix was then
cold-pressed without degassing into a transparent disk. Three KBr
pellets were prepared and recorded for each pollen sample. Infrared
transmission spectra of pollen pellets were recorded with 16 scans.
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Sample free setup was used for background measurements. For the
KBr method, the background measurements can be performed with
an empty pellet holder or using a blank KBr pellet. However, the
generated pellets (the blank one and the one with the sample) need
to have uniform physical and optical properties in order to correct
for scattering effects. If this requirement is not met, the resulting
spectrum may contain two overlapping scatter effects, i.e. one from
the sample pellet, and a different one from the blank pellet. Since
obtaining perfect matched pellets of uniform thickness and crystal
consistency is extremely difficult, it is usually better to use an empty
pellet holder for background measurements. It may be reasoned that
a blank KBr pellet could correct for moisture adsorbed on by the
KBr pellet and by KBr powder during pellet preparation. However,
the adsorbed water and respective spectral variations in infrared wa-
ter bands was not a problem in our case since water signatures in
our infrared spectra could be well separated from other chemical con-
stituents in pollen spectra. By converting the spectral data into the
second derivative form, the broad spectral bands of water vibrations
were supressed [132].

3.3.2 Attenuated total reflectance (ATR) FTIR
measurements

Total reflectance infrared spectra were obtained using an Equinox 55
FTIR spectrometer (Bruker Optik GmbH, Germany) with an ATR ac-
cessory. The ATR-FTIR spectra were recorded with a total of 32 scans
and a spectral resolution of 4 cm-1, using a 1.8 mm thick horizontal
single-reflection ATR diamond prism with 45° angle of incidence on
a MIRacle ATR accessory (PIKE Technologies, USA). Background
(reference) spectra were recorded immediately before starting each
measurement using the sample-free setup.

Reflectance FTIR spectra of pollen samples were obtained by using
two different sampling methodologies: intact pollen samples as col-
lected in nature, and pollen samples ground using an agate pestle and
mortar. For ground measurements of pollen samples, 5 mg of pollen
grains was grounded to a fine homogenous powder using an agate
pestle and mortar. Then, approximately 1 mg of pollen samples was
deposited onto the ATR crystal for FTIR measurement.
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3.3.3 FTIR microspectroscopic measurements

Microscopic transmission FTIR measurements were performed using
an Equinox 55 FTIR spectrometer with an IRScopeII infrared mi-
croscope (Bruker Optik GmbH, Germany). The system is equipped
with a globar mid-infrared source and a liquid nitrogen-cooled mer-
cury cadmium telluride (MCT) detector.

The pollen samples were deposited onto 3 mm thick ZnSe optical
windows without any sample pretreatment. FTIR spectra of single
pollen grains and multigrain were obtained in the spectral range from
4000 to 600 cm-1, with a spectral resolution of 4 cm-1, and with 128
scans. Samples were measured using a 15x objective, with different
aperture sizes depending on the size of the sample. Single pollen
grain measurements were performed by using different apertures sizes
(ranging from 20 µm to 100 µm), which were adjusted to the respec-
tive pollen grain sizes. Multigrain measurements were performed with
fully open aperture (200x200µm). Background (reference) spectra
were recorded immediately before starting each measurement by mea-
suring empty areas of 3mm ZnSe slides.

3.3.4 Synchrotron FTIR microspectroscopic mea-
surements

FTIR microspectroscopic measurements using a synchrotron radia-
tion source were performed on intact and sectioned pollen grains at
the synchrotron facility SOLEIL in Paris, France. The synchrotron
spectra were measured on the SMIS infrared beamline, details of
which can be found elsewhere [147]. Spectral maps were acquired
as both linear maps and spectral images. For linear maps and im-
ages, step sizes of 5 or 10 100 µm were used in a linear direction or in
x- and y-directions, respectively. In addition to intact pollen samples
measurements, pollen samples were sectioned by embedding pollen
samples into optical cutting temperature compound (OCT), which is
one of the most common sectioning compound of tissues, followed by
snap freezing in liquid nitrogen and sectioning in a cryostat at -20 °C.
Sectioned samples were transferred onto ZnSe slides for transmission
FTIR microspectroscopic measurements.
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3.3.5 Scatter free FTIR microspectroscopic mea-
surements of single pollen grains

In order to reduce scattering in FTIR microspectroscopy measure-
ments of single pollen grains, we implemented a new approach for
measuring single pollen grains. The pollen grains were embedded in
a paraffin film between two polyethylene foils. The chosen polyethy-
lene foils with paraffin are commonly used in aeroallergen sampling
traps. The measurement setup is shown in Figure 3.1. A modified
sample holder was used to stretch the foils to minimize the appearance
of air bubbles in the sample as much as possible.

Figure 3.1: Illustration for the new experimental design to acquire scatter free
single pollen grain spectra.

Mie type scattering problems are expected to be greatly reduced
when the pollen grains are embedded into a surrounding medium with
a comparable refractive index.
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3.3.6 High throughput screening (HTS) FTIR mea-
surements

For HTS-FTIR measurements of pollen, samples (ca. 1 mg of pollen
in 500µl water) were sonicated in ice bath by 2 mm probe coupled
to ultrasonic processer under 100% power in order to get homoge-
nous suspension of pollen. Sonication was lasted at two minutes in
total (30 sec intermission after first minute to prevent overheating)
due to extremely resilient grain wall structure of pollen grains. Af-
ter sonication, samples were centrifuged with 13000 rpm for 10 mins
and the suspension was concentrated by removing 400 µl of super-
natant. From the remaining 100 µl, three aliquots each containing
8 µl were transferred on the infrared light transparent silicon 384 well
microtiter plates. The microtiter plates were left for drying at room
temperature for 1 hour in order to create a film that was suitable for
FTIR measurements. The measurement protocol was tested by in-
vestigating the variability between different sonications and dry film
preparations, different microtiter plates, different instruments as well
as replicate measurements.

3.4 Raman spectroscopic measurements of
pollen

Raman spectra were recorded by a LabRam HR 800 Raman micro-
scope (Horiba Scientific, France). The excitation wavelength of 632.8
nm was generated by a HeNe laser. A 100x objective (Olympus,
France) was used for focusing and collecting scattered Raman light.
The confocal hole was set to 20 µm, with a laser spot diameter of
approx. 0.8 µm, a spectral resolution of 2 cm-1, and an exposure time
of 4 x 10 s.

In order to test the spectral reproducibility and the chemical het-
erogeneity of single pollen grains, Raman spectra were collected from
different positions on each single pollen grain. Spectra of different
regions of pollen grains were investigated by manually focusing on ei-
ther saccus or corpus region of the Pinales (pine order) pollen grains
by Raman microspectroscopy.
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3.5 Data analysis

3.5.1 Preprocessing of spectra

In order to remove unwanted variability in spectra, multivariate pre-
processing methods are commonly used. For instance, baseline vari-
ations can be effectively suppressed by converting raw spectra into
derivative form. Derivatives further allow separation of overlapping
bands. The Savitzky-Golay algorithm is a commonly used technique
to calculate derivatives of spectral data as well as supressing noise
and smoothing of spectral data [157].

In addition to baseline corrections, normalization can be employed
to correct so-called multiplicative effects. Multiplicative effects de-
rive from variations in the sample thickness in infrared transmission
spectroscopy. The correction of multiplicative effects may be done
by dividing each variable in a spectrum by a normalization value.
A normalization value may be obtained for example by one specific
peak or the total area of a specific region, which is expected to be
proportional to the total biomass.

Model-based pre-processing methods such as Multiplicative Sig-
nal Correction (MSC) and Extended Multiplicative Signal Correction
(EMSC) are often used for correcting multiplicative effects, often in
combination with spectral derivatives [158]. The advantage of MSC
and EMSC is that several unwanted effects such as additive and mul-
tiplicative effects can be estimated simultaneously and removed from
the spectra. The basic idea of MSC and EMSC is that in the first pre-
processing step, every spectrum is modeled with respect to a reference
spectrum m(ṽ) according to

Ai(ṽ) = ai + bim(ṽ) + Ei(ṽ)
�� ��3.1

where m(ṽ) is the reference spectrum, and bi the parameters cor-
responding to the reference spectrum, describing the multiplicative
variation of the sample spectrum i with respect to the reference spec-
trum m(ṽ). In transmission spectroscopy, the multiplicative effect is
proportional to the effective optical path length. The parameter ai

in Equation 3.1 describes constant baseline variations, while the term
Ei(ṽ) accounts for unmodeled variations, which include both chemical
variations and measurement noise. The MSC parameter estimation
assumes that the un-modeled and informative chemical variation ends
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up in the residual Ei(ṽ) and has a spectral profile that is independent
of the reference spectrum m(ṽ) and the flat baseline. In order to
apply Equation 3.1, a reference spectrum m(ṽ), which is generally
mean spectrum of spectra to be corrected, is used. In other words,
the spectra Ai(ṽ) are modified to be as similar to the reference spec-
trum m(ṽ) as possible by estimating optimal constant vertical offset
parameters ai and scaling parameters bi. For this estimation, an or-
dinary or weighed least squares estimation may be used. When the
parameters ai and bi have been obtained, Ai(ṽ) spectra are corrected
as in the following equation:

Ai,corr(ṽ) =
(Ai(ṽ) − ai)

bi

�� ��3.2

If the largest differences between the spectra Ai(ṽ) and reference
spectrum m(ṽ) are due to the baseline shifts and scaling effects, cor-
rection works well [151]. Due to the fact that overall shapes of mid
infrared (MIR) spectra obtained from biological samples are very sim-
ilar, model based preprocessing by simple MSC or EMSC tend to work
very well in MIR spectroscopy of biological materials. The interest-
ing differences between the spectra are very small and appear locally,
which justifies the use of a reference spectrum by MSC to stabilize the
model in Equation 3.1 and model all spectra that are to be corrected
around this reference spectrum.

If non-constant baseline variations are present, the MSC model can
be extended by a linear and a quadratic term:

Ai(ṽ) = ai + bim(ṽ) + di(ṽ) + ei(ṽ)2 + Ei(ṽ)
�� ��3.3

where m(ṽ) is the reference spectrum and bi the parameter corre-
sponding to the reference spectrum, describing the multiplicative vari-
ation of the sample spectrum i with respect to the reference spectrum.
The multiplicative effect is proportional to the effective optical path
length. The parameter ai describes the baseline variation. The terms
di(ṽ) and ei(ṽ)2 model linear and quadratic effects in the spectra,
respectively. The term Ei(ṽ) is the non-modeled residual containing
chemical variation and random noise. The parameters ai, bi, di and
ei are estimated by least squares for each spectrum. Chemical varia-
tion may also, if possible, be estimated and build into the model in
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Equation 3.3. However, in general chemical variation patterns are not
known in advance.

3.5.2 Consensus Principal Component Analysis
(CPCA)

Correlating different measurement techniques in vibrational
spectroscopy of pollen

Since infrared spectra have high collinearity, methods based on latent
variables may be used for analysis. The mother of all multivariate
techniques based on latent variables is Principal Component Analysis
(PCA). It allows the analysis of highly co-linear multivariate data.
PCA has been extended for the analysis of multi-block data. Multi-
block data is for example obtained, when the same sample set is
measured by different vibrational spectroscopic techniques. In order
to integrate different data blocks for multi-block analysis, a row-to-
row correspondence between the data blocks are required [159–162].
It means that multiblock data set needs to be ordered in a way that
measurements originating from the same biological replicate appears
in the same row in each measurement block.

Consensus Principal Component analysis (CPCA) is a frequently
used method for the analysis of multi-block data. It allows study-
ing the co-variance patterns in multi-block data. By CPCA, global
scores are calculated, which describe the consensus of all data blocks
involved in the CPCA. In addition, block scores and block loadings
are calculated, which show individual sample and variable variation
patterns for each block. By inspecting block and global scores and
block and global loadings, the clustering of samples and the molecu-
lar rationale as expressed by each vibrational spectroscopic technique
can be examined.

In order to study clustering of samples, so-called block score plots
and global score plots can be used. For studying variable variation
patterns, correlation loading plots can be used. Correlation load-
ing plots show correlations between variables and the global scores
[159, 163]. Furthermore, information regarding experimental design
variables can be added to the correlation loading plots by so-called
indicator variables. This is done by defining a matrix of indicator vari-
ables with zeros and ones that identifies if a sample belongs to that
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sample grouping or not [163]. Thus, the correlations between vibra-
tional bands and the sample grouping information can be evaluated.
An example of a correlation loading plot for a multi-block analysis

Figure 3.2: Representative correlation loading plot

is shown in Figure 3.2. The outer circle corresponds to 100% ex-
plained variance, while the inner circle corresponds to 50% explained
variance. For illustration, in Figure 3.2 different design parameters
and measurement variables are plotted. Differently coloured vari-
ables refer to different data blocks (for example different vibrational
spectroscopic measurement techniques). Variables, i.e. absorbance
values at given wavenumbers, explaining more than 50% variance of
a respective combination of two components that are visualized in a
correlation loading are located in the outer ring in Figure 3.2. In this
window that is defined by two PC components (which account for PC2
12.2% and PC3 9.4% explained variance in the data set), we can see
for example that the read variables at 9clock in Figure 3.2 are highly
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positively correlated to the design parameter 1 (species/genus 1) and
highly negatively correlated to design parameter 2 (species/genus 2)
in PC2. Similar observations can be made for design parameter 3 and
4 and PC3. However, parameter 5 is not well explained by PC2 and
PC3.

3.5.3 Sparse Partial Least Square Regression (Sparse
PLSR)

Partial Least Squares regression (PLSR) is a commonly used method
for regression of highly collinear data on reference data [164,165]. The
reference data can be either univariate or multivariate. In this thesis,
sparse PLSR was used for classification, i.e. as discriminant sparse
PLSR. The reference data was defined by indicator variables. Sparse
PLSR is a further development of PLSR for variable selection [166].
It allows straightforward biochemical interpretation of spectral bands
due the selection of a limited subset of variables in the modeling
process [166]. For each PLS component, the Sparse PLSR algorithm
selects variables in loading weights according to a parameter called
degree of sparsity. This parameter defines how many variables will be
neglected and needs to be predefined [167].
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Everything must
be made as simple
as possible but not
simpler.

Albert Einstein 4
Main results and discussions

4.1 Paper I: Multiblock analysis of FTIR and
Raman spectroscopic data of pollen for
studying plant adaptation to environmen-
tal changes

In paper I, different vibrational spectroscopic methodologies were
compared regarding identification and biochemical characterization of
pollen. In total, 15 different Pinales (pine order) pollen species were
measured by seven infrared and Raman methodologies. For infrared
measurements, spectra were collected by reflectance (ATR) and trans-
mission (KBr pellet) measurements of ground and intact pollen grains,
as well as via microspectroscopy of multigrain and single pollen grain.
For Raman microspectroscopy measurements, spectra were collected
from the same pollen grains by focusing onto two different substruc-
tures of a single pollen grain (i.e. saccus and corpus regions).

All spectral data from the seven methodologies was integrated into
one data model via Consensus Principal Component Analysis (CPCA)
in order to identify molecular fingerprints traced by different tech-
niques. Infrared and Raman spectroscopy provided precise measure-
ment of biochemical composition of pollen samples and allowed to
detect the phylogenetic variation. Spectral differences, as manifested
by the vibrational spectroscopic techniques, could be connected to
specific chemical constituents in pollen grains, such as lipids, carbo-
hydrates, carotenoids and sporopollenins.

Clear differences between pollen of Cedrus and the rest of Pinaceae
family were explicitly associated with chemical composition of sporopol-
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lenins in pollen grain walls. Moreover, pollen of Picea had signifi-
cantly higher concentration of carotenoids than the rest of the mea-
sured genera of Pinaceae. It was shown that vibrational methodolo-
gies have great potential for systematic collection of data on ecosys-
tems and that the obtained phylogenetic variation can be well ex-
plained by the biochemical composition of pollen.

The best taxonomic differentiation of pollen species was acquired
via infrared measurements on macroscopic samples, as well as by Ra-
man microspectroscopy measurements of the corpus region of single
pollen grains. In addition, Raman measurements indicate that the
depth of focus is of significant importance regarding spectral (i.e.
chemical) information.

4.2 Paper II: Vibrational microspectroscopy
and hyperspectral imaging of pollen

Pollen grains are highly scattering samples, since the sizes of pollen
samples are at the same order as the infrared wavelength range. Singe
pollen grains of Juniperus (diameter of 15µm) and Cunninghamia (di-
ameter of 35µm) were measured by FTIR microspectroscopy employ-
ing a conventional infrared source (globar). The single pollen spectra
showed that spectra of Juniperus has stronger scattering effects than
Cunninghamia spectra.

In order to obtain high-quality images of pollen grain interior, we
conducted synchrotron IR measurements on the assorted pollen sam-
ples belonging to Pinaceae (pine family). The high spatial resolution
of the synchrotron IR measurements revealed that chemical composi-
tion and total absorption of the spectra were changing from the saccus
region to corpus region of Pinaceae pollen grains. When moving to the
denser corpus region, the optical path length increased until infrared
light was absorbed totally. This demonstrated, that the spectra ob-
tained from whole and single Pinaceae pollen grains contained mainly
information from the saccus region rather than from the corpus re-
gion.

Furthermore, in order to obtain high-quality infrared spectra of
Pinaceae single pollen grains of all cell compartments, grains were
sectioned. Thus, approximately the same optical path-length was
obtained for all cell compartments. The bisaccate pollen grains were
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4.3. PAPER III: ANALYSIS OF ALLERGENIC POLLEN BY
FTIR MICROSPECTROSCOPY

embedded into optimum cutting temperature (OCT) media, sectioned
on a microtome-cryostat to 10µm thick sections, transferred to BaF2
slides, and measured with a 10x10 µm microscope aperture. The
FTIR spectra of the corpus region were dominated by lipids and pro-
teins, while the FTIR spectra of the saccus region were dominated
by cellulose and sporopollenin. This demonstrated a considerable
chemical heterogeneity of the pollen interior. Raman spectroscopy of
the pollen sections showed greatly reduced fluorescence backgrounds
than those observed in Raman spectra of single pollen grains. Raman
spectra of the sections showed complementary molecular information
regarding the substructures of pollen grains.

The acquired FTIR and Raman microspectroscopic images demon-
strate clearly the methods potential for determining spatially resolved
biochemical fingerprints of pollen sub-structures. As a consequence,
vibrational microspectroscopy enables chemical characterization of
single pollen grains as well as comparative analysis of plant species
based on pollen ultrastructure. High quality spectra can be ob-
tained even when the size of the grains is as small as 10 µm by using
synchrotron-based FTIR micro spectroscopy, although strong scatter
effects remain a challenge.

4.3 Paper III: Analysis of allergenic pollen by
FTIR microspectroscopy

Pollen monitoring is of importance for aerobiological studies, includ-
ing aeroallergenic monitoring. Today, optical microscopic measure-
ment is considered as the standard analysis method. For optical mi-
croscopic measurements, pollen grains are collected by pollen traps
and examined under optical microscope by counting the individual
grains. However, this method is expensive, time consuming and de-
pendent on subjective expertise.

FTIR microspectroscopy is an alternative method for the classifica-
tion based on single pollen grain spectra. However, the obtained FTIR
spectra show strong scatter effects, which hamper pollen classification
by multivariate analysis of spectral fingerprints. In this study, we de-
veloped a FTIR microspectroscopy-based methodology for analysis
of pollen, which reduced scatter effects considerably. The method-
ology was tested on 11 pollen species. Pollen grains were embedded
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in a paraffin film between polyethylene foils in order to reduce scat-
tering. The experimental procedure was adapted to the conventional
method used for pollen trapping, which uses polymer foil covered with
a paraffin or silicone film.

In our study, 13 different plant samples were embedded in a paraffin
matrix between two thin sheets of polyethylene foil and measured by
FTIR microspectroscopy. Polyethylene foil and paraffin were chosen
as pollen trapping media due to their favourable properties in infrared
part of the spectrum. Thirty pollen grains per plant sample were mea-
sured. The embedding matrix comprised strong absorption signals in
the spectral region from 1500 to 1350 cm-1, but fortunately this region
does not contain the most important spectral signals of pollen. Since
pollen were imbedded in paraffin, which has a refractive index that
is comparable to the refractive index of pollen, the obtained spectra
were quasi scatter free and similar to benchmark spectra obtained by
bulk measurements of KBr pellets.

In order to evaluate the classification and biochemical composition
of pollen, PCA and Sparse PLSR were performed. For data analysis,
second derivative and non-derivative spectra were used. Non deriva-
tive data was pre-processed by EMSC applying a weighting vector.
This allows to avoid the influence of strong chemical absorbance vari-
ations on the pre-processing parameters.

PCA plots demonstrated the potential of the technique for pollen
identification on species level. The hierarchical classification scheme
was built following the phylogenetic tree, thus allowing classification
at order, family, genus, species, and subspecies level. The hierarchical
classification comprised nine classification sub-models, and each sub-
model was established for 2 or 3 classes. Discriminant analysis in
each sub-model was based on sparse PLSR. The model has shown
excellent classification at all hierarchical levels, resulting in overall
accuracy values of 95.4% and 98.0%, for the independent test set and
full cross-validation respectively.

Discrimination between grass (Bromus erectus) and sedge (Carex
pendula) was based on lipid-related and protein-related absorptions.
Discrimination between birch (Betulaceae) and beech (Fagaceae) fam-
ilies was based on lipid and carbohydrate regions. The classification
of Fagaceae pollen between oak (Quercus) and beech (Fagus) genera
was based only on C=O stretch associated absorption at 1743 cm-1

thus demonstrating effectiveness of the sparse PLSR.
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4.4. PAPER IV: HIGH THROUGHPUT FOURIER
TRANSFORM INFRARED SPECTROSCOPIC METHOD FOR

BIOCHEMICAL CHARACTERIZATION OF POLLEN

The presented study demonstrated that reproducible and scatter-
free FTIR spectra of single pollen grains can be obtained by em-
ploying measurements in embedding matrix. The FTIR method is
outperforming the previously published studies on development of an
automated pollen analysis. Moreover, this approach is easily adapt-
able to routine aeroallergen analyses.

4.4 Paper IV: High throughput Fourier trans-
form infrared spectroscopic method for
biochemical characterization of pollen

High throughput screening (HTS) FTIR provides rapid characteri-
zation and routine analysis of microorganisms and fluids [134–136]. In
this study, a new protocol for high-throughput screening of pollen was
developed. The commercially available HTS system for FTIR spec-
troscopy [168] allows automated and robust high throughput trans-
mission measurements of thin films on infrared light transparent sil-
icon 384 well microtiter plates. Samples are deposited on microtiter
plates as a thin and homogenous film in order to achieve good quality
FTIR spectra. In order to obtain homogenous thin films of pollen
grains, pollen grains were sonicated in water, transferred onto 384
microplates and subsequently dried.

The pollen species measured in this study were collected in North-
ern hemisphere from 3 different pollination seasons (2012, 2013 and
2014) and 3 different locations (Germany, Croatia and Norway). The
sample set, consisting of 6 different genera of Fagales (beech order),
compromises phylogenetic variety and representation at the family
and genus level, thus showing a rich diversity in pollen grain size,
shape and chemical composition.

The spectral data shows variability within Fagales species based
on either location or pollination season. For instance, pollen samples
of Quercus robur, which were collected during the two consecutive
seasons at the same location in Norway, had big variations in triglyc-
eride nutrients. Higher triglyceride content (compared to sporopol-
lenin) was observed in the pollen grains from 2014 pollination season.
Regarding the location, Quercus robur pollen samples from Germany
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had 4 lower amounts of triglycerides, compared to Norwegian samples.
In addition, German samples show slight differences in the sporopol-
lenin composition, as indicated by changes in signals at 1605, 1515
and 833 cm-1.

The relatively large intra-seasonal variations for Alnus glutinosa,
Betula pendula and Quercus robur have been observed. Therefore,
differences in pollen composition can be substantial, even for the same
species living at the same location. This indicates that pollen chemi-
cal composition can be influenced by local climate conditions.

The sampling protocol was evaluated by studying variability be-
tween sonication pretreatment and dry film preparations, which are
the critical steps in high throughput measurements of pollen. In addi-
tion, variability between two FTIR HTS systems was estimated. The
variability within the different phylogenetic levels were approximately
1 to 2 orders of magnitude higher than on the technical replicates level,
and even variability within species can be 20-30 times higher than the
technical replicates.

It was shown that the high throughput FTIR spectroscopic protocol
for pollen analysis was reproducible and robust. High quality FTIR
spectra can be obtained after sonication of pollen grains revealing a
fragmentation of pollen suspensions. Further, variations within mea-
surements related to sample preparation, microplate holders and in-
strumentation were low. The new high-throughput screening method
is thus an effective tool for studying plant environmental interactions.

4.5 Paper V: A greenhouse study for assess-
ing enviromental effects on pollen com-
position by FTIR spectroscopy

A group of selected grasses (Poales), grown under the controlled envi-
ronments in greenhouse, were investigated in order to study effects of
phenotypic plasticity and genetics on chemical composition of pollen.
The sample set included three different species of grasses (Anthox-
anthum odoratum, Festuca ovina,Poa alpina), each represented with
three different populations belonging to different country of origin. In
total, 15 genetically independent individuals were grown per popula-
tion, and each individual was divided into four clones.
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4.5. PAPER V: A GREENHOUSE STUDY FOR ASSESSING
ENVIROMENTAL EFFECTS ON POLLEN COMPOSITION BY

FTIR SPECTROSCOPY

The four clones were subjected to four different treatments: high
(20◦C) and low temperature (14◦C) in combination with high and
low levels of nutrients (+/- NU). Of the 520 individuals that were
included in the flowering experiment, 460 individuals developed in-
florescence, and out of those 435 created sizeable amount of pollen
(0.5 mg) required for the FTIR measurement. In total, 761 samples
of pollen were collected.

380 pollen samples were measured by high throughput FTIR ap-
proach: 140 samples of Anthoxanthum odoratum (44, 48 and 48 for
populations France, Greece and Finland, respectively), 96 samples of
Festuca ovina (48, 32 and 16 for populations Sweden, Finland and
Italy, respectively) and 144 samples of Poa alpina (48 samples for
each of the populations: Sweden, Italy and Norway). Thus, sam-
ples were uniformly distributed in order to cover each of the four
growth conditions with a quarter of samples (95 samples in total per
growth condition). The species had different flowering phenologies:
Poa alpina individuals were pollinating within 3-4 days, while Anthox-
anthum odoratum individuals were pollinating within several weeks
and with almost continuous production of new inflorescence.

Classification and biochemical similarities between pollen samples
were evaluated by using principal component analysis (PCA), partial
least-squares regression (PLSR), and variability tests based on Pear-
son correlation coefficients and Fisher discriminant analysis. PLSR
was used for building discrete and hierarchical classification schemes.

All three species could be easily separated based on distinctive bio-
chemicals features. For instance, Poa alpina has higher protein-to
carbohydrate ratio than the other two species. Anthoxanthum odor-
atum has higher concentration of amylose signals compared to other
two species as well as higher lipid to carbohydrate ratio compared to
Festuca ovina. Further, all three species can be distinguishable by
composition of lipid bands.

Moreover, spectra of pollen samples show chemical variability of
pollen related to different environmental conditions. For instance,
Poa alpina grown in higher temperature had pollen with higher lev-
els of proteins whereas pollen of the one grown in colder temper-
ature showed higher levels of lipids and carbohydrates. Moreover,
Anthoxanthum odoratum and Poa alpina grown in a nutrient-rich en-
vironment exhibited higher protein to carbohydrate ratio. Further,
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amylose related FTIR signals decreased with temperature in Anthox-
anthum odoratum. This may be interpreted as a manifestation of
acclimation to warmer conditions. The decreased concentration of
amylose could indicate that pollen starch is partly hydrolyzed into low
molecular weight carbohydrates, such as sucrose, glucose and fructose.

In addition, FTIR spectra of pollen samples belonging to differ-
ent populations differ significantly. For instance,Poa alpina could be
distinguished from other populations by protein (amide I, amide II)
bands. In addition to protein bands, Norwegian populations of Poa
alpina could be differentiated from the other populations by higher
ratio of carbohydrate (amylose bands) to lipids. Italian population
of Festuca ovina was the only population that has not shown high
correlation between pollen composition and growth conditions. This
could be due to the lower spectral quality and the smaller number of
samples that was encountered for this population.

Furthermore, in order to correlate growth conditions based on geno-
types, cluster analysis was performed employing the Fisher clustering
coefficient (FCC). It turned out that the Finish population of An-
thoxanthum odoratum had the highest FCC value, strongly implying
high phenotypic rigidity. Poa alpina populations had the lowest FCC
value thus indicating the highest plasticity of pollen chemical com-
position. Regarding pollen plasticity, temperature conditions during
plants growth had stronger effect on pollen chemical composition than
nutrient conditions.

The study showed that pollen composition is both species-specific
and related to life-history strategies. Moreover, the pollination sea-
son is species-specific and it reflects biological niches. Finally, environ-
mental conditions influence pollen composition and reflect adaptation
to local climate.

46



Research is creating
new knowledge.

Neil Armstrong 5
General conclusions and future

prospects

The importance of plant phenotyping for the world economy in the
fields of agronomy and forestry may anticipate a huge demand for the
interest in vibrational spectroscopy of pollen. Identification and char-
acterization of pollen allows to obtain information in several fields,
such as in public health for allergy forecasts, in ecology for moni-
toring of life cycles of vegetation, and in forensics for temporal and
spatial determination of a criminal events.

However, current studies are still limited to visual investigation of
pollen grains under optical microscope, and pollen research in general
has been stagnant over the last hundred years. The identification
based on optical microscopes requires laborious visual recognition of
bioparticles by a skilled microscopist with specific knowledge of pollen
and spore morphology.

Recent studies in infrared and Raman spectroscopy have demon-
strated that vibrational spectra can serve as a fingerprint of pollens
overall biochemical composition and thereby their quality and phys-
iological status. The main purpose of this thesis was to attain cor-
relation of pollen between biochemical data obtained by vibrational
spectroscopy and phylogenetic and environmental data. As one of the
sub goals, pollen analysis has been investigated by vibrational spec-
troscopy in a multiscale approach. In paper I, this was achieved by
comparison of different infrared and Raman spectroscopic measure-
ment techniques for identification and biochemical characterization
of pollen. All spectral data from the different methodologies were
integrated into one data model by Consensus Principal Component
Analysis (CPCA). Out of all the methodologies performed, best tax-
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onomy based discrimination was obtained by pellet and reflectance
(ATR) FTIR, as well as Raman microspectroscopic measurements
which are focused on the specific parts of the pollen grains. Thus,
Raman measurements revealed that not only measurement area, but
also depth of focus have significance on the spectral data. However,
there might be still some room for further improvement. For instance,
depth profiling measurements of the pollen grains from the outer sur-
face could be performed in order to extract the information from the
intine and exine layers of pollen grains more precisely. Another im-
provement might be regarding the data set. For instance, additional
data blocks with different measurement techniques, such as SERS for
Raman spectroscopy or synchrotron FTIR measurements of pollen
substructures, could be added in the multiblock data set. Moreover,
FTIR microspectroscopic measurements were underperformed com-
pared to the other FTIR methodologies in that study because of the
variations in spatial orientations of measured pollen grains and the
scattering effects. Therefore, another sub-goal of the thesis was to
study vibrational microspectroscopy and hyperspectral imaging re-
garding chemical characterization of pollen grain sub structures.

In paper II, an approach for chemical imaging of pollen grains by
FTIR and Raman microspectroscopy was presented. Clear chemi-
cal images of pollen grains were achieved by cryosectioning of pollen
grains. It was revealed that spatial chemical information can be ob-
tained by using distinctive bands of proteins, lipids and sporopol-
lenins. The chemical images indicate the chemical heterogeneity of
pollen which allows to determine spatially resolved biochemical fin-
gerprint of pollen ultrastructure.

In paper III, the aim was to investigate to what extend strong
scattering effect can be avoided experimentally in the infrared spec-
troscopy of single pollen grains for aeroallergen monitoring. The pre-
sented study in Paper III showed that identification of single pollen
grains can be based on transmittance FTIR microspectroscopy by
using an embedding matrix to obtain scatter free spectra. The clas-
sification analysis shows promising results of the method. However,
there might be still some further improvements required for the future
measurements. For instance, the optimization of the FTIR instru-
mental setting needs to be focused on decreasing spectral acquisition
time. In that study, instrumental settings were under control with a
large safe margin to avoid any possible information shortfall regarding
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spectral quality. However, this resulted in a relatively long spectral
acquisition time of 1 min per grain. Further, embedding media can
be optimized. For instance, it might be designated to allow measure-
ments of both the infrared and the visible spectral region. Such type
of system would acquire an image of pollen grains with infrared spec-
trum, thus obtaining both morphological and chemical information
of pollen grains at the same time. Although the results have showed
that identification accuracy is taxon-specific, it should be noted that
the sample set contained relatively limited number of species. For
example, only two Poales species were studied. Therefore, more mea-
surements with a larger pollen set might be required to better evaluate
performance of the methodology. For instance, the study has shown
potential for differentiating pollen subspecies. Subspecies pollen iden-
tification can be useful for assessing the characterization the different
allergenic variants present in the corresponding pollen. For instance,
Japanese cedar (Cryptomeria japonica) has two varieties of trees that
have morphologically similar pollen, but with different concentration
of allergen. Thus, identification of subspecies would allow more accu-
rate detection of allergens.

In addition, one of the other sub-goals of the thesis was to develop
a high throughput FTIR approach for characterization of pollen and
plant phenotyping. This was achieved and presented in Paper IV
and Paper V. New measurement protocol has been established to ob-
tain high quality pollen FTIR spectra. Sonication of pollen samples
achieves sufficient fragmentation of pollen grains, thus allowing their
high-throughput measurement on the microtiter plates. The results
of the variability within the measurement protocol steps were con-
siderably low. The high throughput approach allows measurement
of large sample sets for studies on plant-climate interactions. This
has been evaluated in the study presented in Paper IV via the pollen
sample set comprising 31 species, collected during three different pol-
linations seasons and in three different locations. Moreover, the high
throughput approach has been demonstrated in Paper V where a
large set of pollen grass samples (380 samples), belonging to plants
grown in controlled environments, was measured. Further, the role
of pollen variability in terms of plant adaptation and success of male
reproduction were investigated by high throughput FTIR approach.
The study showed that pollen composition and pollination seasons
are species-specific and related to life-history strategies as well as
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biological functions. Further, pollen composition is effected by envi-
ronmental changes due to adaptation to local climate.

In future, wider range of pollen samples could be collected in order
to create broader pollen database library. The database with an online
access would allow investigation of plant samples for the research in
biology, agronomy, forestry, ecology and medicine. Moreover, more
studies are necessary in order to estimate plasticity of pollen chemical
composition, whether it is adaptive and how it effects fitness under
different conditions.

Finally, the developed methods are considered as simple, rapid and
inexpensive, therefore it is possible to test them straightforwardly
which would be adapted and implemented to botanical and environ-
mental studies. For instance, the Hirst-type volumetric pollen trap,
which is the most common type of air sampler [169] can be imple-
mented directly to our scatter free FTIR microscopic measurement
technique in the future for monitoring of aeroallergens. Moreover, the
presented high throughput screening technique is directly adjustable
to automated and routine analysis for studying plant communities
and plant environmental interactions.
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A Multiscale Vibrational Spectroscopic
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Abstract

Background

Analysis of pollen grains reveals valuable information on biology, ecology, forensics, cli-

mate change, insect migration, food sources and aeroallergens. Vibrational (infrared and

Raman) spectroscopies offer chemical characterization of pollen via identifiable spectral

features without any sample pretreatment. We have compared the level of chemical infor-

mation that can be obtained by different multiscale vibrational spectroscopic techniques.

Methodology

Pollen from 15 different species of Pinales (conifers) were measured by seven infrared and

Raman methodologies. In order to obtain infrared spectra, both reflectance and transmis-

sion measurements were performed on ground and intact pollen grains (bulk measure-

ments), in addition, infrared spectra were obtained by microspectroscopy of multigrain and

single pollen grain measurements. For Raman microspectroscopy measurements, spectra

were obtained from the same pollen grains by focusing two different substructures of pollen

grain. The spectral data from the seven methodologies were integrated into one data model

by the Consensus Principal Component Analysis, in order to obtain the relations between

the molecular signatures traced by different techniques.

Results

The vibrational spectroscopy enabled biochemical characterization of pollen and detection

of phylogenetic variation. The spectral differences were clearly connected to specific

chemical constituents, such as lipids, carbohydrates, carotenoids and sporopollenins. The

extensive differences between pollen of Cedrus and the rest of Pinaceae family were unam-

biguously connected with molecular composition of sporopollenins in pollen grain wall,

while pollen of Picea has apparently higher concentration of carotenoids than the rest of

the family. It is shown that vibrational methodologies have great potential for systematic

collection of data on ecosystems and that the obtained phylogenetic variation can be well

explained by the biochemical composition of pollen. Out of the seven tested methodologies,
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the best taxonomical differentiation of pollen was obtained by infrared measurements on

bulk samples, as well as by Raman microspectroscopy measurements of the corpus region

of the pollen grain. Raman microspectroscopy measurements indicate that measurement

area, as well as the depth of focus, can have crucial influence on the obtained data.

Introduction
Pollen grains are characteristic to plant families, genera or even species, thus revealing valuable
information on ecology, forensics, climate change, insect migration, food sources and aeroaller-
gens. They are extremely resilient to decay, and pollen microfossils can have well-preserved
morphology for millions of years. Thus in palaeoecology, palaeobotany, biostratigraphy and
biogeography, identification of pollen microfossils is important for the reconstruction of past
flora, population sizes and terrestrial communities. Moreover, microfossil data is vital for the
reconstruction of past environments and for the understanding of the causes of environmental
changes.

The main drawback of pollen analysis is that pollen grains are still studied by measuring
their morphology employing conventional microscopy. Contemporary pollen identification is
predominantly performed by optical microscopy. Thus, routine analysis is labour-intensive
and uneconomical, where thousands of discrete pollen grains are examined by an experienced
scientist after complex chemical pre-treatment of samples. In addition to optical microscopy,
different microscopic techniques have been attempted for measurement of pollen, such as dif-
ferential interference contrast microscopy, phase contrast microscopy, fluorescence micros-
copy, scanning electron microscopy, confocal laser scanning microscopy and other alternative
methods for obtaining detailed morphology of pollen [1]. Unfortunately, these methods are
time-consuming and expensive and provide only identification based on morphological analy-
sis, while chemical characterization of samples cannot be obtained. Alternative analyses, such
as biochemical and sequencing methods, are even more complex and expensive [2].

Vibrational (infrared and Raman) spectroscopies offer an alternative approach to pollen
analysis. Instead of morphological characterization of grains, in vibrational spectroscopy pollen
analysis is based on chemical characterization via identifiable spectral features without any
sample pretreatment [3–11]. Fourier transform infrared (FTIR) spectroscopy provides a direct
assessment of biochemical composition of pollen which has proven to be species specific [7, 8].
Therefore, infrared spectroscopy is developing as an important tool in biology for studying
phylogenetic differences between pollen grains of diverse plant species.

While most of the studies conducted with infrared spectroscopy were performed by bulk
measurements of pollen samples, single grain measurements by FTIR microspectroscopy on
single pollen grains are rare [4]. In addition to FTIR spectroscopy, characterization and classifi-
cation of pollen grains have been performed by Raman spectroscopy, including detailed micro-
spectroscopy measurements [9, 10, 12]. Although Raman measurements of pollen are often
obstructed by the strong fluorescence background and laser-induced degradation, the studies
have nevertheless shown a potential of Raman spectroscopy in ecology and aerobiology.

Although several comparative studies employing vibrational spectroscopy have been per-
formed on pollen [5, 8], none of the studies compared the level of chemical information that
can be obtained by the different spectroscopic techniques that operate on different scales
and can highlight different chemical aspects of pollen. Pollen studies are almost exclusively
focused on identification of pollen grains, while the chemical characterization has remained
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underutilized. However, chemical characterization of pollen could present important informa-
tion for palaeosciences regarding that some pollen chemicals have long-term stability spanning
millions of years [13]. For example, sporopollenin, the main constituent of pollen grain wall, is
extremely resilient to a variety of abiotic stresses and well preserved in the fossil record, while
its chemical composition depends on environment experienced during the growth of the par-
ent plant [14]. Since phenolic 98i blocks of sporopollenins have characteristic spectral features,
vibrational spectroscopy offers a novel approach for chemical analysis of pollen grain wall and
improvement of palaeoecological studies [15].

In this study, pollen samples of Pinales (conifer) species were investigated. The measured
species are growing in Northern hemisphere and they belong to the most numerous extant
group of conifers. The chosen sample set, consisting of 15 different species of Pinaceae and
Podocarpaceae families, offers phylogenetic assortment and representation at the family and
genus level due to diversity in grain size, shape, and relative biochemical composition. Different
vibrational spectroscopic methodologies have been used in a multiscale setting to obtain spec-
tra from the same pollen samples by bulk measurements as well as microscopic measurements
at sub-grain level. Application of pollen measurements often requires measurement of an indi-
vidual pollen grain, such as in monitoring of aeroallergens. Therefore, it is important to assess
if the advancement in bulk FTIR measurements of pollen can be repeated at the single grain
level by FTIR microspectroscopy, despite the anticipated technical difficulties [3, 16]. Five
methodologies were used in FTIR measurements: attenuated total reflectance (ATR) measure-
ments of ground and intact pollen grains, microscopic transmission measurements of multi-
grain and single pollen grains, and potassium bromide (KBr) pellet measurements of ground
pollen. For Raman measurements, two different regions from the same pollen grains were mea-
sured, namely saccus and corpus area of bisaccate pollen samples. In total, seven different FTIR
and Raman methodologies have been covered, and subsequently combined with multi-block
data analysis. The different vibrational methodologies obtain complementary information on
pollen substructures, such as grain wall and grain interior, as well on pollen chemical compo-
nents, such as sporopollenins, proteins, lipids and carotenoids. Multi-block multivariate meth-
ods have been used for integrating the different spectroscopic data sets and for extracting and
visualizing common underlying patterns of mutual information of the different spectroscopic
data blocks, thus enabling interpretation of spectroscopic measurements.

Materials and Methods

Samples
15 pollen samples, belonging to 15 different Pinales species, were collected at the Botanical
Garden of the Faculty of Science, the University of Zagreb, during pollination season in the
spring of 2012 (Table 1). Each pollen sample was collected from one tree, and it includes pollen
grains from at least 10 male cones (pollen strobili). The pollen samples were kept at room tem-
perature for 24 hours, and subsequently stored at -15°C in microcentrifuge tubes until mea-
surements time. The study was a part of government-funded research, and has been conducted
with the full cooperation of the administrations of the University of Zagreb. The field studies
did not involve endangered or protected species.

For chemical characterization of pollen a set of model compounds was measured by FTIR
(ATR) and Raman spectroscopies to correlate with high positive or negative values in the prin-
cipal component analyses correlation plots. Tristearin (1,3-di(octadecanoyloxy)propan-2-yl
octadecanoate), triolein (2,3-bis[[(Z)-octadec-9-enoyl]oxy]propyl (Z)-octadec-9-enoate),
phosphatidistearoylcholine (1,2-distearoyl-rac-glycero-3-phosphocholine), phosphatidioleyl-
choline (1,2-dioleoyl-sn-glycero-3-phosphocholine), stearic acid (octadecanoic acid), oleic acid
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((9Z)-octadec-9-enoic acid), β-carotene, p-coumaric acid, ferulic acid, caffeic acid, sinapic acid,
hydro-p-coumaric acid, hydroferulic acid, hydrocaffeic acid, cellulose, amylose, amylopectin,
arabinoxylan, pectin, β-D-glucan, sucrose, trehalose, fructose, glucose, gluten, α-casein, β-
casein, κ-casein were purchased from Merck (Darmstadt, Germany) and Sigma-Aldrich
(St. Louis, United States), and used without further purification.

Spectroscopic analyses
Seven different FTIR and Raman methodologies have been used for the measurement of the
same pollen samples. For infrared measurements: reflectance FTIR spectroscopy by Attenuated
Total Reflectance (ATR) of ground (1) and intact pollen grains (2); transmission FTIR spec-
troscopy of KBr pellets (3); transmission FTIR microspectroscopy of multigrain (4) and single
pollen grain (5). For Raman microspectroscopy measurements, spectra were obtained from the
same pollen grains by focusing on the different substructures: saccus (6) and corpus part (7) of
pollen grain.

Infrared measurements. Microscopic transmission FTIR measurements (μFTIR) were
performed using an Equinox 55 FTIR spectrometer with a IRScopeII IR microscope (Bruker
Optik GmbH, Germany). The system is equipped with a globar mid-IR source and a liquid
nitrogen-cooled mercury cadmium telluride (MCT) detector. The pollen samples were depos-
ited onto 3 mm thickness of ZnSe optical windows without any sample pretreatment. The spec-
tra were obtained in the 4000–600 cm-1 spectral range, with a spectral resolution of 4 cm-1, and
with 128 scans. Samples were measured using a 15× objective, with different aperture sizes,
depending on the size of the sample. The aperture sizes for single pollen grain measurements
were ranging from 30xm (for smallest) to 100μm (for biggest) whereas for multigrain pollen
samples, fully open aperture (200x200μm) was used. Background (reference) spectra were
recorded immediately before starting each measurement by measuring empty areas of 3mm
ZnSe slides. Visible images of the measured pollen grains were obtained by a CCD-camera cou-
pled to the microscope. The microscope was equipped with a computer-controlled x, y stage.
The Bruker system was controlled with OPUS 6.0 software (Bruker Optik GmbH, Germany).

Table 1. List of the pollen samples.

Family Genus Species Name

Pinaceae Abies A. pinsapo Spanish Fir

A. cephalonica Greek Fir

Cedrus C. atlantica Atlas Cedar

Picea P. omorika Serbian Spruce

P. orientalis Caucasian Spruce

P. pungens Blue Spruce

Pinus P. banksiana Jack Pine

P. peuce Macedonian Pine

P. mugo Mountain Pine

P. nigra European Black Pine

P. resinosa Red Pine

P. sylvetris Scots Pine

P. tabuliformis Chinese Red Pine

P. wallichiana Himalayan Pine

Podocarpaceae Podocarpus P. neriifolius Brown Pine

doi:10.1371/journal.pone.0137899.t001
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The reflectance infrared spectra were recorded using an Equinox 55 FTIR spectrometer
(Bruker Optik GmbH, Germany) with an ATR accessory. The ATR IR spectra were recorded
with a total of 32 scans and spectral resolution of 4 cm-1, using the 1.8 mm thickness of hori-
zontal single-reflection ATR diamond prism with 45° angle of incidence on a MIRacle ATR
accessory (PIKE Technologies, USA). Background (reference) spectra were recorded immedi-
ately before starting each measurement using the sample-free setup. Pollen samples were mea-
sured using two different sampling methodologies: intact samples as collected in nature, and
samples ground using an agate pestle and mortar. For ground measurement, batch of 5 mg pol-
len sample was grounded to a fine homogenous powder using an agate pestle and mortar, and
roughly 1 mg of sample per measurement was deposited onto ATR crystal (3 replicate mea-
surements were obtained). Data acquisition and instrument control was carried out using the
OPUS 6.0 software (Bruker Optik GmbH, Germany).

The transmission spectra of KBr sample pellets were collected with 4 cm-1 resolution acquir-
ing a total of 30 scans on an MB102 single beam FTIR spectrometer (ABB Bomem, Canada),
equipped with CsI optics and a DTGS detector (Deuterated Triglycine Sulfate). Background
(reference) spectra were recorded immediately before starting each measurement using the
sample-free setup. KBr pellets were prepared by mixing approx. 1 mg of a sample with approx.
100 mg of KBr and grounded the mixture to a fine homogenous powder mixture using an
agate pestle and mortar. Ground powder samples were transferred to the 10 mm pellet die
assembly and the KBr matrix was then cold-pressed without degassing into a transparent disk.
Three KBr pellets were prepared and recorded for each pollen sample. Data acquisition and
instrument control was carried out using the GRAMS/32 software (Galactic Industries Corp.,
USA)

Raman measurements. By Raman microspectroscopy (μRaman), spectra of different
regions of pollen grains were obtained by manually focusing on either saccus or corpus region
of the grain. Raman spectra were recorded by a LabRam HR 800 Raman microscope (Horiba
Scientific, France). The excitation wavelength of 632.8 nm was generated by a He–Ne laser. A
100× objective (Olympus, France) was used for focusing and collecting scattered Raman light.
The laser power was approximately 15 mW on the sample surface. The confocal hole was set to
20 μm, with a laser spot diameter of approx. 0.8 μm, a spectral resolution of 2 cm-1, and an
exposure time of 4 x 10 s. The Raman scattering was dispersed with a 300 lines/mm grating,
which resulted in spectra in range 409–2611 cm-1. Data acquisition and instrument control
was carried out using the LabSpec 5.45 software (Horiba Scientific, France).

Scanning electron microscopy. The scanning electron microscope (SEM) images were
taken with Zeiss EVO 50 Extended Pressure scanning electron microscope (Carl Zeiss AG,
Jena, Germany). The desiccated pollen samples were attached to SEM stubs (covered with dou-
ble-stick tape) without prior pre-treatment with chemicals. The samples were coated with
gold-palladium and measured with the SEM.

Data analysis
Spectral pre-processing. For the analysis of the spectral sets, the spectral region of 1900 to

700 cm−1 was selected. This spectral region contains bands that are distinctive for pollen grains
[3, 4, 7, 8]. Spectra were smoothed and transformed to second derivative form by the Savitzky-
Golay (SG) algorithm using a polynomial of power 2 with different window sizes depending on
the spectral data sets (15 for bulk FTIR measurements, 17 for FTIR microspectroscopy, and 25
for Raman measurements). The window sizes were chosen according to the number of channel
readings and the noise level in the respective data set [17]. After derivation by the SG algo-
rithm, spectra were processed using extended multiplicative signal correction (EMSC). The SG
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algorithm was used to enhance spectral features, while the EMSC pre-processing was used for
normalization and for separation of chemical and physical variations in vibrational spectra
[17, 18].

Multiblock principal component analysis. Principal component analysis (PCA) of pre-
processed spectra was used to evaluate biochemical differences between different pollen taxa by
displaying main variation patterns in score plots for each spectroscopic method. The multi-
block method Consensus Principal Component Analysis (CPCA) was used to combine the
seven measurement methods by integrating multivariate signals from each technique (i.e. data
block) in one data model [19–22]. Following this approach, the relations between the molecular
signatures traced by different techniques were obtained, as well as the variation pattern in the
whole (multiblock) data set. In order to integrate different data blocks for CPCA, a row-to-row
correspondence between the data blocks was obtained. Therefore, the spectra were averaged
over all replicates for each spectroscopic method and integrated as seven blocks: Block 1) KBR
(transmission FTIR of KBr pellets), block 2) ATI (ATR-FTIR of intact pollen), block 3) ATG
(ATR-FTIR of ground pollen), block 4) MGR (transmission μFTIR of multigrain), block 5)
SGR (transmission μFTIR of single grain), block 6) RMC (Raman of corpus region) and block
7) RMS (Raman of saccus region).

504 spectra were analysed in total, including at least 3 replicates per sample for each meth-
odology. For bulk measurements (KBR, ATI and ATG), replicates refer to measurements of
distinct aliquots of the pollen sample (approx. 1 mg per measurement). For multigrain μFTIR
measurements (MGR), replicates refer to measurements of distinct regions on the microscope
slide. For single grain measurements (SGR, RMC and RMS), replicates refer to measurements
of distinct pollen grains. For MGR and SGR measurements, the number of replicate measure-
ments was between 5 and 10 spectra, and it was not uniform for all species. CPCA was per-
formed as described in literature [19, 23]. In order to illustrate the relations and variation
patterns in sample and variable spaces, score and correlation loading plots were used [19, 24,
25]. In order to visualize variables in correlation loading plots and in order to avoid over-
crowded plots, spectral band positions were identified by determining minima in second deriv-
ative spectra. When band shifts were occurring in a data set, all shifted band positions were
used for each spectral band. It is important to note though, that CPCA models were performed
on all variables, not only the selected band positions. Thus, all score plots are based on the
whole spectral region from 1900 to 700 cm−1. All pre-processing methods and data analysis
were performed using in-house developed routines written in MATLAB V. 8.3.0.532 (The
MathWorks, Natick, USA).

Results and Discussion
The sample set covers conifer taxa with characteristic morphological and biochemical proper-
ties (Table 1). In general, pollen grains have double layered grain walls, with an inner layer
(intine) that is predominantly composed of pectin and cellulose, and an outer layer (exine) that
is a complex biopolymer sporopollenin [26]. The grains of Pinaceae and Podocarpaceae fami-
lies have a distinctive hollow projection called the saccus from the central body of pollen grain
called the corpus. While the grain interior has a complex composition of proteins, lipids, carbo-
hydrates and nucleic acids, the saccus region is composed mainly of the exine grain wall. All
the pollen grains we measured were bisaccate pollen since they have two sacci. In Fig 1 it can
be seen that these two sacci are only visible when the orientation of the pollen grain allows it.
The grain sizes of the measured taxa range from 50 μm for the species of Podocarpus, 55–
75 μm for Pinus, 75 μm for Cedrus, 85 μm for Picea, to 120 μm for Abies. The sample set has
a well defined phylogenetic relationship of the species, with one clear outlier: The species
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Podocarpus neriifolius belongs to the family Podocarpaceae while the rest of the samples belong
to the family Pinaceae. Within the Pinaceae, the set contains one large subset belonging to the
clade of sister genera Pinus comprising 8 species and Picea comprising 3 species [27]. In addi-
tion, it contains one smaller subset, with a clade that is far related to the genera Pinus and
Picea, belonging to the clade of the sister genera Abies comprising 2 species and Cedrus com-
prising 1 species.

Infrared measurements
A set of representative FTIR spectra, belonging to the same Abies cephalonica pollen sample
and obtained by different methodologies, are shown in Fig 1. The vibrational spectra of five
pollen species are shown in Fig 2. Regarding the amount of the measured pollen samples, the
different vibrational techniques comprise bulk (KBr and ATR) and microscopic measure-
ments (μFTIR and μRaman). Regarding the preparation of the pollen samples, the measure-
ments include both ground (KBr and ATR ground) and intact samples (ATR intact, μFTIR
and μRaman). Moreover, transmission μFTIR of single grain and multigrain measurements
were performed. Finally, different substructures of pollen grains, namely saccus and corpus,
were measured by μRaman.

Fig 1. Measurement of Abies cephalonica pollen. (a) FTIR spectra obtained from different sampling techniques (from top downwards): transmission IR of
KBr pellet, ATR-IR of intact and ground grains, IR microspectroscopy of multigrain (mg) and single grain (sg). (b) Raman spectra obtained from two different
regions of a single grain: corpus and saccus regions. The marked signals are associated with the vibrational bands of (P) proteins, (L) lipids, (C)
carbohydrates and (S) sporopollenins. (c) SEM image of pollen grains in various orientations: equatorial view (up left), distal polar view (up right) and
proximal polar view (down left). (d) SEM image of pollen grain in equatorial view, with saccus (up, two hemispherical substructures) and corpus regions
(down, large hemispherical substructure).

doi:10.1371/journal.pone.0137899.g001
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The FTIR spectra of pollen grains contain information on the major chemical constituents
of pollen, such as lipids, proteins, carbohydrates, and grain wall biopolymers sporopollenins
and cellulose [4, 5, 8]. The reference infrared spectra of pure compounds that can be typically
found in pollen are shown in Fig 3. Lipids are characterized by the strong vibrational band at
1745 cm-1 (C = O stretch), as well as by a weaker band at 1462 cm-1 (CH2 deformation), while
proteins are characterized by two strong and broad bands at 1640 cm-1 (amide I: C = O stretch)
and 1535 cm-1 (amide II: NH deformation and C–N stretch). Carbohydrates have strong
absorption in the 1200–900 cm-1 region (C–O–C and C–OH stretch) including some charac-
teristic bands for certain types of carbohydrates, such as cellulose (at 1107, 1055 and 1028
cm-1) and amylose (at 1076 and 995 cm-1). Sporopollenins are an extremely resistant group of
biopolymers present in wall of pollen and spores. They are complex dehydrogenation-type bio-
polymers based on phenylpropanoid acids [26]. Therefore, their vibrational spectra show dis-
tinctive bands associated with the vibrations of aromatic rings at 1605, 1515, 1171, 853, 833
and 816 cm-1 [8]. These bands are present in the spectra of phenylpropanoid acids (Fig 3).

Although all FTIR spectra shown in Fig 1 contain information on the same chemical con-
stituents, it can be seen that the ratio of chemical signals varies substantially from spectrum to
spectrum. For instance, there is a considerable difference between the ATR spectra of ground
and intact pollen. While the spectrum of intact pollen has predominant signals of sporopollen-
ins, the spectrum of ground grains has predominant signals of lipids and proteins. In contrast,
the spectra of KBr pellets and ATR ground samples contain similar information irrespective of
the measurement technique. Both spectra are associated with the chemical components from

Fig 2. Spectra of representative samples of pollen measured as: (a) ATR of ground pollen, (b) Raman of corpus region, and (c) Raman of saccus
region. The spectral set consists of EMSC normalized average spectra; for better viewing the spectra are offset.

doi:10.1371/journal.pone.0137899.g002
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the grain interior (lipids and proteins), rather than grain wall materials (sporopollenins). As
opposed to transmission measurement where infrared light interacts with the whole sample,
the infrared light measured in reflection measurements penetrates the pollen grains only up to
0.5–5 μm in depth, depending on the wavelength [28]. It means that while in transmission
measurements the whole pollen grain is measured, predominantly the grain wall is measured
in reflection measurements [7, 8]. Therefore, for large pollen grains, such as Pinaceae and
Podocarpaceae covered in this study, a more complete biochemical fingerprint is obtained by
grinding the sample.

Regarding FTIR microspectroscopy measurements, it can be seen that both settings (multi-
grain and single grain) obtain high quality spectra. The measured pollens have quite large sizes,

Fig 3. FTIR spectra of biochemicals. carbohydrates (amylose and cellulose), protein (gluten), lipid
(tristearin) and phenylpropanoids (p-coumaric, ferulic and sinapic acids); for better viewing the spectra are
offset.

doi:10.1371/journal.pone.0137899.g003
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which enables measurement of single grain spectra with high signal-to-noise ratio. For pollen
grain that are smaller than 50 μm, the quality of the obtained spectra is often poor due to strong
Mie-type scattering effects [16, 29].

The main difference between the obtained multigrain and single grain spectra is their repro-
ducibility. While the reproducibility of multigrain spectra is generally high, the reproducibility of
single grain spectra is rather poor. Single grain spectra show high variation in ratio of principal
bands belonging to grain interior and grain wall [29]. The reason for this is spatial orientation of
a measured grain, which can either favour signals of saccus compounds such as sporopollenins
or signals from corpus compounds such as nutrients (see grain orientations in Fig 1c). For
instance, a measurement of the grain with equatorial profile orientation results in relatively
stronger signals of proteins than sporopollenins, while the reverse is true for the grain with distal
polar orientation [29].

It should be noted that spectral differences between pollen samples are related not only to
phylogenetic differences between pollen species but to environmental conditions affecting par-
ent plants as well. Pollen samples obtained from the same trees in different years can show
noticeable inter-annual variations of biochemical composition. For instance, pollen samples of
the specific Abies cephalonica tree, sampled in this study, were collected in consecutive pollina-
tion seasons, in 2011, 2012 and 2013. The infrared spectra of samples collected in different
seasons show noticeable spectral differences associated with ratios of principal chemical con-
stituents. The ATR (intact) FTIR spectra for Abies cephalonica in Fig 1a (pollination season
2012) can be compared with the ATR spectra in [30] (pollination season 2011), while the
results of inter-annual variations of pollen data for this and other conifer trees was presented
in [7]. Therefore, identification of pollen species based on their vibrational spectra is a complex
issue that needs to take into consideration variability within species (i.e. variability within pop-
ulation and between different populations), as well as temporal variability within individual
mother plant (i.e. variability between different pollination seasons).

Raman measurements
A set of representative Raman spectra obtained from samples belonging to the same species
Abies cephalonica are shown in Fig 1. In order to investigate the spectral reproducibility and
the chemical heterogeneity of single pollen grains, Raman spectra were collected from different
positions on each single pollen grain. As shown in Fig 1, there are distinct differences between
spectra obtained from the saccus and corpus structures. The presence of additional signals in
the spectrum of the corpus structure is obvious. Spectra obtained from Raman measurements
of saccus and corpus region of pollen species are shown in the Supplementary information (Fig
J in S1 File). Similar to FTIR spectra of pollen, Raman spectra contain information on the
major chemical constituents [6, 8, 31]. The main spectral features, that are dominating both
saccus and corpus Raman spectra, are signals at 1637, 1610, 1590, 1209 and 1173 cm-1, which
can be associated with sporopollenins, that is with phenylpropanoid building blocks. The addi-
tional signals, present in the corpus spectrum, can be associated with lipids (1750, 1444, 1304
and 1065 cm-1) and proteins (1660, 1455, 1007 cm-1). Reference Raman spectra of typical pure
constituents of pollen samples are shown in the Fig 4. The results are in agreement with pollen
grain anatomy, since the saccus regions are predominantly made of sporopollenins while the
corpus region contains nutrients and coding chemicals.

Since pollen grains have a layered and chemically inhomogeneous structure, the acquired
spectra differ when the depth of the laser focus is changed. For saccate pollen, the inhomogene-
ity is not only due to a layered structure, but also due to the fact that the grain has a saccus and
a corpus region which represent two completely different substructures. Since the saccus region
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is a pretty homogeneous region, Raman measurements of saccus substructures result in a visu-
ally pure spectrum of sporopollenins. All principal bands can be associated with phenylpropa-
noid building blocks of sporopollenins, as indicated by the similarity between the Raman
spectrum of saccus region (Fig 1b) and the spectra of phenylpropanoid acids (Fig 4). Raman
measurements of the corpus region may result in varying signals of lipids and proteins

Fig 4. Raman spectra of biochemicals. carbohydrates (amylose and cellulose), protein (gluten), lipid
(tristearin), phenylpropanoids (p-coumaric, ferulic and sinapic acids) and carotenoid (β-carotene); for better
viewing the spectra are offset.

doi:10.1371/journal.pone.0137899.g004
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strongly depending on the focus depth of the laser. Therefore, in contrast to findings of a pre-
vious Raman study [32], it is challenging to obtain reproducible Raman spectra of single pol-
len grains.

Consensus principal component analysis (CPCA)
The spectral data sets were pre-processed prior to CPCA in order to remove baseline variations
and differences in the effective optical path length and in order to enhance the spectral signal
[33]. These unwanted variations arise due to non-ideal instrument and sample properties, such
as fluorescence backgrounds in Raman and variability between KBr sample pellets in FTIR due
to slight differences in sample concentration. The spectra were smoothed and transformed to
second derivative form by the SG algorithm followed by EMSC pre-processing. Second deriva-
tive spectra belonging to the different vibrational methodologies are given in the Supplemen-
tary information (Figs A–G in S1 File). In order to estimate variability within sample replicates,
spectra from Pinus and Picea genera were used (Table A and Table B in S1 File). The variability
within replicates shows that the highest reproducibility was obtained by infrared measurements
on bulk samples (ATI), as well as by Raman microspectroscopy of measurements of corpus
region of pollen grain (RMC). Moreover, the variability between KBR sample pellets (KBR), as
well as between differently orientated single pollen grains (SGR), results with relatively low
reproducibility.

The seven spectral data blocks were analysed by multiblock analysis (CPCA) in order to
assess and compare the power of different vibrational methodologies for the analysis of differ-
ent chemical aspects of pollen. The strength of a multiblock analysis compared to principal
component analysis of each block separately is, that analytical aspects that are common and
particular for the different spectroscopic methods can be revealed more straight-forward in
CPCA. Further, spectral bands that are important for observed sample variation patterns in the
different blocks can be visualized in a common multiblock correlation loading block. By CPCA
so-called global and block scores are obtained. The global scores of the CPCA are representing
the consensus variation between all vibrational methods, while the block scores are represent-
ing the consensus variation within each single block and are thus reflecting block-specific vari-
ation patterns (Fig 5). The fact that CPCA finds a common variation pattern for all blocks in
each component, constitutes the major difference to a PCA analysis of each single block, sepa-
rately: In PCA of separate blocks, the results obtained for each component are not comparable
among the blocks. Therefore, by assessing global and block scores in CPCA, direct information
about similarities and differences between the different vibrational methods can be obtained.
The high fraction of explained variance for a single block indicates that the global pattern of
the CPCA is providing good explanation for the variation within that block, and vice versa. In
correlation loading plots the correlations between global scores (principal components) and
vibrational bands are plotted [19, 23] (Fig 6). This allows the visualization of correlations
between vibrational bands and principal components for all methods in one picture (blocks).
Further, by including information about pollen genera in the correlation loading plots, correla-
tions between vibrational bands and genus information can be studied (Fig 6). This is achieved
by defining a matrix of indicator variables with zeros and ones that specifies if a sample belongs
to a genus or not [23]. Variables that are well explained by respective components in CPCA are
located within the outer ring, where the outer circle indicated complete correlation and the
inner circle indicates 50% correlation. In addition to Figs 5 and 6, more detailed results are pre-
sented in the Supplementary Information (Figs A–G in S1 File). 3D presentations of global
score plot are given in the SFig H in S1 File, alongside PCA score plots of individuals blocks
(Fig I in S1 File). The score plots, obtained by a separate PCA of each individual block are
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consistent with the CPCA results, and thus will not be discussed further in this study. Spectra
of the same samples and the PCA score plots of individual blocks (with designation at species
level), show good reproducibility of spectral measurements (Fig J and Fig K in S1 File).

The consensus variation pattern that was obtained in the first three components of the
global score plot reflects the differences between the five different pollen genera as shown in
Fig 5h. While PC1 is clearly separating Cedrus from the other genera, PC2 is separating Picea
and Pinus and PC3 is separating Abies and Podocarpus. Therefore, the first three PCs are suffi-
cient for separating the five Pinales genera. Similar grouping patterns as revealed by the global
scores (Fig 5h) are found in the block score plots of the ATR block of intact pollen samples (Fig
5a), of the ATR block of ground pollen samples (Fig 5b), and in the block score plot of the KBr
pellet block (Fig 5c). The microspectroscopy measurements, both Raman and FTIR, reveal dif-
ferent patterns (Fig 5d–5g). While the first principal components are as before separating
Cedrus from the other genera, PC2 and PC3 scores are not providing a clear separation of pol-
len genera. Especially the Raman spectra obtained from the saccus region do not show any
grouping with respect to genera, which is also reflected in the low explained variances in PC2
(Fig 5f).

Biochemical composition of pollen
The correlation loadings for the CPCA model are shown in Fig 6, and additional information
with more detailed correlation loading plots and spectral data are presented in the Supplemen-
tary Information (Figs A–G in S1 File). Infrared bands associated with sporopollenins, lipids
and proteins are highly positively or negatively correlated to Cedrus for PC1. More specific: In
the ATG spectral block, strong positive correlation to Cedrus are observed for bands at 1381,

Fig 5. Score plots of individual blocks and global scores of consensus principal component analysis (CPCA). ATR-FTIR of (a) (ATI) intact pollen, (b)
(ATG) ground pollen; (c) (KBR) Transmission FTIR of KBr pellets; Transmission IR microspectroscopy of (d) (MGR) multigrain and (e) (SGR) single grain;
Raman spectroscopy of (f) (RMS) saccus region and (g) (RMC) corpus region of single pollen grain; (h)Global scores. Samples are labelled in accordance to
pollen genus: Abies (red), Picea (green), Pinus (blue), Podocarpus (magenta), and Cedrus (cyan). The percent variances for the PCs are given in
supplementary part.

doi:10.1371/journal.pone.0137899.g005
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1270, 852 and 815 cm-1 referring to sporopollenin and at 1745, 1706 and 720 cm-1 referring to
lipids. In the ATI spectral block, strong positive correlation to Cedrus are observed at bands at
1516, 1270, 856 and 813 cm-1 referring to sporopollenin, at 1745, 1462, and 721 cm-1 referring
to lipids and at 1631 and 1550 cm-1 referring to proteins. In the KBR spectral block strong posi-
tive correlation to Cedrus are observed at bands at 1747, 1463, 1238 and 723 cm-1 (lipids) (Fig
6a). In addition, Cedrus has a strong negative correlation to the band at 833 cm-1 (sporopollenin)

Fig 6. CPCA correlation loading plots for the first three principal components. (a) Correlation between pollen genera (black), FTIR of KBr pellets (blue),
ATR of ground pollen (red) and ATR of intact pollen (green). (b) Correlation between pollen genera (black), Raman of corpus region (red) and Raman of
saccus region (green). For the sake of clarity, only the selected variables are presented. The percent variances for the first five PCs are 56.0, 12.2, 9.4, 7.5
and 5.1.

doi:10.1371/journal.pone.0137899.g006
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in the ATG block, to the bands 1604 and 833 cm-1 (sporopollenin) in the ATI block, and to the
bands at 1606, 1515 and 833 cm-1 (sporopollenin) and to the bands at 1633 and 1546 cm-1 (pro-
teins) in the KBR block (Fig 6a). These results show that there are clear and interpretable chemi-
cal differences in the biochemical composition between the Cedrus pollen and the rest of Pinales
pollens.

The relative intensities of lipid and protein bands indicate that Cedrus atlantica has signifi-
cantly higher relative amount of lipids than average Pinales pollen. Even more interesting is the
positive and negative correlation between C. atlantica and a number of sporopollenins bands.
Although the exact chemical composition of sporopollenins has yet to be determined, it is
known that that these complex biopolymers are composed of phenylpropanoid building blocks
[26]. The phenylpropanoid building blocks, primarily derivatives of p-coumaric and ferulic
acids, have characteristic vibrations, and thus can be determined by FTIR and Raman spectros-
copy [34]., The vibrational spectra of phenylpropanoids are shown in Figs 3 and 4. The relative
intensities of Raman and infrared bands indicate that C. atlantica pollen have a higher ratio of
ferulic-to-p-coumaric acid derivatives in sporopollenin compared to other Pinales pollens. Spe-
cifically, this is revealed by the positive correlation between C. atlantica and the infrared bands
of ferulic acid at 1267 cm-1 (alkyl rocking vibration), and at 852 and 815 cm-1 (ring vibrations),
as well as by negative correlation with the bands of p-coumaric acid at 833 cm-1 (ring vibra-
tions) present in the ATG block (Figs 6a and 2a). The Raman spectrum of C. atlantica pollen
corroborates this notion by a higher ratio of ring stretches doublets (ratio of peaks at 1637 and
1610 cm-1), as well as lower ratios of ring bending peaks at 1209 and 1173 cm-1 (Fig 2c). The
strong positive correlation between C. atlantica and the band at 1637 cm-1, and strong negative
correlation to the bands at 1209 and 1173 cm-1 can be seen in the RMS block (Fig 6b). The
band at 1209 cm-1 is characteristic for p-coumaric acid, while ferulic acid has a higher ratio of
ring stretches doublets than p-coumaric acid. Therefore the Raman spectra are fully supporting
the notion obtained by FTIR.

Sporopollenins have variable composition which is dependent on species specific pathways
for the biosynthesis of sporopollenin from simple phenylpropanoids, such as cinnamic acid.
Moreover, phenylpropanoids play important role in mitigating damage caused by UV-B radia-
tion, and a variety of plant species are responding to increased UV-B exposure by increasing
the concentrations of these compounds [35]. Since the concentration of phenylpropanoids is
correlated with UV-B radiation, and since sporopollenins are extremely resilient to deteriora-
tion, quantitative measurement of these compounds in pollen microfossils can be used as
UV-B proxy to track changes in the flux of UV-B radiation over geological time [15].

C. atlantica has survived the last glacial in multiple refuge areas along the Atlas Mountains
[36]. Following the glacial, it has spread rapidly along the major mountain chains of northern
Algeria and Morocco. C. atlantica is unique among other measured species by pollination sea-
son. Cedrus species shed pollen in autumn, a considerable difference to other Pinaceae that pol-
linate during spring. Pollen germination and rapid tube growth demand excessive energy
reserves, particularly during pollination in colder conditions that is characteristic for C. atlan-
tica. Moreover, the natural habitat of C. atlantica is at lower latitudes and higher altitudes than
habitats of other measured Pinaceae species, both of which is connected with high exposure to
UV-B radiation. Therefore, it is highly plausible that pollen traits of C. atlantica, in the form of
high nutrient content and specific sporopollenins composition, are playing an important role
in adaptation to extreme mountainous conditions of south Mediterranean.

The separation between Pinus and Picea genera, present in PC2, is predominantly based on
different carbohydrate composition. This is indicated by the strong positive correlation
between Picea and carbohydrate bands at 1136 and 1109 cm-1 in the ATG block, and at 1132
and 1035 cm-1 in the RMC block (Fig 6). Moreover, Picea genera have strong positive
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correlation with bands specific for carotenoids at 1531 and 1160 cm-1 in the RMC block (Fig
6b). The two bands are associated with C-C single bond (1160 cm-1) and double bond stretch
(1531 cm-1) of the polyene chain (Fig 4) [37]. An important feature of Raman technique is that
carotenoids can be measured in complex matrices, such as pollen, by obtaining their Raman
spectra under resonant excitation [38]. Carotenoids have an allowed π-π� electronic transition
which occurs in the visible region and which gives rise to their strong colours. Resonance
Raman spectrum of carotenoids is obtained when the wavelength of the incident laser coincides
with electronic transition causing strong enhancement of vibrational bands, particularly those
at 1531 and 1160 cm-1 that have strong electron-phonon coupling. Even though pollen carot-
enoids are present at too low concentration to be observed by FTIR, they can be analysed by
Raman due to resonant effect.

Compared with other Pinaceae pollens, pollen of Picea has significantly higher concentra-
tion of carotenoids. Similar to phenylpropanoids, pollen carotenoids are playing important
role in photo protection from environmental stress by quenching free radicals [39]. Pinaceae
pollen are anemophilous, and therefore photo protection is of outmost importance for survival
if airborne grains are carried to higher layers of atmosphere. Studies have shown that pollina-
tion distances in Pinaceae can be tens of kilometres, and possibly even greater [40].

The separation between Podocarpus neriifolius and Abies genera, present in PC3, is based
on sporopollenin composition as well. This is indicated by the positive correlation between P.
neriifolius and sporopollenin bands at 1678, 1604 and 1514 cm-1 in the ATG block, at 1677
cm-1 in the ATI and KBR blocks, at 1611 cm-1 in the RMC block, and at 1521 and 826 cm-1 in
the RMS block (Fig 6). Analogous to C. atlantica, the results indicate that the chemical compo-
sition of sporopollenin in P. neriifolius, specifically the ratio of phenylpropanoid building
blocks, is different from composition in Pinaceae. Unfortunately, the listed spectral differences
are not specific and conclusive enough. However they suggest that P. neriifolius sporopollenin
could contain some minor phenylpropanoid building blocks, in addition to p-coumaric and
ferulic acids. For instance, presence of species-specific Raman bands at 1521 and 1300 cm-1 is
consistent with presence of sinapic acid (Figs 4 and 6).

The explained variances of CPCA indicate the advantages of different spectroscopic meth-
odologies. The ATI and the RMS blocks are contributing most to the first principal component,
regarding FTIR and Raman respectively. These two methodologies are focused on obtaining
information associated with pollen grain wall. Therefore, they are best suited for obtaining var-
iations between taxa with different chemical composition of sporopollenins, such is the case
between Cedrus and the rest of Pinaceae pollens. In the same way, the ATG and the RMC
blocks are contributing most to the second principal component, regarding FTIR and Raman
respectively. Both of the methodologies are optimized for gathering information on chemical
composition of pollen grain interior. For that reason, they are obtaining variations in carbohy-
drate composition, such is the case between Picea and Pinus genera.

Conclusions
The study demonstrated that the vibrational methodologies have great potential for systematic
collection of data on ecosystems since phylogenetic variation is well represented in the bio-
chemical composition of pollen. The differences can be clearly connected to specific chemical
composition, such as nutrient storage or grain wall biopolymers. For example, the extensive
spectral differences between pollen of Cedrus atlantica and the rest of Pinaceae family were
unambiguously connected with molecular composition, revealing the unique composition of
C. atlantica’s sporopollenin.
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Out of the seven tested methodologies, the best taxonomy based differentiation of the pollen
was obtained by reflectance (ATR) and transmission (KBr pelleting) IR measurements on bulk
samples, as well as by Raman microspectroscopy measurements that are focused on the corpus
region of pollen grains. Raman microspectroscopy measurements indicate that measurement
area, as well as the depth of focus, can have crucial influence on the obtained data. The FTIR
microspectroscopy methods have underperformed, compared to other FTIR methodologies.
The predominant reason for this is low reproducibility and insufficient specificity of FTIR
microspectroscopy data, caused by variations in spatial orientation of a measured grains and
by scattering effects [16, 29]. Therefore, further studies are needed to in order to develop better
experimental setting for FTIR microspectroscopy of individual pollen grains.

Supporting Information
S1 File. Contains the following files. Fig A CPCA correlation loading plots with markings
related to ATI. Fig B CPCA correlation loading plots with markings related to ATG. Fig C
CPCA correlation loading plots with markings related to KBR. Fig D CPCA correlation load-
ing plots with markings related to MGR. Fig E CPCA correlation loading plots with markings
related to SGR. Fig F CPCA correlation loading plots with markings related to RMS. Fig G
CPCA correlation loading plots with markings related to RMC. Fig H 3D presentation of
global score plot. Fig I PCA score plots for individual blocks, genus level. Fig J Raman spectra
of corpus and saccus region of species. Fig K PCA score plots for individual blocks, species
level. Fig L PCA score plots for ATI block, species level. Fig M PCA score plots for KBR block,
species level. Fig N PCA score plots for RMC block, species level. Table A Variability measure-
ments within replicates of Pinus genus. Table B Variability measurements within replicates of
Picea genus.
(PDF)
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Fig. A (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to ATR IR measurements of intact pollen 

grains (ATI) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables related to plant genera 

are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. A (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to ATR IR measurements of 

intact pollen grains (ATI) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. Design variables related to 

plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. A (Part 3) Second-derivative and EMSC corrected spectra obtained by ATR IR measurements of intact pollen grains (ATI). Average spectra 

of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Pinus banksiana (PiBa), 

Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures S1 are marked. 
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Fig. B (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to ATR IR measurements of ground pollen 

grains (ATG) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables related to plant genera 

are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. B (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to ATR IR measurements of 

ground pollen grains (ATG) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. Design variables related 

to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. B (Part 3) Second-derivative and EMSC corrected spectra obtained by ATR IR measurements of ground pollen grains (ATG). Average spectra 

of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Pinus banksiana (PiBa), 

Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures S-2 are marked. 

  



8 

 

 

Fig. C (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to transmission FTIR spectroscopy of KBr 

pellets (KBR) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables related to plant genera 

are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. C (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to transmission FTIR 

spectroscopy of KBr pellets (KBR) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. Design variables 

related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. C (Part 3) Second-derivative and EMSC corrected spectra obtained by transmission FTIR spectroscopy of KBr pellets (KBR). Average spectra 

of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Pinus banksiana (PiBa), 

Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures S3 are marked. 
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Fig. D (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to transmission FTIR microspectroscopy 

of pollen multigrain (MGR) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables related 

to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. D (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to transmission FTIR 

microspectroscopy of pollen multigrain (MGR) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. Design 

variables related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. D (Part 3) Second-derivative and EMSC corrected spectra obtained by transmission FTIR microspectroscopy of pollen multigrain (MGR). 

Average spectra of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Pinus 

banksiana (PiBa), Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures S4 

are marked. 

  



14 

 

 

Fig. E (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to transmission FTIR microspectroscopy 

of single pollen grain (SGR) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables related 

to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  

  



15 

 

 

Fig. E (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to transmission FTIR 

microspectroscopy of single pollen grain (SGR) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. Design 

variables related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. E (Part 3) Second-derivative and EMSC corrected spectra obtained by transmission FTIR microspectroscopy of single pollen grain (SGR). 

Average spectra of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Pinus 

banksiana (PiBa), Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures S5 

are marked. 
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Fig. F (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to Raman microspectroscopy measurements 

of saccus part of pollen grain (RMS) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables 

related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. F (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to Raman microspectroscopy 

measurements of saccus part of pollen grain (RMS) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. 

Design variables related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. F (Part 3) Second-derivative and EMSC corrected spectra obtained by Raman microspectroscopy measurements of saccus part of pollen grain 

(RMS). Average spectra of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), 

Pinus banksiana (PiBa), Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures 

S6 are marked. 
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Fig. G (Part 1) CPCA correlation loading plots for the first two principal components. Variables related to Raman microspectroscopy measurements 

of corpus part of pollen grain (RMC) are presented in black color; (A) plot for the selected variables, and (B) plot for all variables. Design variables 

related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po).  
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Fig. G (Part 2) CPCA correlation loading plots for the second and the third principal components. Variables related to Raman microspectroscopy 

measurements of corpus part of pollen grain (RMC) are presented in black color; (C) plot for the selected variables, and (D) plot for all variables. 

Design variables related to plant genera are presented in blue color: Abies (Ab), Cedrus (Ce), Picea (Pc), Pinus (Pi), Podocarpus (Po). 
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Fig. G (Part 3) Second-derivative and EMSC corrected spectra obtained by Raman microspectroscopy measurements of corpus part of pollen grain 

(RMC). Average spectra of five representative species are presented: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), 

Pinus banksiana (PiBa), Podocarpus neriifolius (PoNe). The selected vibrational bands associated to the CPCA correlation loading plots on Figures 

S7 are marked.  
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Fig. H 3D presentation of global scores of consensus principal component analysis (CPCA). Markings are labelled in accordance to pollen genus: 

Abies (red), Cedrus (blue), Picea (green), Pinus (dark yellow), and Podocarpus (violet). The percent variances for the first five PCs are 56.0, 12.2, 

9.4, 7.5 and 5.1.  
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Fig. I PCA score plots performed on individual spectral data blocks: 1) ATI (ATR-FTIR of intact pollen), 2) 

ATG (ATR-FTIR of ground pollen), 3) MGR (transmission FTIR microspectroscopy of multigrain), 4) SGR 

(transmission FTIR microspectroscopy of single grain), 5) KBR (transmission FTIR of KBr pellets), 6) RMC 

(Raman of corpus region) and 7) RMS (Raman of saccus region). Samples are labelled in accordance to pollen 

genus: Abies (Ab, red), Cedrus (Ce, blue), Picea (Pc, green), Pinus (Pi, dark yellow), Podocarpus (Po, violet).  
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Fig. J Raman spectra of representative samples of Picea omorika pollen. The spectral set consists of EMSC normalized spectra of measurements of 

corpus region (RMC), and saccus region (RMS), with four spectra per region.  

 

wavenumbers (cm-1) 

R
am

an
 in

te
n

si
ty

 



26 

 

 

 

 

Fig. K PCA score plots performed on individual spectral data blocks: 1) ATI (ATR-FTIR of intact pollen), 2) 

ATG (ATR-FTIR of ground pollen), 3) MGR (transmission FTIR microspectroscopy of multigrain), 4) SGR 

(transmission FTIR microspectroscopy of single grain), 5) KBR (transmission FTIR of KBr pellets), 6) RMC 

(Raman of corpus region) and 7) RMS (Raman of saccus region). Samples are labelled in accordance to pollen 

species: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Picea orientalis (PcOr), 

Picea pungens (PcPu), Pinus banksiana (PiBa), Pinus mugo (PiMu), Pinus nigra (PiNi), Pinus peuce (PiPe), 

Pinus resinosa (PiRe), Pinus sylvestris (PiSy), Pinus tabuliformis (PiTa), Pinus wallichiana 

(PiWa),Podocarpus neriifilious (PoNe).  
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Fig. L PCA score plots performed on individual spectral data blocks: ATI (ATR-FTIR of intact pollen). Samples are labelled in accordance to pollen 

species: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Picea orientalis (PcOr), Picea pungens (PcPu), Pinus 

banksiana (PiBa), Pinus mugo (PiMu), Pinus nigra (PiNi), Pinus peuce (PiPe), Pinus resinosa (PiRe), Pinus sylvestris (PiSy), Pinus tabuliformis 

(PiTa), Pinus wallichiana (PiWa),Podocarpus neriifilious (PoNe).  
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Fig. M PCA score plots performed on individual spectral data blocks: KBR (transmission FTIR of KBr pellets). Samples are labelled in accordance 

to pollen species: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Picea orientalis (PcOr), Picea pungens (PcPu), Pinus 

banksiana (PiBa), Pinus mugo (PiMu), Pinus nigra (PiNi), Pinus peuce (PiPe), Pinus resinosa (PiRe), Pinus sylvestris (PiSy), Pinus tabuliformis 

(PiTa), Pinus wallichiana (PiWa),Podocarpus neriifilious (PoNe).  
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Fig. N PCA score plots performed on individual spectral data blocks: RMC (Raman spectra of corpus region). Samples are labelled in accordance to 

pollen species: Abies cephalonica (AbCe), Cedrus atlantica (CeAt), Picea omorika (PcOm), Picea orientalis (PcOr), Picea pungens (PcPu), Pinus 

banksiana (PiBa), Pinus mugo (PiMu), Pinus nigra (PiNi), Pinus peuce (PiPe), Pinus resinosa (PiRe), Pinus sylvestris (PiSy), Pinus tabuliformis 

(PiTa), Pinus wallichiana (PiWa),Podocarpus neriifilious (PoNe).  
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Table A Variability measurements within replicates§ of Pinus genus.

 

IR Region  Species Genus  

1200-700 cm-1 

(1-PCC*)x10-4 

Pinus 

banksiana 

Pinus 

peuce 

Pinus 

mugo 

Pinus 

nigra 

Pinus 

resinosa 

Pinus 

sylvetris 

Pinus 

tabuliformis 

Pinus, 

wallichiana 

Pinus 

ATI 0.003681 0.000889 0.001097 0.001414 0.001061 0.001272 0.001957 0.000922 0.0043 

ATG 0.008495 0.005373 0.024527 0.030032 0.019066 0.010331 0.038434 0.015859 0.0381 

KBR 0.074957 0.096663 0.029511 0.168076 0.177112 0.07285 0.088509 0.064469 0.1760 

MGR 0.006705 0.002553 0.009297 0.001983 0.012672 0.006115 0.001965 0.004316 0.0180 

SGR  0.269506 0.074953 0.235117 0.080506 0.11851 0.254767 0.085362 0.068036 0.1927 

RMS 0.00051 0.000404 0.001007 0.002186 0.000739 0.001633 0.000143 0.000233 0.0070 

RMC 0.002131 0.001705 0.001667 0.004697 0.002735 0.001638 0.00268 0.000619 0.0108 

 

IR Region Species Genus  

1800-1500 cm-1 

(1-PCC*)x10-4 

Pinus 

banksiana  

Pinus  

peuce 

Pinus  

mugo 

Pinus  

nigra 

Pinus 

resinosa 

Pinus 

sylvetris 

Pinus 

tabuliformis 

Pinus 

wallichiana 

Pinus 

ATI 0.005322 0.000278 0.000382 0.009551 0.000311 0.003848 0.009442 0.000768 0.0067 

ATG 0.026859 0.099302 0.095689 0.122511 0.031509 0.002885 0.026689 0.00311 0.0698 

KBR 0.040537 0.073159 0.046467 0.00788 0.021484 0.019477 6.60E-02 0.01467 0.0487 

MGR 0.008991 0.038083 0.004665 0.020438 0.023404 0.006171 0.012604 0.009468 0.0293 

SGR  0.134267 0.043698 0.068565 0.109443 0.023178 0.107776 0.076228 0.016804 0.1057 

RMS 0.000186 0.000219 0.000585 0.001669 0.000926 0.001032 8.40E-05 0.000381 0.0081 

RMC 0.000538 0.000187 0.000365 0.002432 0.000268 0.000659 0.000346 0.000137 0.0074 
*Pearson Correlation Coefficient (PCC) 
§Replicate spectra were obtained from same sample measured as at least three times. 
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Table B Variability measurements within replicates§ of Picea genus

 

 

 

IR Region  Species Genus  

1800-1500 cm-1 

(1-PCC*)x10-4 

Picea 

omorika 

Picea 

oritentalis 

Picea 

pungens 

Picea 

ATI 0.00065 0.00097 0.00223 0.00460 

ATG 0.00537 0.22381 0.02451 0.10210 

KBR 0.02929 0.01872 0.11992 0.09470 

MGR 0.00152 0.27308 0.01386 0.11870 

SGR  0.05143 0.04629 0.00413 0.05790 

RMS 0.00069 0.00103 0.00016 0.00350 

RMC 0.00303 0.00325 0.00145 0.00960 
*Pearson Correlation Coefficient (PCC) 
§Replicate spectra were obtained from same sample measured as at least three times. 

 

Reproducibility and variability of vibrational spectroscopic measurements was estimated by Pearson’s correlation coefficient (PCC). For the sake of 

clarity, due to attained PCC-values, which were very close to one, results were displayed as 1-PCC.The closer the obtained values are to zero, the lower 

the variability in the respective data set. The variability test was performed for the two different spectral regions. The spectra were transformed to 

second derivative form by Savitzky-Golay (SG) algorithm algorithm followed by Extended multiplicative signal correction (EMSC) pre-processing, 

same as performed in Consensus principal component analysis (CPCA).  

 

IR Region  Species Genus  

1200-700 cm-1 

(1-PCC*)x10-4 

Picea 

omorika 

Picea 

oritentalis 

Picea 

pungens 

Picea 

ATI 0.00109 0.00165 0.00308 0.00360 

ATG 0.00858 0.01830 0.01088 0.00287 

KBR 0.26673 0.06914 0.25413 0.37640 

MGR 0.00377 0.00272 0.00659 0.01660 

SGR  0.08598 0.05455 0.01603 0.06600 

RMS 0.00164 0.00078 0.00030 0.00380 

RMC 0.02821 0.01491 0.01526 0.06600 
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Abstract

Main conclusion Chemical imaging of pollen by

vibrational microspectroscopy enables characterization

of pollen ultrastructure, in particular phenylpropanoid

components in grain wall for comparative study of

extant and extinct plant species.

A detailed characterization of conifer (Pinales) pollen by

vibrational microspectroscopy is presented. The main

problems that arise during vibrational measurements were

scatter and saturation issues in Fourier transform infrared

(FTIR), and fluorescence and penetration depth issues in

Raman. Single pollen grains larger than approx. 15 lm can

be measured by FTIR microspectroscopy using conven-

tional light sources, while smaller grains may be measured

by employing synchrotron light sources. Pollen grains that

were larger than 50 lm were too thick for FTIR imaging

since the grain constituents absorbed almost all infrared

light. Chemical images of pollen were obtained on

sectioned samples, unveiling the distribution and concen-

tration of proteins, carbohydrates, sporopollenins and lipids

within pollen substructures. The comparative analysis of

pollen species revealed that, compared with other Pinales

pollens, Cedrus atlantica has a higher relative amount of

lipid nutrients, as well as different chemical composition of

grain wall sporopollenin. The pre-processing and data

analysis, namely extended multiplicative signal correction

and principal component analysis, offer simple estimate of

imaging spectral data and indirect estimation of physical

properties of pollen. The vibrational microspectroscopy

study demonstrates that detailed chemical characterization

of pollen can be obtained by measurement of an individual

grain and pollen ultrastructure. Measurement of phenyl-

propanoid components in pollen grain wall could be used,

not only for the reconstruction of past environments, but

for assessment of diversity of plant species as well.

Therefore, analysis of extant and extinct pollen species by

vibrational spectroscopies is suggested as a valuable tool in

biology, ecology and palaeosciences.

Keywords FTIR microspectroscopy � Raman

microspectroscopy � Pinales � Imaging � Cell wall

Introduction

Fourier transform infrared (FTIR) and Raman spectroscopy

are powerful techniques for studying inorganic, organic

and biological samples. During recent years, they have

become very popular for the analysis of plants. The two

techniques, commonly referred to as vibrational or

molecular spectroscopy, offer chemical characterization of

plant samples via identifiable spectral features. A vibra-

tional spectrum of a plant sample contains specific
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signatures of the constituent compounds, such as water,

lipids, proteins, carbohydrates, pigments and complex

biopolymers (Schulz and Baranska 2007). A major

advantage of these techniques is that they can provide

economical high-throughput analysis of biological samples

without any chemical pre-treatment.

In vibrational microspectroscopy, infrared and Raman

spectrometers are combined with a microscope to measure

spectra of samples on a microscopic level. In microspec-

troscopy, spatially resolved measurements of a sample are

obtained either by point-by-point measurements employing

a single element detector (‘mapping’) or by the simulta-

neous measurement of the whole area by a focal plane

array detector (‘imaging’). The obtained image is often

referred to as hyperspectral image since it contains infor-

mation on hundreds of spectral channels (wavelengths).

The image enables chemical interpretation of spatially

resolved spectral signals. Thus, based on these specific

signals, chemical images with spatial distribution of

chemical components in the sample can be obtained. The

spatial resolution of FTIR and Raman microspectroscopy is

defined by the diffraction limit, which depends on the

wavelength of the light of the source and the objective

used. In Raman measurements, the lateral resolution is

typically within the range of 0.3–1.0 lm, which is com-

parable to microscopes that are using light in the visible

range. In FTIR spectroscopy, the diffraction limit is within

the range of 2–20 lm due to the long wavelength of mid-

infrared light (Lasch and Naumann 2006). However, such

spatial resolution is rarely obtained with conventional IR

sources and thus the typical lateral resolution is within the

range of 20–50 lm. Regarding that plant cells are on

average some of the largest eukaryotic cells, in general

both techniques have sufficient spatial resolution for the

analysis of plant cells and tissues. FTIR and Raman have

been applied extensively on various plant structures, such

as cell walls, seeds, and leaves, for research on plant

physiology, developmental biology, genetics and ecology

(Gorzsas et al. 2011; Barron et al. 2005; Dokken et al.

2005; Chen et al. 2013; Yu 2011; Gierlinger and Sch-

wanninger 2006; Chylińska et al. 2014; Agarwal 2006;

Fackler and Thygesen 2013; Gierlinger et al. 2012).

Plant pollen is microscopic and, therefore, its charac-

terization and analysis has been almost exclusively per-

formed within the domain of optical and electron

microscopy. Pollen grains are multicellular male gameto-

phytes of seed plants, that have vegetative and generative

cells enclosed in a highly resistant cell wall. Pollen grains

of various species can vary quite a lot in grain shape and

size, number, type and position of apertures, and structure

and sculpture of the grain wall. In the last decade, vibra-

tional spectroscopy of pollen has been performed in

macroscopic mode on bulk samples, resulting in the clear

identification of main chemical constituents (Zimmermann

and Kohler 2014; Zimmermann 2010; Parodi et al. 2013;

Pappas et al. 2003; Gottardini et al. 2007; Schulte et al.

2008, 2009, 2010; Ivleva et al. 2005).

Unfortunately, although microspectroscopy of pollen

appears as a natural extension of vibrational studies, the

measurements are hampered by technical difficulties.

Raman measurements of pollen are hindered by laser-in-

duced degradation, as well as by the strong fluorescence

background that often masks any underlying Raman

spectra (Laucks et al. 2000; Boyain-Goitia et al. 2003;

Ivleva et al. 2005). The problem of strong fluorescence in

the Raman spectra of pollen can be circumvented by photo-

bleaching, i.e., photodepletion of the carotenoid molecules

(Ivleva et al. 2005; Schulte et al. 2008, 2009). However,

the process not only destructs the sample partially, it also

significantly increases the spectral acquisition time. An

alternative solution is the application of FT-Raman spec-

troscopy employing a near infrared (NIR, 1064 nm) laser

excitation (Zimmermann 2010). Unfortunately, the use of a

near infrared laser excitation in FT-Raman spectroscopy

results in a lower spatial resolution and sensitivity com-

pared to dispersive Raman where lasers with wavelengths

in the visible region are employed. In FTIR microspec-

troscopy of pollen we encounter strong scattering, since

pollen are due to their size and shape highly scattering

samples in the infrared. The strong light scattering results

in anomalous spectral features that can significantly inter-

fere with and distort the signals of chemical absorption

(Lukacs et al. 2015; Dell’Anna et al. 2009). Since scatter

issues are a direct result of pollen size and morphology, the

same problems can be expected in FTIR measurements of

other microorganisms that are enclosed in a hard shell,

such as plant and fungal spores and diatom algae. Despite

these difficulties, vibrational spectroscopy of pollen has

been providing valuable new data, and can thus serve as a

powerful biophysical technique particularly in environ-

mental and plant development studies (Zimmermann and

Kohler 2014; Schulte et al. 2010).

In the paper at hand, we present the study on chemical

imaging and characterization of pollen grains by FTIR

microspectroscopy brining pollen substructures and their

chemical components, such as grain wall biopolymers, into

focus. This is of importance since the concentration of

phenylpropanoid components in wall biopolymers can be

used as UV-B proxy and changes in the flux of UV-B

radiation can be tracked over geological time (Lomax et al.

2012). Therefore, the aim of this study was to investigate to

what extend FTIR and Raman microspectroscopy mea-

surements can reveal spatially resolved chemical infor-

mation of pure grain biopolymers of Pinaceae pollen. This

would facilitate the analysis of these important compounds,

which according to state-of-the-art technology are analyzed
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following harsh chemical pre-treatment, which could alter

their chemical composition (Wehling et al. 1989; Ahlers

et al. 1999; Jungfermann et al. 1997). The study covers

single grain FTIR measurements employing both globar

and synchrotron light sources. The level of chemical

information that can be obtained by spatially resolved

FTIR spectroscopy is discussed and compared to Raman

microspectroscopic measurements. Different methodolo-

gies for obtaining vibrational microspectroscopic data are

discussed together with methods for multivariate analysis

of the microspectroscopic data. The potential of vibrational

imaging as a tool for studying pollen physiology is

elucidated.

Results

FTIR measurements of intact pollen grains

Spectral anomalies hinder spectral reproducibility

In infrared microspectroscopy, pollen, cells and tissues are

highly scattering samples since the sizes of samples are at

the same order as the wavelength range employed in the

infrared microspectroscopic measurements (Lukacs et al.

2015; Bassan et al. 2010a, b). For instance, Cupressaceae

pollen grains have a uniform spheroidal morphology with

diameters varying between 15 lm (Juniperus) to 35 lm
(Cunninghamia), while the wavelength range of the mid-

infrared light employed in the FTIR spectrometers is

approx. 2.5–25.0 lm. Thus, spectra of single pollen grains,

presented in Fig. 1, show substantial and complex

anomalies. Compared with the spectra of bulk samples

(multigrain samples), the single grain spectra of Juniperus

chinensis have extensive anomalous signals. The strongest

scattering anomalies were obtained in the microspec-

troscopy of single Juniperus grains while the weakest ones

were obtained for Cunninghamia grains. This is as expec-

ted, since the sizes of Juniperus grains are exactly within

the magnitude of the mid-IR light (Fig. 1). Since these

anomalies origin from morphological and optical proper-

ties of the samples, infrared microspectroscopy of single

grains having different morphological and/or optical

properties, result in general in spectra with different scatter

distortions. Since the same species can exhibit a variety of

morphological characteristics, infrared spectra of single

pollen grains from the same species, are not reproducible

(Fig. 1c). The anomalous signals are distorting chemical

absorbance signals, thus significantly hampering charac-

terization of the sample. An additional problem is that the

absorbance values of single pollen grains are often at the

detection limit, as defined by signal-to-noise ratio. This

means that conventional light sources (globar) cannot

provide quality spectra for small pollen grains, such is the

case for measured species of Juniperus (Fig. 1).

Spatial oriented pollen samples hinder reproducibility

As opposed to Cupressaceae pollen grains, grains of

Pinaceae have significantly larger diameters, ranging from

60 lm (Podocarpus) to 120 lm (Abies). In addition, their

morphology is very complex: Pinaceae are described as

saccate pollen due to a large hollow projection (saccus)

from the central body of pollen grain (corpus). All mea-

sured Pinaceae species, as well as the Podocarpaceae

species, have two sacci. The saccus regions, that can be

easily depicted in the equatorial view (grain a in Fig. 2a),

Fig. 1 Scattering anomalies in infrared spectra of pollen grains.

a Optical microscope images of the measured Juniperus chinensis

pollen grains on 3 mm ZnSe slide, with a 25 9 25 lm aperture for

single grain measurement (left) and a 75 9 75 lm aperture for

multigrain measurement (right). b Globar lFTIR spectra of Juniperus

chinensis: multigrain spectrum (black), and single grain spectra of

different grains (blue, green and red). c Enlarged single grain spectra

from Fig. 1b; spectral artifacts due to scattering are designated with

asterisk
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are composed of sporopollenins only, a complex biopoly-

mer. On the other hand, the corpus region contains nucleic

acids and proteins, as well as nutrients in the form of lipids

and sugars. As can be seen in Fig. 2b, measurements of

Pinaceae single grains result in high-quality IR spectra that

are devoid of scattering signals. However, we observe, that

Pinaceae spectra are not reproducible due to differences in

chemical absorption bands. The reason is that, Pinaceae

samples do not have pseudo-radial symmetry as Cupres-

saceae grains, but rather distinct spatial orientations due to

bilateral symmetry. The different orientations, corre-

sponding to the infrared spectra in Fig. 2b, are shown in

Fig. 2c (optical microscopy) and a (SEM measurement). It

can be seen that the spectrum of the grain that has equa-

torial profile orientation has strong signals of lipids and

proteins (Fig. 2b). Lipids are characterized by the strong

vibrational band at 1745 cm-1 (C=O stretch), as well as by

weaker bands at 1462 cm-1 (CH2 deformation) (Gottardini

et al. 2007; Pappas et al. 2004; Zimmermann 2010; Zim-

mermann and Kohler 2014). Proteins are characterized by

two strong and broad bands at 1650 cm-1 (amide I: C=O

stretch) and 1550 cm-1 (amide II: NH deformation and C–

N stretch), while carbohydrates have strong absorption in

1200–900 cm-1 region (C–O–C and C–OH stretch) (Got-

tardini et al. 2007; Pappas et al. 2004; Schulte et al. 2008;

Zimmermann 2010; Zimmermann and Kohler 2014). On

the other hand, the spectrum of the grain that has distal

polar orientation has strong signals of sporopollenins. The

sporopollenin bands at 1605, 1515, 1171 and 833 cm-1 can

be associated with the vibrations of aromatic rings (Zim-

mermann 2010; Schulte et al. 2008; Zimmermann and

Kohler 2014). The reason for this discrepancy in spectral

signatures of pollen for the two orientations is the spatial

arrangement of the main biochemicals in Pinaceae pollen

grains. While the saccus regions are predominantly com-

posed of sporopollenins, the corpus region is mainly

composed of proteins, lipids and carbohydrates.

FTIR measurements of pollen substructures

For bigger pollen grains, even substructures on pollen

grains can be measured by FTIR microspectroscopy. For

instance, Pinaceae grains have sufficient sizes for more

detailed measurements of grain substructures even by

conventional IR light sources (globar). By choosing the

desired aperture, IR microspectroscopy enables spatially

resolved measurements of saccus and corpus substructures

(Fig. 3a). The microspectroscopy data reveals the sub-

stantial biochemical differences between related Pinaceae

genera Cedrus and Abies. The measurements show ele-

vated relative lipid content in pollen interior belonging to

Cedrus species, as compared to Abies (and other Pinaceae)

species (Fig. 3b). More intriguing, though, is the extreme

differences in biochemical composition of the grain wall

(Fig. 3c). While Abies species show spectral features that

are characteristic for the rest of the Pinaceae family (Pinus

and Picea genera), Cedrus species display significant

chemical deviation from this common wall composition.

The difference indicates different chemical composition of

sporopollenin biopolymers that build the exine layer of

grain wall. The grain wall spectrum of C. atlantica shows

bands at 852 and 815 cm-1, which are both associated with

ring vibrations of phenylpropanoid building blocks in

sporopollenin (Schulte et al. 2008). The presence of these

infrared bands indicates that C. atlantica has significant

amount of ferulic building blocks in sporopollenins. In

contrast, other measured Pinales pollens have sporopol-

lenins composed almost exclusively of p-coumaric

Fig. 2 Influence of spatial orientation of pollen samples on their

infrared spectra. a SEM image of the intact Abies cephalonica pollen

grains in: a equatorial front view, b distal polar view, and c equatorial

profile view. b Globar lFTIR spectra of single pollen grains with

equatorial profile orientation (red), and distal polar orientation (blue);

the marked bands are associated with lipids (L), proteins (P),

carbohydrates (C) and sporopollenins (S). c Corresponding optical

microscope images of the measured pollen grains on 3 mm ZnSe

slide, with depicted 100 9 100 lm aperture
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building blocks, as indicated by the strong band at

833 cm-1. Phenylpropanoids play important role in miti-

gating damage caused by UV-B radiation, and thus their

direct measurement from pollen grains, as described here,

could be used to monitor effect of solar radiation on con-

ifers (Blokker et al. 2006).

High-spatial resolution spectra of pollen substructures

by synchrotron infrared spectroscopy

Synchrotron radiation light sources allow a more precise

FTIR measurement of Pinaceae grains, such as line and

image maps. As an example we show the line map of an

intact Abies cephalonica pollen grain along the equatorial

transect in Fig. 4. As can be seen, the chemical composi-

tion as well as the total absorption is changing substantially

when moving from the hollow saccus region to the denser

corpus region. Two phenomena can be observed when

moving to the denser corpus region (red spectrum in

Fig. 4b): (1) the scatter contributions increase considerable,

and (2) the optical path length (thickness) of the sample

becomes so high that the major part of the infrared light is

completely absorbed. The spatially highly resolved syn-

chrotron infrared spectra show that the central area of the

corpus part of the grain is opaque for a large part of the

infrared spectrum of the light. The small fraction of light

that reaches the detector has passed through the periphery

areas of corpus part, and thus cannot provide objective

information about the grain interior. This allows us to draw

an important conclusion for the spectra obtained from

single Pinaceae pollen grains by conventional infrared

microspectroscopy using globar sources as presented in

Fig. 2: we expect that the globar measurements of the

whole Pinaceae pollen grains presented above, are only in a

little degree containing information about the corpus

region. Spectral information is predominantly obtained

from the saccus regions, since the saccus regions are

transmitting more light than corpus region. This also

Fig. 3 Measurement of infrared

spectra of ultrastructure of

pollen grain. a Optical

microscope images of the

measured Abies cephalonica

pollen grain substructures,

corpus (left) and saccus (right),

on 3 mm ZnSe slide, with

depicted 40 9 40 lm aperture.

b Globar lFTIR spectra of

corpus regions, and c saccus

regions of Cedrus atlantica,

Abies cephalonica, and Picea

abies. For better viewing the

spectra are offset. The marked

bands are associated with lipids

(L) and sporopollenins (S); the

spectral regions of interest are

denoted with asterisks
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explains why the single grain spectra of Pinaceae pollen

(see Fig. 2) are highly dependent on the grain spatial ori-

entation during the measurement. The saturation effects

revealed by synchrotron infrared spectroscopy with high

brilliance employing small apertures, must be valid also for

conventional infrared microscopy employing globar

sources.

Vibrational measurements of sectioned pollen grains

As demonstrated above, large pollen grains, such as those

of the family Pinaceae, are totally absorbing in the IR

region. Thus, in order to obtain infrared spectra of such and

similar-sized single pollen grains, the grains were sectioned

to provide shorter optical path lengths. Following this

strategy, FTIR images were obtained, where an image with

a full FTIR spectrum in each pixel was obtained by map-

ping a whole image plane (Fig. 5) within 10 lm sections of

Pinaceae grains embedded in optical cutting temperature

compound (OCT) (Fig. 5). FTIR images, thus, represent

large data sets, which can be displayed as pseudo color

chemical images and associated with molecular composi-

tion of the sample. Chemical images are constructed by

plotting intensity values of wavelength of interest (such as

maxima of amide band), or alternatively by plotting ratio of

band areas of signals of interest (such as ratio of amide

band and sporopollenins ring vibration band in Fig. 5c, d).

Construction of chemical image requires data processing,

such as extended multiplicative signal correction (EMSC),

for separation of chemical and physical spectral variations.

For example, spectral variations can be caused by differ-

ences in the sample thickness, refractive index and other

physical properties.

In addition to the infrared chemical images, Raman

chemical images where obtained (Fig. 5). The quality of

the Raman spectra obtained from thin sections was

considerably better than previously obtained Raman spec-

tra of intact grains (Zimmermann 2010): Since Raman

spectroscopy is a scattering technique, spectra of intact

grains show mainly signals from pollen grain wall com-

ponents (Zimmermann 2010), while the Raman spectra of

sections reveal molecular information about substructures

of the cell interior. Another advantage of Raman spec-

troscopy of thin sections as opposed to whole grains was

that grain sections suppressed strong fluorescence back-

grounds in the Raman that may arise due to aromatic and

polyenic compounds in grain wall.

It is worth noting that FTIR and Raman spectroscopy

differ considerably in the spatial resolution they provide.

For instance, in the lRaman measurement shown in Fig. 5,

the acquisition laser light was focused on an area of 1 lm
diameter, while the step size of motorized microscope

stage in x and y directions was 2 lm. In the corresponding

lFTIR measurement of the same sample, the synchrotron

light was focused on an area of 10 9 10 lm due to reso-

lution limitations. However, the small step size of micro-

scope stage with 5 lm resulted in spatial oversampling and

has improved the resolution. Regarding the nominal reso-

lution, the lRaman measurement in Fig. 5c, has approxi-

mately seven times better nominal resolution than the

lFTIR measurement in Fig. 5d, e (307 pixels per

1000 lm2 in lRaman, versus 46 pixels per 1000 lm2 in

lFTIR).
As a general rule, the two methods obtain similar but

complementary chemical information, since strong bands

in the IR spectrum of a sample often correspond to weak

bands in the Raman and vice versa. This is exactly what we

observe in the vibrational spectroscopy of pollen, where

strong Raman signals of sporopollenins are complemented

by week signals in the infrared, while week Raman signals

of lipids and proteins are countered by strong infrared

signals of these compounds.

Fig. 4 Linear mapping of pollen grain by FTIR microspectroscopy.

a Optical microscope image of the intact Abies cephalonica pollen

grain in equatorial profile view, with positions of spectra acquisition:

saccus (blue) and corpus regions (red). b Synchrotron lFTIR spectra,

obtained with 20 9 20 lm aperture, of saccus (blue) and corpus

regions (red) from Fig. 1a; spectral artifacts due to scattering are

designated with asterisk
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The Raman chemical image in Fig. 5c shows clear

spatial separation of sporopollenin constituents, character-

ized by the peak at 1605 cm-1 (aromatic ring stretches),

and proteins, characterized by the peak at 1660 cm-1

(amide I band) (Schulte et al. 2008; Zimmermann 2010).

Our results are corroborating findings obtained in the pre-

vious Raman chemical imaging, obtained on pollen of rye

(Secale cereal) (Schulte et al. 2008). Due to larger radius

and different symmetry, Abies pollen, compared to Secale

pollen, shows clearer distinction between nutrient-rich

regions (corpus) and sporopollenin-rich regions (grain

wall, including saccus). However, the results are difficult to

compare since the two species belong to far related plant

lineages with significant differences in chemical composi-

tion of pollen (Zimmermann and Kohler 2014).

A special attention has to be paid to the potential presence

of signals belonging to the embedding OCT material in the

measured Raman and FTIR spectra. Raman spectra of OCT

exhibit week signals, and thus OCT signals are not inter-

fering significantly with Raman signals of chemical con-

stituents of pollen (Fig. 5f). In contrast, OCT has strong

absorption bands in the infrared. Hence, OCT signals are

present in the spectra of saccus and corpus regions. Although

infrared signals of OCT interfere with the signals of

Fig. 5 Chemical images of pollen grain obtained by FTIR and

Raman microspectroscopy. a Sketch in equatorial front view of a

bisaccate Pinaceae pollen grain (up), and optical microscope image of

the 10 lm section of Abies cephalonica pollen grain embedded in

OCT on 1 mm ZnS slide (down). b Optical microscope image of the

pollen grain showing the area (60 9 100 lm) for synchrotron lFTIR
imaging (blue square represents 10 9 10 lm aperture; 5 lm FTIR

step size); the area (10 9 82 lm) covered by lRaman imaging is

depicted by orange rectangle (2 lm Raman step size). c lRaman

image (overlaid on visible image) generated by the ratio of the areas

under the amide I protein band (1660 ± 20 cm-1) and the sporopol-

lenin band (1605 ± 8 cm-1); high ratio is depicted by red and low

ratio by blue colors (see position of bands in Fig. 1f). d lFTIR image

generated by the ratio of the areas under the amide II protein band

(1545 ± 15 cm-1) and the sporopollenin band (1515 ± 10 cm-1);

high ratio is depicted by red (high protein content) and low ratio by

blue colors (high sporopollenin content); see position of bands in

Fig. 5g. e lFTIR image generated by the ratio of the areas under the

carbonyl lipid band (1745 ± 2 cm-1) and the carbonyl OCT band

(1735 ± 2 cm-1); high ratio is depicted by red (high lipid content)

and low ratio by green colors (high OCT content); see position of

bands in Fig. 5g. f EMSC corrected Raman spectra of corpus and

saccus pollen grain substructures (designated on Fig. 5c by C and S,

respectively), and of OCT (see ratio of bands in Fig. 5c). g EMSC

corrected IR spectra of corpus and saccus pollen grain substructures

(designated on Fig. 5d, e by C and S, respectively), and of OCT (see

ratios of bands in Fig. 5d, e). For better viewing the Raman and IR

spectra are offset
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sporopollenins, lipids and proteins, there is still a sufficient

number of specific peaks for the separation of information

related to chemical pollen constituents. This is illustrated by

the infrared chemical image presented in Fig. 5d. It was

obtained by calculating the ratio of the protein band at

1545 cm-1 (amide II) and the sporopollenin band at

1515 cm-1 (aromatic ring vibration) (Zimmermann 2010;

Zimmermann and Kohler 2014). The FTIR chemical image

in Fig. 5d is complementary to Raman chemical image in

Fig. 5c. In addition, an FTIR imagewas obtained by the ratio

of the lipid band at 1745 cm-1 (carbonyl stretch) and the

OCT band at 1735 cm-1 (carbonyl stretch) illustrating the

spatial distribution of lipids (Fig. 5e).

Imaging and sample morphology

Vibrational imaging measurements are often affected by a

number of unwanted phenomena, such as interfering effects

of undesired physical variations. Regarding FTIR measure-

ment of thin pollen sections (Fig. 5), there are two main

sources of physical variations: changes in thickness within

the section lead to variation in the effective optical path

length, while chemical and physical inhomogeneity within

the section lead to variations in the optical properties such as

refraction and scattering. EMSC pre-processing enables

estimation and separation of the undesired physical varia-

tions from the chemical information in the spectral data set

(Kohler et al. 2005). For example, the chemical images in

Fig. 5 were obtained after pre-processing with EMSC. In the

EMSC model the unwanted physical information is explic-

itly parameterized (see Eq. 1), thus enabling detailed anal-

ysis of physical properties of a measured sample. Regarding

that pollen grains have interesting physical properties,

characterized by complex morphology of pollen ultrastruc-

ture, analysis of EMSC parameters offers an alternative

approach for imaging of pollen grains.

Figure 6 illustrates the separation of physical and

chemical information in FTIR images of pollen. The sep-

aration was obtained by using an EMSC model with con-

stant, linear and quadratic parameters. The EMSC

separates the recorded (original) spectrum (Fig. 6a) into a

‘‘corrected chemical spectrum’’ including chemical

absorption bands (black spectrum in Fig. 6b), and physical

information described by EMSC parameters (blue and red

lines in Fig. 6b).

As can be seen from Fig. 6a, b the absorbance values of

saccus and corpus regions differ substantially, with signifi-

cantly weaker absorbance in the saccus region. The reason is

aforementioned strong vibrational bands associated with

lipids (carbonyl stretch) and proteins (amide I and amide II

bands). On the other hand, sporopollenins are devoid of

strong bonds, although they have characteristic bands at

1605 and 1515 cm-1. The difference in total absorbance

between the two regions is mirrored by the difference in

multiplicative parameters (bi in Eq. 2) for the two regions:

lower values of b for the saccus region and higher values for

the corpus region. Moreover, the spectra belonging to dif-

ferent regions differ by other calculatedEMSCparameters as

well. For example, values for constant parameters (ai in

Eq. 2) have high positive values for the corpus region, low

positive values for saccus region, and high negative values

for the empty (OTC-only) region (Fig. 6d). In addition,

values for the quadratic parameter (ei in Eq. 2) have negative

values for corpus region, and positive values for saccus

region (Fig. 6e). These parameters correspond to baseline

variations and may be explained by scattering phenomena.

Thus, it is possible to construct scattering image of pollen’s

substructures by using only physical information, as

described by EMSC parameters, and obtaining an image of

morphological properties of substructures.

PCA imaging of pollen

Principal component analysis (PCA) is a multivariate data

analysis method and is often the first method carried out on

a multivariate spectral data set, such as vibrational spectra,

for explorative data analysis. Since PCA allows interpre-

tation based on all variables simultaneously, it enables

more comprehensive visualization of spectral data. PCA

transforms a spectral set from original variables

(wavenumbers) into latent variables (principal compo-

nents). The first component maximizes the co-variance in

variable and sample space. Then, this first principal com-

ponent is removed from the data set and the second com-

ponent is found by maximizing the remaining co-variance

and so on. The obtained principal components are uncor-

related. Typically, analysis of first few principal compo-

nents is sufficient for obtaining a deeper understanding of

the main variation patters that are present in spectral data

since they capture the predominant part of the variance in

the data. The relationship between original and latent

variables is visualized by loading plots, which show how

the different wavelengths contribute to the PCA model.

A PCA of a spectral image is shown in Fig. 7. As can be

seen from Fig. 7b, c, PC scores can be associated with dif-

ferent chemical constituents of pollen grain. The loadings

plot of the PC1 (Fig. 7d) has high negative values for signals

associated with lipids (1745 cm-1; carbonyl stretch) and

proteins (1650 and 1550 cm-1; amide I and amide II,

respectively), and positive signals associated with the

embedding OCT material (1500–1200 cm-1 region). In the

PC1 image (Fig. 7b), the corpus region is characterized by

high negative PC1 values, thus indicating that this region has

a higher content of lipids and proteins. On the other hand, the

loadings plot of the PC2 (Fig. 7d) shows high positive values

for signals associated with sporopollenins (1605, 1515 and
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1170 cm-1; aromatic rings vibrations), and negative signals

associated with OCT. In the PC2 image (Fig. 7c), the saccus

region is characterized by high positive PC2 values; thus,

indicating that this region has higher content of sporopol-

lenins. Therefore, pseudo-chemical images of pollen grain

sections can be obtained by using PCA information.

Discussion

Advantages and limitations of vibrational

microspectroscopies of pollen

Different chemical constituents of pollen have different

absorption coefficients, and thus different sub-regions of

pollen have different propagation depths of infrared light.

For example, proteins and lipids have higher absorption in

the infrared region than grain wall components such as

sporopollenins and cellulose. Therefore, grain regions with

high concentration of grain wall components (such as

saccus of Pinaceae grains) transmit more infrared light than

grain regions rich in lipid nutrients (such as corpus of

Pinaceae grains). This difference in infrared light absorp-

tion between different chemicals is mostly irrelevant for

pollen grains with radial symmetry. However, for grains

with bilateral symmetry, such as saccate pollen of Pinaceae

family, it results in single grain spectra that are strongly

dependent on grain spatial orientation (Fig. 2).

The biggest challenge in FTIR measurement of single

pollen grains is the presence of anomalous signals due to

Fig. 6 Images obtained by separating chemical from physical

information in the infrared spectra of Abies cephalonica pollen grain.

a Original and b EMSC corrected IR spectra of corpus and saccus

pollen grain substructures (designated on Fig. 5c); baseline (a) and

quadratic (e) parameters are represented by blue and red colors,

respectively. c Optical microscope image showing the area

(60 9 100 lm) for lFTIR synchrotron imaging and the position of

Fig. 2a, b spectra. Images of scattering properties: d constant baseline

(a), and e quadratic baseline (e); negative and positive values are

depicted by blue and red colors, respectively

Fig. 7 Images obtained by principal component analysis of infrared

spectral data. a Optical microscope image showing the area

(60 9 100 lm) for lFTIR synchrotron imaging of the 10 lm section

of Abies cephalonica pollen grain embedded in OCT on 1 mm ZnS

slide. b Image of PC1 scores; high negative values are depicted by

blue color. c Image of PC2 scores; high positive values are depicted

by red color. d Loadings plot on the first two principal components of

the PCA; the marked signals are associated with lipids (L), proteins

(P) and sporopollenins (S). The percent variances for the first five PCs

are 75.7, 9.8, 5.2, 2.5, and 1.9 %
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scattering (Figs. 1, 4). These signals are a major obstacle in

the chemical interpretation of infrared spectra of single

pollen grains. Spectral signatures of single pollen grains

show strong Mie scattering due to their nearly perfect

spherical shape (Lukacs et al. 2015). In comparison, nearly

perfect absorbance spectra have been obtained, when plant

materials have been probed by FTIR microspectroscopy as

thin sections (Fackler and Thygesen 2013; Yu 2011). Mie

scattering signatures are difficult to remove by spectral pre-

processing methods. In an infrared spectrum, scattering and

absorption signatures are highly entangled. The real and the

imaginary part of the refractive index, that describe the

optical and absorptive properties of the respective material,

are connected through the Kramers–Kronig relation (Bas-

san et al. 2010a). This connection entangles the signatures

of physical properties of the material and the chemical

properties of the material in the measured absorbance

spectrum. While the scatter signatures can give valuable

information about size and density of pollen, the absorption

signatures constitute a fingerprint of the biochemical

components. Unfortunately, analytical solutions for com-

plex structures, such as pollen grains, that would offer

separation of scatter and absorbance components have not

yet been developed (Lukacs et al. 2015). Therefore, spectra

obtained from highly scattering samples contain strongly

entangled chemical and physical information hampering

the interpretation of the spectral signals.

Raman measurements of intact grains result in excessive

representation of an external part of a grain due to a greater

probability of multiplicative scattering in the grain interior

(Zimmermann 2010). Therefore, Raman measurements of

intact grains have disproportional bias toward pollen grain

wall. For large pollen grains with thick grain walls, such as

Pinaceae, it is unlikely that any constituent from the grain

interior can be manifested in a spectrum. However, by

sectioning a grain, pollen grain composition of the corpus

region interior can be measured in detail (Fig. 5c).

Spectral pre-processing as a pre-requisite

for chemical imaging

Light scattering is directly related to morphology, which

can vary substantially in shape, size, and texture. Such

morphology variation is typical for the measured Pinaceae

samples: Saccus region of Pinaceae is characterized by

sponge-like morphology of significantly lower density than

one found within densely packed corpus region. Therefore,

scattering features may serve as valuable information

source for characterization of pollen, alongside chemical

information. Figure 6 shows the separation of physical and

chemical information in an FTIR image of pollen by using

an EMSC model. The EMSC parameters are used to esti-

mate non-chemical absorption, reflection and scattering of

light that is caused by irregularities within the pollen sec-

tion. The pseudo-structural images, based on the repre-

sentation of EMSC parameters (Fig. 6d, e), clearly show

that their values are not random but rather specific for

pollen ultrastructure. Therefore, alongside measurement of

chemical composition of pollen ultrastructure, the FTIR

methodology offers indirect estimation of physical prop-

erties. The indirect estimation of physical properties is not

possible by filter-based pre-processing methods such as

standard normal variate (SNV) (Barnes et al. 1989).

EMSC, the model-based pre-processing method, allows the

estimation of physical parameters, before removing them

from spectra. While Multiplicative Signal Correction

(MSC) only estimates a constant baseline (Ilari et al. 1988),

EMSC in its basic form estimates in addition a linear and

non-linear baseline. Compared to SNV and MSC, EMSC

enables correction of wavelength-dependent scattering

effects and thus provides better separation of physical and

chemical information in vibrational spectra. The correla-

tion of non-constant baseline variations with the physical

properties of the sample is clearly demonstrated in Fig. 6e,

where the quadratic baseline parameter reflects pollen

ultrastructure by separating saccus and corpus regions.

Alongside EMSC-based imaging, PCA-based imaging

of spectral data offers yet another rapid estimate of pollen

chemical composition. As can be seen from Fig. 7, the

most significant chemical information on pollen sections

can be obtained by using PCA data analysis. The first two

principal components are associated with lipids and pro-

teins, as well as with sporopollenins (Fig. 7d). The PCA-

based pseudo-chemical images of pollen grain sections

show clear spatial distribution of these principal pollen

constituents in either corpus or saccus substructures. The

major value of such approach is significant reduction of

data set by two orders of magnitude, from 400 frequency

variables (wavenumbers) to only two latent variables (PCs

1 and 2) per spatial variable (measurement point).

Vibrational imaging as a tool for studying

ultrastructure and physiology of pollen

The comparative analysis of Pinaceae genera shows sub-

stantial biochemical differences in the composition of grain

wall, indicating different chemical composition of

sporopollenins. The main difference in chemical compo-

sition of sporopollenins was obtained for Cedrus. In addi-

tion, Cedrus is unusual by quite high relative amount of

lipid nutrients in grain corpus region. In this regard, Cedrus

pollen have unique chemical composition with substantial

deviation from Abies, its closest lineage. It should be noted

however that Abies and Cedrus genera have diverged early

in their evolutionary history, during Jurassic (*183 Ma),

approximately 30 Ma after the two branched from the rest
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of Pinaceae lineage (Lin et al. 2010). Considering that

Abies species have significantly larger grains (approx.

120 lm diameter for Abies, approx. 75 lm for Cedrus),

this difference in nutrient concentration is possibly an

adaptation of Cedrus to compensate the effect of relatively

small grain size. Cedrus has one other unique feature

connected to pollen: As opposed to other Pinaceae species

that pollinate during spring, Cedrus shed pollen in autumn.

It can be assumed that the large amount of lipid nutrients in

grain interior, and the exceptional composition of grain

wall, could play significant role in this unique pollination

strategy. Measurement of sporopollenins can provide other

valuable information as well. Grain wall sporopollenins are

extremely resilient, thus preserving clear chemical finger-

print for at least several thousand years. It has been shown

that this chemical fingerprint can be used for reconstruction

of past climate, such as quantification of UV-B radiation

flux through time using Pinus pollen from sediments

(Willis et al. 2011). In this regard, vibrational microspec-

troscopy offers an alternative methodology for measure-

ment of such chemical information, and thus has potential

to significantly improve palaeoecological data.

Detailed chemical images of pollen can be obtained by

cryosectioning and measurement either by Raman or syn-

chrotron-based FTIR microspectroscopy. As demonstrated

by chemical imaging of Abies in Fig. 5, spatial chemical

information can be extracted by using characteristic bands

of proteins, lipids, and sporopollenins. The FTIR chemical

images were obtained even though OCT embedding matrix

is not an optimal material for infrared spectroscopy

(Fig. 5g). However, by carefully selecting ratios of char-

acteristic bands it is possible to obtain clear chemical

image of pollen OCT sections (Fig. 5d, e). On the other

hand, OCT is suitable matrix material for Raman mea-

surement of pollen due to weak Raman intensities of OCT

bands (Fig. 5f). By measuring the same pollen section with

the two vibrational microspectroscopies one can obtain

complementary chemical images of pollen grain interior

(Fig. 5). The acquired images, showing chemical hetero-

geneity of pollen interior with saccus and corpus regions, is

a clear demonstration of the methods’ potential for deter-

mining spatially resolved biochemical fingerprint of pollen

ultrastructure.

In summary, in this paper, we presented an approach for

chemical imaging of pollen grains by FTIR and Raman

microspectroscopy. The main problems arising during

measurements are scatter and saturation issues in FTIR,

and fluorescence and penetration depth issues in Raman.

Clear chemical images of pollen grain can be obtained by

careful spectral pre-processing and analysis. Vibrational

microspectroscopy studies can be used for measurement of

an individual pollen grain, including measurement of grain

ultrastructure. In theory, such studies would enable

measurement of within-plant and even within-flower bio-

chemical variations of pollen grains in botany, as well as

measurements of fossilized pollen samples from sediments.

Therefore, chemical characterization of individual pollen

grains by vibrational spectroscopies is suggested as a

valuable tool in biology, ecology and palaeosciences.

Materials and methods

Plant material

Pollen samples were obtained through fieldwork at the

Botanical Garden of the Faculty of Science, University of

Zagreb. In total 24 samples were collected, belonging to 12

Pinales species during 2011 and 2012 pollination seasons.

The sample set included six Pinaceae species: Abies

cephalonica Loudon (Greek fir), Cedrus atlantica (Endl.)

Manetti ex Carrière (Atlas cedar), Picea omorika (Pancic)

Purk. (Serbian spruce), Picea abies (L.) H.Karst. (Norway

spruce), Pinus resinosa Aiton (Red pine), Pinus sylvestris

L. (Scots pine); five Cupressaceae species: Cunninghamia

lanceolata (Lamb.) Hook. (China fir), Cupressus semper-

virens L. (Mediterranean cypress), Juniperus chinensis L.

(Chinese juniper), Juniperus communis L. (Common juni-

per), Juniperus excelsa M.Bieb. (Greek juniper); and one

Podocarpaceae species: Podocarpus neriifolius D.Don

(Brown pine). The pollen samples were collected directly

from plants at flowering time by shaking male cones

(strobili). The samples were kept in paper bags at r.t. for

24 h, and afterwards transferred to vials and stored at -

15 �C.

Sample preparation

Spectra of intact pollen grains were measured on ZnSe

slides. Sectioned samples of pollen grains were obtained by

embedding pollen in an optical cutting temperature com-

pound (OCT, Tissue-Tek; Sakura Finetek, USA). The OCT

samples were snap-frozen and sectioned at -20 �C using a

cryostat (Leica CM 3050 S, Nussloch, Germany) obtaining

sections of 10 lm thickness. The pollen sections were

transferred to ZnS slides for measurements.

FTIR spectroscopy

FTIR microspectroscopy measurements were performed

with globar and synchrotron sources. For each measured

sample an image was recorded with an optical microscope.

Measurements with a globar source were performed

on intact pollen grains in transmission mode with a

spectral resolution of 4 cm-1, using an Equinox 55 FTIR

spectrometer with an IRScopeII IR microscope (Bruker
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Optik GmbH, Germany). The system was equipped with

a globar mid-IR source and a liquid nitrogen-cooled

mercury cadmium telluride (MCT) detector. The spectra

were measured in the 4000–600 cm-1 spectral range,

with 128 scans for both background and sample spectra,

using a 159 objective, with different aperture sizes,

depending on the size of the sample. Background (ref-

erence) spectra were recorded immediately before start-

ing each measurement using the sample-free setup. The

Bruker system was controlled with OPUS 6.0 software

(Bruker Optik GmbH, Germany).

Measurements with a synchrotron source were per-

formed on intact and sectioned pollen grains at the

SOLEIL synchrotron facility, on the SMIS infrared

beamline, details of which can be found elsewhere

(Dumas et al. 2006). The transmission spectra were

recorded with a resolution of 4 cm-1 by using the syn-

chrotron radiation coupled to a Nicolet 5700 FTIR

spectrometer with a Nicolet Continuum XL IR micro-

scope (Thermo Scientific, USA), equipped with a liquid

nitrogen cooled mercury cadmium telluride detector. The

spectra were measured in the 8000–650 cm-1 spectral

range, with 128 scans for both background and sample

spectra, using 15 9 and 32 9 objectives with different

aperture sizes, depending on the size of the sample. The

numerical aperture of the microscope was 0.65. Spectral

maps were acquired as both linear maps and spectral

images. For linear maps and images, steps sizes of 5 or

10 lm were used in a linear direction or in x and y

directions, respectively. Background (reference) spectra

were recorded immediately before starting each mea-

surement using the sample-free setup. The Thermo sys-

tem was controlled with OMNIC 8.1 software.

Raman spectroscopy

The Raman spectra were recorded using a DXR Raman

Instrument (Thermo Fisher Scientific, Waltham, USA).

Raman measurements were performed in a closed chamber

using a stabilized 532 nm laser. The laser signal was

generated by a Diode-pumped, solid state (DPSS) laser

with 10 mW power, which was focused onto a 1.0 lm
diameter spot, and measured in the spectral range of

125–3500 cm-1. A 100 9 objective (Thermo Fisher Sci-

entific Waltham, USA) was used for focusing and col-

lecting scattered Raman light. The confocal hole was set to

25 lm with a spectral resolution of 3.0 cm-1. An exposure

time of 2 9 10 s with 512 numbers of background expo-

sures was used. A spectral map was acquired as spectral

image, with a step size of 2 lm in x and y directions. Data

acquisition and instrument control was carried out using

the OMNIC 8.1 software (Thermo Fisher Scientific Inc,

USA).

Data analysis

Data processing for chemical imaging was performed on

the reduced wavenumber range, 1800–600 and 1800–

1000 cm-1 for Raman and FTIR measurements, respec-

tively. Each spectrum zi (where i = 1,…, N; N is number

of spectra in an image) was pre-processed by EMSC

(Martens and Stark 1991). EMSC estimates and corrects

baseline effects and multiplicative effects using the model.

zi ¼ bimþ ai1þ diev þ eiev
2 þ ei ð1Þ

where m is the reference spectrum (typically an average

spectrum or a representative spectrum), 1 is a vector con-

taining ones as entries referring to a spectrum describing a

constant baseline, ev a linear spectrum and ev2 a quadratic

spectrum. The term ei describes the residual spectrum. The

parameters ai, bi, di and ei refer to constant, multiplicative,

linear, and quadratic effects, respectively, and are esti-

mated by least squares for each spectrum.

After having estimated the parameters, the spectra are

corrected according to

zi;Corr ¼ ðzi�ai1�diev�eiev
2Þ=bi ð2Þ

where zi,Corr are the corrected spectra.

Pre-processed spectra were used to evaluate biochemical

similarities between pollen samples by using principal

component analysis (PCA). The spectral pre-processing

and data analyses were performed by algorithms developed

in house in the environment of Matlab, R2014a (The

Mathworks Inc., Natick, United States) and The

Unscrambler X 10.3 (CAMO Process AS, Oslo, Norway).

Scanning electron microscopy

The microscope images were recorded with a Zeiss EVO 50

Extended Pressure scanning electronmicroscope (Carl Zeiss

AG, Jena, Germany). The desiccated pollen samples were

attached to SEM stubs (covered with double-stick tape)

without prior pre-treatment with chemicals. The samples

were coated with gold–palladium and measured with SEM.
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ABSTRACT: Fourier transform infrared (FTIR) spectroscopy
is a powerful tool for the identification and characterization of
pollen and spores. However, interpretation and multivariate
analysis of infrared microscopy spectra of single pollen grains
are hampered by Mie-type scattering. In this paper, we
introduce a novel sampling setup for infrared microspectro-
scopy of pollens preventing strong Mie-type scattering. Pollen
samples were embedded in a soft paraffin layer between two
sheets of polyethylene foils without any further sample
pretreatment. Single-grain infrared spectra of 13 different
pollen samples, belonging to 11 species, were obtained and
analyzed by the new approach and classified by sparse partial
least-squares regression (PLSR). For the classification,
chemical and physical information were separated by extended multiplicative signal correction and used together to build a
classification model. A training set of 260 spectra and an independent test set of 130 spectra were used. Robust sparse
classification models allowing the biochemical interpretation of the classification were obtained by the sparse PLSR, because only
a subset of variables was retained for the analysis. With accuracy values of 95% and 98%, for the independent test set and full
cross-validation respectively, the method is outperforming the previously published studies on development of an automated
pollen analysis. Since the method is compatible with standard air-samplers, it can be employed with minimal modification in
regular aerobiology studies. When compared with optical microscopy, which is the benchmark method in pollen analysis, the
infrared microspectroscopy method offers better taxonomic resolution, as well as faster, more economical, and bias-free
measurement.

Aerollergenic pollens and spores trigger asthma, allergic
rhinitis, and hypersensitivity pneumonitis in susceptible

individuals. These respiratory diseases are affecting 10−20% of
European population, causing multibillion costs of medical
treatments and reduced work productivity.1,2 Moreover, the
prevalence of respiratory allergic diseases has increased
markedly during the last 20 years.3 It is expected that shifts
in aeroallergen human exposures due to global climate change
are going to increase the prevalence and severity of allergies.4,5

The risks analysis of urban atmospheric pollution in Madrid has
showed that the effect of allergenic pollen on the health of
individuals is greater than the detected effect of traditionally
analyzed parameters, such as chemical pollution.6 Qualitative
and quantitative analysis of pollen is the cornerstone of
aeroallergen monitoring networks. Providing information on
the occurrence of aeroallergens in the residential and working
areas is vital for timely treatment of inhalant allergies through
correlation of symptoms. Moreover, air quality forecasts are
essential for avoidance and prevention that reduces allergic
symptoms. Finally, palynology, the study of pollen, spores, and
similar bioparticles, has great general interest in analysis of
pollen grains, for example, in studies of environmental and
climate change, biodiversity monitoring, and tracing vegetation
history.

Current identification of pollen relies on optical (transmitted
light) microscopy. Identification is based on qualitative
descriptions of pollen’s morphology, usually size, shape, and
texture, as well on its substructures. The analysis is time-
intensive, requiring extensive sample preparation and laborious
identification by experienced specialists. The identification is
limited to categories that can be reliably classified by multiple
analysts, resulting in the rough taxonomic resolution. In
addition, microscopy methods are prone to inconsistency and
a degree of subjectivity because the performance of the
individual analyst can arise through issues like fatigue and
overfamiliarity with samples. For this reason, there is a trend in
moving toward computer-based systems that deliver faster,
more accurate, and more consistent semi- or fully automated
identifications than any human operator.7,8 However, even if
traditional microscopies increase sample processing by
automation, the morphological approach is limited since
many species have indistinguishable morphology. For instance,
grass family (Poaceae) is one of the largest plant families with
over 10 000 species, but grass pollens are rarely identified at the
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subfamily level. Alternative analyses, such as genetic sequencing
and biochemical methods, are even more time-consuming,
expensive, and difficult to implement in routine analysis.
Infrared spectroscopy is a biophysical method that provides

precise signatures of the overall biochemical composition of
pollen. Infrared spectra of pollen contain specific signals of
lipids, proteins, carbohydrates, and cell wall biopolymers, such
as cellulose and sporopollenins. Therefore, Fourier transform
infrared (FTIR) spectroscopy has emerged as a powerful tool in
identification and characterization of pollen and spores.9−22

Moreover, FTIR spectroscopy offers an operator-independent
approach based on chemical fingerprinting via identifiable
spectral features, with significant potential for automation of
pollen identification.7 Since samples can be measured in their
native form, without any chemical pretreatment, FTIR
spectroscopy achieves simple, economical and rapid analysis
of pollen. In FTIR microspectroscopy (μFTIR), an infrared
spectrometer is combined with a microscope, thus enabling
focused measurement of an individual bioparticle. Unfortu-
nately, bioparticles such as pollen are highly scattering particles
in the infrared due to their size and morphology. Therefore,
strong scattering signatures in μFTIR spectra of single pollen
grains hamper biochemical interpretation of spectra.13,22,23 The
strong scattering by the measured pollen grains results in
anomalous spectral features that significantly interfere with and
distort the signals of chemical absorption.23 Extracting
information from recorded data by separating absorption and
scattering contributions is extremely challenging because
scattering and absorption are highly entangled. Moreover, the
pollen shapes and structures differ considerably from spherical
and homogeneous particles as assumed for existing correction
models.23,24 In general, scattering effects have been identified as
a major obstacle for application of FTIR microspectroscopy in
biological and biomedical science.
In the presented study, we have implemented an innovative

approach for scatter-free FTIR microscopic measurement of
single bioparticles, specifically single pollen grains. The aim of
the study was to test the new approach for aeroallergenic pollen
species by spectroscopy-based identification of plant taxa. The
chemical characterization of pollen grains and extraction of
morphological parameters from spectral data is discussed in
details. Moreover, the complementarity of FTIR micro-
spectroscopy and contemporary air-sampler systems has been
taken into consideration. The presented approach would enable
rapid implementation of FTIR microspectroscopy in aero-
allergen monitoring networks, as well as in environmental and
climate change studies.

■ EXPERIMENTAL SECTION
Samples. The pollen types used were collected from Fagus

sylvatica (European beech), Betula pendula (Silver birch),
Carpinus betulus (European hornbeam), Quercus cerris (Turkey
oak) and Quercus robur (Penduculate oak) of the Fagales
(beech) order, Bromus erectus (Erect brome) and Carex pendula
(Pendulous sedge) of the Poales (grass) order, Cryptomeria
japonica (Japanese cedar) Cupressus sempervirens (Mediterra-
nean cypress), Juniperus phoenicea (Phoenicean juniper) and
Juniperus chinesis (Chinese juniper) of the Pinales (pine) order.
Betula pendula was represented with three samples, collected
from three different individuals: one wild type and two
“Youngii” cultivars. All other species were represented with a
single sample. Each sample comprised pollen belonging to
either: (1) approximately 10 inflorescences from the same turf

(for Poales), (2) approximately 10 male catkins from the same
individual plant (for Fagales), and (3) approximately 50 male
strobili from the same individual plant (for Pinales). In total, 13
pollen samples were measured. Pollen samples were obtained
through fieldwork at the Botanical Garden of the Faculty of
Science, University of Zagreb, during 2012 pollination seasons.
The pollen samples were collected directly from plants at
flowering time, and stored at −15 °C.

Measurement. The pollen samples were embedded,
without any sample pretreatment, in a matrix medium,
consisting of a soft paraffin (Vaseline-type petroleum jelly)
between two sheets of 40 μm thick polyethylene foils. The
amount of paraffin was approximately 1 mg per 25 cm2. A
custom-made sample holder was made in order to stretch the
foils and to minimize the appearance of air bubbles in the
sample (Figure S-1, in the Supporting Information).
Infrared spectroscopy measurements were obtained on a

VERTEX 70 FTIR spectrometer with a HYPERION 3000 IR
microscope (Bruker Optik GmbH, Germany). The spectra
were recorded in transmission mode with a spectral resolution
of 4 cm−1 and digital spacing of 1.929 cm−1. Thirty single grains
were measured per pollen sample, and for each grain, one
corresponding FTIR spectrum was obtained. The system is
equipped with a globar mid-IR source and a liquid nitrogen-
cooled mercury cadmium telluride (MCT) detector. The
spectra were measured in the 4000−600 cm−1 spectral range,
with 64 scans for both background and sample spectra, and
using a 15× objective, with 25 × 25 μm aperture sizes. For the
measurements in the matrix media, background (reference)
spectra of air were recorded once, before starting each (sample)
measurement using the sample-free setup. The quality of
recorded spectra was measured by the performing Bruker
OPUS quality test for measurement of microorganisms, by
calculating the signal-to-noise ratio of Amide I signal (at 1700−
1600 cm−1).
The referent (matrix-free) single grain pollen spectra were

measured by depositing pollen samples onto 3 mm ZnSe
optical slides (windows) without any sample pretreatment. For
the measurements on ZnSe optical windows, background
(reference) spectra were recorded immediately before starting
each measurement by measuring empty areas of ZnSe windows.
The referent bulk pollen spectra were recorded by measuring
potassium bromide (KBr) sample pellets. KBr pellets were
prepared by mixing and grinding approximately 1 mg of a
sample with approximately 100 mg of KBr using a pestle and
mortar, and the created KBr matrix was then cold-pressed
without degassing into a transparent disk. A sample-free setup
was used to obtain the spectral background.
The Bruker system was controlled with OPUS 7.5 software

(Bruker Optik GmbH, Germany).
Spectral Preprocessing. From each of the 13 pollen

samples, 30 single grain spectra of 30 different pollen grains
were obtained. In total, 360 μFTIR spectra were included in the
data analysis. The spectra were preprocessed prior to
calibration. The spectral region of 1900 cm−1 to 900 cm−1

was selected for data analysis, excluding the region of 1520 to
1290 cm−1, which is the saturation region of the polyethylene
foil and paraffin (i.e., the region with strong absorbance bands
of matrix media). Two types of preprocessing procedures were
used in the study: (1) preprocessing of second-derivative
spectra and (2) preprocessing of nonderivated spectra. For the
derivated data, all spectra were transformed to second-
derivative spectra by the Savitzky−Golay algorithm using a
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polynomial of degree two and a window size of 31 points in
total, followed by extended multiplicative signal correction
(EMSC, an MSC model extended by a linear, quadratic and
cubic component).25−27 The selection of window size was
based on suppressing noise while enhancing intensity of broad
amide bands in the 1650−1520 cm−1 region, as explained in
detail in our previous study.26 The EMSC model used in the
preprocessing is defined by equations S-1 and S-2, in the
Supporting Information.
For the nonderivated data set, all spectra were preprocessed

by EMSC. In the EMSC preprocessing of nonderivated data,
the spectral region of chemical absorbance was down-weighted,
and spectral regions devoid of any chemical absorbance were
up-weighted, by applying a weighting vector. Vector value 1 was
used in the whole spectral region, except the region 1900−1800
cm−1, where the weighting vector was set to 10. The region
1900−1800 cm−1 is devoid of any chemical absorbance and
thus this region should have the same baseline values in all
pollen spectra when physical effects (such as light reflection)
have been removed. Up-weighting of this region, by applying a
weighting vector, is constraining the EMSC preprocessing and
ensuring a stable baseline in all pollen spectra. For the data
analysis, three different data sets were used: (A) the derivated
and EMSC preprocessed spectral data set alone, (B) the EMSC
parameters data set obtained from the nonderivated spectra,
and (C) a combined data set where EMSC parameters obtained
from the nonderivated spectra were concatenated with the
derivated and EMSC preprocessed spectra. The spectral
preprocessing was performed by algorithms developed in-
house in the environment of Matlab, R2014a (The Mathworks
Inc., Natick, United States).
Data Analysis and Classification. The data sets A and C

were used to evaluate classification and biochemical similarities
between pollen samples by using principal component analysis
(PCA) and sparse partial least-squares regression (Sparse
PLSR). Sparse PLSR was used for building a hierarchical
classification scheme. The hierarchical classification scheme was
built following the phylogenetic tree shown in Figure 1 allowing
classification at various subcategories such as order, family,
genus, species, and sample. In each node (N1−9 in Figure 1) a
classification model was established for 2 or 3 classes,
depending on the number of subclasses connected to each

node. For establishing the classification models, matrices of
indicator variables were set up for each node (Y-matrices). The
indicator matrices contain one column for each subclass of the
nodes with numbers ones and zeros indicating if a sample
belongs to a respective subclass or not. Sparse PLSR was used
to regress the spectral data sets (X-data sets) on the matrices of
indicator variables (Y-matrices) at each node. In analogy to
discriminant PLSR,28 we denote the sparse PLSR model used
for classification as discriminant Sparse PLSR. Sparse PLSR
allows straightforward biochemical interpretation of spectral
bands because only a limited subset of variables is selected in
the modeling process.29 Three classification models, using two
different data sets (as defined in the Spectral Preprocessing
section), were built on the basis of the tree shown in Figure 1:
1) A sparse model based on data set A, 2) a sparse model based
on data set C, and 3) a mixed sparse model based on data set A
at all levels except “order” level (N1) where data set C was
used. Each spectral data set (390 samples in total) was divided
into a training set used for calibration (20 spectra per sample,
260 spectra in total), and an independent test set (10 spectra
per sample, 130 spectra in total). The training set was used to
establish Sparse PLSR classification models employing
Venetian Blinds Cross-Validation (CV) with three segments
where samples were split into blocks in the following order: 123
123.... For the training set, block separation was done by full or
leave-one-out CV due to more reliable and faster performance.
For each principal component, Sparse PLSR algorithm
penalizes loading weight vectors according to a parameter
called degree of sparsity. This parameter defines how many
variables will be neglected and has previously been
predefined.30 In this paper, we use an optimization procedure
for sparsity to choose the optimal degree of sparsity. For each
PLSR component, an optimal degree of sparsity was chosen
among four in the range from 80 to 99% of variables with a step
of 4.75. The degree of sparsity, which gave the minimum
missclassification rate (MCR) was selected. The selected
degrees of sparsity were then used in the final PLSR calibration.
Finally, the optimal number of components (AOpt) was
chosen. AOpt was found by evaluating the MCR as a function
of the number of components A. AOpt is the one which does
not have significantly higher MCR than the minimum MCR. A
binomial distribution formed a basis for a binomial test, which

Figure 1. Phylogenetic tree for classification of pollen spectra, containing nine nodes (N1−N9).
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was used to evaluate the statistical significance (function
binocdf in Matlab).
Data analyses were performed by algorithms developed in-

house in the environment of Matlab, R2014a (The Mathworks
Inc., Natick, United States).

■ RESULTS AND DISCUSSION
Scattering Spectral Artifacts and Experimental Set-

ting. In Figure 2, spectra of single pollen grains measured on

microscope slides are shown (Figure 2Ba). The spectra show
substantial and complex anomalies when compared with the
reference spectra of bulk samples (Figure 2Bb). Due to
variations in morphological and optical properties of pollen
grains within a sample, the corresponding pollen spectra have
different scatter distortions. These spectral anomalies include
wavelike fluctuating structures with narrower and broader
signals, that can significantly interfere with and distort the
signals of chemical absorption.22,23 It is worth noting that
scatter contributions can provide valuable information on
morphology of pollen grain. However, due to the high
morphological variation of pollen grains within the same
sample, they hinder classification of pollen types by FTIR

microspectroscopy of single pollen grains. In contrast, it is
known that the biochemical composition as probed by FTIR
spectroscopy is highly type-specific. Previous studies have
shown that the biochemical information obtained by scatter-
free absorbance spectra from KBr-pellet measurements of
pollen bulk samples can separate pollen on different
phylogenetic levels.20 Thus, for the identification and chemical
analysis of pollen, it is important to obtain pure (scatter-free)
absorbance spectra that can serve as a fingerprint of the grain’s
biochemical components.
The scattering phenomena occurring in the μFTIR spec-

troscopy of pollen have been interpreted as Mie-type
scattering.23 Bioparticles, such as pollen, are highly scattering
samples in infrared spectroscopy because their sizes are often of
the same order as the mid-infrared wavelengths employed in
FTIR spectroscopy (2.5−25 μm). This leads to strong Mie-type
scattering.27,31−34 It is very difficult to separate the Mie-type
scattering from the pure absorbance spectra. The reason is that
the real refractive index undergoes strong fluctuations due to
chemical absorbance bands and is thus highly dispersive. The
real refractive index spectrum can be obtained from the pure
absorbance spectrum, or equivalently from the imaginary part
of the refractive index, by the Kramers−Kronig transform and
vice versa. Unfortunately, for a measured infrared spectrum
with Mie-type scattering, both the pure absorbance spectrum
and the real refractive index spectrum are unknown. Recently,
an iterative algorithm based on extended multiplicative signal
correction (EMSC) for the retrieval of the pure absorbance
spectra from infrared spectra with Mie-type scattering has been
developed. Although the developed algorithm is robust and has
provided some success, it remains unclear, to what extent, in
general, it retrieves the pure absorbance spectrum, i.e. whether
the algorithm converges toward the underlying pure absorbance
spectrum or toward the reference spectrum used in the iterative
EMSC approach. Another weakness of the algorithm is that it
does not take into account the high numerical aperture of
infrared microscopes. Recently, a different iterative algorithm
has been presented taking into account the high numerical
aperture.35 This algorithm has been only tested on a model
system (PMMA spheres) and could not be successfully applied
for the correction of pollen.23 Finally, all previous developed
models for correcting Mie-type scattering in FTIR spectroscopy
of bioparticles assume a spherical scatterer. While the shape of
pollen grains is in many cases close to spheres, it can deviate
considerably.14 In addition, the pollen structure is inhomoge-
neous, including a double layered grain wall and a multicellular
grain interior made of cytoplasm, organelles, vacuoles,
membranes, and nuclei.
In order to obtain scatter-free spectra of single pollen, we

have developed an innovative experimental setting. Because the
strength of the scatter-distortions depends on refractive index
change at the surface of the bioparticle, scattering effects may
be suppressed considerably by embedding samples into a
medium with similar index of refraction as the bioparticle to be
measured (Figure 2Ab). One suitable embedding matrix for
μFTIR of bioparticles is a thin layer of soft paraffin. In our
study, 13 different plant samples were embedded in a paraffin
matrix between two thin sheets of polyethylene foil and
measured by μFTIR. Thirty pollen grains per plant sample were
measured, thus 360 spectra were obtained, each belonging to a
different single grain. The obtained spectra are scatter-free
(Figure 2Bc).

Figure 2. (A) Schematics of μFTIR measurements of bioparticles on:
(a) microscope slide and b) within paraffin matrix; infrared light
transmitted through and reflected on bioparticles is represented with
arrows (specular reflection from microscope slide and polyethylene
films is omitted for simplification). (B) Infrared spectra of the same
Cupressus sempervirens pollen sample obtained with different
experimental settings: (a) Spectra obtained by measurements of single
pollen grains on microscope slides (unreproducible due to scatter
effects); (b) Benchmark spectrum obtained by bulk measurement of a
KBr sample pellet; (c) Scatter-free single grain spectrum (blue)
obtained by measurement in paraffin and polyethylene (PE)
embedding medium (spectrum of embedding media (black) is
included for comparison). Blue shading designates the spectral region
that was excluded from data analysis.
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The embedding matrix contains several strong absorption
signals in the spectral region from 1500 to 1350 cm−1. These
bands are associated with CH2 bending (1470 cm−1), CH3
antisymmetric (1463 cm−1) and symmetric (1377 cm−1)
deformations, and CH2 wagging vibrations (1353 and 1305
cm−1).36 The principal matrix-associated bands are over-
saturated in all spectra, and therefore, the surrounding region,
from 1520 to 1290 cm−1, was excluded from the analysis
(Figure 2Bc). Becuase this region is devoid of principal
absorption signals of pollen, the subsequent spectral data
analysis was not affected by large information shortfall.
Additional information on sample measurement, including
Figure S-2, are provided in the Supporting Information.
Classification and Discrimination of Pollen. Pollen

grains have unique vibrational spectra. PCA plots (Figure S-3,
in the Supporting Information) show well-defined clustering at
lower taxonomic levels, including species level. By using the
first four principal components, spectra of samples belonging to
distinct plant species can be separated quite well from each
other. Moreover, EMSC parameter estimates of pollen μFTIR
spectra have a range of taxon-specific values (Figures S-4 and S-
5, in the Supporting Information). Although EMSC parameters,
containing baseline, background, and other anomalous features,
are often discarded in spectral analysis, they may contain
information that is important for characterization of pollen.21

EMSC parameter information is closely related to a character-
istic morphology of a pollen grain, and pollen morphology
varies substantially in shape, size, and wall pattern across plant
taxa. As such, EMSC parameters offer an indirect physical
measurement of a pollen sample that should be used for pollen
characterization, alongside chemical absorption spectrum.
Therefore, μFTIR spectra of pollen show large potential for
classification analysis.
Multivariate methods such as PCA and PLSR, allow

investigating to what extent infrared spectra can be used for
classification and discrimination of pollen types. PCA and
PLSR are based on latent variables (also called scores) and
permit direct interpretation of spectral signatures on the
biochemical level. This interpretation is based on assessing
regression coefficients and loading vectors. The regression
coefficients relate the FTIR variables (wavelengths and thus

spectral bands) directly to the classes, while loading vectors
relate the new latent variables to the FTIR variables. Evaluation
of biochemical fingerprints is important, because a meaningful
biological interpretation of the regression coefficients repre-
sents an additional validation of the discrimination and
classification between different pollen on taxonomical level,
for example differentiation of families, genera, species, or
populations. However, interpretation of results can be
challenging in situations where the number of variables is
high, such is the case for FTIR data. In such cases, correlation
coefficients and loading vectors are too complex for
interpretation as a result of the multitude of spectral signatures
revealed. Sparse PLSR combines variable selection and
modeling, and thus enhances the interpretation of the
classification analysis by discarding uninformative spectral
variables.30 The Sparse PLSR classification of the measured
pollen spectra was based on the phylogenetic tree presented in
Figure 1. As can be seen, the tree contained nine nodes (N1−
N9) that split at different levels (order, family, genus, species,
and sample) to different numbers of subclasses (two or three).
Thus, the Sparse PLSR method was used to establish 9
calibration models, one for each node in the tree.
Among the 9 calibration models, the most complex model

included AOpt with 4 and 6 components, for data set A and
data set C, respectively, with average complexity of AOpt = 2
for both data sets. The advantage of sparse PLSR modeling lies
in easier interpretation and often lower complexity of the
models.
Sensitivity and specificity of discrimination analyses are

presented in Figure 3. When considering only chemical spectral
data (data set A), overall accuracy was 93.1%, with all except
one taxa having sensitivity greater than or equal to 80% (Figure
3A). When EMSC parameters were included in the analysis
(data set C), overall accuracy remained at 93.1%; however, all
taxa had sensitivity equal or better than 80% (Figure S-6, in the
Supporting Information). Specificity was high (more than 95%)
in all cases. Although both data sets obtain the same overall
accuracy, they differ substantially regarding accuracy at “order”
level of classification (node N1 in Figure 1) where data set C
performs much better than data set A. When EMSC parameters
were included in the analysis (data set C), misclassification of

Figure 3. Identification results for Sparse PLSR analysis of pollen μFTIR spectra, showing bar plots of sensitivity and specificity for each species
(based on 10 spectra per sample). The results are based on (A) a sparse PLSR classification model built on second-derivative spectral data (data set
A) and on (B) a sparse PLSR classification model built on second-derivative spectral data (data set A) at all levels except “order” level (N1) where a
sparse PLSR classification model built on second-derivative spectral data with included EMSC parameters (data set C) was used.
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plant orders was reduced by 43%. Therefore, we introduced a
classification model combining a sparse PLSR classification
model built on data set A and a sparse PLSR classification
model built on data set C. We used a sparse PLSR classification
model built on data set A at all levels except “order” level where
a sparse PLSR classification model based on data set C was
used. The model has resulted with an overall accuracy of 95.4%

and specificity equal or more than 98% for all species (Figure
3B).
Figure 4 presents the corresponding confusion matrices for

the analyzed data sets with independent validation. In general,
inclusion of EMSC parameters in the classification model has
resulted in adequate accuracy (i.e., 80% or higher) for all
species and a low level of systematic misclassification. It should
be noted that, when establishing an FTIR classification tree, the

Figure 4. Confusion matrix for Sparse PLSR analysis of pollen μFTIR spectra; results based on (A) a sparse PLSR classification model built on
second-derivative spectral data (data set A) and on (B) a sparse PLSR classification model built on second-derivative spectral data (data set A) at all
levels except “order” level (N1) where a sparse PLSR classification model built on second-derivative spectral data with included EMSC parameters
(data set C) was used. Color codes: green (Poales), red (Fagales), and blue (Pinales). (MCR = misclassification rate).

Figure 5. Plot of Sparse PLSR regression coefficients for second-derivative spectral data: classification of plant orders (node N1) by using (A)
second-derivative spectral data (data set A) and (B) second-derivative spectral data with included EMSC parameters (data set C); classification by
using second-derivative spectral data (data set A) of (C) Poales families (node N2), (D) Fagales families (node N3), and (E) Fagaceae genera (node
N5).
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actual pollen taxonomy might not be optimal for the
establishment of all nodes, because spectral similarities of
pollen might differ in some cases from established phylogeny.20

The presented model performance results are realistic and
based on the best-case scenario in modeling when one can
afford establishing calibration models and testing them on an
independent test set. Cross-validated calibration results are
more often reported in the literature on pollen classifica-
tion.13,37−40 Unfortunately, these results are usually over-
optimistic and do not give a real estimate on the model
performance. Notwithstanding, cross-validation is a good
option if only a limited number of spectra is available. In
order to compare our results with the ones presented in the
literature we report full (leave-one-out) CV results which we
run on the full data set (390 spectra). When considering only
chemical spectral data (data set A), the accuracy on the species
level was 96.9%. When a sparse PLSR classification model was
used, based on data set A at all levels except “order” level where
data set C was used, the accuracy on the species level increased
to 97.7%.
It is important to notice that there was no misclassification at

subgenus level (Figure 4). It is apparent that μFTIR enables
classification of congeneric species as demonstrated by absence
of misclassification between either two Quercus or two Juniperus
species. Moreover, it is possible that the method could even
enable classification at subspecies level. This has been tested by
excluding one of the Betula pendula cultivar samples from the
test set and using these 30 single grain spectra for an external
validation. In that case, 77% of the kept away B. pendula cultivar
grains were correctly identified as B. pendula cultivar, 17% were
identified as B. pendula wild type, while 6% were not identified
as B. pendula.
The plots of the regression coefficients for the Sparse PLSR

model are displayed in Figure 5. It can be seen that, when
considering only chemical spectral data (data set A), spectral
differences between pollen orders (Poales, Fagales, and Pinales)
are present in the whole spectral range (Figure 5A). The
corresponding regression coefficients for a sparse PLSR
classification model including EMSC parameters (data set C)
are shown in Figure 5B. They are significantly less complex
compared to the regression coefficients in Figure 5A, with only
two main contributing bands that can be associated with lipids
(CO stretch at 1724 cm−1) and proteins (Amide II band at
1537 cm−1). Therefore, it is apparent that the significant
reduction in misclassification at plant order level can be
attributed to EMSC parameters. This improvement is expected
because EMSC parameters are related to morphology of pollen,
and pollen grains of the three plant orders have extremely
different morphological features.21 As mentioned previously, a
morphological approach at lower taxonomic levels (family and
below) is limited due to lack of distinctive morphological
features, and thus, inclusion of EMSC parameters may even
result in worse classification. Therefore, inclusion of EMSC
parameters (data set C) in the whole analysis (i.e., in all nodes
of classification tree) has not improved overall accuracy.
However, a sparse PLSR classification model built on either
data set A or C at different nodes, has resulted in improved
overall accuracy.
The regression coefficients at lower taxonomic levels are less

complex than at order level and emphasize the advantage of
Sparse PLS in enhancing the interpretation of the classification
results. Discrimination between grass (Bromus erectus) and
sedge (Carex pendula) is based on stronger lipid-related

absorption of sedge pollen at 1745 cm−1 (CO stretch) and
1163 cm−1 (C−O stretch), and stronger protein-related
absorption of grass pollen in the “protein” region (Figure
5C). Unfortunately, only two Poales species were included in
this study, and thus, further studies with a larger pollen set are
required. However, the result is in accordance with a previous
study on 15 sedge (Cyperaceae) and 32 grass (Poaceae)
pollens, which has shown that pollen of sedges have
significantly increased lipid content when compared with the
grasses.20 Moreover, the previous study has shown that pollen
of grass and sedge families have relatively low FTIR spectral
variability compared to, for example cypress (Cupressaceae)
and beech (Fagaceae) families.20 Therefore, high accuracies for
discrimination of grasses and sedges pollen are expected in
general.
The regression coefficients for classification of Fagales pollen

between birch (Betulaceae) and beech (Fagaceae) families
show that the classification is based on “lipid” and
“carbohydrate” regions. The regression coefficients for
classification of Fagaceae pollen between oak (Quercus) and
beech (Fagus) genera are even less complex and show that the
principal difference is based on absorption in the “lipid” region
at 1743 cm−1 (C O stretch) (Figures 5E). Again, this is in
accordance with previous spectroscopic studies on pollen
composition.20

Future Perspective of a μFTIR-Based Pollen Classifier
System. In 1996, Stillman and Flenley addressed the need for
an automated pollen classifier system.41 The authors have
compared the system with manual microscopy analysis and
have established a set of goals for such system. Compared to
existing technology and routines, an ideal automated system
should allow (1) to count more pollen grains per sample, (2) to
reduce analysis time per sample, (3) to reduce analyst bias and
improve consistency, and (4) to determine pollen-type at
higher levels, preferably at species level. A recently published
review by Holt and Bennett on progress of automated pollen
counters has extended these goals by adding that the system
should require little modification of existing sample collection
and preparation techniques, as well as impart no new
limitations.7 Finally, the stated quantitative criteria specify
that the automated system should be able to identify at least 40
different taxa with an accuracy of 95%. In comparison, it has
been estimated that accuracy based on the morphological
recognition by a human operator, used in aerobiological
monitoring networks, is approximately 80%.13

Of all the published attempts on an automated palynology
system, only seven attempts have included classification of 10
taxa or more.7 Most of the studies were performed on the
morphology-based systems, by a combination of image
processing and a learning-based classifier. The classification
success rates of these systems, tested on a comparable range of
taxa as in our study, were approximately 92%.37−40 These
classification accuracies are all lower than 98% accuracy
obtained in the here presented μFTIR system. Unfortunately,
all these studies were using cross-validation estimation of model
performance, thus the reported accuracy is probably over-
estimated. There has been only one study, by Kaya et al., using
an independent set of data for validation of model performance,
reporting an accuracy of 88%.42 This is lower the accuracy of
95% obtained here with μFTIR, when comparable independent
estimation of accuracy was performed. However, it is difficult to
make comparison between the two studies since in the study by
Kaya et al., plant taxa were not specified, although it can be
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assumed that only pollen of entomophilous (insect-pollinated)
plants was included. Because aeroallergenic pollen is predom-
inantly anemophilous (wind-pollinated), with quite different
chemical and morphological properties than entomophilous
pollen,20,43 any further comparison of the results is irrelevant.
Up until now, there has been only one attempt with μFTIR

classification of pollen, classifying 11 taxa at an accuracy of
84%.13 The relatively low accuracy, compared to morphology-
based systems, was due to relatively high spectral variability of
pollen single grains within a sample. At that time, the spectral
variability was attributed to chemical variability between the
grains due to natural variation or due to pollen immaturity.
However, a recent study has shown that the spectral variability
is predominantly caused by Mie scattering artifacts.23 This has
been confirmed by the presented study, where reproducible and
scatter-free spectra were obtained by conducting pollen
measurements in embedding matrix. As expected, this has
resulted in a significantly higher classification accuracy of 98%.
The presented embedding technique for μFTIR measure-

ments of pollen is adaptable to routine aeroallergen analyses. It
is interoperable with the Hirst-type volumetric pollen trap,
which is the most prevalent type of pollen sampler for air-
sampling. In our experimental setup, the pollen samples were
embedded in soft paraffin, which is a standard adhesive
substance in Hirst-type pollen traps.44 The polyethylene foil,
which we used as substrate for the embedding matrix, is
comparable to the polyester foil, a commonly used holder in
pollen traps. The amount of paraffin used in μFTIR
measurements is comparable to the amount used in standard
pollen monitoring measurements. Therefore, a future μFTIR
system for pollen classification can be in full compliance with
the requirements. It is fully in agreement with the existing
pollen samplers and preparation techniques, and it can provide
identification of pollen up to species level. Moreover,
identification and classification is bias-free and thus provides
higher consistency than human experts. The μFTIR method-
ology is devoid of labor-intensive sample preparation and data
acquisition tasks, and the method does not require specific
high-skilled expertise, as opposed to the traditional morphol-
ogy-based pollen studies. In addition, μFTIR has a high
potential for further automation of measurement processes.
Both embedding materials, polyethylene and paraffin, are

transparent in both the visible and the infrared spectral region.
This is an extremely valuable property because it enables not
only chemical characterization of pollen by μFTIR microscopy
but also morphological characterization by standard optical
microscopy. It also implies that advancement in standard
(optical microscopy-based) automated pollen classifier systems
can be used in automation of the μFTIR pollen classifier
system. For example, as a first measurement step both systems
require reliable robotics and image processing to locate pollen
on an adhesive sampling tape. After locating pollen grains, a
system could acquire an image and an infrared spectrum in
successive order to obtain morphological and chemical
information on pollen. Therefore, coupling of both approaches
into an automated FTIR and optical-microscopies-based system
should enable unprecedented classification accuracy.

■ CONCLUSIONS
The presented study clearly demonstrates that identification of
single pollen grains can be based on transmittance FTIR
microspectroscopy by using an embedding matrix. The
classification analysis shows an enormous potential of the

μFTIR method, surpassing state-of-the art approaches by a
wide margin. Nevertheless, there is still ample space for further
improvement of the method.
First, optimization of the FTIR instrumental setting should

be focused on decreasing spectral acquisition time. In this
study, we have employed strict instrumental settings with a
large safe margin to avoid any possible information shortfall
regarding spectral quality. This has resulted in a relatively long
spectral acquisition time of approximately 1 min per grain.
However, it is safe to assume that this measurement time can
be halved, or even quartered, without significant information
shortfall. It should be mentioned once more that the μFTIR
method saves significant time regarding sample preparation by
avoiding any chemical pretreatment, as opposed to standard
optical microscopy approach.
Second, embedding media may be further optimized taking

into account both the infrared and the visible region of the
electromagnetic spectrum. Although the optimization in the
infrared is of importance to increase FTIR spectral quality, by
decreasing signal-to-noise ratio, the visible region is of
importance for aforementioned coupling of FTIR and optical
microscopy.
Third, optimization of the classification model requires a 2-

fold approach as well. Further measurements are required to
evaluate and calibrate this method for a wide range of plant
taxa. This includes assessment of pollen classification at
subspecies level. Moreover, improvement of classification
models require the buildup of a spectral library with a
significantly wider range of species and populations than
currently available. The results show that identification accuracy
is taxon-specific, and thus, measurement of a wide range of
species is a necessity for thorough assessment of methodology
performance. Furthermore, for the classification of spectral
data, we have used Sparse PLSR to establish robust calibration
models.
The presented μFTIR method for analysis of pollen is

already outperforming the previously published studies of
comparable scope. Further improvements are anticipated in the
near future, resulting in a better taxonomic resolution, as well as
faster and more economical measurements. The study shows
enormous potential for pollen and in general bioparticle
analysis, such as plant and fungal spores, dinoflagellate cysts and
diatom microalgae. Moreover, the experimental setting allows
implementation of μFTIR spectroscopy in various fields of
palynology, including aerobiology, palaeoecology, terrestrial
and aquatic ecology, sedimentology, environmental archeology,
forensics, and melissopalynology.
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Sample measurement 

The pollen samples were embedded in a soft paraffin between two sheets of 40 μm thick 

polyethylene foils, and placed in a bespoke sample holder. A sample ready for µFTIR measurement 

is shown in Fig. S-1. As can be seen in Figs. S-1C and S-1D, µFTIR setting enables measurement 

of individual pollen grain. For the presented study, only physically separated pollen grains were 

measured, with particular attention to avoid grains with depth overlap (z-axis stacking of grains). 

Therefore, each of the 360 recorded spectra belonged to a different individual grain. 

 

 
 

Fig. S-1. (A) Pollen sample on a moving bench and under objective of a HYPERION 3000 FTIR 

microscope, and (B) Sample holder with the prepared pollen sample in the polyethylene/paraffin embedding 

matrix. Optical microscope images taken during sample measurement with FTIR microscope: (C) 

Cryptomeria japonica grains, and (D) Carpinus betulus grains (out of focus grains are visible in lower left 

and upper right corners); 25×25 µm aperture of FTIR microscope is designated by the red square. 

 

The measurement of pollen grains in the embedding medium is not as straightforward as 

the measurement of pollen grains on a microscope slide. Since bioparticles in the embedding 

medium are arranged within a three-dimensional matrix, it is improbable that they all have a 

common focal plane parallel with the foils (i.e. parallel with microscope stage). Usually the 

embedded bioparticles are arranged in different focal planes, and thus the focus of the FTIR 

microscope needs to be adjusted multiple times to measure all of the bioparticles. Fig. S-2 shows 

µFTIR spectra of pollen grains that were recorded using a single focal plane. Out of the ten 

presented spectra, half were out-of-focus. The out-of-focus spectra are easily distinguished by 

insignificant difference in absorbance values between the region were chemical absorbance of 

pollen is expected (‘Amide I’ region between 1700 and 1600 cm-1) and the region were pollen grain 

does not have chemical absorbance (‘Baseline’ region between 2100 and 2000 cm-1). Thus, the 

associated pollen grains were measured once more using a different focal plane in order to obtain 

high quality spectra. Quality of recorded spectra can be estimated by running the standard spectral 
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quality tests, as assessed in this study by calculating the signal-to-noise ratio of the Amide I signal 

as defined by OPUS/IR user manual. 

 
 

Fig. S-2. (A)  Schematic drawing of µFTIR measurements of pollen within paraffin matrix, showing 

arrangement of pollen grains in three different focal plains. (B) µFTIR spectra obtained by measurement in 

paraffin and polyethylene embedding medium of ten individual Betula pendula pollen grains; half of the 

grains were in focus and half were out of focus during measurement 

 

 

 

Spectral pre-processing: EMSC model 

  

 The EMSC model used in the pre-processing is defined by Eq. S-1, and the EMSC corrected 

spectra by Eq. S-2. 

 

   zi = bim + ai1+ di�̃� + ei�̃� 2 + fi�̃� 3 + εi    (S-1) 

   zi,Corr = (zi – ai1 – diν ̃  – ei�̃� 2 – fi�̃� 3) / bi   (S-2) 

 

where zi is a ‘measured’ spectrum (where i = 1,…, N; number of spectra in a data set N is 100), 

zi,Corr is a corrected spectrum, bi is a multiplicative parameter, m is a reference spectrum often 

presented by the mean spectrum for a given data set, 1=[1, 1, 1, . . ., 1], ai, di, ei and fi are constant, 

linear, quadratic and cubic parameters respectively, εi is a residual term, �̃� is spectral range 

(wavenumbers).  
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Chemical variability of pollen grains 

 Pollen grains have unique vibrational spectra. Although pollen grains of a given type were 

collected from the same maternal plant, each grain within the sample is one genetically unique 

organism. Pollen development and its chemical composition involves contributions from both the 

sporophytic (maternal plant) and gametophytic (pollen) genomes 1,2. Therefore, each spectrum 

represents one biologically independent sample. 

For principal component analysis (PCA), second derivative spectra were pre-pre-processed 

by EMSC as described in the section about spectral pre-processing (dataset A). PCA analysis (Fig. 

S-3) shows substantial differences in the biochemical composition between pollen of angiosperms 

(Fagales and Poales) and conifers (Pinales). The previous studies have shown that the cypress 

(Cupressaceae) family, to which all four measured conifer taxa belong, has pollen with distinct 

spectral features 3,4. While the IR spectra of Cupressaceae pollen show dominant absorption due to 

vibrational bands in the ‘carbohydrate region’ (1200–900 cm-1), pollen of angiosperms show strong 

IR absorption of amide I and amide II bands in the ‘protein region’ (1700–1520 cm-1). Moreover, 

both pollen types differ in absorption of lipid related carbonyl stretch in the ‘lipid region’ (1750-

1700 cm-1), indicating differences in the chemical composition of pollen lipids. Cupressaceae 

pollens show strong absorption at approx. 1730 cm-1, while angiosperms show strong absorption 

at approx. 1745 cm-1.  

Finally, PCA plots show well defined clustering at lower taxonomic levels, including 

species level. Of particular interest is a single clustering of all three Betula pendula samples. By 

using the first four principal components, spectra of samples belonging to distinct plant species can 

be separated quite well from each other. Therefore, µFTIR spectra of pollen show large potential 

for classification analysis. 

 

 

 
 

Fig. S-3. PCA score plots of a µFTIR spectral data set (30 spectra per sample; second derivative and EMSC 

corrected spectra – dataset A), with depiction of plant species. The percent explained variances for the first 

five PCs are 44.7, 22.6, 10.5, 7.2 and 3.8. 

  



S-5 

 

Physical variability of pollen grains 

As stated above, a µFTIR spectrum of a pollen grain includes, along with absorption signals 

of its chemical constituents, physical effects such as scattering distortions. These effects depend 

on sample morphology and the refractive index. In addition, variations in sample thickness 

introduce strong multiplicative effects. Pre-processing methods, such as derivative transformation 

of recorded data and extended multiplicative signal correction (EMSC), are often applied in order to 

reduce multiplicative and scatter effects, and to enhance chemical interpretation of the spectra.  

 EMSC is a model-based pre-processing method that allows explicit parameterization of 

physical information. It enables the separation of physical and chemical information from the 

spectral data 5 . In order to consider physical information, EMSC parameters (dataset B) were 

obtained from the non-derivated spectra.  

Although EMSC estimates, containing baseline, background and other anomalous features, 

are often discarded in spectral analysis, they may contain information that is important for sample 

characterization 5. This is valid, in particular, for characterisation of pollen since physical 

information is closely related to a characteristic morphology of a bioparticle 4. Pollen morphology 

varies substantially in shape, size, and wall pattern across plant taxa. The chemical composition of 

pollen is complex, due to chemical variation of pollen grain substructures, such as grain wall layers 

(exine and intine), different type of cells (tube and generative cells) and intercellular material 

(cytoplasm and nuclei). This chemical composition of pollen varies substantially across plant taxa 

as well 3. Therefore, we expect that both chemical and physical information are of value for 

discrimination and classification of pollen. 

Fig. S-4 shows the separation of physical and chemical information in µFTIR spectra of 

pollen by an EMSC model with constant, linear, quadratic, and cubic parameters. The EMSC 

separates the recorded spectra (Fig. S-4A) into a “corrected chemical spectrum” including chemical 

absorption bands (Fig. S-4B), and EMSC estimates that contain physical information (Fig. S-4C). 

The EMSC scatter estimates include the complete “baseline” estimate (wavelike pattern in Fig. S4-

C which is composed of the constant, linear and quadratic term of the EMSC model in Eq. S-2), 

and the effective optical path length (multiplicative parameter b in Fig. S-4C). 
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Fig. S-4. µFTIR spectra of representative pollen grains of six different pollen species: (A) recorded spectra, 

(B) spectra after EMSC pre-processing, and (C) EMSC estimates (values of multiplicative parameter b are 

in parenthesis). 

  The graphical representation of EMSC parameters (dataset B) clearly shows that EMSC 

estimates are not completely random but to some extent specific for each taxon (Fig. S-5). Similar 

taxon-specific results for EMSC estimates were obtained previously on bulk measurement of spore 

and pollen samples by single reflectance attenuated total reflectance (SR-ATR) FTIR 4. It is 

expected, that a number of factors connected to pollen morphology of a measured pollen have 

impact on the resulting µFTIR spectrum, even when chemical absorption is disregarded.  

 
Fig. S-5. Plots of EMSC parameters (dataset B) of µFTIR spectra (30 spectra per sample; EMSC corrected 

non-derivated spectra), with depiction of plant species: (A) linear (d) and constant (a) parameters, and (B) 

multiplicative (b) and cubic (f) parameters. 

 

One important factor is path length of infrared light through a pollen grain. Larger grains 

have longer optical path length, resulting in higher absorption values. The size of the measured 

grains varied from 15-25 µm in diameter for Pinales, to 25-35 µm for Fagales and Poales, with the 

exception of Fagus sylvatica that has significantly larger pollen grains with diameters of approx. 

45 µm. It can be seen that F. sylvatica pollen has completely different spectral scatter estimates 

compared to the rest of the samples (Fig. S-5). Although both F. sylvatica and Quercus cerris have 

rather similar chemical composition (Fig. S-3), characterised by large relative content of 

triglyceride lipids 3, their recorded spectra differ considerably regarding total absorbance (Fig. S-

4). The high total absorbance for F. sylvatica grains is due to the relatively large size of F. sylvatica 

grains. The high absorbance values of F. sylvatica spectra indicate that the major part of the infrared 

light is completely absorbed by F. sylvatica grains. 

One additional important factor is the variability of optical properties of pollen due to 

variation in chemical composition of pollen grain substructures. For instance, the two measured 

Juniperus species, J. chinensis and J. phoenicea, share similar morphology of pollen grains. 

However, their chemical composition is quite different, since J. chinensis has considerably larger 

relative content of triglyceride lipids than J. phoenicea 6. Triglyceride lipids are stored 
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predominantly within the pollen grain, in the form of intracellular spherical droplets, termed lipid 

bodies 1. Triglycerides exhibit strong absorption of infrared light, and therefore the difference in 

the relative content of  triglyceride will lead to a significant difference related to multiplicative 

effect between the two Juniper species. Moreover, it can be seen that the two Juniper species show 

large differences in the spectral baseline (Fig. S-4). The baseline differences are most probably 

related to: 1) differences in optical densities due to differences in the constant part of the refractive 

index, and 2) differences in scattering properties due to Rayleigh scattering on lipid bodies and 

other organelles.  

In general, EMSC estimates of pollen µFTIR spectra have a range of taxon-specific values. 

As such, they offer an indirect physical measurement of a pollen sample that should be used for 

pollen characterization, alongside chemical absorption spectrum. 

 

Discrimination analysis 

 Sensitivity and specificity of discrimination analysis for spectral data with included EMSC 

parameters (dataset C) is presented in Figure S-6. 

 
Fig. S-6. Identification result for Sparse PLSR analysis of pollen µFTIR spectra, showing bar plots 

of sensitivity and specificity for each species (based on 10 spectra per sample). The result is based 

on second derivative spectral data with included EMSC parameters (dataset C). 
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ABSTRACT 11 

Fourier transform infrared (FTIR) spectroscopy enables chemical analysis of pollen samples for 12 

plant phenotyping to study plant-environment interactions, such as influence of climate change or 13 

pathogens. However, current approach, such as microspectroscopy and Attenuated Total Reflection 14 

spectroscopy, does not allow for high-throughput protocols. The paper at hand suggests a new 15 

spectroscopic method for high-throughput characterization of pollen. In this approach, samples are 16 

measured as thin films of pollen fragments using a Bruker FTIR spectrometer with an eXTension 17 

(HTS-XT) unit employing 384-well plates. Critical steps in the sample preparation and 18 

measurement, such as variabilities between technical replicates, between microplates and between 19 

spectrometers, were studied. Measurement variations due to sample preparation, microplate 20 

holders and instrumentation were low, and thus allowed differentiation of samples with respect to 21 

phylogeny and biogeography. Biochemical composition of 31 species of Fagales (beech order), 22 

collected during three different pollination seasons (2012-2014) at three different locations 23 

(Germany, Croatia and Norway) were studied. The spectral variability for a range of Fagales 24 

species (Fagus, Quercus, Betula, Corylus, Alnus and Ostrya) showed high species-specific 25 

differences in pollen’s chemical composition due to either location or pollination season. 26 

Significant inter-annual, intra-seasonal and locational differences in the pollen spectra indicate that 27 

pollen chemical composition has high phenotypic plasticity and is influenced by local climate 28 

conditions. The variations in composition are connected to lipids, proteins, carbohydrates and 29 

sporopollenins that play crucial roles in cold and desiccation tolerance, protection against UV 30 

radiation, and as material and energy reserves. 31 
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INTRODUCTION 32 

The vast majority of land plants are sporophyte-dominant seed plants that have male 33 

gametophytes with microscopic sizes and short lifespans. However, pollen is crucial in 34 

reproduction and survival of seed plants since it enables production of genetically diverse offspring, 35 

and thus it is exposed to a diversity of selection pressures (Delph et al. 1997, Williams and Mazer 36 

2016). Climate effects, including global climate change, can have a strong detrimental effect on 37 

reproductive structures of plants, including pollen. For example, temperature stress can have a 38 

damaging effect on development, transport and germination of pollen (Bokszczanin et al. 2013, 39 

Chakrabarti et al. 2011, Endo et al. 2009). Pollen development has been pointed to as the most 40 

heat-sensitive process in plant sexual reproduction (Bokszczanin, Fragkostefanakis and 41 

Thermotolerance 2013). An increase in sterility of pollen results in lower seed yield, and thus 42 

significantly reduced population resilience as well as higher economic damages to agricultural 43 

crops.  44 

It has been hypothesized that phenotypic plasticity will play an important role in the 45 

persistence of plants in increasingly variable climatic conditions (Anderson et al. 2012, Nicotra et 46 

al. 2010). Regarding pollen, it is critical to estimate plasticity of the most important traits such as 47 

longevity, viability, hydration and germination speed, as well as pollen tube growth rate and length. 48 

The majority of these traits should have correlation with chemical composition of pollen grains, 49 

for example with nutrient reserves in form of triglycerides and polysaccharides that play crucial 50 

role in pollen tube growth (Rodriguez-Garcia et al. 2003, Speranza et al. 1997). Therefore, to 51 

monitor climate-effects on plant communities it is imperative to improve phenotyping of pollen. 52 

Standard pollen analysis by optical microscopy can provide only characterization based on 53 

morphological analysis, while chemical information and information on pollen quality cannot be 54 

obtained. Infrared spectroscopy is one of the most widely used methods for chemical 55 

characterization of samples, and in the last decade, rapid progression in infrared studies of plant 56 

material was conducted.  57 

Development and implementation of Fourier transform infrared (FTIR) spectroscopy of 58 

pollen is a novel approach with the potential to greatly expand palynological and botanical 59 

research. Infrared spectra of pollen are precise fingerprints of the overall biochemical composition 60 

of a pollen grain, and contain specific signals of lipids, proteins, carbohydrates, cell wall 61 
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biopolymers, and water. The spectra can be obtained by using diverse techniques, such as single- 62 

(Bağcıoğlu et al. 2015, Gottardini et al. 2007, Jiang et al. 2015, Lahlali et al. 2014, Zimmermann 63 

2010, Zimmermann and Kohler 2014, Zimmermann et al. 2015b) and multi-reflection (Mularczyk-64 

Oliwa et al. 2012) attenuated total reflection (ATR) FTIR, diffuse reflectance FTIR (DRIFT) 65 

(Mularczyk-Oliwa, Bombalska, Kaliszewski, Wlodarski, Kopczynski, Kwasny, Szpakowska and 66 

Trafny 2012, Pappas et al. 2003), transmission FTIR measurements between windows (Crowe et 67 

al. 1989, Sowa et al. 1991) and in pellets (Bağcıoğlu, Zimmermann and Kohler 2015, Mularczyk-68 

Oliwa, Bombalska, Kaliszewski, Wlodarski, Kopczynski, Kwasny, Szpakowska and Trafny 2012, 69 

Pappas, Tarantilis, Harizanis and Polissiou 2003, Zimmermann 2010, Zimmermann and Kohler 70 

2014), FTIR microspectroscopy measurements of single pollen grains (Bağcıoğlu, Zimmermann 71 

and Kohler 2015, Gottardini, Rossi, Cristofolini and Benedetti 2007, Pappas, Tarantilis, Harizanis 72 

and Polissiou 2003, Pummer et al. 2013, Zimmermann et al. 2015a, Zimmermann and Kohler 2014, 73 

Zimmermann et al. 2016) as well as multi grains (Bağcıoğlu, Zimmermann and Kohler 2015, 74 

Dell'Anna et al. 2009, Wolkers and Hoekstra 1995, Wolkers and Hoekstra 1997), and 75 

photoacoustic FTIR spectroscopy (Parodi et al. 2013). Recent studies have shown that FTIR 76 

spectroscopy achieves simple, economical, and rapid identification and classification of pollen by 77 

spectral fingerprinting, as well as characterization and biochemical interpretation with respect to 78 

environmental stress (Jiang, Lahlali, Karunakaran, Kumar, Davis and Bueckert 2015, Lahlali, 79 

Jiang, Kumar, Karunakaran, Liu, Borondics, Hallin and Bueckert 2014, Zimmermann and Kohler 80 

2014). The identification and classification of samples is mostly based on infrared spectral 81 

databases, thus offering an unbiased and operator-independent approach with huge potential for 82 

automatization (Dell'Anna, Lazzeri, Frisanco, Monti, Malvezzi Campeggi, Gottardini and Bersani 83 

2009, Pappas, Tarantilis, Harizanis and Polissiou 2003, Zimmermann 2010, Zimmermann, 84 

Tafintseva, Bagcioglu, Hoegh Berdahl and Kohler 2016). Our recent study on aeroallergen pollen 85 

by FTIR microspectroscopy has shown that the FTIR has great potential for an automated pollen 86 

analysis (Zimmermann, Tafintseva, Bagcioglu, Hoegh Berdahl and Kohler 2016). Moreover, since 87 

the method is compatible with standard air-samplers, it can be employed in the assessment and 88 

control of bioaerosols, including allergy forecasts.  89 

Standard methodologies, including microscopies and sequencing, are overly complex, 90 

expensive and time-consuming. Therefore, they are slow in providing the massive data needed for 91 
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determining and monitoring effects of abiotic and biotic stress on plant communities. Since FTIR 92 

spectroscopy supports high-throughput measurements, the technique is ideal for rapid screening of 93 

plant populations under different conditions. A high throughput screening (HTS) FTIR system has 94 

been successfully applied in a variety of studies in natural and biomedical sciences for the 95 

investigation of microorganisms and tissues (Dean et al. 2010, Kohler et al. 2015, Mignolet and 96 

Goormaghtigh 2015, Ollesch et al. 2013, Sirikwanpong et al. 2010). An extension of this approach 97 

on studies of pollen would have a great potential, particularly for comprehensive monitoring of 98 

terrestrial ecosystems. An HTS FTIR methodology has never been used in pollen analysis. Our 99 

previous study, on comparative analysis of FTIR techniques, has shown that spectra of ground 100 

pollens, obtained by either ATR or in pellets, is optimal for gathering information on their chemical 101 

composition (Bağcıoğlu, Zimmermann and Kohler 2015). Thus, a high-throughput FTIR approach 102 

where samples are prepared by pulverization of pollen into water suspension and by subsequent 103 

drying as films, should offer an analogous result. In the paper at hand, we explore the usage and 104 

development of a new high-throughput FTIR-based protocol for the biochemical characterization 105 

of pollen. The FTIR study was conducted on a substantial set of samples, consisting of six different 106 

genera of Fagales (Fagus, Quercus, Betula, Corylus, Alnus and Ostrya), collected during the three 107 

different pollination seasons (2012-2014) at three different locations (Germany, Croatia and 108 

Norway). The potential of high-throughput FTIR spectroscopy of pollen as a tool for studying plant 109 

communities and plant-environment interactions is elucidated.  110 

RESULTS AND DISCUSSION 111 

Effects of sample preparation 112 

The high throughput FTIR unit employs silicon microtiter plates as sample holders for thin 113 

films of pollen samples, created by drying of pollen suspensions. Following the preparation of 114 

films, the fully automated transmission measurement of the microplate was performed. The 115 

microtiter plate has 384 positions (wells) for sample suspensions, thus 127 samples can be 116 

measured in a single run, assuming triplicate measurements per sample and an empty position for 117 

background measurement.  118 

Recording of an optimal spectrum critically depends on the preparation of the dry sample 119 

film. Our previous study has demonstrated that pulverization and homogenization of pollen by 120 

grinding obtains more comprehensive information on grain chemistry than measurement of intact 121 
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pollen.(Bağcıoğlu, Zimmermann and Kohler 2015) Moreover, intact pollen grains can create 122 

saturation effects when measured in transmission mode (Zimmermann, Bagcioglu, Sandt and 123 

Kohler 2015a). The saturation effect happens when the central part of the grain is opaque for a 124 

large part of the infrared spectrum of the light, and the small fraction of light that reaches the 125 

detector has passed through the periphery areas of pollen grain (i.e. grain wall). The resulting 126 

spectrum has high baseline contribution and oversaturation of signals, while the spectral 127 

information is predominantly obtained from the grain wall. Lastly, intact pollen grains can cause 128 

wavelength-dependent scattering effects since the sizes of pollen grains are at the same order as 129 

the wavelength range employed in the infrared spectroscopy measurements. 130 

The covered Fagales pollen have grain sizes within 25-50 µm range, and the first step of 131 

sample preparation was grain breakdown by sonication treatment. Pollen grains have a double-132 

layered grain wall composed predominantly of natural polymers: cellulose and sporopollenin. The 133 

grain wall has exceptional mechanical and chemical resilience and thus offers excellent protection 134 

from ambient effects. In particular, the outer layer of pollen grain wall (exine) offers vital 135 

protection to physical stress due to remarkable properties of sporopollenins, the highly resistant 136 

and complex biopolymers. Therefore, relatively strong disruptive and prolonged force needs to be 137 

applied in order to obtain complete breakdown of pollen samples. As can be seen in Figures 1 and 138 

2, incomplete fragmentation of pollen is obtained after short sonication times, resulting in low 139 

quality spectra. On the other hand, prolonged sonication treatment results in extensive 140 

fragmentation of sporopollenous exine and homogenization of intracellular material (Figure 1B). 141 
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 142 

Figure 1. Optical microscopic images of Quercus robur (Pedunculate oak) pollen grains with respect to 143 

different sonication treatment: A) 1 min, and B) 2 min. 144 

Figure 2 shows the effects of the sonication treatment on the quality of the FTIR spectra. 145 

In general, a high quality FTIR spectrum has a flat baseline positioned around zero absorbance and 146 

high signal-to-noise ratio (Figure 2). Since a sample film is acquired from 5-10 µL of a liquid 147 

sample, the exact quantity and concentration of pollen suspension should be adjusted for obtaining 148 

high quality spectra. Ideally, the pollen IR spectra should display an absorbance signal of the amide 149 

I band within 0.4-1.0 absorbance range (Kohler, Bocker, Shapaval, Forsmark, Andersson, 150 

Warringer, Martens, Omholt and Blomberg 2015). Amide I is used as a reference signal since it is 151 

usually the strongest absorption band in the FTIR spectra of biological cells. In the principal study, 152 

the pollen suspension was prepared by mixing approx. 1 mg of pollen sample with 500 µL of water, 153 

which is the minimal liquid amount needed for sonication. Following the sonication, the pollen 154 

suspension was centrifuged, concentrated by removing 400 µL of supernatant, and using 8 µL of 155 

the remaining suspension for the preparation of sample film, resulting in high quality FTIR spectra 156 

(Figure 2). The red spectrum in Figure 2 shows characteristic signals for pollen chemical 157 

constituents: carbohydrate at 1200-900 cm-1 (C-O-C, C-C and C-O stretching vibrations), 158 

sporopollenin at 1605, 1515, 1170 and 835 cm-1 (all vibrations are related to phenyl ring 159 

vibrations), lipid signals at 1745 (C=O stretch in esters), 1705 (C=O stretch in carboxylic acids), 160 

1470 (CH2 deformation), and 1170 cm-1 (C-O-C stretch), and protein signals at 1660-1630 (amide 161 
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I:C = O stretch) and 1555-1530 (amide II: NH deformation and C–N stretch) (Gottardini, Rossi, 162 

Cristofolini and Benedetti 2007, Zimmermann 2010, Zimmermann, Tkalcec, Mesic and Kohler 163 

2015b). In addition, the spectrum shows signals at 3050 cm-1 (=C-H stretch) and 2960-2830 cm-1 164 

(C-H stretch in –CH3 and –CH2–) that are predominantly associated with lipids, and in a smaller 165 

degree with carbohydrates and proteins as well.  166 

 167 

Figure 2. FTIR spectra of Alnus glutinosa (Black alder) pollen showing effect of sample preparation. 168 

Spectra obtained after: 1 min of sonication (top, blue) and 2 min of sonication (down, red). The marked 169 

bands are associated with molecular vibrations of (P) proteins, (L) lipids, (C) carbohydrates and (S) 170 

sporopollenins. 171 

Measurement variability in high throughput FTIR  172 

Dry films can have variations in morphology, including thickness and texture. This leads 173 

to noticeable baseline and absorbance variations in their FTIR spectra. Although these variations 174 

can be significant, they are predominantly additive and multiplicative effects, and thus can be 175 

readily suppressed by spectral pre-processing. In this study, we have converted spectra into second 176 

derivatives followed by EMSC, resulting in relatively small variation between replicate 177 

measurements. Conversion into second derivatives enhances chemical spectral features and 178 
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suppresses baseline variations, while EMSC enables correction of wavelength-dependent 179 

scattering effects and thus provides better separation of physical (i.e. scattering) and chemical 180 

information (Zimmermann and Kohler 2013). 181 

In order to investigate remaining measurement variability (after preprocessing) and to 182 

compare it to chemical variability between the samples, a measurement variability test was 183 

performed. It was expected that sonication pre-treatment and dry film preparation are the critical 184 

steps in high throughput measurement of pollen. Substantial variations in any of these two steps 185 

could considerably influence spectral reproducibility. Therefore, the measurement variability was 186 

examined regarding variability between sonication preparations and between technical replicates. 187 

The variability between sonication preparations refers to independently prepared suspensions of 188 

the same pollen sample by using the same sonication procedure. Technical replicates refer to 189 

preparation of dry films, i.e. to repeated FTIR measurements using the same pollen suspension that 190 

was applied to different sample positions on the silicon microplate. In addition, variability between 191 

microplates and between spectrometers was estimated as well. The variability between microplates 192 

was estimated by measurement of the same sample suspension on different silicon microtiter well 193 

plates, while the instrument variability was estimated by measuring the same sample plates with 194 

two FTIR spectrometers. 195 

The Pearson Correlation Coefficient (PCC), expressed as 1-PCC, was used to estimate the 196 

spectral variability of pollen samples (Table 2). The PCC measures correlation between variables, 197 

where a value of 1 indicates high positive correlation. Therefore, small variability is indicated by 198 

small 1–PCC values. The PCC was calculated for two infrared regions: 3200-2800 and 1800-1500 199 

cm-1.  200 

As can be seen in Table 2 and Figure 3, the measurement variability is relatively small. The 201 

biggest source of variation are technical replicates, i.e. imperfections in preparation of dry films on 202 

a microplate.  203 

The variations between measurement microplates, as well as between sample preparations 204 

by sonication, were smaller then for the variation caused by technical replicates. The difference 205 

between instruments was small, with slightly better precision for newer and more advanced 206 

instrument #2 (VERTEX 70 spectrometer). In general, the measurements reproducibility for a 207 
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given pollen sample is high compared to variability between different pollen samples. Therefore, 208 

the new high throughput FTIR approach can be considered as robust. 209 

 210 

Figure 3. (A) Variability between the two independently prepared pollen suspensions of the same sample 211 

(green and magenta); each sample includes 10 technical replicates. (B) Variability between the two 212 

microplates (orange and dark red) and between the two instruments (dark red and blue); each measurement 213 

includes 10 technical replicates. In addition, the PCA score plots include 300 measurements of a sonication 214 

variability test plate and a microplate variability test plate in two instruments (dots). The control sample 215 

(purple diamonds) is pollen sample from different Alnus incana tree, belonging to the same population and 216 

collected on the same day as the sample for the variability study.  217 
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Table 1. Variability for different technical replicates, sonications, microtiter plates, instruments, taxa, and 218 

pollination seasons. # designates number of spectra used in the variability tests.  219 

Type of variability 
3200-2800 cm-1 

(1-PCC*)x10-4 

1800-1500 cm-1 

(1-PCC*)x10-4 

Number 

of spectra 

Technical replicates; instrument #1 1 0.70±0.40 3.09±2.47 100 

Sonications; instrument #1 0.37 1.23 10 

Microplates; instrument #1 0.31 1.75 5 

Technical replicates; instrument #2 1 0.43±0.25 2.28±1.63 100 

Sonications; instrument #2 0.31 1.09 10 

Microplates; instrument #2 0.08 0.58 5 

Instruments 1 0.63±0.10 0.40±0.04 100 

Within Fagales 20.47 82.72 146 

Within Fagaceae 9.59 62.21 41 

Within Betulaceae 19.09 66.04 106 

Within Alnus 16.88 44.40 37 

Within Corylus 16.42 62.18 23 

Within Betula 18.13 54.45 43 

Within Quercus 10.55 44.20 28 

Within Alnus hirsuta 8.05 19.54 3 

Within Alnus viridis 9.87 30.14 4 

Within Alnus incana 12.63 30.25 15 

Intraseasonal of Alnus incana, Norway 2014 12.78 16.75 9 

Within Alnus glutinosa 16.73 44.17 15 

Intraseasonal of Alnus glutinosa, Norway 2014 8.40 35.68 10 

Within Corylus avellana 15.64 69.08 12 

Intraseasonal of Corylus avellana, Germany 2014 8.89 61.62 6 

Intraseasonal of Corylus avellana, Norway 2013 3.93 10.02 4 

Within Betula pendula 18.69 44.85 19 

Interannual of Betula pendula, Norway 18.29 44.46 9 

Intraseasonal of Betula pendula, Norway 2014 4 15.59 19.50 4 

Intraseasonal of Betula pendula, Norway 2013 5 11.14 25.09 3 

Within Quercus robur 10.50 29.29 28 

Interannual of Quercus robur, Norway 8.90 25.04 11 

Intraseasonal of Quercus robur, Norway 2013 7.14 6.56 4 

Intraseasonal of Quercus robur, Norway 2014 6.03 22.67 7 

Within Fagus sylvatica 0.99 3.91 13 

Intraseasonal of Fagus sylvatica, Norway 2014 0.84 4.39 6 

Intraseasonal of Fagus sylvatica, Croatia 2013 1.05 2.91 6 
1Based on 10 samples with 10 technical replicates each (± one standard deviation) 220 
4 Based on 4 samples from the same population, collected in Norway 2014 221 
5 Based on 3 samples from the same population, collected in Norway 2013  222 
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Biochemical fingerprints of pollen samples related to taxonomy 223 

The studied set of pollen samples covers related species of Fagales. The set includes six 224 

genera of Betulaceae (birch family) and Fagaceae (beech family), with 31 species in total. 225 

Moreover, the set contains samples from three distinct pollination seasons from 2012 to 2014, as 226 

well as from three distinct locations in the Northern hemisphere: Croatia, Germany and Norway. 227 

Therefore, the set offers a broad phylogenetic diversity with good representation at different taxa 228 

levels, as well as temporal and spatial diversity with good representation of climate conditions 229 

(Table 1).  230 

The data show an expected increase in spectral variability regarding taxonomy, going from 231 

species and genera to families and order (Table 2). In addition to the calculation of PCC values, 232 

principal component analysis (PCA) was performed to examine main variation patterns in the FTIR 233 

spectra (Figure 4). The variability within the different phylogenetic levels is approximately 1 to 2 234 

orders of magnitude higher than on the technical replicates level, and even variability within 235 

species can be 20-30 times higher than the technical replicates. One exception is the high 236 

consistency of Fagus sylvatica pollen composition. Fagus sylvatica pollen samples were collected 237 

in Norway and Croatia, and they show extremely small intra- and inter-locational variability (Table 238 

2 and Figure 4). 239 

Spectral variability for a range of Fagales species shows high differences in pollen’s 240 

chemical composition across taxa, in accordance with the published studies (Gottardini, Rossi, 241 

Cristofolini and Benedetti 2007, Pappas, Tarantilis, Harizanis and Polissiou 2003, Zimmermann 242 

and Kohler 2014, Zimmermann, Tafintseva, Bagcioglu, Hoegh Berdahl and Kohler 2016). It is 243 

important to notice that FTIR spectra present relative chemical composition of pollen grains, and 244 

the difference between Fagus and Quercus pollen composition is a good example. Fagus pollen 245 

shows higher relative amount of lipids and lower relative amount of proteins than Quercus pollen, 246 

as indicated by lipid related signals at 1745, 1463 and 1180 cm-1 and protein related signals at 1655 247 

and 1545 cm-1. This result is consistent with standard measurements of pollen composition, that 248 

have shown pollen protein content of 30.4% and 17.4 % for Quercus robur and Fagus sylvatica 249 

respectively (Roulston et al. 2000). On the other hand, one needs to take into consideration that a 250 

typical pollen grain of F. sylvatica has approx. double the size of Q. robur grain (radii of approx. 251 

22 and 17 µm respectively). Therefore, regarding absolute chemical content, both species have 252 

similar amount of proteins per individual grain, while F. sylvatica has significantly higher amount 253 
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of lipids per grain compared to Q. robur. However, our previous FTIR studies have shown that 254 

pollen lipids between various species of Quercus can vary tenfold, with some, such as Q. cerris, 255 

Q. libani and Q. frainetto, having approx. three times higher amounts of lipids that Q. robur 256 

(Zimmermann and Kohler 2014).  257 

Chemical composition of pollen and phenotypic plasticity 258 

The variability shows high differences in pollen’s chemical composition due to either 259 

location or pollination season. For example, pollen samples of Quercus robur, collected during the 260 

two consecutive seasons at the same location in Norway, show big variations in stored triglyceride 261 

nutrients (Figure 4 and Figure S1 in the Supporting Information). Higher triglyceride relative 262 

content (compared to sporopollenin) is present in the pollen grains from 2014 pollination season, 263 

as indicated by changes in lipid associated signals at 1745, 1470 and 1170 cm-1. Regarding location, 264 

Quercus robur pollen samples from Germany show even lower amounts of triglycerides. In 265 

addition, German samples show slight differences in the sporopollenin composition, as indicated 266 

by changes in signals at 1602, 1515, 1171 and 833 cm-1, as well as differences in lipids as indicated 267 

by signals at 1744 and 1706 cm-1 associated with triglycerides and free fatty acids respectively 268 

(Figure S1 in the Supporting Information).  269 

The differences in sporopollenin composition are of interest due to intricate correlation 270 

between sporopollenin chemistry and environmental conditions. Sporopollenin is the most 271 

complex and robust plant extracellular matrix, and is composed of polyhydroxylated unbranched 272 

aliphatic and phenolic constituents (Kim and Douglas 2013). The composition of sporopollenin is 273 

not uniform, but rather a group of related polymers with significant taxon-specific variations in 274 

chemical composition (Dominguez et al. 1999). The main components of sporopollenin are 275 

oxygenated phenylpropanoid building blocks, particularly p-coumaric and ferulic acids. Production 276 

of these phenolic acids in plants is induced by solar ultraviolet (UV-B) via the phenylpropanoid 277 

pathway, the same pathway responsible for synthesis of lignin and suberin biopolymers. Studies 278 

have shown that concentrations and ratios of phenylpropanoids in sporopollenin depend on the 279 

magnitude of UV-B radiation to which plants had been exposed, and could serve as a proxy for 280 

estimating variations in UV-B radiation in palaeoecology (Fraser et al. 2011, Rozema et al. 2009, 281 

Willis et al. 2011). Moreover, pollen grains are covered with pollenkit, a sticky pollen coat 282 

composed mainly of lipids and plant pigments, and, alike sporopollenin, composition of pollenkit 283 

is taxon-specific (Pacini and Hesse 2005). Both sporopollenin and pollenkit are developed under 284 
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control of sporophytic genome, as opposed to development of intracellular materials and intine that 285 

are under control of gametophytic genome (Blackmore et al. 2007). Alongside sporopollenin, 286 

pollenkit is also responsible for protection against UV radiation. Therefore, slight differences in 287 

the sporopollenin and lipid composition for Quercus robur samples collected in Germany and 288 

Norway could be result of variations in exposure to UV-B. In general, detailed FTIR measurements 289 

of sporopollenin and pollenkit compositions could offer valuable information on plant-290 

environment interaction and photoprotection mechanisms in plants.  291 

 292 
Figure 4. PCA plot of IR spectral data set of Fagaceae pollen (three spectra per sample), with depiction of 293 

plant genera (dot=Fagus, diamond=Quercus), locations and seasons. The percent variances for the first five 294 

PCs are 63%, 15%, 9%, 4% and 2%. (B) Loadings plot on the first principal component of the PCA; the 295 

marked signals are associated with vibrational bands of lipids (L) and sporopollenins (S). 296 
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 Results for spectral variability for Betula pendula pollen samples are similar to the results 297 

obtained for Quercus robur samples, in regards that separations based on seasons and locations are 298 

present as well (Figure 5 and Figure S2 in the Supporting Information). In general, the spectra from 299 

German samples indicate a lower amount of carbohydrates compared to those of the Norwegian 300 

samples. Carbohydrates have several important roles in pollen, including energy reserves and cold 301 

tolerance, and all of them would be beneficiary in relatively cold Norwegian environment 302 

(Speranza, Calzoni and Pacini 1997).  Moreover, inter-annual differences in the Norwegian pollen 303 

samples are based on higher lipid and protein relative content (compared to sporopollenin) for the 304 

2014 pollination season. The climate data for Ås (Table S1 in the Supporting Information) shows 305 

big difference between the seasons, with 2-4 °C higher average temperature and 50% more 306 

precipitation for February-May period in 2014 compared to 2013. Study on pollen of Petunia 307 

hybrida, has shown that protein composition was dependent on the day temperature during the plant 308 

growth (Herpen 1986). Similar to our result, the total amount of protein was higher for the plant 309 

grown at high temperature. In addition, in case of Petunia hybrid, pollen tube length was positively 310 

correlated with growth temperature (Herpen 1986). It has been stipulated that pollen developed at 311 

the high temperature has more reserve material and thus makes longer pollen tubes than pollen 312 

developed at the low temperature. However, the increase of lipids in pollen with the increase of 313 

temperature is opposite to the results of study on Pinaceae pollen. The study on several Abies, Picea 314 

and Pinus species has shown negative correlation between pollen lipid content and ambient 315 

temperature (Zimmermann and Kohler 2014). Considering that Fagaceae and Pinaceae are far 316 

related taxa, such difference in plant-environment interaction is not entirely unexpected. In general, 317 

pollen triglycerides are valuable energy and material reserve, and higher amounts of lipids in pollen 318 

grain should be advantageous for the grain germination. Nevertheless, triglyceride lipids are not 319 

the only nutrient reserve in pollen. For instance, pollen starch reserves can be interconverted to 320 

lower molecular weight saccharides as well as lipids, thus creating a complex balance of pollen 321 

nutrients (Pacini and Juniper 1984).  322 

 The relatively large intra-seasonal variations for Alnus glutinosa, Betula pendula and 323 

Quercus robur indicate that differences in pollen composition can be substantial, even for the same 324 

species living at the same location. In particular, this is prominent for Corylus avellana pollen 325 

samples collected in Germany during winter 2014. The samples were collected from six plants, 326 
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with large differences in pollination phenology spanning more than five weeks. As can be seen in 327 

Figure 6, the composition of German Corylus avellana pollen samples changes dramatically during 328 

the course of the season. The early pollinating German plants (mid-January – early February) have 329 

the lowest lipid-to-protein ratio, followed by huge increase in the ratio in mid-pollinating plants 330 

(mid-February). Late pollinating German plants (late February) have lower lipid-to-protein ratio, 331 

and their pollen composition is quite similar to the Norwegian plants. 332 

The high variation in pollen composition could be explained by Corylus avellana 333 

pollination strategy. Corylus avellana starts production of pollen during summer, and in late fall 334 

enters a dormancy period (Frenguelli et al. 1994). Dormant male catkins have high cold tolerance 335 

and can survive severe freezing and chilling conditions. Dormancy is finished with the rise of mean 336 

daily temperature, and the beginning of pollination is usually in late winter or early spring. The 337 

warming periods can vary substantially from year to year, and thus Corylus avellana, as well as 338 

other early pollinating species such as Alnus incana, often have large inter-annual variations in 339 

pollination phenology. Due to different adaptations to cold and warm weather, it can be expected 340 

that early pollinating species have larger variations in pollen composition between populations than 341 

late pollinators such as Fagus sylvatica and Quercus robur. Germany has several wild populations 342 

of Corylus avellana (Wanjiku and Bohne 2015), and it is highly probable that the plants growing 343 

in the Berlin botanical garden originate from different wild populations or cultivars. The 344 

Norwegian plants belong to the same cultivar, Corylus avellana ‘Aurea’, thus explaining more 345 

uniform phenology and pollen chemical composition.  346 
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 347 
Figure 5. PCA plot of IR spectral data set of Betula pendula pollen (three spectra per sample), with depiction 348 

of plant locations and seasons. The percent variances for the first five PCs are 35%, 21%, 14%, 9% and 9%. 349 

 350 

Figure 6. (A) PCA plot of IR spectral data set of Corylus avellana pollen (three spectra per sample), with 351 

depiction of plant locations and seasons. The percent variances for the first five PCs are 57%, 17%, 13%, 352 

5% and 3%. (B) Loadings plot on the first principal component of the PCA. (C) Corylus avellana pollen 353 

spectra of samples collected at different dates in Germany 2014; the marked signals are associated with 354 

vibrational bands of lipids (L) and sporopollenins (S). 355 
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CONCLUSIONS  356 

The high throughput FTIR approach discussed here enables rapid screening of large 357 

numbers of pollen samples. High quality spectra can be obtained, provided that sonication achieves 358 

sufficient fragmentation of pollen grains. Measurement variations due to sample preparation, 359 

microplate holders and instrumentation are low, and allow differentiation of samples with respect 360 

to phylogeny and biogeography. Specifically, the high quality of the data enables an observation 361 

of significant inter-annual, intra-seasonal and locational differences in the pollen spectra, which 362 

provide evidence that pollen chemical composition has high phenotypic plasticity and is influenced 363 

by local climate conditions. The changes are predominantly connected to changes in lipid 364 

triglyceride nutrients that play a crucial role in pollen germination and pollen tube 365 

growth.(Rodriguez-Garcia, M'rani-Alaoui and Fernandez 2003, Zhang et al. 2009) Regarding 366 

inter-annual variations, both Betula pendula and Quercus robur pollen samples from Norway had 367 

a higher relative content of triglycerides in 2014 samples compared to the samples from 2013 368 

pollination season. Large inter-seasonal variations in Corylus avellana pollen collected in Germany 369 

in 2014 are probably associated with population-specific adaptations to quick and early pollination.  370 

The results of the study, conducted on 146 Fagales samples, demonstrate the value of high 371 

throughput FTIR approach for the systematic collection of data on ecosystems. The novel FTIR 372 

approach offers fast, reliable and economical screening of large number of samples by semi-373 

automated methodology. The high-throughput approach could provide crucial understanding on 374 

plant-climate interactions with respect to biochemical variation within genera, species and 375 

populations. 376 

EXPERIMENTAL PROCEDURES 377 

Samples  378 

The studied pollen belongs to 31 different Fagales pollen species, covering 146 pollen 379 

samples in total (Table 2). Each sample comprised pollen belonging to approximately 10 male 380 

flowers (catkins) from the same individual plant. The pollen samples were collected directly from 381 

plants at flowering time during 2012, 2013 and 2014 pollination seasons at locations in Croatia, 382 

Germany and Norway. Pollen samples from Croatia were collected in Zagreb at the Botanical 383 

Garden of the Faculty of Science, the University of Zagreb. Pollen samples from Germany were 384 

collected in Berlin at the Berlin-Dahlem Botanical Garden, the Free University of Berlin. Pollen 385 
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samples from Norway were collected in Ås at campus area of Norwegian University of Life 386 

Sciences. After the sampling, the samples were kept at room temperature for 24 hours, and 387 

subsequently stored at −15 °C until measurements.  388 

Table 2. List of the pollen species. Sampling locations: N – Norway, G – Germany, C – Croatia.  389 

Family Genus Species Name 
N G C # 

2013 2014 2014 2012 2013 2014  

Fagaceae Quercus Q. cerris Turkish oak  1  1   2 

  Q. cocciena Scarlet oak  1     1 

  Q. shumardii Shumard oak    1   1 

  Q. palutris Spanish oak  1     1 

  Q. robur Pedunculate oak 4 7 2  1  14 

  Q. libani Lebanon oak    1 1 1 3 

  Q. ilex Evergreen oak     1  1 

  Q. petreae Irish oak  1  1 1  3 

  Q. faginea Lebanon oak     1  1 

  Q. frainetto Italian oak     1  1 

 Fagus F. sylvatica European beech  6  1 6  13 

Betulaceae Betula B. pendula Silver birch 3 6 4 1 4 1 19 

  B. alleghaniensis Yellow Birch 1 2     3 

  B. divaricata Middendorff's birch  1     1 

  B. ermanii Erman’s birch 2 2   1  5 

  B. lenta Black birch  2     2 

  B. papyrifera Paper birch 1 2     3 

  B. pubescens European white birch  2     2 

  B. raddeana Radde’s birch 1      1 

  B. utilis Himalayan birch 1 4     5 

  B. fruticosa Shrubby birch 1 1     2 

 Alnus A. glutinosa Black alder 1 10 3 1   15 

  A. hirsuta Manchurian alder 1 2     3 

  A. incana Grey alder 4 9 1 1   15 

  A. viridis Green alder 1 3     4 

 Corylus C. americana American hazel 1 2     3 

  C. avellana Common hazel 4 1 6 1   12 

  C. chinensis Chinese hazel    1   1 

  C. maxima Filbert hazel 2  3    5 

  C. cornuta Beaked hazel 1 1 1    3 

 Ostrya O. virginiana American hophornbeam  1     1 

Sample preparation 390 

In order to produce homogeneous suspensions of pollen samples that could be transferred 391 

to high-throughput FTIR plates and measured in transmission, the pollen samples were sonicated. 392 

Approximately 1 mg of a pollen sample was transferred into a 1.5 ml microcentrifuge tube 393 
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containing 500µl of distilled H2O. The sample was sonicated in an ice bath, by a 2mm probe 394 

coupled to a Q55 Sonicator ultrasonic processor (QSonica, LLC, USA) under 100 % power. The 395 

sonication period was two minutes in total, with 30s intermission after the first minute of 396 

sonication. Following the sonication, the sample was centrifuged with 13000 rpm for 10 min, and 397 

the suspension was concentrated by removing 400 µl of the supernatant. Out of the remaining 398 

suspension, three aliquots, each containing 8 µl, were transferred onto an IR-transparent silicon 399 

384-well microtiter plate (Bruker Optik GmbH, Germany). The microtiter plate was dried for 1 400 

hour at r.t. to create adequate films for FTIR measurement. 401 

From each pollen sample, only one sample solution was prepared. In order to test variability 402 

between different sonications and dry film preparations, Alnus incana (Norway, 2014) was 403 

measured on different microtiter plates using different instruments. For the sonication variability 404 

test, ten independent pollen suspensions were prepared by using the described procedure with the 405 

following modifications: microcentrifuge tubes were filled with the double amount of pollen and 406 

water, and, following centrifugation, 800 µl of supernatant was removed. Ten aliquots (each 407 

containing 8 µl) from each of the ten prepared suspensions were transferred onto one silicon 384-408 

well microtiter plate, designated as sonication variability test plate, thus creating 100 sample films. 409 

For technical replicates variability, ten spectra for each suspension were used. For sonication 410 

variability, average spectra for each suspension were used. Following the preparation of the 411 

sonication variability test plate, the remaining suspensions were combined into one stock 412 

suspension. For microplate variability test, five different microtiter well plates were prepared by 413 

using ten aliquots (each containing 8 µl) of the stock suspension. The five plates, designated as 414 

microplate variability test plates, contained 50 sample films in total. For microplate variability, 415 

average spectra for each microtiter plate were used. For instrument variability test, five microplate 416 

variability test plates and the sonication variability test plate were measured using two different 417 

HTS-XT FTIR spectrometer systems. For instrument variability, average spectra for each 418 

suspension from the sonication variability test plate were used. For variability between different 419 

pollen samples (taxa, pollination seasons, and locations) average spectra of three technical 420 

replicates were used. Schematic diagram of variability test study is in the Supporting Information 421 

(Fig. S3).  422 
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Measurement 423 

Infrared spectroscopy measurements were obtained using a HTS-XT extension unit coupled 424 

to a TENSOR 27 spectrometer (both Bruker Optik GmbH, Germany) (referred to as instrument 425 

#1). For instrument variability test, an additional spectrophotometer system, comprising HTS-XT 426 

extension unit coupled to a VERTEX 70 spectrometer (both Bruker Optik GmbH, Germany), was 427 

used (referred to as instrument #2). Both systems are equipped with a globar mid-IR source and a 428 

DTGS detector. The spectra were recorded in transmission mode, with a spectral resolution of 4 429 

cm-1 and digital spacing of 0.964 cm−1. Background (reference) spectra of an empty well on a 430 

microtiter plate were recorded before each sample well measurement. The spectra were measured 431 

in the 4000−500 cm-1 spectral range, with 32 scans for both background and sample spectra, and 432 

using an aperture of 5.0 mm.  433 

Data acquisition and instrument control was carried out using the OPUS/LAB software 434 

(Bruker Optik GmbH, Germany). 435 

Spectral pre-processing and data analysis  436 

The whole spectral range was used in the variability study, while the spectral region of 1900 437 

to 700 cm−1 was selected for PCA since this spectral region contains bands distinctive for pollen 438 

grains (Bağcıoğlu, Zimmermann and Kohler 2015, Zimmermann and Kohler 2014). All spectra 439 

were transformed to second derivative form by the Savitzky-Golay algorithm using a polynomial 440 

of degree two and a window size of 21 points in total. The window size was chosen based on noise 441 

level and digital spacing (Zimmermann and Kohler 2013). Following the transformation to 442 

derivative form, the spectra were processed by extended multiplicative signal correction (EMSC), 443 

an MSC model extended by a linear, quadratic and cubic component (Kohler et al. 2005, Kohler et 444 

al. 2008, Zimmermann and Kohler 2013). 445 

Biochemical similarities between pollen samples were estimated by using principal component 446 

analysis (PCA) and variability test based on Pearson correlation coefficients. All pre-processing 447 

methods and data analyses were performed using in-house developed routines written in MATLAB 448 

2014a. 8.3.0.532 (The MathWorks, Natick, USA).  449 
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Fig. S1. PCA of IR spectral data set of Fagaceae pollen (see Figure 4); Loadings plot on the second principal 

component of the PCA. 
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Fig. S2. PCA of IR spectral data set of Betula pendula pollen (see Figure 5); Loadings plot on the first two 

principal components of the PCA. 
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Table S1. Climate data for Ås, Norway, 2013-14 

 

Month Temperature, oC (average) Precipitation, mm (cumulative) 

2013 * 2014 ** 2013  * 2014 ** 

January -5,2 -2,6 44 89,7 

February -4,4 1,7 20,6 160,1 

March -3,6 3,8 3,6 47,3 

April 3,6 6,8 60,2 64,5 

May 12,0 11,1 125,3 44,1 

Detailed weather information:  
 

*Thue-Hansen V. and Grimenes A.A.  

Meteorologiske data for Ås 2014.  

Norwegian University of Life Sciences 2015.  

ISBN 978-82-7636-028-8  

(https://www.nmbu.no/download/file/fid/10111) 
 

**Thue-Hansen V. and Grimenes A.A.  

Meteorologiske data for Ås 2013.  

Norwegian University of Life Sciences 2014.  

ISBN 978-82-7636-027-1    

(https://www.nmbu.no/download/file/fid/4763) 
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Fig. S3. Schematic diagram of variability test study. 
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ABSTRACT 13 

Pollen quantity and quality are two significant factors regarding male reproductive success in 14 

plants. The quality component is related to genetic or environmental basis. The male reproductive 15 

function is reflected in pollen quality due to a trade-off between pollen size, nutritional value and 16 

metabolic cost. Pollen quality can be altered for any condition through phenotypic plasticity to 17 

maximize reproductive output under different environments. Pollen analysis have been widely 18 

used in climate and paleoclimate studies of environmental change and vegetation history by 19 

standard optical microscopy in order to provide information on pollen morphology and 20 

germination. Nevertheless, grass pollen is rarely identified at the subfamily or lover taxonomic 21 

levels. Fourier transform infrared (FTIR) spectroscopy, a biophysical technique that is providing 22 

a precise fingerprint of the overall biochemical composition of pollen grain, has recently emerged 23 

for pollen analysis. In this study, pollen samples belonging to three different species of Poales 24 

grown in controlled environments were measured by FTIR in order to study plasticity and genetic 25 

effects. Specifically, environmental and nutrients effects as well as phylogenetic relationships 26 

among the pollen were examined. The role of pollen variability in light of adaptation and success 27 

of male reproduction were discussed. It was shown that FTIR spectroscopy is not only a valuable 28 

tool for classification of pollen species, but also for shedding new light on the plant male function. 29 

As a consequence, the study demonstrated that pollen composition is species-specific and related 30 

to life-history strategies. Further, pollination season is species-specific and reflects biological 31 

function. Finally, environmental conditions influence pollen composition and reflects adaptation 32 

to local climate.  33 



2 
 

INTRODUCTION 34 

Pollen and ovules are the two key players in one of the most fundamental of all processes 35 

in plant biology, i.e fertilization. While the female function is well described, the biology of the 36 

male function is less investigated. The difference in weight given to male and female reproductive 37 

output in research can be ascribed to the relative ease with which the female reproductive output 38 

is measured compared to that of pollen. However, given its fundamental role in reproduction, we 39 

expect that the male function is under strong selective pressure to maximize reproductive success. 40 

Here we use novel spectroscopic techniques to investigate adaptations in the male reproductive 41 

function.  42 

Most studies on pollen structure and morphology have focused on taxonomy and 43 

phylogeny and little has been done on establishing the relationship between varying structure and 44 

composition and the evolution and adaptation of plant male function. Pollen quantity and quality 45 

are two key determinants of male reproductive success that both can limit fertilization through 46 

quantity in terms of pollen availability, and through quality in terms of pollen viability, 47 

germination capacity and tube development rate (Arceo-Gomez et al., 2016; Williams & Mazer, 48 

2016). We may expect trade-offs between quantity and distribution on one side and viability, 49 

germination, growth and fertilization success on the other side. The quality component can have 50 

both a genetic and an environmental basis (Burd, 2008; Rosenheim et al., 2014), but to what extent 51 

pollen quality is genetically fixed or environmentally induced remains unknown (or perhaps better 52 

with “poorly understood”). Several studies have, however, investigated the role of environmental 53 

factors on various aspects of pollen performance, but these studies are largely focused on post 54 

anther pollen conditions rather than conditions during pollen production and maturation (Williams 55 

& Mazer, 2016). Consequently, the link between the drivers of pollen quality during its production 56 

and pollen performance is largely unexplored. 57 

The cost of male reproductive function is likely reflected in pollen quality due to a trade-58 

off between pollen size, nutritional value and metabolic cost. Two main drivers of pollen quality 59 

evolution are widely accepted: one is pollination mode (by wind, water or animals), and the other 60 

is the length the pollen tube needs to grow from the stigma to the ovule i.e. that pollen of species 61 

with long distances need to be rich in energy and nutrients (Torres; Williams & Rouse; Lau & 62 

Stephenson, 1993). Consequently, pollen quality varies between species and families (Arceo-63 

Gomez et al., 2016; Williams & Mazer, 2016). Insect pollinated species, for example, frequently 64 
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use pollen as reward for pollinators and have in general higher protein and/or oil content (Jones & 65 

Little, 1983). Accordingly, Lidforss has showed that plants with high pollen protein content attract 66 

more insects (Lidforss, 1899). In comparison, wind- or self-pollinated species such as grasses have 67 

high starch contents (Speranza et al., 1997; Wang et al., 2004). The evolutionary rationale is that 68 

the metabolic cost of producing proteins and oils are higher than carbohydrates, and plants with 69 

non-rewarding pollen (e.g. wind-pollinators, self-pollinators, and nectar rewarders) will thus be 70 

characterized by pollen that are more rich in carbohydrates.  71 

If different pollination strategies are utilized within plant families, there may be within-72 

family mixtures of species that have pollen that differ in their nutrient composition, but the strictly 73 

anemophilous grass family Poaceae has exclusively starch rich pollen (Baker & Baker, 1979). 74 

Moreover, anemophilous species generally have small pollen as they need to produce vast amounts 75 

of pollen (Roulston et al., 2000). There is likely an evolutionary trade-off between size and number 76 

as it has been suggested that larger pollen give an advantage in competitive situations (Lau & 77 

Stephenson, 1993; Lau & Stephenson, 1994). Furthermore, grasses have only one ovule (Andersen 78 

& Bertelsen, 1972; Salih et al., 1997; Kellogg, 2001; Mander et al., 2013) hence strong male 79 

gametophytic competition may be a significant determinant of pollen quality within the Poaceae 80 

family. 81 

Given its fundamental importance, pollen quality may be genetically fixed for high 82 

performance independent of environmental conditions. Alternatively, it may be plastic to 83 

maximize reproductive output under different environmental conditions. One of the most studied 84 

and influential factors limiting pollen growth and development is temperature (Hedhly et al., 2004; 85 

Rang et al., 2011). Already in 1893, Molisch found that the content of starch in pollen grains of 86 

Anthirrinum majus changed throughout the season (Molisch, 1893)and Sears and Metcalf (Sears 87 

& Metcalf, 1926) identified less starch in pollen grains of Pelargonium matured at 25°C than at 88 

15°C. Germination and pollen tube growth under different temperature regimes have been much 89 

investigated. However, the role of pollen chemical composition – i.e. quality – is rarely (if ever) 90 

investigated, and the studies were focused only on the conditions during germination and pollen 91 

tube growth (Alcaraz et al., 2011; Pham et al., 2015). It has been shown that inter-annual variation 92 

in lipid content for Pinus, Picea and Abies is strongly correlated with temperature prior to 93 

pollination onset (Van Herpen & Linskens, 1981; Van Herpen, 1986; Lau & Stephenson, 1994; 94 

Zimmermann & Kohler, 2014). A few other studies also provide examples of how environmental 95 
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conditions during pollen maturation influence their chemical composition (Stanley & Linskens, 96 

1974). On the other hand, Baker and Baker (Baker & Baker, 1979) report that pollen size and 97 

nature of the pollen reserves are only little influenced by environmental factors.  98 

Pollen analyses have been widely used in climate and paleoclimate studies of 99 

environmental change and vegetation history, but also in biodiversity and community monitoring. 100 

Standard pollen analysis is predominantly obtained by optical microscopy in order to provide 101 

information on pollen morphology and germination. (Koti et al., 2004; Kakani et al., 2005; 102 

Sivaguru et al., 2012) However, microscopy identification is limited to reliably classified 103 

categories, such as size, shape and texture, and often results with low taxonomical resolution due 104 

to lack of distinctive morphological features. For instance, grass pollen is rarely identified at the 105 

subfamily or lover taxonomic levels. Alternative analyses, such as bio-imaging, proteomics and 106 

transcriptomics, can provide more detailed pollen analyses, particularly regarding pollen 107 

biochemistry.(Holmes-Davis et al., 2005; Matsushima et al., 2008; Suwabe et al., 2008) 108 

Unfortunately, all these methods are time-consuming and require complex sample preparation and 109 

laborious analysis by experienced specialists.  110 

Recently, Fourier transform infrared spectroscopy (FTIR) has emerged as a significant 111 

breakthrough in pollen analysis.(Pappas et al., 2003; Gottardini et al., 2007; Dell'Anna et al., 2009; 112 

Zimmermann, 2010; Lahlali et al., 2014; Zimmermann & Kohler, 2014; Bağcıoğlu et al., 2015; 113 

Jiang et al., 2015; Zimmermann et al., 2015a; Zimmermann et al., 2015b; Zimmerman et al., 2016) 114 

FTIR is a biophysical technique that is providing a precise fingerprint of the overall biochemical 115 

composition of pollen grain.(Zimmermann & Kohler, 2014; Bağcıoğlu et al., 2015; Zimmermann 116 

et al., 2015a; Zimmermann et al., 2015b) Moreover, FTIR can be combined with a microscope for 117 

focused measurement, thus providing single grain identification, as well as chemical imaging of 118 

pollen grain ultrastructure.(Zimmermann et al., 2015a; Zimmerman et al., 2016) In general, FTIR 119 

enables fast and economical measurement of samples without any chemical pre-treatment. The 120 

studies have shown that FTIR spectroscopy is a powerful method for pollen phenotyping since it 121 

provides precise identification and biochemical characterization with respect to phylogeny and 122 

environmental stress.(Lahlali et al., 2014; Zimmermann & Kohler, 2014; Jiang et al., 2015; 123 

Zimmermann et al., 2015b)  124 

In this paper we use FTIR methodology to study variability of pollen quality in the grass 125 

family. We grew closely related species under controlled climate to determine the degree and 126 
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nature of variation in pollen quality within and between species, and investigated to what extent 127 

pollen quality is plastic in response to differing temperatures and nutrient levels. We discuss the 128 

role of pollen variability in light of adaptation and success of male reproduction. We show that the 129 

use of FTIR paves way for more detailed study of the chemical composition of pollen and its role 130 

in plant adaptation. In combination with rigorous testing in controlled environments, FTIR can 131 

contribute new knowledge about plant male reproductive biology. 132 

MATERIALS AND METHODS 133 

Sample set 134 

Seed of three populations from each of the species Poa alpina, Anthoxanthum odoratum and 135 

Festuca ovina was acquired from the Nordic Gene Bank. The population were chosen to cover 136 

geographic and climatic variation. Seeds were sown spring 2013 in Tjerbo Gartnerjord (Tjerbo, 137 

Rakkestad, Norway), and 15 individuals per species grew outside at Norwegian University of Life 138 

Sciences, Ås, Norway over summer before we divided each individual into four clones. During 139 

this period, plants were fertilized upon need with water containing 4% Yara Kristalon Indigo 140 

(Yara, Skøyen, Norway) and 3% YaraLiva Calcium Nitrate (Yara, Skøyen, Norway) adjusted to 141 

an electron conductivity of 1.5. To induce flowering we vernalized the plants 12 weeks at 4°C 142 

under short day length (8 hours). After vernalization the four clones were subjected to four 143 

different treatments: high (20°C) and low temperature (14°C) in combination with high and low 144 

levels of nutrients (+/- NU). Plants from all treatments were grown under log day inductive 145 

conditions of 20 hours. The +NU plants were watered twice a week with nutrient containing water. 146 

The –NU plants received only water, thus no extra fertilizer apart from what was in the soil at the 147 

start of the flowering period was added. Plants were randomized between and within treatments. 148 

Within each treatment, plants were rotated three times a week. In total, 520 individuals were 149 

included in the flowering experiment, after removing misclassified individuals and some 150 

individuals with mould infection (see Table S1 in the Supporting information for details). 460 151 

individuals produced inflorescence, and, out of those, 435 produced sufficient amount of pollen 152 

for spectroscopic analysis (at least 0.5 mg per individual).  153 
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Spectroscopic analysis  154 

380 pollen samples, each belonging to a different individual plant, were covered by the 155 

main FTIR study. The main study covered 140 samples of Anthoxanthum odoratum (44, 48 and 48 156 

for populations France, Greece and Finland, respectively), 96 samples of Festuca ovina (48, 32 157 

and 16 for populations Sweden, Finland and Italy, respectively) and 144 samples of Poa alpina 158 

(48 samples for each of the populations: Sweden, Italy and Norway). Samples were uniformly 159 

distributed, to cover each of the four growth conditions with a quarter of samples (95 samples in 160 

total per growth condition). In addition to the main FTIR study, FTIR timeline study was conducted 161 

by covering 9 additional pollen samples of the same individual plant (Festuca ovina, population 162 

Italy, 20 °C with added nutrients), collected at different times (spanning 11 days in total). 163 

For FTIR measurements, homogeneous suspensions of pollen samples were prepared. 164 

Approximately 1mg of a pollen sample was transferred into 1.5 ml microcentrifuge tube containing 165 

500 µl of distilled H2O. The sample was sonicated in ice bath, by a 2mm probe coupled to a Q55 166 

Sonicator ultrasonic processor (QSonica, LLC, USA) under 100 % power. The sonication period 167 

was two minutes in total, with 30 s intermission after the first minute of sonication to minimize 168 

the increase of temperature. Following the sonication, the sample was centrifuged with 13000 rpm 169 

for 10 min, and the suspension was concentrated by removing 400 µl of supernatant. Out of the 170 

remaining suspension, three aliquots, each containing 8 µl, were transferred onto IR-light-171 

transparent silicon 384-well microtiter plate (Bruker Optik GmbH, Germany). The microtiter plate 172 

was dried at room temperature for 1 hour at r.t. to create adequate films for FTIR measurement. 173 

Infrared spectroscopy measurements were obtained using a HTS-XT extension unit 174 

coupled to a TENSOR 27 spectrometer (both Bruker Optik GmbH, Germany). The systems is 175 

equipped with a globar mid-IR source and a DTGS detector. The spectra were recorded in 176 

transmission mode, with a spectral resolution of 4 cm-1 and digital spacing of 0.964 cm−1. 177 

Background (reference) spectra of an empty well on a microtiter plate was recorded before each 178 

sample well measurement. The spectra were measured in the 4000−500 cm-1 spectral range, with 179 

32 scans for both background and sample spectra, and using an aperture of 5.0 mm.  180 

Data acquisition and instrument control was carried out using the OPUS/LAB software 181 

(Bruker Optik GmbH, Germany).  182 
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Spectral pre-processing and data analysis  183 

For the main FTIR study the FTIR spectral data set consisted of 1140 spectra, belonging 184 

to 380 pollen samples measured in three technical replicates. The entire spectral region of 4000 to 185 

500 cm−1 was used in the data analysis. The spectra were subjected to preprocessing by second 186 

derivative Savitzky-Golay algorithm(Savitzky & Golay, 1964) using a polynomial of degree two 187 

and a windows size of 7 points followed by extended multiplicative signal correction (EMSC) with 188 

linear and quadratic components. The final step of preprocessing was averaging of the technical 189 

replicates resulting in 380 average spectra in total. For the FTIR timeline study the FTIR spectral 190 

data set consisted of 75 spectra, belonging to 16 pollen samples of Italian Festuca ovina, 191 

population (from the main study) plus additional 9 samples of the same plant collected at different 192 

time points. The data was pre-processed in the same way as for the main study, but without the 193 

averaging step. 194 

Classification and biochemical similarities between pollen samples were evaluated by 195 

using principal component analysis (PCA), partial least-squares regression (PLSR), and variability 196 

tests based on Pearson correlation coefficients and Fisher discriminant analysis. PLSR was used 197 

for building discrete and hierarchical classification schemes.  198 

For the hierarchical classification, the data set was split into a training set, comprising 218 199 

spectra, and a validation set, comprising 162 spectra. The calibration model was established using 200 

Sparse partial least squares regression (SPLSR) with 3-block cross-validation (CV) of randomly 201 

split samples for the model evaluation. SPLSR is applied on the entire spectrum and penalizes 202 

those variables in loading weight vectors which are below a certain threshold. The threshold λ is 203 

defined by the desired number of variables to be neglected called degree of sparsity(Karaman et 204 

al., 2013). For each principal component the degree of sparsity is optimized in a range between 90 205 

and 99 percent of variables. The degree of sparsity resulting in minimum misclassification rate 206 

(MCR) was chosen as optimal. At the end, the optimal number of principal components is defined 207 

in a course of CV as the one which gives not significantly higher MCR than the minimum MCR 208 

(significance was evaluated by a binomial test; function binocdf in Matlab). Success rate (SR) is 209 

expressed in percentage and is defined as (1-MCR) ×100. A hierarchical classification tree with 210 

three levels (species, population, growth conditions) was established with one model for each 211 

node. Thus, one model for the species, 9 models for the populations and 36 models for the clones, 212 

resulting in 46 models in total. The CV results were of satisfactory quality with only few models 213 
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of poor performance. However, an independent validation is the best way to evaluate the 214 

classification model performance.  215 

To evaluate the ability to detect an influence of environmental conditions on the plants and 216 

pollen, classification models were established for nine different populations. First, each population 217 

was split into two groups of different temperatures. Second, each population was split into two 218 

groups of different nutrition conditions. The average number of samples in each population was 219 

42, which is not enough to perform an external validation. The statistical significance of the 220 

obtained models was evaluated by permutation test.(Lindgren et al., 1996; Szymanska et al., 2012) 221 

In each step of a permutation test, the labels of the samples are permuted randomly and a new 222 

classification model is established. A distribution of the null hypothesis, H0, is obtained by 223 

performing N=1000 permutations. A p-value is calculated by comparing permuted MCR, MCRp, 224 

to the original unpermuted MCR: 𝑝 = (1 + #(𝑀𝐶𝑅𝑝 ≤ 𝑀𝐶𝑅)) 𝑁⁄ . 225 

To evaluate the models’ performance, cross-validation, with 5-block and 6-block Venetian 226 

blinds was performed for temperature and nutrient classification respectively. To evaluate the 227 

ability to differentiate different nutrient and temperature conditions nine other models were 228 

established in the course of cross-validation with 4-block Venetian blinds. 229 

Fisher discriminant analysis was performed on the PCA scores of spectral data for each 230 

population separately. The between and within class scatter matrices were calculated as follows: 231 

𝑆𝑏 =  ∑ 𝑛𝑖𝑖 (µ − �̅�𝑖)(µ − �̅�𝑖)𝑇 and 𝑆𝑤 =  ∑ ∑ (�̅�𝑖 − 𝑥𝑖𝑗)(�̅�𝑖 − 𝑥𝑖𝑗)T
𝑗𝑖 , where µ is a global mean, �̅�𝑖 232 

is a group mean of group i, 𝑛𝑖 is a number of samples in group i. The ratio, Fisher clustering 233 

coefficient (FCC), 𝑆𝑏/𝑆𝑤 was used to evaluate the genotype- based clustering of spectral data in 234 

the PC subspace.  235 

The variability between samples for the FTIR timeline study was estimated by calculating 236 

Pearson Correlation Coefficient (PCC)(Lee Rodgers & Nicewander, 1988), and was expressed as 237 

1–PCC×10-4 for the spectral region 1700–1600 cm-1. 238 

All pre-processing methods and data analyses were performed using in-house developed 239 

routines written in MATLAB 2015a (The MathWorks, Natick, USA).  240 
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RESULTS 241 

Growth and flowering of sampled plants 242 

 Of the 520 individuals that were included in the flowering experiment, 460 individuals 243 

developed inflorescence, and out of those 435 created sizeable amount of pollen (≥0.5 mg) required 244 

for the FTIR measurement. The species have shown different flowering phenologies: While Poa 245 

alpina individuals were pollinating within 3-4 days, Anthoxanthum odoratum individuals were 246 

pollinating within several weeks, and with almost continuous production of new inflorescence. 247 

761 samples of pollen were collected in total (Table S1 and S2 in the Supporting information).  248 

 249 

Figure 1. Pollen phenology for grass species and populations, designating the start of pollination for first 250 

ten individuals per population; days are counted from the start of four different treatments. 251 
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As can be seen in Figure 1, higher temperature shifts start of pollination period by approx. 10 252 

days. Nutrient regime does not have big impact, except for Festuca ovina in cold treatment, where 253 

low nutrient regime delays pollination season for approx. 5 days. Poa alpina individuals have 254 

extremely synchronized pollination start. This is of importance since total pollination period for 255 

Poa alpina is approx. 3-4 days. Without good synchronization there would be small chance for 256 

cross pollination and gene flow. Anthoxanthum odoratum individuals have variable pollination 257 

start. This has not big impact since the individuals were pollinating within several weeks, and with 258 

almost continuous production of new inflorescence. Festuca ovina populations show both type of 259 

behavior. Swedish population had synchronized pollination start with short total pollination period 260 

(3-4 days) while Finish and Italian populations had variable pollination start with long pollination 261 

period (10-15 days). 262 

FTIR measurement of pollen 263 

The spectral variability of pollen samples was estimated by Pearson Correlation Coefficient 264 

(PCC) (Table 1). Variability was estimated by measurement of samples belonging to Italian 265 

population of Festuca ovina. Technical replicates refer to repeated FTIR measurements using the 266 

same pollen suspension, which was applied to different sample positions on the silicon well plate. 267 

The variability of the pollen composition for one individual during the pollination season was 268 

estimated based on spectral variability of samples belonging to the same plant (Festuca ovina, 269 

population Italy, 20 °C with added nutrients), collected during 11 consecutive days, from the start 270 

to the end of pollination. As can be seen from the Table 1, the variability in pollen composition for 271 

this individual was slightly higher than variability within FTIR measurement (i.e. technical 272 

replicates), and considerably lower than variability for the whole population in the corresponding 273 

growth condition. The spectral variability for the whole population in all four growth conditions 274 

is two-and-a-half times higher than variability within samples belonging to one individual plant. 275 

The results indicate that pollen composition of one individual grass plant is quite invariant during 276 

the intraseasonal pollination.   277 
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Table 1. Variability within technical replicates and biological samples of Festuca ovina (Italy). 278 

Type of variability (1-PCC)×10-4 

Technical replicates* 15±7 

Within F. ovina individual* 34 

Within F. ovina (Italy), 20 °C, N+ 56 

Within F. ovina (Italy) 85 

* Based on measurements of samples from the FTIR timeline study (see Materials and methods). 279 

Pollen composition and phylogeny 280 

The representative FTIR spectra of pollen of the three species are shown in Figure 2. The 281 

spectra is dominated by signals associated with proteins, lipids and carbohydrates.(Gottardini et 282 

al., 2007; Zimmermann et al., 2015b) The characteristic protein signals are at approx. 1650 cm-1 283 

(amide I:C = O stretch) and approx. 1540 cm-1 (amide II: NH deformation and C–N stretch), 284 

carbohydrate at 1200-900 cm-1 (C-O-C, C-C and C-O stretching vibrations), and lipid signals at 285 

1745 (C=O stretch), 1470 (CH2 deformation), and  1170 cm-1 (C-C stretch). The major 286 

carbohydrate signals (1200-1000 cm-1) can be associated with cellulose and amylose (starch). In 287 

addition, the spectra show signals related to CH stretching at 3050 cm-1 (=C-H stretch) and 2960-288 

2830 cm-1 (C-H stretch in –CH3 and –CH2–), that will always be observed due to the presence of 289 

alkyl and alkenyl groups in cellular components like lipids, proteins and carbohydrates. Finally, 290 

the spectra show signals associated with sporopollenins, a grain wall biopolymers based on 291 

phenylpropanoid acids.(Zimmermann, 2010; Bağcıoğlu et al., 2015) The major sporopollenins 292 

signals (1668, 1658, 1625, 1512, 850, 835, and 815 cm-1) can be associated with ferulic and sinapic 293 

building blocks, although the presence of p-coumaric building bloc cannot be excluded. 294 
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 295 
Figure 2. Representative spectra of pollen; all spectra belong to pollen samples collected from plants that 296 

were growing at 20°C in combination with high levels of nutrient. 297 

 Hierarchical classification of spectral data was conducted on three levels by SPLSR. 298 

Success rates (SR) for identification were: 1st level (species) SR=99.4%, 2nd level (population) 299 

SR=77.0%, and 3rd level (growth conditions) SR=43.5%. Confusion matrices for all three levels 300 

are presented in Figures S1-S3 in the Supporting information. 301 

The success rates for identification of samples obtained by SPLSR hierarchical 302 

classification of pollen FTIR spectral data can be seen in Table 2. The misclassification at species 303 

level occurred only for Finish population of Festuca ovina. The plants from this population often 304 

produced quite small amount of pollen, thus resulting with suboptimal sample quantities for FTIR 305 

measurement. The corresponding FTIR spectra had significantly lower absorbance values (approx. 306 

half of the average value for Anthoxanthum and Poa samples). Therefore, this misclassification 307 

could be attributed to technical reasons. In general, all three species have distinguishing FTIR 308 

spectra that can be used for extremely accurate identification. 309 
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Table 2. Success rates for identification of samples obtained by SPLSR hierarchical classification of pollen 310 

FTIR spectral data; results are based on validation set. 311 

Samples Identification of species Identification of populations 

A. odoratum, France 

100 % 

100 % 75 % 

A. odoratum, Greece 100 % 75 % 

A. odoratum, Finland 100 % 20 % 

F. ovina, Sweden 

98 % 

100 % 85 % 

F. ovina, Finland 94 % 59 % 

F. ovina, Italy 100 % 100 % 

P. alpina, Sweden 

100 % 

100 % 90 % 

P. alpina, Italy 100 % 100 % 

P. alpina, Norway 100 % 100 % 

The regression coefficients for classification of species show that the classification is based 312 

on several species-specific chemical fingerprints (Figure S4 in the Supporting information). P. 313 

alpina has higher protein-to-carbohydrate ratio than the other two species. This feature is clearly 314 

seen in Figure 1 by comparing ‘protein’ spectral regions (1700-1500 cm-1) and ‘carbohydrate’ 315 

spectral regions (1200-900 cm-1) of the three species. Differentiation between A. odoratum and the 316 

other two species is based on signals at 1076 and 1052 cm-1 that can be associated with higher 317 

concentration of amylose. In addition, Anthoxanthum has higher lipid-to-carbohydrate ratio than 318 

F. ovina. Differentiation between P. alpina and the other two species is based on the signal at 1164 319 

cm-1 that is probably associated with higher quantity of arabinoxylan. Moreover, ratios of 320 

sporopollenins-related signals at 1512, 1625, 1658 and 1668 cm-1 for A. odoratum and F. ovina 321 

indicate differences in sporopollenin composition. Finally, all three species show differences in 322 

the amount and chemical composition of lipids, as indicated by signals at 2923, 1745 and 1712 323 

cm-1.  324 

Chemical differences between populations are species specific (The regression coefficients 325 

for classification of populations are presented in Figures S5 in the Supporting information). While 326 

differences between populations of P. alpina are significant, enabling accurate identification of all 327 

three populations, the differences between either A. odoratum or F. ovina are less prominent (Table 328 

2). Regarding P. alpina, the Norwegian population has higher ratio of carbohydrates-to-lipids, 329 

compared to other two populations. These carbohydrate signals, in 1200-900 cm-1 region, can be 330 

associated with amylose. In addition, differentiation of P. alpina populations is based on extensive 331 

differences in amide I and amide II protein bands.  332 
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Pollen composition and growth conditions 333 

Table 3 shows the P-values for environmental effect on pollen FTIR spectral data. Eight 334 

populations, including all populations of Poa alpina, show statistically significant (P < 0.05) 335 

correlation between pollen composition and temperature conditions during plants growth. In 336 

addition, six populations show statistically significant correlation between pollen composition and 337 

nutrient conditions during plants growth, while in the remaining three cases the correlation is high 338 

(P<0.1), but not statistically significant. Italian population of Festuca ovina is the only population 339 

that has not shown high correlation between pollen composition and growth conditions. As stated 340 

previously, this could be due to lower spectral quality and smaller number of samples compared 341 

to an average population. To evaluate the influence of all four growth conditions on pollen 342 

composition, nine other models were established. The models were of successful quality, but on 343 

average worse than the separate temperature and nutrition classification models. 344 

The chemical interpretation of spectral differences regarding growth conditions should be 345 

done with precaution, since the differences are small, population specific and highly complex (The 346 

regression coefficients for classification based on growth conditions are presented in Figures S9-347 

S11 in the Supporting information). Nevertheless, some general conclusions can be made. 348 

Regarding nutrient conditions, the main spectral differences are associated with changes in 349 

sporopollenin (1626 and 1510) and lipid signals (1740-1710, 1473 and 1150 cm-1). Moreover, 350 

more nutrients results with higher protein-to-carbohydrate-ratio, as indicated by changes in protein 351 

signals (at approx. 1660 and 1530 cm-1) and starch signals (at approx. 1070 and 1050 cm-1). These 352 

differences are consistent for both A. odoratum and P. alpina. Regarding temperature conditions, 353 

the differences are species specific. Carbohydrate signals at 1083 and 1023 cm-1, probably related 354 

to amylose, are higher for A. odoratum samples grown in cold conditions than for warmer 355 

conditions. In case of P. alpina, the protein-related amide signals are higher for samples grown in 356 

warm conditions than for colder conditions.   357 
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Table 3. P-values and success rates (SR) for environmental effect on pollen FTIR spectral data; results are 358 

based on SPLSR calibration set.  359 

Samples 
Temperature Nutrients Growth conditions* 

P-value SR (%) P-value SR (%) P-value SR (%) 

A. odoratum, France 0.001 90.9 0.002 75.0  0.001 79.5  

A. odoratum, Greece 0.001 79.2 0.004 75.0  0.001 66.7  

A. odoratum, Finland 0.001 77.1 0.055 62.5  0.001 66.7  

F. ovina, Sweden 0.001 77.1 0.002 72.9  0.001 58.3  

F. ovina, Finland 0.009 75.0 0.074 65.6  0.005 43.8  

F. ovina, Italy 0.23 62.5 0.068 75.0  0.021 43.8  

P. alpina, Sweden 0.001 95.7 0.013 70.2  0.001 76.6  

P. alpina, Italy 0.001 97.9 0.001 91.7  0.001 85.4  

P. alpina, Norway 0.001 89.6 0.001 85.4  0.001 79.2  

*For SPLSR models for separation of all four environmental conditions with 10 principal 360 

components (detailed results are in the Supporting information). 361 

Phenotypic plasticity and rigidity of pollen composition 362 

 The Table 3 shows that pollen compositions of the majority of populations are quite plastic, 363 

particularly regarding temperature conditions. However, it is questionable if the remaining cases, 364 

for which there is no significant correlation with growth conditions, are showing opposite 365 

behaviour, i.e. phenotypic rigidity. To test this, we have performed clustering analysis based on 366 

genotypes (i.e. genet with four remets growing under different conditions), to estimate phenotypic 367 

rigidity based on Fisher clustering coefficient (FCC). The high FCC values indicate clustering 368 

based on genotype (i.e. high phenotypic rigidity), while low values indicate either high plasticity 369 

or random variability.  370 

The Fisher clustering coefficient (FCC) for estimating clustering based on genotype can be 371 

seen in Table 4. Finish population of Anthoxanthum odoratum has the highest FCC value, strongly 372 

implying high phenotypic rigidity (Figure S12 in the Supporting information). The FCC values for 373 

Finish population of Festuca ovina are relatively high, thus potentially indicating high phenotypic 374 

rigidity for this population as well. However, this could be due to, previously mentioned, lower 375 

spectral quality of data for this population, so random variability cannot be excluded. The lowest 376 

FCC values were obtained for Poa alpina populations, thus validating notion that this species has 377 

high plasticity of pollen chemical composition (Figure S12 in the Supporting information).  378 
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Table 4. Fisher clustering coefficient (FCC) for estimating clustering based on genotype. 379 

Samples FCC 

A. odoratum, France 0.26 

A. odoratum, Greece 1.09 

A. odoratum, Finland 10.29 

F. ovina, Sweden 0.60 

F. ovina, Finland 1.29 

F. ovina, Italy 0.16 

P. alpina, Sweden 0.08 

P. alpina, Italy 0.04 

P. alpina, Norway 0.01 

DISCUSSION 380 

The evolutionary and ecological role of variations in the chemical composition of pollen is largely 381 

unexplored, even though it is recognized that pollen chemical composition influences dispersal, 382 

germination and growth (Williams & Mazer, 2016), and thus most likely has adaptive significance. 383 

The lack of research on the role of pollen composition for pollen function is mostly due to 384 

methodological constrains. In this paper we show that FTIR spectroscopy is not only a valuable 385 

tool for classification of species, but also as a tool to shed new light on the plant male function. 386 

Three main conclusions can be drawn from our results: I) pollen composition is species-specific 387 

and related to life-history strategies; II) pollination season is species-specific and reflects the 388 

biological niche of the species; and III) environmental conditions influence pollen composition 389 

and reflects adaptation to local climate.  390 

FTIR reveal intra-familial differences that can be used for species differentiation 391 

The recent introduction of FTIR for analyses of pollen spectra show that the technique is 392 

capable of revealing phylogenetic patterns at high taxonomic levels (Zimmermann & Kohler, 393 

2014; Bağcıoğlu et al., 2015; Zimmerman et al., 2016). To explore the versatility of this tool in 394 

classification and phylogeny we asked if closely related species on a sub-family level could be 395 

separated based on their spectra. Our results show that all three grass species have highly specific 396 

FTIR profiles and the potential to use such profiles for identification is promising. As expected, 397 

spectra were dominated by proteins, lipids, carbohydrates and sporopollenin (Figure 1). We further 398 

asked if populations within a species could be separated based on spectra. Few attempts have been 399 
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made to analyze intraspecific variation of pollen spectra by FTIR, but Buta et al. (Buta et al., 2015) 400 

who successfully separated different cultivars of Saintpaulia. In our study we detected within 401 

species variations in pollen composition, hence our results corroborate (Buta et al., 2015) 402 

Interestingly, the amount of within species variation in pollen composition was species-specific. 403 

In particular, P. alpina had highly specific profiles for the three populations whereas classification 404 

of populations in A. odoratum and F. ovina was less precise. Importantly, this should not be 405 

interpreted as a limitation of the method, but as a reflection of the biological strategy of the 406 

different species. We will discuss this below.  407 

Growth conditions influence pollen quality 408 

Most studies on pollen structure and morphology have focused on taxonomy and 409 

phylogeny and little has been done on establishing the relationship between varying structure and 410 

composition and the evolution and adaptation of plant male function. We may expect trade-offs 411 

between quantity and distribution on one side and viability, germination, growth and fertilization 412 

success on the other side. Several studies have investigated the role of environmental factors on 413 

various aspects of pollen performance, however, they are largely focused on post anther pollen 414 

conditions rather than conditions during pollen production and maturation (Williams & Mazer, 415 

2016). Consequently, the link between pollen composition and pollen performance is largely 416 

unexplored. 417 

In P. alpina, pollen matured at high temperature had a higher level of proteins, whereas 418 

colder temperature gave higher levels of lipids and carbohydrates. Similar results were found for 419 

pollen of Petunia hybrida sired at lower temperatures (19.5 oC vs 25.5 oC), which showed a 420 

reduced level of protein and low-molecular weight carbohydrates (Van Herpen & Linskens, 1981; 421 

Van Herpen, 1986), whereas amount of lipids were the same. High levels of proteins under warmer 422 

conditions may increase the fitness of the plant as it facilitates pollen tube growth (Van Herpen & 423 

Linskens, 1981).  Furthermore, stigma tissue is more short-lived in warmer climate (Lora et al., 424 

2009) hence fast germination and growth facilitated by proteins may be favorable. In colder 425 

climate, wide dispersion could be favorable as the stigma tissue is more long-lived. A higher 426 

carbohydrate contents would make the pollen lighter and more easily distributed. This show the 427 

trade-off between high value nutrients during favorable conditions and lipids and carbohydrates 428 

during less favorable conditions. 429 
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More nutrients, including nitrogen and phosphorus, gave higher protein-to-carbohydrate-430 

ratio in both A. odoratum and P. alpina. A relationship between nutrition (phosphorous) and fitness 431 

was established in a study of Cucurbita pepo where plants in nutrient rich soils showed higher 432 

pollen production per flower and larger pollen grain size (Lau & Stephenson, 1994). This gave a 433 

fitness advantage as pollen from high phosphorous treatment sired significantly more mature seeds 434 

than pollen from nutrient poor soils. It is reasonable to conclude that a similar fitness advantage 435 

can be found in A. odoratum and P. alpina grown under high nutrient conditions in our study. 436 

Although we have not measured pollen grain size, it can be assumed that certain increase is pollen 437 

grain size is present for grass species. Given that, the parent plant will need to invest more nutrients 438 

per pollen grain in order to maintain functionality of bigger pollen grains. This will require higher 439 

amount of carbohydrates for grain wall (intine), in form of cellulose and arabinoxylan, and starch 440 

in cytoplasm. This will also require higher amount of proteins. Although proteins are present in 441 

the grain wall, this amount is minor compared to proteins in cytoplasm. Since increase of pollen 442 

size leads to higher increase of volume of cytoplasm than increase of pollen grain wall (due to 443 

square-cube law), bigger pollen grains will have higher protein-to-carbohydrate-ratio than smaller 444 

grains.  445 

Furthermore, we also demonstrate that changes in lipids and sporopollenin are associated 446 

with different nutrient regimes of parent plants. However, the nature of these changes are more 447 

diffuse and we might only speculate that it is adaptive. Lipids play an important role in pollen 448 

germination (Dickinson et al.) and are essential for the pollen tube to penetrate the stigma, possibly 449 

through directing pollen-tube growth by controlling flow of water to pollen (Wolters-Arts et al., 450 

1998). Sporopollenin is a complex biopolymer of variable chemical composition that provides 451 

strength and resilience to outer layer (exine) of pollen grain wall. Alike lignin, chemical 452 

composition of sporopollenin is not uniform and it can show large variations in chemical 453 

composition (Dominguez et al., 1999). Both sporopollenin and surface grain-wall lipids are 454 

developed under control of sporophytic genome, as opposed to intracellular materials that are 455 

developed under control of gametophytic genome (Piffanelli et al.; Blackmore et al., 2007). In 456 

both cases, the results could indicate that biosynthetic pathways involved in the formation of lipids 457 

and sporopollenin are altered towards production of chemically somewhat different products due 458 

to different nutrient treatments of sporophytes.  459 
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Finally, decrease of amylose related signals with temperature in A. odoratum could indicate 460 

acclimation to warmer conditions. The decreased concentration of amylose could indicate that 461 

pollen starch is partly hydrolyzed into low molecular weight carbohydrates, such as sucrose, 462 

glucose and fructose. These soluble carbohydrates are related to pollen longevity through 463 

regulation of water content (Hesse, 2006). The pollen of grasses is not dehydrated upon release 464 

like most plant species and loose water quickly (Bassani et al., 1994). Study on maize pollen has 465 

shown that sucrose levels are strongly correlated to sensitivity to desiccation, and that sucrose is a 466 

key factor in preserving membranes in dry pollen (Hoekstra et al., 1989). The same study has 467 

shown that starch hydrolysis increases during slow drying, thus significantly increasing resistance 468 

of pollen to desiccation.  469 

Species-specific responses indicate adaptation to different niches  470 

The three species show species-specific responses that are explainable in the light of 471 

different life histories, distribution patterns and niches. Festuca ovina and A. odoratum are 472 

widespread Eurasian species that grow in a wide range of environments, from lowland to alpine 473 

regions. P. alpina has a restricted distribution and an alpine and sub-arctic distribution. 474 

Corresponding to this, A. odoratum and F. ovina are more of generalists (Fjellheim et al., 2015) 475 

than P. alpina, although all species are plastic in response to different environments. Short growing 476 

season is characteristic for all parts of the distribution area of P. alpina and accordingly, the 477 

pollination season of P. alpina was short and concluded in 3-4 days. Festuca ovina and A. 478 

odoratum mostly had prolonged pollination continuing over several weeks and A. odoratum 479 

continuously produced new inflorescences. 480 

Poa alpina has a higher protein-to-carbohydrate ratio than A. odoratum and F. ovina 481 

reflecting the advantage of high quality pollen in a short growing season (Fjellheim et al., 2015). 482 

P. alpina also had the highest level of plasticity of the species which may be a specialization to 483 

maximize reproductive output in the short growing season often with unpredictable and unstable 484 

climatic conditions. However, to establish if plasticity is adaptive and enhance fitness, further 485 

research is needed.  486 

As opposed to P. alpina, A. odoratum and F. ovina produce more pollen over longer 487 

periods of time (Figure 2), invest less in each pollen grain (i.e. higher carbohydrate-to-pollen ratio) 488 
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and pollen composition is more invariant between populations and environments. Taken together 489 

this reflects more of a generalist strategy with a trade-off between quality and quantity giving more 490 

rather than high-quality pollen. P. alpina invest more in quality in terms of higher protein-to-491 

carbohydrate ratio and plastic responses, but produce less pollen in a short time span. It is 492 

interesting to notice the differences in amide I banding patterns between the populations as amide 493 

I has been shown to prevent loss of hydrogen bonds during heat stress, which could be adaptive in 494 

the Italian population (Lahlali et al., 2014). Within species, all populations of P. alpina had specific 495 

spectra whereas the differences were less prominent in A. odoratum and F. ovina. The distinct 496 

profiles of the P. alpina populations may be related to the discontinuous distribution pattern of the 497 

species (Fjellheim et al., 2015), possibly also in combination with limited pollen production period 498 

(Figure 3). This will prevent gene flow between populations which over time will diverge. The 499 

opposite is the case for F. ovina and A. odoratum which have enormous potential for gene flow 500 

between populations through prolonged pollen production period and continuous geographic 501 

distribution. Norwegian populations of P. alpina are more divergent than populations of F. ovina, 502 

most likely reflecting a difference in gene flow (Jørgensen et al., 2016). The outcrossing temperate 503 

forage grass Phleum pratensis is a species very similar in biology and distribution as F. ovina and 504 

A. odoratum and show no genetic structure in the entire distribution area reflecting large amount505 

of gene flow (Fjellheim et al., 2015). It is likely that F. ovina and A. odoratum also exhibit large 506 

amount of gene flow which will counteract divergence between populations.  507 

CONCLUSION 508 

The value of FITR as a method of classification on higher taxonomic levels has been shown 509 

in several papers (Zimmermann, 2010; Zimmermann & Kohler, 2014; Bağcıoğlu et al., 2015; 510 

Zimmermann et al., 2015a). In this study we show that classification of species is extremely 511 

accurate also on a subfamily level. Furthermore, our study indicate that pollen composition has an 512 

adaptive role and should be investigated in more detail in future studies. Prospected climate change 513 

may have an influence on pollen quality and the potential for species to respond to those changes 514 

through adaptive evolution remain unexplored. Global climate change is already disrupting plant 515 

flowering phenology across the northern hemisphere, with higher temperatures related to earlier 516 

onset dates (Menzel et al., 2006). It has been shown that temperature stress can have a damaging 517 

effect on development, transport and germination of pollen (Bokszczanin & Fragkostefanakis, 518 
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2013). As one of the two key components of pollination, the consequence of environmental 519 

changes on pollen composition should be investigated in more detail. More studies are needed to 520 

study if plasticity in pollen composition is adaptive and to see the direct effects of pollen 521 

composition on fitness under different conditions. FTIR coupled with controlled environment 522 

studies of plants and effect on fitness of pollen with different composition has the potential to shed 523 

new light on the evolutionary significance of plant male function and adaptation.  524 
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Anthoxanthum odoratum Festuca ovina Poa alpina 

France Greece Finland Sweden Finland Italy Sweden Italy Norway 

14 °C 
+NU

11 (20) 14 (26) 15 (26) 15 (39) 8 (14) 4 (8) 15 (36) 12 (20) 14 (34) 

14 °C 
- NU

11 (19) 14 (28) 15 (28) 15 (20) 8 4 (6) 15 (28) 14 (18) 14 (39) 

20 °C 
+NU

11 (19) 14 (21) 13 (16) 15 (21) 8 (20) 4 (17) 15 (19) 14 (32) 14 (23) 

20 °C 
- NU

11 (21) 14 (28) 14 (20) 15 (19) 8 4 (7) 15 (25) 13 (15) 14 (25) 

4 clones 11 14 13 15 5 3 15 11 14 

Table S1. List of samples with number of sampled individuals, and total number of pollen samples. 

Last row designates number of genotypes for which all four clones were sampled. 

Anthoxanthum odoratum Festuca ovina Poa alpina 

France Greece Finland Sweden Finland Italy Sweden Italy Norway 

14 °C 
+NU

11 12 12 12 8 4 12 12 12 

14 °C 
- NU

11 12 12 12 8 4 12 12 12 

20 °C 
+NU

11 12 12 12 8 4* 12 12 12 

20 °C 
- NU

11 12 12 12 8 4 12 12 12 

Total 44 48 48 48 32 16 48 48 48 

Table S2. List of samples covered by main FTIR study. *9 additional pollen samples of the same 

individual plant, collected at different times, were covered by FTIR timeline study. 
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Fig. S1 Confusion matrix for hierarchical classification for 1st level (species); AO: Anthoxanthum 

odoratum, FO: Festuca ovina, PA: Poa alpina; number of spectra in parenthesis; MCR: 

misclassification rate, SR: success rate.  
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Fig. S2 Confusion matrix for hierarchical classification for 2nd level (population); AO: 

Anthoxanthum odoratum (p1: France, p2: Greece, p3: Finland), FO: Festuca ovina (p1: Sweden, 

p2: Finland, p3: Italy) PA: Poa alpina (p1: Sweden; p2: Italy, p3: Norway); number of spectra in 

parenthesis; MCR: misclassification rate, SR: success rate.  
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Fig. S3 Confusion matrix for hierarchical classification for 3rd level (growth conditions); AO: Anthoxanthum odoratum (p1: France, p2: 

Greece, p3: Finland), FO: Festuca ovina (p1: Sweden, p2: Finland, p3: Italy) PA: Poa alpina (p1: Sweden; p2: Italy, p3: Norway); c1: 14°C 

+NU, c2: 14°C -NU, c3: 20°C +NU, c4: 20°C –NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate.
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Fig. S4 (Part A) Hierarchical classification for 1st level (species): The regression coefficient for 

Anthoxanthum odoratum. 

Fig. S4 (Part B) Hierarchical classification for 1st level (species): The regression coefficient for Festuca 

ovina. 
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Fig. S4 (Part C) Hierarchical classification for 1st level (species): The regression coefficient for Poa 

alpina. 
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Fig. S5 (Part A) Hierarchical classification for 2nd level (population): The regression coefficient for Poa 

alpina, Sweden. 

Fig. S5 (Part B) Hierarchical classification for 2nd level (population): The regression coefficient for Poa 

alpina, Italy. 
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Fig. S5 (Part C) Hierarchical classification for 2nd level (population): The regression coefficient for Poa 

alpina, Norway. 
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Fig. S6 (Part A) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, France, N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: 

success rate.  

 
Fig. S6 (Part B) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, Greece, N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: 

success rate.  
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Fig. S6 (Part C) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, Finland, N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: 

success rate.  

Fig. S6 (Part D) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, France, K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, 

SR: success rate.  
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Fig. S6 (Part E) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, Greece, K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, 

SR: success rate. 

 
Fig. S6 (Part F) Confusion matrix for classification based on growth conditions; Anthoxanthum 

odoratum, Finland, K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, 

SR: success rate.  
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Fig. S7 (Part A) Confusion matrix for classification based on growth conditions; Festuca ovina, Sweden, 

N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate.   

Fig. S7 (Part B) Confusion matrix for classification based on growth conditions; Festuca ovina, Finland, 

N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 
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Fig. S7 (Part C) Confusion matrix for classification based on growth conditions; Festuca ovina, Italy, N: 

-NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate.

Fig. S7 (Part D) Confusion matrix for classification based on growth conditions; Festuca ovina, Sweden, 

K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate.   
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Fig. S7 (Part E) Confusion matrix for classification based on growth conditions; Festuca ovina, Finland, 

K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 

 
Fig. S7 (Part F) Confusion matrix for classification based on growth conditions; Festuca ovina, Italy, K: 

14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 

  



16 

Fig. S8 (Part A) Confusion matrix for classification based on growth conditions; Poa alpina, Sweden, 

N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 

Fig. S8 (Part B) Confusion matrix for classification based on growth conditions; Poa alpina, Italy, N: -

NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 
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Fig. S8 (Part C) Confusion matrix for classification based on growth conditions; Poa alpina, Norway, 

N: -NU, Y: +NU; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 

Fig. S8 (Part D) Confusion matrix for classification based on growth conditions; Poa alpina, Sweden, 

K: 14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 
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Fig. S8 (Part E) Confusion matrix for classification based on growth conditions; Poa alpina, Italy, K: 14 

°C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 

Fig. S8 (Part F) Confusion matrix for classification based on growth conditions; Poa alpina, Norway, K: 

14 °C, V: 20 °C; number of spectra in parenthesis; MCR: misclassification rate, SR: success rate. 
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Fig. S9 (Part A) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, France, +NU; the regression coefficient for –NU is inverse. 

Fig. S9 (Part B) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, Greece, +NU; the regression coefficient for –NU is inverse. 
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Fig. S9 (Part C) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, Finland, +NU; the regression coefficient for –NU is inverse. 

 

 
Fig. S9 (Part D) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, France, 20°C; the regression coefficient for 14°C is inverse. 
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Fig. S9 (Part E) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, Greece, 20°C; the regression coefficient for 14°C is inverse. 

Fig. S9 (Part F) Classification based on growth conditions: The regression coefficient for Anthoxanthum 

odoratum, Finland, 20°C; the regression coefficient for 14°C is inverse. 
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Fig. S10 (Part A) Classification based on growth conditions: The regression coefficient for Festuca 

ovina, Sweden, +NU; the regression coefficient for –NU is inverse. 

Fig. S10 (Part B) Classification based on growth conditions: The regression coefficient for Festuca 

ovina, Finland, +NU; the regression coefficient for –NU is inverse. 
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Fig. S10 (Part C) Classification based on growth conditions: The regression coefficient for Festuca 

ovina, Italy, +NU; the regression coefficient for –NU is inverse. 

Fig. S10 (Part D) Classification based on growth conditions: The regression coefficient for Festuca 

ovina, Sweden, 20°C; the regression coefficient for 14°C is inverse. 
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Fig. S10 (Part E) Classification based on growth conditions: The regression coefficient for Festuca ovina, 

Finland, 20°C; the regression coefficient for 14°C is inverse. 

Fig. S10 (Part F) Classification based on growth conditions: The regression coefficient for Festuca ovina, 

Italy, 20°C; the regression coefficient for 14°C is inverse. 
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Fig. S11 (Part A) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Sweden, +NU; The regression coefficient for –NU is inverse. 

Fig. S11 (Part B) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Italy, +NU; The regression coefficient for –NU is inverse. 
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Fig. S11 (Part C) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Norway, +NU; The regression coefficient for –NU is inverse. 

 

 
Fig. S11 (Part D) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Sweden, 20°C; The regression coefficient for 14°C is inverse. 
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Fig. S11 (Part E) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Italy, 20°C; The regression coefficient for 14°C is inverse. 

Fig. S11 (Part F) Classification based on growth conditions: The regression coefficient for Poa alpina, 

Norway, 20°C; The regression coefficient for 14°C is inverse. 



28 

 

 
Fig. S12 (Part A) Principal component analysis for Anthoxanthum odoratum, Finland, showing clustering 

based on genotype. 

 

 
Fig. S12 (Part B) Principal component analysis for Poa alpina, Norway, showing clustering based on 

genotype. 
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