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Conifer trees, including Norway spruce, are threatened by fungi of the Heterobasidion annosum species complex,
which severely aﬀect timber quality and cause economic losses to forest owners. The timely detection of infected
trees is complicated, as the pathogen resides within the heartwood and sapwood of infected trees. The presence
of the disease and the extent of the wood decay often becomes evident only after tree felling. Fourier-transform
infrared (FT-IR) spectroscopy is a potential method for non-destructive sample analysis that may be useful for
identifying infected trees in this pathosystem. We performed FT-IR analysis of 18 phloem, 18 xylem, and 18
needle samples from asymptomatic and symptomatic Norway spruce trees. FT-IR spectra from 1066 – 912 cm−1
could be used to distinguish phloem, xylem, and needle tissue extracts. FT-IR spectra collected from xylem and
needle extracts could also be used to discriminate between asymptomatic and symptomatic trees using spectral
bands from 1657 – 994 cm−1 and 1104 – 994 cm−1, respectively. A partial least squares regression model
predicted the concentration of condensed tannins, a defense-related compound, in phloem of asymptomatic and
symptomatic trees. This work is the ﬁrst to show that FT-IR spectroscopy can be used for the identiﬁcation of
Norway spruce trees naturally infected with Heterobasidion spp.

1. Introduction
Conifers, including Norway spruce (Picea abies) and Scots pine
(Pinus sylvestris), are a major source of wood products for the Finnish
forest industry, an important sector of the Finnish economy. In 2015,
this sector contributed approximately 11.6 billion euros of exported
product, which accounted for around 5% of Finnish gross domestic
product, and approximately 22% of Finnish exports [1]. Nevertheless,
this natural resource is threatened by arthropod pests and pathogens,
including fungi of the Heterobasidion annosum species complex, which
causes root and butt rot diseases [2,3]. The pathogen is one of the most
serious problems for Finnish forests as well as northern boreal conifer
forests with annual economic losses estimated at 50 and 800 million
euros for Finnish forest and European forest owners, respectively [4–6].
The H. annosum species complex, based on morphological features,
ecology, and molecular analysis, consists of three European species: H.
annosum sensu stricto, H. parviporum and H. abietinum with Scots pine,

Norway spruce and silver ﬁr as preferred hosts, respectively, and two
North American species: H. irregulare (attacking species of pine, juniper,
and incense cedar) and H. occidentale (with broad host range, including
species of ﬁr, spruce, hemlock, Douglas-ﬁr (Pseudotsuga menziesii) and
Sequoiadendron giganteum) [4,7]. Heterobasidion annosum has a unique
life-style, as it can live both as a saprotroph (on dead wood tissues) and
as a necrotroph (by killing living cells of the host trees) [7–10]. In
Finnish forests alone, about 15% of the Norway spruce trees harvested
are rotted due to infection by H. parviporum. The proportion of decay by
volume caused by Heterobasidion is about 47–90% of the total rot in
Norway spruce [11].
Unlike many other forest tree pathogens, the symptoms of infection
by Heterobasidion spp. are not overtly manifested and often remain
obscure even for experienced forest pathologists. In Norway spruce, the
pathogen resides within heartwood and sapwood, causing a formation
of a decay column within the trunk, but the infection may remain unnoticed for years. In the absence of visible fruiting bodies of the
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forest, with tree age of ca. 55–60 years and approximately 15–20 meter
in height at the time of sampling. Xylem (sapwood/heartwood) and
phloem (inner bark) and needle tissues were collected from the three
plots. Xylem and phloem were taken at the stump level, and second
year needles were sampled from the top crown. Xylem samples used for
analysis were cross sections containing both early and late woods,
whereas phloem samples were mechanically separated by removing the
outer bark. Sampling was conducted simultaneously with tree harvesting. Samples were collected within a few minutes after respective
trees were felled, put in dry ice, and then stored in a –80° C freezer until
further analysis.
The sampled trees were classiﬁed as asymptomatic or symptomatic
depending on the presence of visible wood decay symptoms in the
xylem (heartwood and sapwood) at the stump level. Asymptomatic
trees had no visually detectable symptoms of wood decay, whereas
symptomatic trees were characterized by the presence of clear symptoms of decay. The trees were naturally infected by Heterobasidion spp.,
and no artiﬁcial inoculations were performed. Presence of
Heterobasidion in decayed trees was conﬁrmed by molecular identiﬁcation [22]. Sampled xylem and phloem tissues were subjected to
chemical analysis, and the content of phenolic compounds was determined [23,24].

pathogen and readily observable symptoms, the extent of the decay
often becomes evident only after tree felling, either during thinning or
harvesting. Therefore, the cryptic nature of Heterobasidion infection
prevents timely detection of infected trees and contributes to the pathogen damage.
Conifers have constitutive and induced defense systems to protect
against pathogen invasion. Some of the inherent chemical defenses of
conifer tissues include the ability to synthesize and secrete compounds
(e.g., terpenes, ﬂavonoids, stilbenes, lignans, etc.) that immobilize or are
toxic to invading organisms, and bolster trees’ defense against pathogens like Heterobasidion [12]. The pathogen can also be managed by a
combination of silvicultural methods (e.g., stump removal, thinning,
and pruning), chemical control (e.g., urea and borates), and by a biological control agent (e.g., Phlebiopsis gigantea). Unfortunately, these
methods do not oﬀer 100% protection [13]. In fact, conifer trees with
natural resistance against the pathogen are desired; hence, a primary
objective of our work is to ﬁgure out an alternative technique for
identifying genetic or chemical biomarkers of resistance.
Currently available approaches for screening and phenotyping trees
for disease resistance based on both natural and artiﬁcial infection are
not optimal, eﬀective, or eﬃcient. Currently available approaches are
laborious and time-consuming, and depend on the trees’ age and size
[14–17]. An ideal approach would be rapid, accurate, cost-eﬀective,
and should have the potential to be adapted for high-throughput
screening or phenotyping under ﬁeld conditions [18,19].
One such approach is chemical phenotyping (chemotyping or chemical ﬁngerprinting). This technique enables proﬁling of a wide spectrum of plant-derived chemicals, which is more advantageous in comparison with traditional approaches that focus either on a single
chemical compound or on a limited number of compounds. In addition,
chemical ﬁngerprinting has the potential utility for 1) reducing the
space and time needed to inoculate progeny/assess disease resistance;
2) identifying biomarkers of disease resistance; and 3) developing and
validating predictive models [17]. Fourier-transform infrared (FT-IR)
spectroscopy is a commonly used vibrational spectroscopy method,
which can be used to produce chemical ﬁngerprints of solid, liquid, or
gaseous samples. The technique can be more eﬀective and eﬃcient than
other traditional approaches [19,20]. It has promising results in applications involving forest trees, and is able to successfully predict tree
resistance prior to infection [21]. Hence, the use of FT-IR spectroscopy
should provide additional insights in the study of the Heterobasidionconifer pathosystem.
Previous studies, using the same cohort of ‘asymptomatic’ (without
visible decay symptoms) and ‘symptomatic’ (with well-deﬁned decay
symptoms) Norway spruce trees, showed that these trees are naturally
infected with Heterobasidion spp. [22,23] and have diﬀerent levels of
host transcripts, phenolics, and terpenoids [24].
We hypothesized that FT-IR spectroscopy would allow us to discriminate both between tissues and between symptomatic and asymptomatic trees. We also explored the possibility of using needle samples
for this purpose, as this would allow for rapid screening without the
need for invasive sampling of woody tissues. Additionally, we examined
whether the observed diﬀerences in FT-IR spectra of sampled trees
correlate with the concentration of selected chemicals with a potential
role in chemical defense.

2.2. FT-IR analysis
The frozen samples, 200 mg ± 1 mg, were ﬁnely ground to powder
by an IKA® A11 basic mill (IKA-Werke GmbH & Co. KG, Germany) in
liquid N2. Samples were extracted using 70% acetone and chloroform,
and cleaned-up according to the method of Wrolstad et al. and Villari
et al. [21,25]. Extracts (200 μL) were dried completely in a SpeedVac
(Thermo Fisher Scientiﬁc, MA, USA), and shipped on dry ice to The
Ohio State University, Columbus, OH, USA for subsequent FT-IR analysis. Prior to analysis, dried extracts were re-suspended in 20 μL methanol to a ﬁnal concentration (10x). A single-bounce attenuated total
reﬂectance (ATR) accessory on a portable Cary 630 FT-IR spectrometer
(Agilent Technologies Inc., Santa Clara, CA, USA) was used to analyze
5 μl of puriﬁed and concentrated methanol extracts. Samples were allowed to sit for 5 min to allow the evaporation of methanol, which
interferes with the FT-IR spectrum [20].
2.3. Determination of condensed tannins
The concentration of condensed tannins in phloem of the sampled
trees was estimated using the acid butanol assay as described previously
[26,27].
2.4. Statistical analysis
FT-IR data were analyzed using the chemometrics software
Pirouette version 4.5 (Infometrix Inc., Woodville, WA, USA). To discriminate among tree tissues or needles and between asymptomatic and
symptomatic trees, soft independent modeling of class analogy (SIMCA)
was performed. Partial least squares regression (PLSR) was also used to
estimate the concentration of condensed tannin based on FT-IR spectra
[17]. SIMCA analysis is a classiﬁcation technique based on similarity of
regions and a technique that is used for supervised classiﬁcation by
identifying areas of the FT-IR spectrum that are most useful for discriminating between groups [28].

2. Materials and methods
2.1. Sample collection from asymptomatic and symptomatic trees

3. Results and discussion
Norway spruce xylem (sapwood/heartwood) and phloem (inner
bark) and needle tissues were sampled in May 2016 from three diﬀerent
plots in forest sites of Mäntsälä in the Uusimaa region, Southern Finland
(60°44′51″-60°45′15″N, 25°13′17″-25°15′34″E). Further information on
sampling plots can be found in Kovalchuk et al. and Ren et al. [22,23].
In brief, sampling plots were located within a managed Norway spruce

3.1. Phloem, xylem and needle tissues comparison
This study represents the ﬁrst report of FT-IR analysis performed on
Norway spruce in association with Heterobasidion sp. infection. To determine if FT-IR spectroscopy combined with chemometric analysis can
2
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Fig. 1. Average untransformed spectra for each tissue from 4000 – 700 cm−1 for Norway spruce phloem (blue, N = 36), xylem (grey, N = 30), and needles (green,
N = 36). Three xylem biological replicates (six total technical replicates) were trimmed due to absorbance values close to zero.

misclassiﬁed. The interclass distance between tissues varied, but the
greatest distance was between phloem and xylem (Table 1). Interclass
distance is used to assess the separation between groups in the SIMCA
model, and optimize SIMCA models [29]. The spectral band with the
highest discriminating power was 1008 cm−1 (discriminating
power = 968) associated with CeO stretching of starch [30]. Three
replicates were excluded from the testing data set (9%, N = 33) before
samples were analyzed with the SIMCA model generated from the
training data set. Eighty-three percent of testing data set samples were
correctly classiﬁed, while 17% were misclassiﬁed or had no match
(N = 30). The results showed that phloem, xylem, and needle tissues
can be separated based on their FT-IR spectrum.
These results reﬂect diﬀerences in the chemical composition of
those tissues or needles. An earlier study also revealed that the content
of metabolites were diﬀerent between the phloem and xylem of mature
Scots pine trees and their contents of low molecular weight (MW)
carbohydrates, amino acids, organic acids, and phenolic compounds
were signiﬁcantly diﬀerent between phloem and xylem [31]. Another
study demonstrated that Pinus radiata two year old seedlings diﬀered
signiﬁcantly in their content of two major secondary chemicals, namely
resin and polyphenolics, among stem phloem, stem xylem, and needles

distinguish between phloem, xylem, and needle extracts, SIMCA was
performed. One-hundred eight total spectra (including two technical
replicates per biological replicate) from the mid-IR region (4000 –
700 cm−1) were collected from 54 biological samples (Nphloem = 18,
Nxylem = 18, and Nneedles = 18) (Fig. 1). Technical replicates were
analyzed separately in the chemometric analyses.
Prior to conducting the SIMCA analysis, data were randomly split
into training and testing data sets using a random number generator.
The training set included 70% of the samples (Ntrain = 75), while the
testing set included 30% of samples (Ntest = 33). The training data set
was used to build the SIMCA model, and the testing data set was used to
evaluate the performance of model. Prior to SIMCA analysis, each data
set was cleaned so as to exclude any samples with absorbance values
close to zero. From each data set, three technical replicates meeting this
criterion were excluded. Second derivative (25 points) and smoothed
(25 points) spectra between 1066 – 912 cm−1 (Fig. 2) can be used to
distinguish between phloem, xylem, and needle extracts using a SIMCA
with 2-factors for each class (Fig. 3).
The training model included 88% (N = 75) of technical replicates,
with close to zero absorbance replicates excluded. Of those samples
(N = 66), 97% were correctly classiﬁed by the model, while 3% were

Fig. 2. Second derivative and smoothed spectra between 1066 – 912 cm−1 for phloem (blue), xylem (grey), and needles (green).
3
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Fig. 4. (A) Class distances (Cooman’s) plot for xylem showing the dimensionfree distance from a sample to a given class, asymptomatic (x-axis) or symptomatic (y-axis), based on SIMCA analysis with 2-factors for each class
(N = 29). Vertical and horizontal black lines indicate critical sample residual
thresholds. (B) Discriminating power plot showing the discriminating power of
individual spectral bands from 1657 – 994 cm−1.

Fig. 3. (A) Class distances (Cooman’s) plot showing the dimension-free distance
from a sample to a given class, phloem (x-axis) or xylem (y-axis) based on a
SIMCA analysis of a training data set with 2-factors for each class. Vertical and
horizontal black lines indicate critical sample residual thresholds. (B) 3-D class
projection plot from SIMCA analysis. Grey dots indicate the 95% conﬁdence
interval for each class. For all plots, blue diamonds: phloem, grey diamonds:
xylem, and green diamonds: needles. (N = 66).

3.3. below). Future analysis of larger numbers of asymptomatic and
symptomatic trees would help determine if there are spectral diﬀerences in phloem extracts, and if these diﬀerences can be used to discriminate between groups using a SIMCA approach.

Table 1
Interclass distances from SIMCA analysis of phloem, xylem, and
needle extracts.
Comparison

Interclass distance

phloem vs. xylem
phloem vs. needles
xylem vs. needles

11.14
1.65
4.84

3.2.2. Xylem
Second derivative (25 points) and smoothed (25 points) spectra
from 1657 – 994 cm−1 can be used to discriminate between asymptomatic and symptomatic trees using xylem extracts (Fig. 4). Eighty-one
percent (N = 36) of samples were included in the SIMCA model with
two factors for each class, and of those samples 100% were correctly
classiﬁed (N = 29). The spectral bands with the highest discriminating
power were 1432 cm−1 (discriminating power = 104) and 1081 cm−1
(discriminating power = 134) (Fig. 4B). The interclass distance between asymptomatic and symptomatic trees was 2.69, indicating that
xylem extracts from asymptomatic and symptomatic trees could be
reliably distinguished. The spectral region from 1657 – 994 cm−1 corresponded primarily to carbohydrate (CeO), carbonyl (C]O), and
benzene (C]C) group-stretching vibrations [20], while the two peaks
showing the highest discriminating power were associated with lignin
and carbohydrates (1432 cm−1), and cellulose and hemicellulose
(1081 cm−1) [33]. Similar results have been observed by Pandey and
Pitman [34], where beech (Fagus sylvatica L.) sapwood produced many
well-deﬁned peaks in the spectral regions of 1596, 1505, 1330, 1230
and 1122 cm−1, whereas in Scots pine (Pinus sylvestris L.) sapwood
generated well-deﬁned peaks at 1596, 1511, 1268 and 1220 cm−1,
which were associated with lignin. Another study performed by Cardinali et al. [35] found that FT-IR can distinguish between healthy,
symptomatic, and asymptomatic leaves from adult trees of sweet orange (Citrus sinensis L. Osbeck) infected by the pathogen Xylella fastidiosa and Candidatus Liberibacter spp., and that spectral bands from

[32].
3.2. Comparison between asymptomatic and symptomatic trees
We conducted a SIMCA analysis to determine if FT-IR spectroscopy
combined with chemometric analysis can distinguish between extracts
of the tissues or organ collected from asymptomatic and symptomatic
trees. Since pronounced diﬀerences were observed in the spectral patterns of phloem, xylem, and needle extracts, we compared samples from
asymptomatic and symptomatic trees for each phloem, xylem, and
needles separately. For each tissue, spectra were collected from 18
biological replicates. Two technical replicates were collected and analyzed separately for each biological replicate (Nphloem = 36,
Nxylem = 36, and Nneedles = 36).
3.2.1. Phloem
We were unable to distinguish between phloem extracts from
asymptomatic and symptomatic trees using SIMCA analysis. However, a
PLSR model was able to predict the concentration of condensed tannins
in phloem from both asymptomatic and symptomatic trees (see Section
4
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intensity, and probably due to fungal infection and aging factors [36].
Another study [37], revealed that the FT-IR spectra of non-decayed
hornbeam (Carpinus betulus L.) wood and hornbeam wood decayed by
Trametes versicolor (white rot fungus) showed marked diﬀerences within
the region of 1800 – 500 cm−1. Hence, FT-IR spectroscopy has been
proven as a useful tool to follow changes in both the chemical composition and biophysics of fungal-decayed wood [38].
In the present study, we identiﬁed spectral regions (xylem at 1657 –
994 cm−1 and needles at 1104 – 994 cm−1) that can be used to discriminate between samples from asymptomatic and symptomatic trees.
The observed spectral diﬀerences likely reﬂect diﬀerences in chemical
composition, caused by fungal infection of tree root and/or butt. This is
consistent with the previous results of our chemical analysis, which
demonstrated accumulation of lignans and neolignans in the xylem of
symptomatic trees [24]. Conifers, including Norway spruce, have both
induced and constitutive defenses against fungi and insects, including
the bark of Norway spruce, which is often the ﬁrst layer of defense [39].
When trees respond to an infection, their induced defenses are activated, producing enzymes and secondary metabolites, such as ﬂavonoids, lignans, other low MW phenols, stilbenes, and terpenes [40–42].
In addition, wood properties, e.g., presence of extractives, may aﬀect
the rate of fungal spread within trees [36]. This is consistent with our
results, which found that FT-IR spectra could be used to diﬀerentiate
between symptomatic and asymptomatic trees. Furthermore, the fact
that we were able to diﬀerentiate between symptomatic and asymptomatic trees using needle extracts, suggests that systemic chemical
changes are occurring in infected trees.
Fig. 5. (A) Class distances (Cooman’s) plot for needles showing the dimensionfree distance from a sample to a given class, asymptomatic (x-axis) or symptomatic (y-axis), based on SIMCA analysis with 2-factors for each class
(N = 32). Vertical and horizontal black lines indicate critical sample residual
thresholds. (B) Discriminating power plot showing the discriminating power of
individual spectral bands from 1104 – 994 cm−1.

3.3. Predicting the concentration of condensed tannin in phloem
Tannins, which are commonly produced by trees, are polymeric
polyphenolic compounds that can bind proteins, are oxidatively active,
and also play a very important role in plant defense against arthropod
pests and pathogens [43]. Tannins can also chelate metals, in particular
iron, which is a common antimicrobial mechanism involved in microbial interactions [44,45]. Hence, we assessed whether or not the concentration of a defense-related tannins can be estimated based on the
FT-IR spectrum.
A six-factor PLSR model with leave-one-out cross-validation was
used to predict the concentration of condensed tannin (mg g−1 DW) in
phloem using transformed (second derivative, 25 points, and normalized) spectra from 1680 – 1279 cm−1 (N = 25, with one technical replicate trimmed based on preliminary analysis) (Fig. 6). This is not the

1175 – 900 cm−1 were associated with the absorption of starch. Villari
et al. [21] also demonstrated that European ash (Fraxinus excelsior)
trees resistant and susceptible to ash dieback disease could be distinguished using SIMCA together with FT-IR spectroscopy analysis of
phenolic extracts from uninfected bark tissue.
3.2.3. Needles
First derivative (25 points) and smoothed (25 points) spectra from
1104 – 994 cm−1 can be used to discriminate between asymptomatic
and symptomatic trees using needle extracts (Fig. 5). This spectral region (1104 – 994 cm−1) corresponds primarily to carbohydrate (CeO)
group-stretching vibrations [20]. The SIMCA model included 89%
(N = 36) of samples with two factors for each class, and of those
samples (N = 32) 91% were correctly classiﬁed, while 9% were misclassiﬁed. The spectral band with the highest discriminating power was
1016 cm−1 (discriminating power = 95) (Fig. 5B). The interclass distance between asymptomatic and symptomatic trees was 2.75, indicating that the model was capable of separating asymptomatic and
symptomatic trees based on needle extracts.
Needle extracts from symptomatic and asymptomatic trees could be
discriminated in the present study. High discriminating power was associated with the band at 1016 cm−1, which is associated with carbohydrate (CeO) group-stretching vibrations of cellulose and hemicellulose [33]. Bands in this region have also been used to discriminate
between naturally decayed and non-decayed cypress (Cupressus sempervirens L.) woods using FT-IR spectroscopy [36]. In Abdallah et al.
[36], the non-decayed cypress wood spectra from 1800 – 600 cm−1
were assigned to cellulose, hemicellulose, and lignin moieties. The
spectral regions of decayed cypress wood were from 1735 – 898 cm−1
and were associated with carbohydrate bands [36]. They found that the
chemical structure of naturally decayed wood was signiﬁcantly different from the non-decayed wood, as indicated by decreased band

Fig. 6. A six-factor PLSR model can estimate the concentration of condensed
tannin (mg g−1 DW) in phloem based on transformed spectra from 1680 –
1279 cm−1, with 99.9% of the variance explained, a standard error of crossvalidation (SECV) of 12.2, and a correlation coeﬃcient of cross-validation
(rVal) of 0.82. Blue: asymptomatic trees; grey: symptomatic trees.
5
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ﬁrst time that plant-produced compounds have been estimated using
spectra. A previous study [46] showed that PLSR could be used to
predict the total lignin content of Norway spruce wood, while a different study [47] used PLSR to predict lignin and energy contents in
hybrid poplars (Populus trichocarpa × P. deltoides).
Leong et al. [48] has reviewed several tools for the detection of
decay in standing trees, e.g., infrared radiation emissivity, ultrasonic
frequency, electrical resistivity, electromagnetic wave permittivity, etc.
However, the methods proposed by these authors are most suitable for
urban trees that can constitute a hazard, but perhaps less feasible in
plantation and commercial forestry settings. An ideal approach suitable
for plantation and commercial forestry would be a technique that is
rapid, accurate, cost-eﬀective, and has the potential to be adapted for
high-throughput screening or phenotyping under these conditions. The
feasibility of using FT-IR spectroscopy in plantation and commercial
forestry settings deserves to be explored and merits further investigation. Furthermore, a long term objective of our work is to determine an
alternative technique for identifying genetic or chemical biomarkers
that can be deployed for resistance breeding against Heterobasidion root
rot.
In conclusion, the present study is the ﬁrst report highlighting the
use of FT-IR spectroscopy as a tool for discriminating between asymptomatic and symptomatic Norway spruce trees infected by
Heterobasidion sp. These promising results show that even needle extracts can be used to diﬀerentiate between symptomatic and asymptomatic trees. Nevertheless, further study is needed to determine the robustness of this tool in this pathosystem, and to validate the results of
the present study. However, if validated, FT-IR combined with chemometrics may be a useful, relatively non-destructive screening tool for
disease resistance-breeding programs for trees.
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