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A B S T R A C T

Propolis is a polyphenol-rich resinous substance well known for its antioxidative properties. This study describes 
and compares the chemical composition and radical scavenging activity (RSA) of propolis from Australia (N = 8), 
Denmark (N = 38), and Norway (N = 7) using infrared (IR), Raman, near-infrared (NIR), and proton nuclear 
magnetic resonance (1H NMR) spectroscopy through multivariate data analysis. Principal Component Analysis 
(PCA) showed that Danish and Norwegian propolis samples had a higher content of aromatic compounds, 
whereas Australian samples were richer in carbohydrates and terpenoids. The RSA of Danish and Norwegian 
propolis samples was found to be similar (p ≥ 0.05), while the Australian samples exhibited significantly lower 
RSA. The strongest spectral correlation (R2 

= 0.64) to RSA was found at 1631 cm− 1 (Raman) and 1666 nm (NIR), 
attributed to conjugated C––C stretching vibrations and first overtones of C-H stretching vibrations from aro
matic/conjugated structures, respectively. NIR spectroscopy provided the most accurate predictions of RSA (R2 =

0.75, RMSECV = 6.66%), highlighting its potential as a rapid, non-destructive quality assessment tool for 
propolis. Overall, this study demonstrates that the combined use of multiple non-targeted spectroscopic tech
niques provides complementary insights into complex matrices, enabling a robust characterisation of propolis 
and its antioxidant activity.

Introduction

Propolis is a natural resinous substance produced by the western 
honey bee (Apis mellifera L.; abbr. A. mellifera) to seal and protect the 
hive from intruders, pathogenic bacteria, fungi, and viruses [1]. Propolis 
is a mixture of beeswax, plant resins, and glucosidase-containing bee 
secretions [1–4]. Beeswax is primarily comprised of hydrocarbons and 
their ester and acid derivatives [5,6]. In contrast, resins are complex 
mixtures, typically containing terpenoids, and aromatic compounds 
such as polyphenols [4]. Propolis is well-established to exert an anti
oxidative effect, and it is widely used in natural medicinal products [7, 
8]. In literature, the antioxidative properties of propolis are credited to 
its high concentrations of polyphenols and consequently, most research 
on the composition of propolis has focused on identifying specific 
polyphenolic compounds, often employing high-performance liquid 
chromatography (HPLC) and colorimetric assays [9–11]. Although a 
targeted identification method provides information about the presence 

and concentration of selected bioactive compounds, this approach may 
introduce bias and overlook other potentially important compounds. A 
more untargeted and unbiased approach to analyzing propolis can be 
performed using spectroscopic methods such as infrared (IR), Raman, 
and near-infrared (NIR) spectroscopy, that allow for non-invasive 
exploratory analysis with minimal or no sample preparation [12]. Pro
ton nuclear magnetic resonance (1H NMR) requires more extensive 
sample preparation including extraction, but it also delivers inherently 
quantitative, non-targeted chemical analysis, providing information 
about the detailed metabolite composition in complex biological mix
tures [12]. Overall, the spectroscopic techniques have proven effective 
not only for assessing polyphenolic content, but also for examining 
general chemical profiles in propolis, serving as valuable tools for 
propolis quality control [13–16].

The aim of the present study was to establish an unbiased spectro
scopic method to screen propolis, determining its overall chemical 
composition and predicting its antioxidative activity, expressed as 
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radical scavenging activity (RSA). The study employed several non- 
targeted spectroscopic methods, including IR, Raman, NIR, and 1H 
NMR to examine and compare the chemical composition and anti
oxidative activity in a set of propolis samples (N = 53) from Australia 
(N = 8), Denmark (N = 38), and Norway (N = 7). 1H NMR data were 
combined with the data from the vibrational spectroscopic techniques in 
2D correlation spectra to aid in signal assignment. Correlation between 
spectral signals and antioxidative activity was performed. Finally, Par
tial Least Squares (PLS) regression models [17] were developed to pre
dict the antioxidative activity of propolis from different origins based on 
the spectroscopic data. To our knowledge, this is the first study to 
compare and integrate multiple spectroscopic techniques through 2D 
correlation spectra and multivariate analysis for propolis characteriza
tion. The study brings new insights into structure-bioactivity relation
ships and demonstrates that RSA can be predicted directly from spectral 
data.

Experimental section

Chemicals

Analytical grade chloroform (CHCl3, ≥99.8%), analytical grade 
deuterated chloroform (CDCl3, 99%), deuterated dimethyl sulfoxide-d6 
(DMSO-d6), ferulic acid (99%), HPLC grade caffeic acid (≥98.0%), HPLC 
grade p-coumaric acid (≥98.0%), NMR grade tetramethylsilane (TMS, 
≥99.9%), and 2,2-Diphenyl-1-picrylhydrazyl (DPPH) were purchased 
from Sigma-Aldrich (Copenhagen, Denmark).

Collection and storage of raw propolis

A total of 53 raw propolis samples were collected from local bee
keepers in Australia (N = 8), Denmark (N = 38), and Norway (N = 7). All 
Danish and Norwegian samples, as well as five of the Australian samples, 
were obtained from A. mellifera. The remaining three Australian samples 
originated from Tetragonula carbonaria (T. carbonaria). The differences 
in bee species for the Australian samples are addressed for each of the 
relevant analyses described below. Upon arrival, the samples were 
stored at 4 ◦C in nitrogen-filled, food-grade ziplock bags placed inside 
airtight glass containers, also filled with nitrogen. Prior to extraction, 
liquid nitrogen was applied to the raw propolis, which was then ground 
into a fine powder using a pestle and mortar.

Propolis extract preparations

Propolis extract preparation for 1H NMR spectroscopy
For each extraction, 100 mg of crushed propolis was mixed with 5 mL 

of chloroform in round-bottom glass tubes and homogenized for 30 s 
using a T10 Basic ULTRA-TURRAX ® (IKA-Werke, Germany). After 
storing in the dark at room temperature for 1 h, the mixture was 
centrifuged at 3600 RPM for 15 min at 4 ◦C. After centrifugation, the 
supernatant (1 mL) was transferred into HPLC vials and left to evaporate 
overnight in a fume hood. The resulting precipitate was redissolved in 
720 µL CDCl3 + TMS (5 mM) and 80 µL DMSO-d6. Following dissolution, 
600 µL of redissolved extract was transferred to an NMR SampleJet tube 
(Bruker Biospin, Ettlingen, Germany, L = 103.5 mm, D = 5.0 mm) for 
analysis. Unexpectedly, the Australian samples proved incompatible 
with the extraction protocol due to high levels of non-dissolvable 
dispersed solids, which hindered clear and reproducible acquisition of 
1H NMR spectra. Several extraction approaches were initially evaluated, 
including varying concentrations of ethanol and methanol, but none 
yielded satisfactory reproducibility for the Australian samples (data not 
shown). However, chloroform provided the best spectral quality and 
repeatability for the Danish and Norwegian samples (data not shown). It 
was therefore selected as the standard solvent to ensure consistency 
across the dataset. Given the distinct chemical profiles of the Australian 
samples observed from the vibrational spectroscopic analyses and their 

markedly lower RSA, optimising a separate extraction protocol solely for 
these samples was considered beyond the scope of this study, particu
larly as 2D correlations and PLS regression were not feasible for the 
Australian samples due to their distinct vibrational spectra.

Propolis extract preparation for DPPH RSA assay
Ethanol extracts were prepared following the same approach as 

described for the extracts prepared for 1H NMR spectroscopy, using 
ethanol (70%) instead of chloroform, as this approach has proven 
effective in earlier DPPH RSA studies on propolis [18,19]. After centri
fugation, the supernatant (4 mL) was transferred into 15 mL Falcon™ 
conical centrifuge tubes and stored in a dark cooling room (4 ◦C) until 
analysis.

Sample measurements

IR and Raman spectroscopy
IR spectra were obtained using a Bruker Vertex 80 spectrometer 

equipped with a deuterated triglycine sulfate (DTGS) detector, a po
tassium bromide (KBr) beam splitter, and a single reflection Platinum 
Attenuated Total Reflection (ATR) diamond accessory. For Raman 
measurements, the same instrument was used with a Raman accessory 
featuring an InGaAs detector and a Nd laser (1065 nm, 200 mW). Both 
types of spectra were recorded in the range of 500 cm− 1 to 4000 cm− 1 

with 128 scans per sample. The IR spectra were recorded with a reso
lution of 4 cm− 1, while the Raman spectra were recorded with a reso
lution of 8 cm− 1. IR and Raman spectra were measured in three 
replicates on raw grounded propolis samples.

NIR spectroscopy
The NIR spectra were measured using the DS2500 analyser (FOSS 

Analytical A/S, Hillerød, Denmark). The instrument is equipped with a 
silicon detector (400–1100 nm) and a lead sulfide (PbS) detector 
(1100–2500 nm). The measurements were collected in the reflectance 
mode, where the propolis samples were added to a ring cup equipped 
with a quartz window. The scans were conducted within a wavelength 
range of 400–2500 nm, with a spectroscopic resolution of 0.5 nm with 
an average of 8 scans for each sample. NIR spectra were measured in 
three replicates on raw grounded propolis samples.

1H NMR spectroscopy
Samples included in the study were measured using a Bruker Avance 

III operating at a proton Larmor’s frequency of 600.13 MHz and 
equipped with a 5-mm broadband inverse (BBI) probe (Bruker Biospin, 
Rheinstetten, Germany). The magnet was equipped with an automated 
sample changer (SampleJet™, Bruker Biospin, Rheinstetten, Germany) 
with a refrigerated storage station (278 K) and heating/drying station 
(306 K). Cooling of the probe and SampleJet system were controlled by 
the BCU (Bruker Cooling Unit). Data acquisition and processing were 
carried out in the TopSpin software (version 3.6, Bruker, Rheinstetten, 
Germany). Automation of the overall measurement procedure was 
controlled by the iconNMR™ software (Bruker Biospin, Rheinstetten, 
Germany). Icon NMR (Bruker Biospin, Germany) was used to control 
measurement automation. The following parameter setup was 
employed: 128 scans, a 90◦ pulse, a 20-ppm sweep width (sw), an 
acquisition time (aq) of 2.73 s, and a relaxation delay (D1) of 4 s. The 1H 
NMR spectra were collected into 65 K data points. The receiver gain 
(RG) value was determined experimentally for each sample. Phase and 
baseline correction were performed in TopSpin 4.3.0 (Bruker Biospin, 
Rheinstetten, Germany).

DPPH RSA
The DPPH RSA of propolis ethanol extracts was determined using the 

DPPH free radical assay [20]. The propolis ethanol extracts were diluted 
in ethanol to a concentration of 0.5 mg/mL. In a Thermo Scientific™ 
96-well conical bottom plate (non-treated surface), 20 µL of each diluted 
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solution was mixed with 180 µL of a DPPH in ethanol solution (0.1 mM). 
Positive and negative controls were prepared by mixing 20 µL of 
ascorbic acid in ethanol (0.5 mg/mL) and 20 µL of ethanol with 180 µL of 
the DPPH in ethanol solution (0.1 mM), respectively. The 96-well plate 
was kept in darkness at room temperature for 20 min, after which the 
absorbance of each well was measured at 517 nm using the CLAR
IOstar® Plus plate reader (BMG Labtech, Ortenberg, Germany). The 
DPPH RSA of the propolis samples, relative to the negative control, was 
used for analysis. RSA values for each sample were calculated as the 
average of triplicate measurements.

Data analysis

Initial pre-processing of 1H NMR data
The 1H NMR spectra were imported into MATLAB ver. R2023b 

(MathWorks Inc., Massachusetts, United States) where they were 
referenced to the TMS singlet at 0.00 ppm. and aligned using icoshift
[21]. Noisy regions, including the chloroform signal at 7.26 ppm and 
TMS signal were removed prior to data analysis. The spectra were 
normalized relative to the RG and mass (mg) of the respective propolis 
sample.

2D correlation analysis
In this study, 2D correlation spectroscopy plots between vibrational 

versus 1H NMR spectroscopy and Raman versus NIR spectroscopy [22, 
23] were generated using covariance calculations in MATLAB (version 
R2023b). The covariance was calculated using the cov function, where 
XSPEC1 represented the data from one spectroscopic method and 
XSPEC2 represented the data from another spectroscopic method. In 
these matrices, rows corresponded to samples and columns represented 
spectral variables. The vibrational spectroscopy regions for 2D correla
tion analysis were selected to capture distinct spectral variations rele
vant to the chemical diversity and the antioxidative activity of the 
samples. For IR and Raman spectroscopy, this analysis focused on the 
informative fingerprint region in the 1800–1000 cm− 1 range which 
contains all relevant chemical information including carbonyl, ether, 
ester, acid and aromatic signals. The pure C-H, N-H and O-H stretching 
(2800–3600 cm− 1) proved too unspecific for discriminating between our 
propolis samples, while the region below 1000 cm− 1 did not provide 
useful information, as covariance values were very low and no inter
pretable features were observed. For NIR spectroscopy, the entire 
1100–2500 nm range (PbS detector) was selected for exploring co
variations with 1H NMR. IR and Raman spectroscopy data were pre
processed using the Standard Normal Variate (SNV) method [24] to 
correct for scatter-related intensity variation, followed by Pareto scaling 
to reduce the dominance of higher intensity signals. NIR data were 
preprocessed with SNV followed by mean centering. The 1H NMR data 
were autoscaled prior to analysis to account for the large dynamic range 
of signal intensities, particularly the highly abundant wax-associated 
signals. To further improve sensitivity and capture more subtle co
variations, the vibrational spectroscopy data were divided into two re
gions for 2D correlation analysis.

Correlation of spectroscopy data to RSA
For vibrational spectroscopy, the R2 value was calculated between 

the maxima of signals attributed to aromatic compounds, as identified in 
the 2D correlation analysis, and the RSA. For 1H NMR, the average in
tensity of the aromatic region (Δδ = 6.0–8.5 ppm) was used for corre
lation analysis. This approach was adopted because the aromatic region 
of the 1H NMR spectra is densely populated with overlapping signals due 
to propolis’ complex chemical composition, rendering correlations to 
specific signals unfeasible. Prior to correlation analysis, the IR and 
Raman data were pre-processed using SNV, while the second derivative 
was applied to the NIR data. The 1H NMR data were not further pre- 
processed than beyond the initial processing.

Statistical analysis of DPPH RSA data
For the statistical analysis of DPPH RSA in propolis from different 

origins, a one-way ANOVA followed by Tukey’s HSD test was performed 
to compare the means among the three groups (Australia, Denmark, and 
Norway). Although three of the Australian propolis samples were 
derived from T. carbonaria rather than A. mellifera, they exhibited no 
significant difference in RSA and were therefore pooled with the other 
Australian samples for simplicity.

Multivariate data analysis
Multivariate data analysis was performed with LatentiX 2.13 

(LatentiX ApS, Gilleleje, Denmark). For Principal Component Analysis 
(PCA) [25] the spectral regions analysed were 3600–700 cm− 1 for IR, 
3100–800 cm− 1 for Raman, 2500–1100 nm for NIR, and the entire 
recorded spectral range for 1H NMR. The IR, Raman, and NIR data were 
pre-processed using SNV, to correct for scatter-related intensity varia
tion, followed by mean centering. In contrast, the 1H NMR data were 
Pareto scaled to reduce the dominance of high-intensity signals while 
preserving relative metabolite variation. The maximum number of 
components for PCA was determined using scree plots, resulting in the 
use of 3 components for the IR and 2 components for the Raman, NIR 
and 1H NMR data. Higher-order components were also briefly evaluated 
for all spectroscopic techniques, but they did not improve class 
discrimination. The Australian samples were again pooled for PCA for 
simplicity, as the three derived from T. carbonaria showed little to no 
distinction from those of A. mellifera. For Partial Least Squares (PLS) 
regression [26] of the spectral data to the DPPH RSA, the same spectral 
regions were used for the vibrational spectroscopic techniques as in the 
PCA. For the 1H NMR data, only the aromatic region (Δδ = 6.0–8.5 ppm) 
was used, as this provided highest prediction power. The same 
pre-processing was applied to IR, Raman, and 1H NMR data as in the 
PCA. NIR data was pre-processed with the second derivative 
Savitzky-Golay filter and Pareto scaling. The number of latent variables 
(LVs) for PLS regression was identified based on a plot of Root Mean 
Square Error of Cross-Validation (RMSECV) versus the number of LVs. 
This approach led to the selection of one LV for the IR data, two LVs for 
the Raman and 1H NMR data, and four LVs for the NIR data. 
Cross-validation was performed using a ten-segment repeated random 
approach with 25 repetitions, allowing for better representation of the 
heterogeneity of the propolis samples and reducing the risk of 
overfitting.

Results and discussion

Introduction to spectroscopic data

The average IR, Raman and NIR spectra for the Australian, Danish 
and Norwegian propolis samples are presented in Fig. 1A-C. The average 
1H NMR spectra for the Danish and Norwegian propolis samples are 
presented in Fig. 1D. The IR spectra for Danish and Norwegian samples 
display similar spectroscopic patterns (Fig. 1A), indicating comparable 
chemical compositions. In contrast, the Australian sample exhibits 
distinct signals, most notably a broad band around 1040 cm− 1. This 
feature may suggest a higher content of carbohydrates and terpenoids, 
as it likely arises from overlapping aliphatic C-O and C-O-C stretching 
vibrations common to both compound classes [27,28]. The propolis 
samples generally exhibit characteristic IR peaks associated with com
pounds commonly found in beeswax and resin. Notably, the peaks at 
2916 cm− 1 and 2849 cm− 1 correspond to the asymmetric and symmet
ric C-H stretching of aliphatic methylene groups, respectively, which are 
omni-present in propolis due to the hydrocarbons and its ester and acid 
derivatives [5]. The carbonyl stretches of the hydrocarbon ester de
rivatives are observed at 1736 cm− 1[5]. Other less pronounced signals 
include symmetric C-H stretching of aliphatic methyl groups at 
2958 cm− 1[5] and carbonyl stretching of free fatty acids at 
1710 cm− 1[29]. The presence of aromatic compounds is suggested by 
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the C––C stretching vibrations appearing in the spectroscopic range of 
1610–1510 cm− 1[30].

The average Raman spectra (Fig. 1B) also show high similarities 
between Danish and Norwegian propolis samples, whereas the Austra
lian sample exhibits a distinctly different and more amorphous spec
troscopic pattern. Significant fluorescent interference, particularly in 
the Australian samples, complicates the identification of spectroscopic 
differences. Nonetheless, in the Raman spectra, the asymmetric and 
symmetric aliphatic methylene C-H stretches manifest as peaks at 
2882 cm− 1 and 2850 cm− 1, respectively [31]. Furthermore, the sym
metric C-H stretching of aliphatic methyl groups is observed at 
2935 cm− 1[31], while the C––C stretches of aromatic compounds are 
identified at around 1602 cm− 1[32].

This brief visual inspection of the IR and Raman spectra already 
suggests a distinctive chemical profile of the Australian propolis samples 
compared to the Danish and Norwegian samples. These dissimilarities in 
chemical composition may reflect differences in the botanical sources 
and environmental conditions influencing the chemical composition of 
propolis of different origins.

Fig. 1C presents the average NIR spectra for Danish, Norwegian and 
Australian propolis samples. While accurate spectroscopic assignment of 
the NIR spectra is not feasible without supplementary information, the 
NIR spectra contain substantial information about the chemical 
composition of the propolis samples through the vibrational combina
tion bands and overtones. In order to elucidate the origins of these, 2D 
correlation analysis with the 1H NMR data was performed and will be 
discussed later (Fig. 2).

The 1H NMR spectra (Fig. 1D) of propolis show numerous signals 
across the spectrum, indicating successful extraction of a wide range of 
chemically diverse compounds. The most intense signal is observed at 
Δδ = 1.21 ppm and arises from aliphatic methylene (-CH2-) protons 
found primarily in beeswax. The signal appears as a broad singlet, due to 
the intensity of the prominent protons in hydrocarbons and their ester 
and acid derivatives [33,34]. Despite the poor baseline resolution due to 
numerous overlapping signals from the complex chemical composition 
of propolis, the 1H NMR spectra still provide valuable insights into the 
proton environments of the compounds present. These spectra not only 
facilitate the assessment of the types and quantities of compounds 

Fig. 1. Average (a) IR, (b) Raman, and (c) NIR spectra for the Australian (N = 8), Danish (N = 38), and Norwegian (N = 7) propolis samples; (d) Average 1H NMR 
spectra for the Danish and Norwegian propolis samples.
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within the propolis samples but may also be used to enhance the inter
pretation of the vibrational spectroscopy data, e.g., IR, Raman, and NIR, 
by performing 2D correlation spectroscopy [35].

2D correlation spectroscopy and assignment of vibrational spectroscopy 
signals

To trace the origin of less prominent vibrational spectroscopy sig
nals, potentially linked to antioxidative components, 2D correlation 
analysis was performed with 1H NMR data. Fig. 2 shows the 2D corre
lation spectra between IR, Raman, and NIR with 1H NMR. Table 1
summarizes the wavenumber, Raman shift, and wavelength ranges of 
selected IR, Raman, and NIR signals from raw propolis samples, along 
with their corresponding vibration modes and putative compounds.

The 2D correlation analysis of IR (Fig. 2A), Raman (Fig. 2B), and NIR 
(Fig. 2C) with 1H NMR revealed distinct patterns of covariation. 

Vibrational spectroscopy signals associated with the aromatic region of 
the 1H NMR spectrum (Δδ = 6.0–8.5 ppm) covary with a wide range of 
other 1H NMR signals, suggesting co-occurrence of diverse resin-derived 
non-aromatic compounds. In contrast, vibrational signals linked to the 
aliphatic methylene signal at Δδ = 1.21 ppm in the 1H NMR spectrum 
show no covariation with aromatic protons, indicating a clear separation 
between beeswax and resin components. Several IR signals covary with 
the aromatic region of the 1H NMR spectrum (Fig. 2A). These signals 
may be attributed to aromatic C––O stretches (1695–1688 cm− 1) [39], 
aromatic/conjugated C––C stretches (1655–1510 cm− 1) [30], and aro
matic C-O and C-O-C stretches (1374–1160 cm− 1) [30,39]. Signals 
ranging between 1124 and 1100 cm− 1 seemingly also correlates 
strongly with the aromatic region, however, this region is often attrib
uted to aliphatic C-O and C-O-C stretches and likely arise from carbo
hydrates and terpenoids found in resin. Signals at 1736–1710 cm− 1 have 

Fig. 2. 2D covariation spectra of (a) IR, (b) Raman, and (c) NIR spectra versus ¹H NMR spectra from Danish (N = 38) and Norwegian (N = 8) propolis samples. Pre- 
processing included Pareto scaling and Standard Normal Variate (SNV) for IR and Raman, mean centering and SNV for NIR, and autoscaling for 1H NMR. The 
graphics show averaged raw spectra, with the most intense 1H NMR signals truncated for clarity.
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been previously assigned to carbonyls of hydrocarbons derivatives of 
beeswax and they also covary with characteristic wax signals observed 
in the 1H NMR spectra (e.g., at Δδ = 1.21 ppm). The same is observed for 
IR signals at 1471–1462 cm⁻¹ , arising due to in-plane bending of 
aliphatic C-H groups [5,44]. In contrast to IR, no covariation was 
observed between the Raman and 1H NMR signals originating from 
beeswax in the selected spectral region (Fig. 2B). However, several 
Raman signals exhibited covariation with the aromatic region of the 1H 
NMR spectra. These signals include those at 1655–1600 cm− 1 (aroma
tic/conjugated C––C stretches) and 1294–1170 cm− 1 (in-plane bending 
of aromatic C-H).

The 2D correlation analysis of the NIR and 1H NMR spectra reveal the 
origin of several of the observed NIR signals (Fig. 2C). The covariation 
with 1H NMR signals originating from beeswax suggests that the signals 
at wavelengths 2314–2443 nm and 1390–1416 nm may correspond to 
combination bands arising from the vibrations of aliphatic compounds 
in beeswax [40]. The first and second overtones of these compounds are 
likely observed at 1730–1765 nm and 1215 nm, respectively [43]. NIR 
signals exhibiting covariation with the aromatic region include signals 
at 2130–2170 nm (combination bands) [40] and 1665–1680 nm (first 
overtones) [41], although the latter range cannot be definitively 

attributed to aromatic or conjugated C-H and is discussed in detail later 
(Fig. 5). Signals observed at 1900–1940 nm and 1450 nm also weakly 
exhibit covariation with the aromatic region, however, these are more 
likely to originate from the combination bands and first overtones of 
hydroxyl groups found primarily on carbohydrates, terpenoids, and 
polyphenols [42], and will be discussed further later (Fig. 3C). The 
separation of resin- and beeswax-derived features in the IR and NIR 2D 
correlations indicates that the analysis primarily reflects differences in 
the overall resin-to-wax ratio. As a result, resin signals tend to covary 
with other resin-associated signals, while beeswax features covary 
within a narrower aliphatic domain. Although such covariance does not 
imply that a single compound gives rise to all correlated signals, it is 
valuable for distinguishing the chemical origin of bands. Notably, this 
differentiation is also biologically relevant, as the resin fraction contains 
the aromatic and polyphenolic constituents responsible for antioxidant 
activity, whereas beeswax would be expected to contribute minimally.

Principal component analysis of the propolis samples

To further investigate the chemical differences among the propolis 
samples, PCA was employed to analyse spectral patterns and sample 
variability. Fig. 3 presents the scores and loadings plots from the PCA of 
IR, Raman, NIR, and 1H NMR spectroscopy data for the propolis sam
ples. For IR, Raman, and NIR all replicate measurements are shown in 
the PCA, while there were no technical replicates for 1H NMR. Two 
Danish samples were excluded from the 1H NMR PCA analysis because 
their spectra indicated faulty extraction process. For all vibrational 
spectroscopic methods, the scores plot shows substantial inter-sample 
variability with a clustering of the Australian samples, distinct from 
the Danish and Norwegian samples (Fig. 3A-C). However, no clear dif
ferentiation between the Danish and Norwegian samples is observed in 
any of the four spectroscopic methods (Fig. 3A-D). Notably, the IR and 
Raman scores plots also demonstrate considerable intrasample (repli
cate) variability, whereas the NIR scores plot shows comparatively 
lower variability.

In the IR scores plot (Fig. 3A), no apparent discrimination based on 
sample origin is seen along PC#1. The loadings plot for PC#1 shows that 
this component primarily distinguishes the samples based on signals 
from wax (negative loadings at 2916 and 2849 cm− 1) and, to a lesser 
extent, aromatic compounds (positive loadings at 1603 and 1512 cm− 1). 
However, the clustering of Australian samples relative to Danish and 
Norwegian samples is explained along PC#2. For PC#2, negative 
loadings are primarily attributed to signals in the region of 
1265–1160 cm− 1 (C-O and C-O-C stretches of polyphenols) and the 
signal at 1512 cm− 1 (aromatic C––C stretches). In contrast, positive 
loadings are dominated by signals in the region of 1105–880 cm− 1, 
attributed to C-O and C-O-C stretches of carbohydrates and terpenoids. 
Furthermore, the broad signal with a maximum around 3300 cm− 1, 
attributed to O-H stretching vibrations (Table 1), also contributes to the 
positive loadings, suggesting that these O-H stretches predominantly 
originate from carbohydrates and terpenoids rather than polyphenols. 
The IR data, therefore, suggests no differentiation in wax content based 
on the origin of the propolis samples. However, Danish and Norwegian 
propolis appear to contain higher amounts of polyphenols, while 
Australian propolis has a higher carbohydrate and terpenoid content.

The Raman scores plot (Fig. 3B) shows no clear clustering of the 
Australian and Danish/Norwegian samples based on any single principal 
component. However, when considering both PC#1 and PC#2 together, 
the Australian samples appear to cluster in the upper left quadrant 
(negative PC#1 and positive PC#2). PC#1 is primarily influenced by 
signals from polyphenols (positive loadings at 1631 and 1602 cm− 1) and 
wax (negative loadings at 2882 and 2848 cm− 1). Similarly, these signals 
also drive the loadings for PC#2, where both contribute negatively. The 
clustering of Australian samples in the upper left quadrant thus aligns 
with the findings from IR spectroscopy (Fig. 3A), supporting the 
conclusion that Danish and Norwegian propolis samples contain higher 

Table 1 
Spectral regions from IR, Raman, and NIR analyses of raw propolis, along with 
corresponding vibrational modes and suspected compounds.

IR, Raman, and NIR spectroscopy of crude propolis

IR
Wavenumber 

(cm¡1)
Vibration Mode Suspected compounds Ref.

3500–3100 ν(O-H) Polyphenols, 
carbohydrates

[36]

3065 ν(C-H) (aromatic) Polyphenols [37]
3020 ν(C-H) (olefinic) Terpenoids [37]
2958–2849 νs(CH3), νas/s(CH2) 

(aliphatic)
Wax [5]

1736 ν(C––O) (ester) Wax [38]
1710 ν(C––O) (carboxylic 

acid)
Wax [38]

1695–1688 ν(C––O) (conjugated) Polyphenols [39]
1655–1620 ν(C––C) (conjugated) Polyphenols [30]
1610–1510 ν(C––C) (aromatic) Polyphenols [30]
1471–1450 δip(CH2) (aliphatic) Wax [5]
1374–1160 ν(C-O), ν(C-O-C) 

(aromatic)
Polyphenols [30, 

39]
1124–1000 ν(C-O), ν(C-O-C) Carbohydrates, terpenoids [27]
Raman
Raman shift 

(cm¡1)
Vibration Mode Suspected compounds Ref.

3068 ν(C-H) (aromatic) Polyphenols [30]
3018 ν(C-H) (olefinic) Terpenoids [31]
2935–2850 νs(CH3), νas/s(CH2) 

(aliphatic)
Wax [31]

1655–1630 ν(C––C) (conjugated) Polyphenols [30]
1600–1605 ν(C––C) (aromatic) Polyphenols [30]
1445 δip(C-H) (aliphatic) Wax [31]
1294–1170 δip(C-H) (aromatic) Polyphenols [32]
NIR
Wavelength (nm) Vibration mode Suspected compounds Ref
2445–2310, 

1416–1390
Combination bands 
(aliphatic)

Wax [40]

2170–2130 Combination bands 
(aromatic)

Polyphenols [41]

1940–1900 Combination bands 
(O-H)

Carbohydrates, 
terpenoids, polyphenols

[42]

1765–1730 2ν(C-H) (aliphatic) Wax [40]
1680–1665 2ν(C-H) (aromatic/ 

conjugated)
Polyphenols [41]

1450 2ν(O-H) Carbohydrates, 
terpenoids, polyphenols

[42]

1215 3ν(C-H) (aliphatic) Wax [43]

Keys: νas/s, asymmetric/symmetric stretching; δip, in-plane bending; 2ν, first 
overtone; 3ν, second overtone
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amounts of aromatic compounds.
The NIR scores plot reveals a similar sample differentiation pattern 

to the IR scores plot, with the clustering of Australian samples driven by 
PC#2 rather than PC#1. PC#1 is primarily influenced by signals 
attributed to beeswax, including combination bands (2310–2445 nm) 
and overtones (1730–1765 nm, 1215 nm), which contribute to the 
negative loadings. In contrast, positive loadings are associated with 
signals from aromatic/conjugated compounds (2130–2170 nm, 

1665–1680 nm). Signals ascribed to combination bands of hydroxyl- 
containing compounds (1900–1940 nm) also contribute positively to 
PC#1, albeit to a lesser extent. In contrast, these hydroxyl-related sig
nals strongly drive the positive loadings for PC#2. The negative loadings 
for PC#2 are primarily driven by signals attributed to combination 
bands of either wax (2310–2445 nm) or aromatic compounds 
(2130–2170 nm), as well as the first overtones of aromatic/conjugated 
compounds (1665–1680 nm). The differentiation between signals 

Fig. 3. PCA scores plots (left) and corresponding loadings plots (right) for (a) IR, (b) Raman shift, and (c) NIR measurements of Australian (N = 8), Danish (N = 38), 
and Norwegian (N = 7) propolis samples, and (d) 1H NMR measurements of Danish and Norwegian propolis samples. Replicates for IR, Raman, and NIR (n = 3) are 
connected by stippled line.

J.P. Vind et al.                                                                                                                                                                                                                                  Pharmacological Research - Natural Products 10 (2026) 100578 

7 



associated with aromatic and hydroxyl-containing compounds is 
particularly noteworthy. Although some aromatic compounds, such as 
polyphenols, include hydroxyl moieties, carbohydrates and terpenoids 
also contribute significantly to this functional group. The differentiation 
observed in PC#2, further supported by the PCA of IR data, suggest that 
these hydroxyl-related signals primarily originate from carbohydrates 
and terpenoids rather than polyphenols. This interpretation indicates 
that the PCA of NIR data highlights not only the lower concentration of 
aromatic compounds in Australian samples (as corroborated by IR and 
Raman data) but also their higher carbohydrate and terpenoid content, 
which drives their distinct clustering. Furthermore, the aforementioned 
comparatively larger intra-sample variability observed in the IR and 
Raman scores plots, relative to NIR, may be explained by NIR’s superior 
ability to sample heterogeneous materials. Its larger sampling area and 
volume allow for more representative analysis, resulting in more robust 
chemical information [45]. The larger intra-sample variation observed 
for the IR and Raman data is primarily due to the small sample size 
measured, which, combined with the heterogeneous samples, contribute 
to replicate variability. In Raman spectroscopy, sample presentation can 
be influenced by varying sample fluorescence, whereas in IR spectros
copy it can be influenced by sample contact to the ATR crystal. To 
minimise these effects, measurements including replicates were per
formed in randomised runs under standardised acquisition settings.

Like for the vibrational spectroscopy, the 1H NMR scores plot 
(Fig. 3D) does not reveal any chemical differences between the Danish 
and Norwegian samples. The negative loadings for PC#1 are primarily 
driven by signals in the aliphatic region, such as the aliphatic methylene 
signal at Δδ = 1.21 ppm arising from wax, while the positive loadings 
are driven, to a lesser extent, by signals from the aromatic region (Δδ =
6.0–8.5 ppm). Variation along PC#2 appears to be primarily influenced 
by signals associated with wax (negative loadings). However, contri
butions from other spectral regions are less distinct, indicating potential 
variability in the chemical composition that remains unexplained. In 
summary, all employed vibrational spectroscopy techniques demon
strated a clear distinction between the Australian propolis samples 
compared to the Danish and Norwegian samples, primarily based on 
their aromatic content. Additionally, IR and NIR spectroscopy suggested 
that the Australian samples contained higher levels of carbohydrates 
and terpenoids relative to the Danish and Norwegian samples. This 
strongly indicates that the chemical composition of propolis is highly 
dependent on geographical location and the available flora for resin 
collection.

DPPH radical scavenging activity of propolis

To validate the PCA findings on differences in aromatic content, the 
antioxidative activity of the propolis samples was assessed using the 2,2- 
Diphenyl-1-picrylhydrazyl (DPPH) Radical Scavenging Activity (RSA) 
assay [46]. Since aromatic compounds, such as polyphenols, are major 
contributors to the antioxidant activity of propolis, the RSA serves as a 
relevant metric for this analysis. Fig. 4 presents a country-grouped 
boxplot showing the RSA of propolis samples from Australia, 
Denmark, and Norway.

Based on a one-way ANOVA followed by Tukey’s HSD test, the RSA 
of the Danish and Norwegian samples showed no significant difference 
(p ≥ 0.05), whereas the Australian samples exhibited significantly lower 
RSA compared to both the Danish (p < 0.0001) and Norwegian 
(p < 0.001) samples. This similarity in RSA between the Danish and 
Norwegian samples aligns with the spectral PCA results, which revealed 
no clear chemical distinction between them. In contrast, the PCA indi
cated that the Australian samples differed chemically from the others, 
primarily due to their lower aromatic content. As RSA is largely influ
enced by the aromatic content of a sample, these PCA findings are 
consistent with the observed RSA differences. Notably, one Danish 
sample appeared as an outlier, exhibiting a comparatively lower RSA, 
which was not expected based on the PCA. This highlights that the 

antioxidant capacity of propolis may vary substantially even within a 
single geographic origin and could depend on factors not fully repre
sented in the PCA.

Correlation of spectroscopic signals to DPPH radical scavenging activity

To further explore the relationship between vibrational spectroscopy 
data and antioxidant activity, the correlation between spectral signals 
and the measured RSA was examined. The Australian samples were 
excluded due to their distinct spectral features compared to the Danish 
and Norwegian samples.

R2 values were calculated between RSA and vibrational spectro
scopic signals associated with aromatic compounds, specifically those 
covarying with the aromatic region shown in Fig. 2. For 1H NMR, the 
average signal intensity in the aromatic region was used for correlation 
with RSA. The highest correlation (Table 2) was observed with similar 
magnitude (R2 = 0.64) in both the Raman and NIR spectra at 1631 cm− 1 

and 1666 nm, respectively. The tentative assignment of these bands will 
be discussed later in Fig. 5. The aromatic region of 1H NMR showed a 

Fig. 4. Country-grouped boxplot displaying the 2,2-Diphenyl-1-picrylhydrazyl 
(DPPH) radical scavenging activity (RSA) of propolis samples from Australia 
(N = 8), Denmark (N = 38), and Norway (N = 7) relative to the negative con
trol. White dots represent the average RSA of triplicates for each sample.

Table 2 
Spectral variables, their respective vibration modes (as presented in Table 1) or 
signal origin, and Pearson’s correlation coefficients to the 2,2-Diphenyl-1-picryl
hydrazyl (DPPH) Radical Scavenging Activity (RSA) (Fig. 4). Preprocessing 
techniques included standard normal variate (SNV) for IR and Raman data, and 
the second derivative for NIR data, while no preprocessing was applied to the 1H 
NMR data. For 1H NMR, the average signal intensity of the aromatic region 
(6.0–8.5 ppm) was used for correlation analysis.

Technique Identified 
Variable

Vibration mode/origin of signal R2 to 
RSA

IR 1232 cm− 1 ν(C-O), ν(C-O-C) (aromatic) [30, 
39]

0.55

​ 1273 cm− 1 ν(C-O), ν(C-O-C) (aromatic) [30, 
39]

0.52

Raman 1602 cm− 1 ν(C––C) (aromatic) [30], Fig. 5 0.58
​ 1631 cm− 1 ν(C––C) (conjugated) [30], Fig. 5 0.64
NIR 1666 nm 2ν(C-H) (aromatic/conjugated) 

[41], Fig.5
0.64

​ 1678 nm 2ν(C-H) (aromatic/conjugated) 
[41], Fig. 5

0.62

1H NMR 6.0–8.5 ppm Aromatic protons 0.58

Keys: ν; stretching, 2ν, first overtone
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slightly lower correlation (R2 = 0.58), while IR exhibited the weakest 
correlations among the four spectroscopic methods, with the signal at 
1232 cm− 1 yielding an R2 value of 0.55.

The observed differences in correlation may be attributed to the 
principles underlying each technique. Raman spectroscopy, which is 
sensitive to changes in polarizability [47], is particularly responsive to 
C––C stretches of non-conjugated, conjugated and aromatic compounds. 
Given that antioxidant activity in propolis is largely driven by aromatic 
systems with the ability to stabilise radicals through hydrogen or elec
tron donation, this sensitivity likely contributes to the strong correlation 
with RSA. In contrast, NIR spectroscopy allows for optimal sampling of 
heterogeneous samples due to its larger sampling area and volume as 
mentioned earlier [45]. While unprocessed NIR signals are typically 
broader and less specific, applying a second derivative enhances spectral 
resolution by reducing baseline effects and sharpening overlapping 
peaks [48]. This may improve sensitivity to aromatic structures and 
increase the specificity of signals, making NIR data more reliable for 
correlation analysis. IR spectroscopy, which is sensitive to changes in 
dipole moments [49], is particularly effective for detecting the stretch
ing of polar bonds such as C-O and C-O-C. The signal observed at 
1232 cm− 1 has previously been attributed to these bonds. The slightly 
lower correlation observed for IR may result from its sensitivity to 
functional groups that do not directly contribute to antioxidant activity. 
Although such polar bonds may be present in aromatic compounds, the 
antioxidant activity of propolis is more strongly linked to conjugated 
C––C systems, which are more effectively detected by Raman spectros
copy. 1H NMR showed a moderate correlation with RSA, reflecting the 
contribution of aromatic protons. However, averaging the entire aro
matic region may dilute specificity, as signals from non-antioxidative 

compounds could also be present.
To support the assignment of the Raman and NIR signals showing the 

highest R2 values to RSA, additional analysis was performed using 2D 
correlation spectroscopy (Fig. 5A). Furthermore, Raman and NIR spectra 
were recorded for three model compounds commonly found in propolis 
[50]: caffeic acid, p-coumaric acid, and ferulic acid, all of which contain 
both aromatic and conjugated C––C bonds. These measurements were 
used to aid in final signal assignment, and the relevant spectral regions 
are shown in Fig. 5B-C.

The 2D correlation spectrum (Fig. 5A) reveals covariation between 
the Raman and NIR signals of interest, consistent with their shared 
correlation with RSA. In the Raman spectrum, two distinct signals at 
1602 and 1631 cm− 1 are observed. While relatively well-resolved, these 
signals remain broad, suggesting potential overlap from multiple 
contributing aromatic compounds. In contrast, the NIR signals are 
notably broader and less distinguishable, indicating a higher degree of 
spectral overlap in this region. Nevertheless, two signals at wavelengths 
1666 and 1678 nm exhibit stronger covariation with the Raman signal 
at 1631 cm− 1 than other wavelengths in the selected region, aiding in 
the identification of the variables of interest.

The Raman spectra of the model compounds (Fig. 5B) also display 
both signals observed in Fig. 5A, although their exact peak positions and 
intensities vary among the compounds. Since these compounds differ 
only in the substituents on the benzene ring, specifically the presence or 
absence of a methoxy group and the different positioning of hydroxyl 
groups, this variation likely reflects the influence of electronic effects, 
particularly resonance and conjugation, on the electron distribution 
within the aromatic system and the associated C––C vibrational modes. 
The presence of both the 1631 and 1602 cm− 1 signals across all three 

Fig. 5. (a) 2D covariation spectra of Raman (1700–1550 cm− 1) and NIR (1650–1700 nm) regions showing the highest correlations with RSA (Table 2). Raman data 
were pre-processed using standard normal variate (SNV) and Pareto scaling, while NIR data were treated with a second-derivative Savitzky-Golay filter and mean 
centering. Raw Raman and second-derivative NIR spectra are shown for Danish (N = 38) and Norwegian (N = 7) samples. (b) Raman and (c) second-derivative NIR 
spectra of selected regions for model compounds: caffeic acid, p-coumaric acid, and ferulic acid.
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compounds supports their assignment to distinct vibrational origins. The 
1602 cm− 1 signal is likely associated with aromatic C––C stretches 
within the benzene ring, reflecting lower energy and delocalized 
π-electrons. In contrast, the 1631 cm− 1 signal is more plausibly attrib
uted to conjugated (non-aromatic) C––C stretches, which typically 
resonate at slightly higher energy due to their more localized electronic 
structure.

The NIR spectra of the model compounds (Fig. 5C), by comparison, 
are more ambiguous. Application of the second-derivative Savitzky- 
Golay filter reveals several overlapping bands, which likely originate 
from the first overtones of aromatic and/or conjugated C-H stretches. 
However, unlike the Raman spectra, it is not feasible to distinguish 
which signals arise from aromatic versus conjugated C-H overtones in 
the NIR spectra of the model compounds, and by extension, in those of 
the propolis samples. This limitation stems primarily from the over
lapping nature of these overtones and is further compounded by the 
extensive spectral congestion in the NIR region of the propolis samples, 
reflecting their inherently complex, polyphenol-rich composition. 
Although exact determination of the origin of these signals is not real
istic, the 2D correlation analysis (Fig. 5A) helps to lessen this ambiguity 
by highlighting the two NIR bands, at 1666 nm and 1678 nm, that co
vary with the Raman signal at 1631 cm− 1. These findings underscore the 

relevance of these NIR features despite the spectral complexity and 
support their association with vibrational modes of aromatic and/or 
conjugated structures. Notably, the NIR peaks of the model compounds 
appear at slightly higher wavelengths compared to those in the propolis 
spectra. This discrepancy may be attributed to matrix effects, as the 
resinous nature of propolis could influence how compounds interact 
with the light source, potentially shifting their absorbance features.

Together, these results highlight how the different spectroscopic 
methods complement one another in providing insight into the chemical 
composition of propolis. Each method offers distinct advantages and 
limitations, with varying sensitivity and specificity toward the 
antioxidant-relevant structures in propolis.

Prediction of radical scavenging activity based on spectroscopic data

In order to scrutinize the relation between the chemical spectra and 
the RSA, a PLS regression model was created to evaluate the ability of 
the applied spectroscopic techniques to predict the RSA of the propolis 
samples. Due to the large replicate variability of IR and Raman mea
surements, observed in the PCA (Fig. 2), an average of the triplicates was 
used for PLS regression. The Australian samples were excluded from the 
analysis due to their distinct chemical composition and lower aromatic 

Fig. 6. Actual versus predicted plots for the (2,2-Diphenyl-1-picrylhydrazyl) DPPH Radical Scavenging Activity (RSA) of Danish (N = 37) and Norwegian (N = 7) 
propolis samples based on (a) IR, (b) Raman, (c) NIR, and (d) ¹H NMR data. The observed R2 values for IR, Raman, NIR, and 1H NMR data were 0.49, 0.61, 0.75, and 
0.64, respectively, with corresponding respective Root Mean Square Error of Cross-Validation (RMSECV) values of 9.54%, 8.31%, 6.66%, and 7.71%. The latent 
variables (LV) for the IR, Raman, NIR, and ¹H NMR models were 1, 2, 4, and 2, respectively.
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content, both of which are key determinants of RSA and could poten
tially obscure the relationship between chemical spectra and RSA in the 
Danish and Norwegian samples. In addition, the Danish sample previ
ously identified as an RSA outlier was omitted from the spectroscopic 
models. For the 1H NMR model, two additional samples previously 
associated with extraction errors were also excluded. These omissions 
were made to ensure a more robust and accurate evaluation of the PLS 
models. Fig. 6 shows the actual versus predicted plot of the RSA as 
predicted by the four spectroscopic-based PLS regression models.

The NIR-based model exhibited the best predictive power with R2 

and Root Mean Square Error of Cross-validation (RMSECV) values of 
0.75 and 6.66%, respectively. The Raman-based model (R2 = 0.61, 
RMSECV = 8.31%) and the 1H NMR-based model (R2 = 0.64, RMSECV =
7.71%) demonstrated similar predictive performance, while the IR- 
based model produced the worst predictive power (R2 = 0.49, 
RMSECV = 9.54%). Thus, NIR proved to have the highest predictive 
power, likely explained by the much better sampling of heterogeneous 
samples by this method. The relatively high predictive power of Raman 
spectroscopy and 1H NMR compared to IR for predicting RSA likely 
stems from their sensitivities to key molecular features, as discussed 
earlier. Raman spectroscopy is particularly effective at detecting aro
matic/conjugated C––C stretching vibrations due to the changes in po
larization, which are fundamental functional groups to antioxidative 
activity. Similarly, 1H NMR provides detailed insights into proton en
vironments, recording significant information about functional groups 
and molecular interactions that may influence RSA. In contrast, the 
lower performance of IR spectroscopy may result from its focus on 
dipole moment changes rather than polarization, as well as potential 
limitations associated with triple-bounce diamond ATR sampling.

However, a direct comparison between the vibrational spectroscopy- 
based models and the 1H NMR-based model may not be entirely valid, as 
1H NMR analysis requires sample extraction prior to measurement, 
whereas vibrational spectroscopic methods can analyse the sample 
directly. The extraction step inherently increases the risk of biased er
rors, as evidenced by the two excluded outliers linked to issues during 
the extraction process. Furthermore, the analysis is also subsequently 
limited to the extracted components, potentially omitting compounds 
present in the crude sample. Consequently, the broader compositional 
overview offered by vibrational spectroscopy may be advantageous in 
certain contexts, with NIR being particularly well-suited for sampling of 
heterogeneous materials. Despite this fundamental limitation, liquid 
state 1H NMR still offers the advantage of providing more detailed 
molecular information of complex biological samples compared to 
vibrational spectroscopic methods, allowing for more precise identifi
cation of specific chemical compounds. Therefore, when choosing a 
spectroscopic method, it is crucial to consider the strengths and limi
tations of each technique in relation to the analysis goals and recognize 
that they can all provide complementary information.

Limitations of this study include the small number of Australian 
samples and their exclusion from the 1H NMR analysis, which weakens 
conclusions for this group and limits regional generalisability. Although 
repeated cross-validation ensured robust model performance, our 
limited sample set did not allow for an external validation set. Future 
studies should include independent datasets from other geographical 
regions to confirm the predictive performance and broader applicability 
of the models. A further limitation of the present study is that the applied 
spectroscopic approaches do not allow comprehensive chemical typing 
of propolis or unambiguous identification of individual compounds. 
While vibrational spectroscopic techniques provide rich information on 
overall chemical features and structural classes, they do not resolve the 
specific molecular constituents traditionally used to define propolis 
types. Although 1H NMR has the potential to deliver more detailed 
molecular information, extensive signal overlap from aromatic protons 
within the chemically complex propolis matrix precluded confident 
compound-level identification in the present dataset. Consequently, the 
findings should be interpreted as functional and compositional 

fingerprints rather than exhaustive chemical characterizations. From a 
quality control perspective, this fingerprint-based strategy remains 
highly relevant, as it enables rapid, non-destructive assessment of anti
oxidant potential and batch-to-batch consistency and should be viewed 
as complementary to targeted analytical approaches used for propolis 
standardization.

Conclusion

This study presents an unbiased spectroscopic approach to screen the 
chemical composition of propolis from Australia, Denmark, and Norway 
using multiple spectroscopic techniques, and to predict antioxidative 
activity (expressed as DPPH RSA) in the Scandinavian samples based on 
Raman, NIR, and 1H NMR spectroscopy. PCA showed no significant 
differences between Danish and Norwegian propolis, both of which had 
higher aromatic content than Australian samples, whereas the latter was 
richer in carbohydrates and terpenoids. Australian propolis also 
exhibited significantly lower RSA compared to Danish and Norwegian 
samples. Across all applied techniques, the strongest correlations with 
RSA were observed at 1631 cm− 1 in Raman and 1666 nm in NIR, linked 
to conjugated C––C and first overtones of aromatic/conjugated C-H 
stretches, respectively. NIR spectroscopy yielded the most accurate RSA 
predictions (R2 = 0.75, RMSECV = 6.66%), followed by 1H NMR and 
Raman, while IR was less predictive. Thus, NIR, in particular, shows 
strong potential as a rapid, non-destructive tool for routine quality 
control of chemically complex natural products such as propolis. The 
results also clearly demonstrate the complementary nature of the 
applied spectroscopic techniques, as Raman exhibited sensitivity to ar
omatic features linked to RSA, IR provided broad functional-group in
formation, and NIR captured both aromatic signatures and a more 
holistic chemical overview. In addition, 2D correlations with 1H NMR 
spectroscopy enhanced the interpretation across the different 
techniques.

Finally, the clear compositional and functional differences between 
Australian and Scandinavian propolis highlight the strong influence of 
geographical and botanical variability on propolis chemistry and its 
associated bioactivity.
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