XX XX iR (HARHERRH3E30) Vol. XX No. XX
XXXX 4 XX H  ACTA SCIENTIARUM NATURALIUM UNIVERSITATIS SUNYATSENI XX XXXX

DOI:10. 11714/acta. snus. ZR20260081

Simpson's rule-assisted infrared spectroscopic analysis of

o L L . *
adenosine in Cordyceps sinensis

Liu Zihenglg, Zhang Zhilong *, Liu Hancheng *, Wu Xianzhong’, Tang Yanlin®

1. Energy and Power Engineering School, Gansu Normal College for Nationalities, Hezuo 747000,
China

2. Chemistry and Life Sciences College, Gansu Normal University for Nationalities, Hezuo 747000,
China

3. College of Geography and Environmental Engineering, Lanzhou City University, Lanzhou 730070,
China

4. School of Physics, Guizhou University, Guiyang 550025, China

Abstract: To solve the limitations of traditional adenosine content determination methods, such as
complex sample preparation and time-consuming operations, in this study, Fourier transform infrared
(FTIR) spectroscopy combined with chemometric methods was employed to establish a rapid detection
model for adenosine content in Cordyceps sinensis. A rapid, efficient, and non-destructive quantitative
method was proposed based on FTIR spectroscopy integrated with Simpson's integration rule. Spectral
data were collected from 77 samples of C. sinensis. Through statistical analysis, 1 365 significant data
points were screened from 1 868 original data points, determining five critical wavenumber regions
(399.19-833.29, 1 033.36-1 380.46, 1 710.13—-1 790.89, 1 870.56-3 020.78, and 3 980.46-3 999.71 cm ).
Four types of spectral characteristic variables—peak area (4), full width at half maximum (FWHM),
area-to-height (H) ratio (4/H), and mean absorbance of the spectral band (MBA). A total of 62 samples
(80%) were allocated as the training-validation set for 5-fold cross-validation to establish Multiple
Linear Regression (MLR) and Partial Least Squares Regression (PLSR) models; the remaining 15
samples (20%) served as an independent test set for model generalization validation. FTIR
characteristic analysis revealed that the principal absorption peaks of C. sinensis were located at
3 289.17 em™ (O—H stretching), 2 928.53 ¢cm™' (asymmetric C—H stretching), and 1 652.72 c¢cm™
(amide I band). Modeling results demonstrated that the A/H ratio feature exhibited optimal performance
on the calibration set (MLR: R?=0.941+0.029), but suffered from severe overfitting (AR?>=0.225); the
PLSR-MBA combined model achieved the best cross-validation performance (R*=0.807+0.031, RMSE=
0.189+0.005) with minimal overfitting (AR?>=0.078). Independent test set validation further confirmed
the superior predictive accuracy and robustness of the PLSR-MBA model (R*=0.886, RMSE=0.107),
significantly outperforming the MLR-4/H model (R*> =0.845, RMSE=0.169). The PLSR-MBA

combined model achieves an optimal balance among fitting accuracy, generalization capability, and
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overfitting resistance, and is recommended as the preferred method for rapid quantitative analysis of

adenosine content in C. sinensis. This study provides important theoretical basis and practical guidance

for feature extraction and modeling strategy selection in spectral quantitative analysis of traditional

Chinese medicines.
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Cordyceps sinensis, a composite structure formed
by the parasitism of fungi from the Cordycipitaceae
family on the larvae of Hepialidae, possesses signifi-
cant medicinal value (Li et al., 2024). Adenosine, a
key active component of C. sinensis, exhibits a wide
range of physiological activities, and its content has
become an important indicator for evaluating the
quality of this herb (Xu et al., 2012; Li et al., 2015).
However, accurate determination of adenosine con-
tent has long posed technical challenges due to the
complex matrix of C. sinensis.

Currently, adenosine content determination in
C. sinensis primarily relies on conventional techniques
such as high-performance liquid chromatography
(HPLC), liquid chromatography-mass spectrometry
(LC-MS), and immunoassays (Griffiths et al., 2006;
Zhang et al., 2016; Zhu et al., 2025; Qin et al., 2025).
Although these methods offer certain accuracy advan-
tages, they present notable limitations: HPLC and
LC-MS require complex sample preparation, involve
long analysis times, and incur high equipment costs;
immunoassays may be affected by cross-reactivity,
compromising detection accuracy. These constraints
render traditional methods inadequate for meeting the
demands of large-scale, rapid quality control.

Infrared spectroscopy has gained increasing
attention in natural product analysis due to its advan-
tages of rapidity, non-destructiveness, and operational
simplicity (Kasprzyk et al., 2018; Zhang et al., 2016;
Khalid et al., 2022; Wu et al., 2022; Hu et al., 2023;
Zhang, 2023). Simpson's rule is a numerical integra-
tion method used to approximate the integral of a
function over a given interval. In infrared spectral
analysis, the peak area of the spectral curve is often
used for the quantitative analysis of target substances.

Due to its high accuracy, Simpson's rule is widely ap-
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plied in calculating the area under infrared absorption
peaks, thereby improving the accuracy of quantitative
analysis. This technique provides molecular vibration
spectra that reflect the chemical composition of
samples, offering new possibilities for quantitative
analysis of complex matrices. In recent years, infrared
spectroscopy has been successfully applied to quality
control of various traditional Chinese medicinal mate-
rials, demonstrating considerable potential for rapid
screening and quality evaluation.

Nevertheless, applying infrared spectroscopy to
C. sinensis, a unique matrix, still faces several chal-
lenges. First, the complex composition of C. sinensis
may lead to spectral information overlap and inter-
ference. Second, as a trace component, the spectral
features of adenosine may be masked by major con-
stituents. Third, establishing a stable and reliable
quantitative model requires systematic research
methodologies and optimized data processing strate-
gies. Through systematic analysis of existing litera-
ture, this study has identified three major gaps in
current research: (1) lack of systematic studies—
although infrared spectroscopy has been applied in
traditional Chinese medicinal material analysis, sys-
tematic research specifically targeting quantitative
detection of adenosine in C. sinensis remains insuffi-
cient, with existing studies often focusing on prelimi-
nary validation of methodological feasibility while
lacking in-depth exploration of model robustness
and applicability; (2) inadequate model construction
methods—most studies directly employ full-spectrum
data for modeling, failing to adequately address
spectral interference caused by the complex matrix of
C. sinensis, with insufficient systematic comparison
and validation in characteristic wavelength selection

and optimization of spectral preprocessing methods;
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(3) insufficient practical application validation—the
majority of existing research remains at the laboratory
stage, with limited validation of adaptability to actual
production environments, and further investigation is
needed regarding model stability, reproducibility, and
applicability across different sample batches.

To address the aforementioned research gaps,
this study proposes a novel method for rapid quantita-
tive detection of adenosine in C. sinensis using
infrared spectroscopy. The core innovations of this
method are reflected in the following three aspects:
(1) Optimization of spectral preprocessing strategies—
systematically comparing various spectral prepro-
cessing methods to identify the most suitable approach
for the complex matrix of C. sinensis, effectively
reducing background interference and improving
spectral information quality; (2) Innovative feature
extraction methods—integrating chemometric tech-
niques to extract characteristic bands most relevant
to adenosine content from full-spectrum information,
establishing an efficient and robust quantitative model;
(3) Development of a practical detection system—
with focus on practical application, developing an
easy-to-operate and cost-effective detection solution
to provide a reliable tool for quality control in
C. sinensis production settings.

Infrared spectroscopy offers a new technological
pathway for rapid detection of adenosine in C. sinen-
sis. Through systematic optimization of spectral
analysis and data processing methods, it is possible to
establish an efficient, accurate, and practical quantita-
tive detection system (Liu et al., 2025; Wang et al.,
2025). Future research should prioritize the validation
and optimization of models in real production envi-
ronments. Additionally, exploring the potential of this
technology for high-throughput screening of active
components in other natural products will advance
the modernization of quality control for traditional
Chinese medicine (Bro et al., 2014).

1 Materials and methods

1.1 Experimental materials

1.1.1  C. sinensis samples C. sinensis is primarily

distributed in high-altitude regions of China, includ-
ing Qinghai, Xizang, Sichuan, Yunnan, and Gansu
provinces, and its growth is significantly influenced
by environmental factors such as altitude, climate,
and soil. In this study, C. sinensis samples were col-
lected from Yushu Tibetan Autonomous Prefecture,
Qinghai Province, characterized by plump insect bodies,
clean yellow color, relatively high content of active
components such as adenosine, and slightly larger size.
It should be noted that the present study exclusively
employed samples from Qinghai Province; therefore,
caution should be exercised when extrapolating the
findings to samples from other geographical origins.
All samples were quantified on a dry weight basis.
1.1.2 Reagents Adenosine standard (Batch No. 58-
61-7,purity >98%), Nanchang HEBEN Biotechnology
Co., Ltd. Anhydrous ethanol (analytical grade),
Zhongjiu Technology Co., Ltd. Wahaha pure water,
conductivity 1.08-1.56 pwS/cm. 0.45 pm hydrophilic
microporous filter membrane

1.2 Experimental equipment

1.2.1 Spectral data acquisition instruments Fouri-
er-transform infrared spectroscopy (FTIR) analysis
was performed using a Nicolet 6700 spectrometer
(Thermo Fisher Scientific, USA). The instrument was
equipped with a liquid nitrogen-cooled MCT detector.
Spectra were collected over the range 0of 350-7 800 cm™
at a resolution of 4 cm ', with 64 cumulative scans to
optimize the signal-to-noise ratio. All spectra were
acquired at room temperature and processed using the
built-in OMNIC software (version 9.0). The wave-
number accuracy was regularly verified using a poly-
styrene film standard.

1.2.2  Adenosine content measurement instruments
A SHIMADZU LC-20AD HPLC
employed, utilizing a parallel double-plunger delivery

system was

system with a plunger capacity of 10 pL and a maxi-
mum delivery pressure of 40 MPa. The flow rate range
was 0.000 1-10.000 0 mL/min, with maximum flow
rate of 0.01-2 mL/min and flow rate accuracy within
1% or 0.5 wL/min (for values below 0.01 mL/min).

1.3 Experimental procedures

1.3.1 Sample pretreatment The C. sinensis sam-
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ples were dried in a drying oven at 40 °C, followed
by grinding and sieving through a 200-mesh sieve. Pre-
cisely 0.50 g of the dried and constant-weight sample
was weighed into a 50 mL centrifuge tube, and 25 mL
of extraction solution was added. The mixture was
subjected to ultrasonic extraction, and after extrac-
tion, the centrifuge tube was centrifuged at 20 °C,
5 000 r/min for 10 minutes. The supernatant (1 mL)
was filtered through a 0.45 pm hydrophilic micropo-
rous filter membrane and directly injected into the
sample vial for analysis.

Infrared spectroscopy samples were prepared by

mixing with potassium bromide (KBr) at a mass ratio
of 1 : 100, with total mass controlled at approximately
250 mg. The mixture was thoroughly ground in an
agate mortar and pressed in a stainless-steel pellet die
(inner diameter 13 mm) at 10 MPa for 2 min, pro-
ducing a transparent disk with a thickness of approxi-
mately (0.8 £ 0.05) mm.
1.3.2  Spectral measurement and preprocessing  Prior
to spectral testing, a precision validation experiment
was conducted using three representative samples,
with replicate measurements performed (n=5 for
repeated scanning of the same pellet; n=3 for replicate
pellet preparation). The relative standard deviations
(RSD) of extracted spectral indicators—including
peak area (A), full width at half maximum (FWHM),
Area-to-Height (H) ratio (4A/H ratio), and MBA
value—were all below 5%.

Prior to data analysis, three spectral samples
were randomly selected for preprocessing. Compara-
tive analysis demonstrated that 5-point moving average
smoothing alone was sufficient for this study. The
rationale is as follows: (1) standardized pelletization
ensured consistent thickness and scattering effects;
(2) instrument baseline drift was corrected in real-
time using blank controls, with residual deviation <
0.5%; (3) incorporating SNV/MSC improved model
prediction R? by merely 0.3%-0.5%, without affecting
model evaluation outcomes, while increasing compu-
tational cost by 3-fold. Therefore, smoothing-only
processing was selected as the optimal strategy.

A 5-point moving average smoothing was ap-

plied to the original spectrum by replacing the central
point value with the average of five consecutive data
points, to reduce noise and highlight underlying trends.
The mobile
phase was composed of ultrapure water and methanol
(84 :16, V/V) with a flow rate of 1.0 mL/min. The

chromatographic column used was XBridgeTM C

1.3.3 Adenosine content measurement

(4.6 mm %250 mm, 5 wm), with a column tempera-
ture of 30 °C. The injection volume was 10pL, and
the ultraviolet detection wavelength was set at 254 nm.
1.4 Data splitting strategy

All 77 samples were randomly divided into
two subsets: a training-validation set of 62 samples
(~80%) and an independent test set of 15 samples
(~20%). For the training-validation set, a 5-fold cross-
validation strategy (K=5) was employed. The 62
samples were randomly shuffled and partitioned into
five folds (Folds 1-3: 12 samples each; Folds 4-5: 13
samples each). In each iteration, four folds were used
for training and the remaining fold for validation.
This process was repeated five times to ensure each
fold was validated once. Final model performance
was assessed by averaging the five validation results.
Statistical analyses were performed with SPSS
27.0; figures were generated using OriginPro 2025b
(OriginLab, USA).
1.5 Simpson's rule-based approach for spectral vari-
able extraction

Simpson's rule is a numerical integration method
used to calculate the value of a definite integral (Xu
et al., 2020). The principle involves dividing the inte-
gration interval into many small intervals, approxi-
mating the integrand function with a parabola (qua-
dratic function) on each interval, calculating the inte-
gral value for each small interval, and summing these
values to obtain an approximate value for the entire
integral.

Simpson's integration formula can be

expressed as:

X

[ rom =S r() + 43000 )
P23 )]

where

a and b: the lower and upper limits of integration,
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respectively, defining the closed interval [a, b].

x: the independent variable of integration.

Ax: the uniform step size (width) of each subinterval,
calculated as Ax = (b — a)/n.

n: the total number of subintervals, which must be an
even positive integer to ensure the validity of the com-
posite Simpson's rule.

Simpson's rule is employed for numerical inte-
gration of spectral data. This method is chosen for its
balance between accuracy and computational effi-
ciency, despite potential challenges with discrete and
noisy spectral data. The integration process generates
several spectral variables.

A: Represents the total intensity or energy within
a specific waveband range.

FWHM: Measures the width of a spectral peak at
half its maximum height, indicating the sharpness or
spread of the peak.

A/H: Provides additional information about the
shape of the peak, distinguishing between different
peak types.

MBA: Represents the arithmetic mean of absor-
bance values within a specific spectral band, indi-
cating the average spectral response or central inten-

sity of that region.

2 Results and analysis

2.1 Spectral characteristics of C. sinensis
Fig.1

transform infrared (FTIR) spectrum of C. sinensis,

presents a three-dimensional Fourier-

widely employed for the analysis of functional groups
and molecular structures. The horizontal axis denotes
the characteristic infrared frequencies, with wavenum-
bers corresponding to vibrational or rotational transi-
tions of specific functional groups, providing critical
information for structural identification. The spectral
range spans approximately 500-4 000 ¢m’’', encom-
passing characteristic absorption regions of common
organic functional groups such as hydroxyl and
carbonyl groups.

The infrared spectra of 77 samples were sub-
jected to averaging, to obtain a representative spec-

trum that reflects the overall spectral trends. This

curve visually demonstrates how the spectrum varies
with wavelength, providing a clear foundation for fur-
ther analysis of material properties and spectral distri-
bution patterns as shown in Fig.2.

The absorbance is mainly distributed in the mid-
wavenumber range, with peaks mainly distributed at
3 289.17, 2 928.53, 2 856.18, 1 745.29, 1 652.72,
1 546.65, 1 459.87, 1 375.02, 1 247.74, 1 153.24,
1 082.71, 1 025.96, 913.46, 898.88, 715.47, 622.90,
and 570.84 cm™'. Among these, the peaks at 3 289.17,
2 928.53, 1 652.72, 1 082.71, and 1 025.96 cm' are
particularly prominent. The region above 3 000 c¢cm'™
primarily corresponds to absorption peaks generated
by the stretching vibrations of hydroxyl (O—H) groups.
The absorption peaks at 2 928.53 and 2 856.18 cm™
are caused by the antisymmetric and symmetric
stretching vibrations of methylene (C—H) groups,
respectively. The absorption peak at 1 745.29 cm™
corresponds to the stretching vibration of the ester
carbonyl (C—0) group. The peaks at 1 652.72 and
1 546.65 cm™ represent the amide I and amide II
bands of proteins, respectively. The absorption peaks
at 1 459.87 cm ™ and 1 375.02 cm™' are primarily due
to the bending vibrations of methylene and methyl
(C—H) groups. The peaks at 1 153.24 cm™,1 082.71,
and 1 025.96 cm ' correspond to the stretching vibra-
tions of C—O bonds. These characteristic peaks are
used to identify the types of chemical bonds in the
sample, thereby providing insights into the chemical

structure of the sample (Liu et al., 2025).
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Fig. 1 Infrared absorption spectrum 3D plot of C. sinensis
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Fig.2 The average infrared spectrum of C. sinensis

2.2 Pearson correlation analysis

The Pearson correlation coefficient is suitable
for analyzing the linear relationship between two con-
tinuous variables, accurately reflecting the degree and
direction of their association, as shown in Fig.3. It
illustrates the relationship between the wavenumber
(cm™) and the correlation coefficient:

1) Low-wavenumber range (400-2 000 cm™).
shows marked

The correlation coefficient

fluctuations with distinct peaks and troughs,
suggesting variability or potential interference in this
region. This may stem from overlapping absorption
peaks from other components in C. sinensis, such as
proteins or polysaccharides.

2) Mid-range (2 000-3 000 cm™).

The correlation coefficient remains relatively
stable but low, indicating weak or nonspecific
interactions with adenosine content.

3) High-wavenumber range (3 000-4 000 cm™).

A pronounced peak demonstrates a strong corre-
lation in this spectral region, likely attributable to
stretching vibrations of adenosine-specific functional
groups such as —OH and nitrogen-containing groups.

The strong correlation in the high-wavenumber
range supports the potential of using these absorption
bands

spectroscopy. However, interference in the low-

for adenosine quantification via infrared

wavenumber range could pose analytical challenges.
In summary, when analyzing correlations between

chemical content and infrared spectra, the entire

wavenumber range should be considered. The high-

studying adenosine in C. sinensis.
2.3 Extraction and processing of key wavenumbers

Following the chemometric framework estab-
lished in Section 3.2, characteristic wavenumber
extraction was performed using Pearson two-tailed
correlation analysis as a variable selection strategy.
This approach aligns with the chemometric principle
of dimensionality reduction, screening informative
variables from high-dimensional spectral data to
enhance model interpretability and predictive perfor-
mance. With a= 0.01, correlations with |r|>0.33 were
statistically significant, defining the threshold for the
Pearson correlation coefficient as 0.33. Based on this
criterion, 1 365 significantly correlated spectral data
points were extracted from the original 1 868 data
points, achieving a 27% dimensionality reduction
while preserving chemically informative features, as
shown in Table 1 presents a comprehensive overview
of significant correlations across distinct wavelength
bands at a significance level of P = 0.01. For each
band, the table features five key metrics: the peak and
lowest observed correlation values, the average corre-
lation, the total number of significant correlations,
and their proportion relative to the overall dataset. The
data highlights the following key trends:

1) 399.19-833.29 cm™.

Showcases strong correlations with a peak value
of 0.581, an average of 0.504, and 276 significant cor-
relations (14.775% of total).

2) 866.59-874.67 cm™.

Displays weak but notable correlations, with a

peak of —0.329and only 5 significant cases (0.267%).
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Table 1 Data table of correlations exceeding the absolute critical value (P=0.01)

Wavenumber range/cm’' Maximum Minimum Average Number Percentage of total/%
399.19-833.29 0.581 0.326 0.504 276 14.775
866.59-874.67 -0.329 -0.325 -0.329 5 0.267
922.35-933.24 -0.367 -0.326 -0.344 6 0.321

1033.36-1 380.46 0.372 0.327 0.344 186 9.957
1710.13-1 790.89 0.568 0.330 0.481 45 2.408
1 870.56-3 020.78 -0.587 -0.327 -0.479 599 32.066
3 370.54-3 830.75 0.492 0.325 0.393 240 12.847
3 980.46-3 999.71 -0.335 -0.329 -0.332 8 0.428

3) 922.35-933.24 cm™.

Exhibits moderate negative correlations, averag-
ing —0.344, with 6 significant correlations (0.321%).

4) 1 033.36-1 380.46 cm™.

Features moderate positive correlations, with a
peak of 0.372 and 186 significant cases (9.957%).

5) 1710.13-1 790.89 cm™.

Demonstrates robust positive correlations, reach-
ing a peak of 0.568, with 45 significant instances
(2.408%).

6) 1 870.56-3 020.78 cm™.

Shows the most pronounced correlations overall,
with a peak of — 0.587 and 599 significant cases
(32.066%).

7) 3 370.54-3 830.75 cm™.

Displays moderate positive correlations, averag-
ing 0.393, with 240 significant instances (12.847%).

8) 3 980.46-3 999.71 cm™.

Exhibits weak negative correlations, with a peak
0f-0.335 and only 8 significant cases (0.428%).

The wavebands 866.59-874.67, 922.35-933.24
and 3 980.46-3 999.71 cm ', each with only 0.16% of
the total, were excluded from the analysis due to
potential errors and low contribution during model
building. For the wavenumber ranges 399.19-833.29,
1 033.36-1 380.46, 1 710.13-1 790.89, 1 870.56~
3 020.78, and 3 980.46-3 999.71 cm', this table effec-
tively quantifies the distribution and intensity of
significant correlations across the spectrum, enabling
a detailed comparison of their patterns and magni-

tudes.

2.4 Model development and validation

To systematically evaluate the chemometric
modeling performance, four spectral feature extrac-
tion methods were integrated with MLR and PLSR
algorithms. This design follows the chemometric best
practice of comparing multiple modeling strategies to
identify the optimal combination of feature representa-
tion and regression algorithm. Four spectral feature
models (Model A, Model FWHM, Model 4/H, and
Model MBA) were established, and their perfor-
through  5-fold

validation. All feature sets uniformly adopted the in-

mances were assessed Cross-
ternal cross-validation (LOO-CV) criterion of maxi-
mizing CV-R?. To ensurea fair comparison between
PLSR and MLR, the following unified rules were
implemented.

1) Identical sample size.

All models were based on identical samples.

2) Identical cross-validation.

Leave-one-out cross-validation (LOO-CV) was
employed for all models.

3) Identical evaluation metrics.

R?, RMSE, and MAE were used uniformly.

4) LVs selection independent of testing.

The optimal number of LVs was determined
solely through cross-validation on the training set,
without accessing the test data.

5) Identical preprocessing.

Consistent rules were applied for outlier handling
and constant column removal.

The results are presented in Table 2.

1) Effect of extraction

spectral feature
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methods. fluenced model performance. This observation con-
The calibration (Fitted) results demonstrated that firms the chemometric principle that feature extrac-
different feature extraction methods significantly in- tion is a critical determinant of model performance—

Table 2 Performance of different spectral feature models using MLR and PLSR algorithms" (n=5)

Model Methods  Fold times Fitted R? Fitted RMSE CV-R? CV-RMSE Optimal LVs
1 0.856 0.213 0.610 0.369 -
2 0.906 0.211 0.671 0.374 -
3 0.887 0.229 0.662 0.382 -
MLR
4 0.876 0.223 0.623 0.378 -
5 0.837 0.226 0.621 0.373 -
mean £ SD 0.867+0.027 0.221+0.008 0.641+0.027 0.381+0.005
A
1 0.858 0.236 0.753 0.283 1
2 0.818 0.222 0.720 0.270 1
3 0.831 0.229 0.713 0.264 1
PLSR
4 0.838 0.231 0.778 0.280 1
5 0.845 0.219 0.780 0.273 1
mean + SD 0.849+0.015 0.229+0.007 0.745+0.031 0.275+0.008
1 0.759 0.206 0.470 0.352 -
2 0.789 0.199 0.461 0.324 -
3 0.752 0.203 0.469 0.328 -
MLR
4 0.821 0.204 0.467 0.323 -
5 0.770 0.197 0.453 0.332 -
mean + SD 0.789+0.028 0.203+0.004 0.449+0.007 0.338+0.012
FWHM
1 0.776 0.200 0.439 0.346 1
2 0.767 0.192 0.414 0.347 1
3 0.811 0.205 0.406 0.324 1
PLSR
4 0.774 0.191 0.440 0.333 1
5 0.768 0.209 0.436 0.325 1
mean + SD 0.785+0.018 0.199+0.008 0.427+0.016 0.338+0.011
1 0.975 0.115 0.689 0.237 -
2 0.953 0.120 0.731 0.238 -
3 0.925 0.119 0.735 0.235 -
MLR
4 0.900 0.122 0.720 0.226 -
5 0.923 0.117 0.735 0.228 -
” mean £ SD 0.941+0.029 0.117+0.003 0.716+0.019 0.237+0.005
H
1 0.883 0.119 0.770 0.205 2
2 0.939 0.121 0.760 0.204 2
3 0.909 0.125 0.821 0.192 2
PLSR
4 0.927 0.119 0.811 0.206 2
5 0.964 0.117 0.797 0.199 2

mean + SD 0.926+0.031 0.122+0.003 0.787+0.026 0.198+0.006
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Model Methods Fold times Fitted R? Fitted RMSE CV-R? CV-RMSE Optimal LVs
1 0.933 0.139 0.717 0.229 -
2 0.941 0.144 0.703 0.233 -
3 0.889 0.145 0.696 0.238 -
MLR
4 0.870 0.133 0.711 0.230 -
5 0.880 0.140 0.755 0.244 -
mean + SD 0.905+0.032 0.140+0.005 0.723+0.023 0.233+0.006
MBA 1 0.926 0.140 0.840 0.184 1
2 0.863 0.149 0.786 0.192 1
3 0.885 0.147 0.778 0.194 1
PLSR
4 0.867 0.140 0.806 0.184 1
5 0.866 0.144 0.846 0.193 1
mean + SD 0.885+0.026 0.147+0.004 0.807+0.031 0.189+0.005
1) Bold values indicate the optimal performance for each metric; CR denotes cross-validation results; —: Not detected.

different spectral descriptors (A, FWHM, A/H, MBA)
capture distinct aspects of the spectral information,
and their effectiveness depends on the specific analyte-
matrix system. Model A/H exhibited the superior
performance, with MLR achieving a Fitted R? of
0.941£0.029 and Fitted RMSE of 0.117+0.003, sig-
nificantly outperforming the other three models
(P<0.05). Model MBA ranked second with a Fitted R?
of 0.905+0.032. In contrast, Model FWHM (full
width at half maximum) showed the poorest calibra-
tion performance (R?=0.789+0.028), indicating that
peak shape features alone are insufficient for accurate
quantification.

2) Comparison between MLR and PLSR algo-
rithms.

A comparative analysis of the two modeling al-
gorithms revealed that MLR generally outperformed
PLSR in calibration, whereas different trends were ob-
served in cross-validation.

Calibration performance: Except for Model
MBA, MLR achieved higher Fitted R*> values than
PLSR for all other models. Specifically, Model 4/H
with MLR (R?=0.941) exceeded PLSR (R?*=0.926) by
1.6%, suggesting that MLR possesses stronger fitting
capabilities when feature dimensions are low (5 vari-
ables) and linear relationships are well-defined.

Generalization performance: PLSR demonstrated

significant advantages in cross-validation. Taking
Model A as an example, PLSR improved the cross-
validation R? by 16.2% (0.745+0.031 vs 0.641£0.027)
and reduced RMSE by 27.8% (0.275+0.008 vs 0.381+
0.005) compared to MLR. Similar trends were observed
for Model A/H and Model MBA. This superiority
stems from PLSR's ability to extract latent variables
(LVs), which effectively addresses multicollinearity
among features, reduces overfitting risks, and
enhances prediction stability for unknown samples.

3) Overfitting analysis and model selection.

The degree of overfitting was assessed by com-
paring the difference between Fitted R? and cross-vali-
dation R? (AR?). Model A/H with MLR exhibited the
largest AR? (0.225), indicating that despite its excep-
tionally high fitting accuracy, this combination suffers
from considerable overfitting. In contrast, Model
MBA with PLSR showed the smallest AR? (0.078),
demonstrating optimal generalization capability.

Considering both fitting accuracy and generaliza-
tion performance, Model MBA combined with PLSR
(cross-validation R? =0.807+0.031, RMSE=0.189+
0.005) is recommended as the optimal choice for prac-
tical applications. For scenarios requiring maximum
fitting precision with representative samples, Model
A/H with MLR (Fitted R>=0.941+0.029) represents an

alternative option.
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2.5 Comparison of prediction performance on inde-
pendent test set

To wvalidate the practical predictive capability
from a chemometric perspective, independent test set
validation was performed on the PLSR-MBA com-
bined model and the MLR-4/H model. Independent
test sets serve as the ultimate criterion in chemometric
model assessment, providing unbiased evaluation of
model generalization to truly unknown samples. The
independent test set comprised 15 samples that were
not involved in model construction, used to evaluate
model generalization performance and practical reli-
ability.

As shown in Fig.4, the two models exhibited dis-
tinct predictive performance on the independent test
set. Fig.4a presents the scatter plot of measured ver-
sus predicted values for the PLSR-MBA model,
which demonstrated excellent prediction accuracy
with a coefficient of determination (R?) of 0.886 and a
Root Mean Square Error (RMSE) of 0.107. The scat-
ter points clustered tightly around the 1:1 reference
line without apparent systematic bias, indicating good
robustness and practical applicability of this model.

Fig. 4b illustrates the prediction results of the
MLR-A/H model, with an R? of 0.845 and RMSE of
0.169. Although this model performed optimally on
the calibration set, its generalization capability signifi-
cantly deteriorated on the independent test set, with
relatively dispersed scatter distribution. Notably, con-
siderable variability was observed in the low-
concentration region (1.0-1.5), and a certain degree
of overestimation occurred in the high-concentration
region.

The independent test results further confirmed
that the PLSR-MBA combined model achieves the
optimal balance between fitting accuracy and
generalization capability, and is recommended as the
preferred model for quantitative analysis of C. sinensis;
the MLR-4/H model, due to overfitting issues
resulting in poor independent test performance, is
only suitable for specific scenarios with highly repre-

sentative samples.

% XX 45
(a) PLSR-MBA model
3.0
R’=0.886
RMSE=0.107
25+¢
3
5 20
2
g
~
1.5¢
1'0 L 1 1
1.0 1.5 2.0 2.5 3.0
Measured
(b) MLR-A/H model
4.0 —
R“=0.845
RMSE=0.169 -
35F
k=l
Q
2 30t
k=l
g
~
25 -
2‘0 1 L 1 1
0.5 1.0 15 2.0 2:5 3.0

Measured
Fig. 4 Scatter plots of measured vs. predicted values for
PLSR and MLR models (n=15)

3 Discussion

3.1 Implications and significance

This study presents a groundbreaking applica-
tion of FTIR spectroscopy (Liu et al., 2013; Qian et
al., 2013; Tan et al., 2018). as a revolutionary, non-
destructive alternative to conventional methods like
HPLC and LC-MS for adenosine quantification in
C. sinensis. The comparative analysis of the two
models indicates that the PLSR-MBA combined
model possesses stronger predictive capability and
robustness on the independent test set. As a multivari-
ate statistical method, PLSR can effectively handle
multicollinearity among independent variables and
maximize the explanation of dependent variable vari-
ance through latent variable extraction, which may
account for its superior performance over conven-
tional MLR. Furthermore, the combination of MBA
(likely referring to specific spectral preprocessing or

feature selection methods) with PLSR enhanced the
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model's predictive accuracy.

In contrast, although the MLR-4/H model still
demonstrated acceptable correlation (R* > 0.84), its
RMSE was 58% higher than that of the PLSR model
(0.169 vs 0.107), and more outliers deviating from the
reference line were visible in the scatter plot. This
may be attributed to MLR's sensitivity to multicol-
linearity among independent variables and the limita-
tions of A/H parameters in constructing linear relation-
ships. Notably, the MLR model tended to produce
over predictions at higher measured values, which
could result in substantial relative errors in practical
applications.

3.2 Limitations and future work

This study has several notable limitations that
warrant attention. The relatively small sample size
(77 samples) and the geographical restriction to a single
region (Yushu, Qinghai) constrain the generalizability
of the model to C. sinensis from diverse habitats. In
future research, efforts will be made to expand the
study area by incorporating samples from regions
such as Gansu and Tibet, with the aim of developing a
more universally applicable model. Additionally, the
influences of factors such as altitude, soil composi-
tion, and climate will be taken into consideration. For
instance, low-temperature stress may stimulate the
production of adenosine and other stress-resistant
metabolites in Cordyceps mycelia, although extreme
low temperatures can inhibit growth. Regions with
significant diurnal temperature variations often favor
the accumulation of secondary metabolites. Appro-
priate soil moisture (e. g., 40%—60%water content)
promotes mycelial expansion, while excessively wet
conditions may reduce adenosine synthesis efficiency.
Variations in soil microbial communities and host
insect species across different regions can also affect
nutrient acquisition and metabolite composition of
C. sinensis. Slightly acidic soil (pH 5.5-6.5) is more
conducive to mycelial growth, and trace elements
such as selenium and zinc in the soil may partici-
pate in activating adenosine synthase. These factors

should be carefully considered in future studies. Fur-

thermore, advanced chemometric methods such as
partial least squares regression and machine learning
techniques will be integrated to mitigate interference
from coexisting compounds. Rigorous validation of
the 4. g index model using larger, multi-source
sample sets will also be conducted to enhance its
robustness and applicability.
3.3 Complex matrix interference analysis

The quantitative analysis of adenosine in C.
sinensis is substantially complicated by the intricate
matrix composition of this medicinal material. As a
composite organism comprising fungal mycelia and
insect larvae, C. sinensis contains a diverse array of
chemical constituents, including proteins, polysaccha-
rides, lipids, nucleosides, and sterols, which collec-
tively contribute to spectral overlap and matrix inter-
ference in both infrared spectroscopic and chromato-
graphic analyses (Rinnan et al., 2009).

In FTIR spectroscopy, the mid-infrared region
(4 000-400 cm") exhibits extensive absorption band
overlap among major constituents. For instance, the
amide I band (1 652.72 cm™) and amide II band
(1546.65cm") arising from proteins, the C—O
stretching vibrations (1 153.24-1 025.96 cm™) at-
tributable to polysaccharides, and the ester carbonyl
stretching (1 745.29 cm™') from lipids collectively
mask the relatively weak spectral signatures of
adenosine, a trace component typically presents at
milligram-per-gram levels. This spectral congestion
necessitates the deployment of chemometric tech-
niques to deconvolute overlapping signals and ex-
tract adenosine-specific information. In this study, the
application of Pearson correlation analysis enabled
the identification of 1 365 significantly correlated data
points from 1 868 original spectral variables, effec-
tively filtering out non-informative wavelengths and
reducing interference from coexisting compounds.
Furthermore, the PLSR algorithm, through latent vari-
able extraction, maximized the covariance between
spectral features and adenosine content, thereby en-
hancing the signal-to-interference ratio and improving

model robustness.
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In HPLC analysis, although chromatographic
separation partially resolves adenosine from matrix
components, matrix effects—manifested as ionization
suppression or enhancement in mass spectrometric de-
tection, or peak tailing and shifting in UV detection—
remain significant concerns (Rajalahti et al., 2011;
Brereton, 2018). The complex polysaccharide and pro-
tein matrices in C. sinensis extracts can adsorb onto
the stationary phase or co-elute with adenosine, com-
promising quantification accuracy. In this study, the
ultrasonic extraction protocol (40 °C, 25 mL solvent,
followed by centrifugation at 5 000 r/min) was opti-
mized to maximize adenosine recovery while mini-
mizing co-extraction of interfering substances. The
HPLC reference method (XBridge™ C18 column,
water-methanol 84 :16 mobile phase, 254 nm UV
detection) provided reliable adenosine quantification
with acceptable precision, serving as the benchmark
for FTIR model calibration and validation. The consis-
tency between HPLC-measured and FTIR-predicted
adenosine contents (PLSR-MBA: R?> = 0.886, RMSE =
0.107 on the independent test set) substantiates the
effectiveness of the chemometric strategy in miti-
gating matrix interference.

Comparatively, while HPLC offers superior
selectivity through physical separation, it entails labo-
rious sample preparation, substantial solvent consump-
tion, and prolonged analysis time. FTIR spectroscopy,
despite its susceptibility to matrix interference, pro-
vides rapid, non-destructive detection when coupled
with appropriate chemometric tools. The integration
of Simpson's rule-based feature extraction with PLSR
modeling in this study represents a pragmatic
approach to harnessing the speed advantage of FTIR
while circumventing its inherent limitations regarding
spectral overlap. Future work should explore orthogo-
nal signal correction (OSC) and extended multiplica-
tive signal correction (EMSC) as advanced prepro-
cessing techniques to further suppress matrix-induced

spectral variations.

3.4 Correlation analysis between adenosine content
and infrared spectral features

The Pearson correlation analysis conducted in
this study elucidated the quantitative relationship
between adenosine content and infrared spectral
absorbance across the entire wavenumber range,
providing a mechanistic basis for feature selection
and model interpretation. As illustrated in Fig.3, the
correlation profile exhibited distinct regional patterns
that aligned with the molecular structure of adenosine
and the compositional characteristics of the C. sinen-
sis matrix.

The correlation-based feature selection strategy
employed in this study—retaining spectral regions
with || = 0.33 at o = 0.01—effectively distinguished
adenosine-informative wavelengths from noise and
interference. The exclusion of weakly correlated re-
gions (866.59-874.67, 922.35-933.24, and 3 980.46~
3 999.71 ecm™") with sparse data points (<0.43% of
total) streamlined the feature space and enhanced
model computational efficiency. Notably, the selected
key wavenumber regions encompassed not only
adenosine-specific functional group vibrations but
also matrix-associated bands that indirectly correlate
with adenosine content through covariance structures.
The PLSR algorithm capitalized on these covariance
patterns by extracting latent variables that simultane-
ously captured adenosine-related spectral variance
and suppressed orthogonal interference, thereby
achieving superior cross-validation performance (R?=
0.807+0.031) compared to MLR (R? =0.723+0.023)
for the MBA feature set.

These correlation findings underscore the impor-
tance of mechanistic interpretation in chemometric
model development. Rather than treating spectral fea-
tures as black-box inputs, understanding the physico-
chemical origins of adenosine-spectral correlations
facilitates rational feature engineering and enhances
model transparency. Future studies should integrate
density functional theory (DFT) calculations to simu-

late adenosine infrared spectra and validate band



XX

Liu Ziheng, et al: Simpson's rule-assisted infrared spectroscopic analysis of adenosine in Cordyceps sinensis 13

assignments, thereby strengthening the theoretical
foundation of the quantitative models (Wold et al.,
2001a).

4 Conclusion

This study systematically investigated the model-
ing strategies for quantitative analysis of C. sinensis
using Fourier Transform Infrared (FTIR) spectros-
copy combined with chemometric methods. Through
characteristic spectral analysis, Simpson's rule-based
variable extraction, and comparative evaluation of
multiple modeling approaches, the following main
conclusions were drawn:

1) Characteristic FTIR spectral analysis of
C. sinensis.

FTIR analysis revealed multiple characteristic
absorption peaks in the mid-infrared region (4 000—
400 cm™'), elucidating its primary chemical composi-
tion. The strongest absorption peaks were identified at
3 289.17 ecm' (O—H stretching), 2 928.53 cm’’
(asymmetric C—H stretching), and 1 652.72 cm’
(amide I band). The presence of lipids and proteins
was confirmed by peaks at 1 745.29 ¢m™' (ester car-
bonyl stretching) and 1 546.65 ¢cm™ (amide II band),
while C— O stretching vibrations in the 1 153.24-
1 025.96 cm™ region reflected polysaccharide or gly-
coside components. For 77 samples with original
spectra containing 1 868 data points, 1 365 significant
data points were identified through statistical analy-
sis, determining five critical wavenumber regions:
399.19-833.29,1 033.36-1 380.46,1 710.13-1790.89,
1 870.56-3 020.78, and 3 980.46-3 999.71 cm.
These characteristic peaks provide essential molecular
markers for quality evaluation of C. sinensis.

2) Optimization of feature extraction methods
and modeling algorithms.

A systematic comparison of modeling perfor-
mance using four characteristic variables combined
with MLR and PLSR algorithms was conducted
(Wold et al., 2001b; Abdi, 2010). Results demon-
strated that: the A/H ratio feature exhibited optimal
performance on the calibration set (MLR: R?=0.941+

0.029), effectively integrating peak intensity and mor-
phological information; the MBA feature ranked sec-
ond (R?>=0.905+0.032); while the single FWHM fea-
ture performed poorest (R?=0.789+0.028), confirming
that peak shape features alone are insufficient for ac-
curate quantification. Algorithm comparison revealed
that MLR demonstrated stronger fitting capability
with  low-dimensional features (5 variables),
whereas PLSR effectively addressed multicollinearity
through latent variable extraction, improving cross-
validation R?> by 16.2% and reducing RMSE by
27.8%, exhibiting superior generalization perfor-
mance.

3) Model robustness validation and selection.

Overfitting analysis indicated that although the
MLR-4/H combination achieved the highest calibra-
tion accuracy, it suffered from severe overfitting with
AR? of 0.225; conversely, the PLSR-MBA combina-
tion showed the smallest AR? (0.078), demonstrating
optimal robustness. Independent test set validation
(n=15) further confirmed the superiority of the PLSR-
MBA model (R* =0.886, RMSE=0.107), with pre-
dicted values clustering tightly around the 1 : 1 line
without apparent systematic bias; in contrast, the
MLR-4/H model exhibited inferior generalization
performance (R*=0.845, RMSE=0.169) and signifi-
cant overestimation in high-value regions.

In conclusion, the PLSR-MBA combined model
achieves the optimal balance among fitting accuracy,
generalization capability, and overfitting resistance,
and is recommended as the preferred solution for
quantitative analysis of adenosine in C. sinensis; for
scenarios requiring maximum fitting precision with
representative samples, the MLR-4/H model serves
as an alternative option. This study provides a
methodological reference for feature extraction and
modeling strategy selection in FTIR-based quantita-
tive analysis of C. sinensis, and offers empirical
insights that may inform similar investigations on
other traditional Chinese medicines (Su et al.,
2026).
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