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Abstract

The mid-infrared (MIR) response of cassava leaves (Manihot esculenta Crantz) at different
ontogenetic stages and during postharvest deterioration was studied. For this, Fourier-
transform mid-infrared spectroscopy (FT-MIR; 4000-600 cm™) was used to identify spec-
tral signatures and indices as spectral indicators of leaf development and physiological
status. Cassava’'s HMC-1 variety was used as the model. Spectral signatures were ob-
tained from leaves at two phenological stages (4 and 6 months after planting) using FT-
MIR spectroscopy with an attenuated total reflectance (ATR) accessory. A set of classical
and experimental spectral indices based on contrast relationships were evaluated, and
their discriminatory power across ontogeny was assessed using ANOVA/Kruskal-Wallis
and post hoc tests. Postharvest deterioration effects were examined through postharvest
monitoring (1-20 days), with temporal, ontogenetic, and interaction effects validated us-
ing linear mixed models (LMM), while multivariate structure and spectral convergence
were explored via principal component analysis and hierarchical clustering (PCA-HCA).
Functionally enhanced derivative spectroscopy (FEDS) was applied as a derivative-based
spectral enhancement approach of FT-MIR; in addition, comparative analysis and spectral
correlation mapping allowed signals” selective enhancement and their association with
structural molecular components. FEDS-based signal ratios (e.g., 3400/2920 and 1710/1640
cm) showed an adequate differentiation of mature leaves and were consistent with spec-
tral changes commonly associated with tissue hydration and cuticular ester-related com-
ponents. FT-MIR indices showed higher sensitivity to mature stages compared to other
ontogenies. It is concluded that FEDS-improved FT-MIR allows the construction of con-
sistent spectral signatures and an enhanced extraction of indices with potential as dis-
criminatory spectral indicators of leaf maturation and postharvest deterioration in cas-
sava.

Keywords: spectral characterization; functionally enhanced derivative spectroscopy
(FEDS); spectral signatures; plant’s physiological status; cassava

1. Introduction

Cassava, yuca root, manioc, or tapioca root (Manihot esculenta Crantz) is an important
crop in tropical and subtropical zones due to its role in food security and small- and large-
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scale rural economies [1-3]. Cassava’s roots are an important source of carbohydrates,
constituting a food source for more than 800 million people, mainly in Africa (Nigeria,
Democratic Republic of the Congo, Ghana, among others), Asia (Thailand, Indonesia, Vi-
etnam, India, China, among others), and Latin America (Brazil, Colombia, Paraguay, Ven-
ezuela, Ecuador, among others). Even in the United States of America, consumption of
this tuber is in the order of 1.9 million tons/year (8% of world consumption) [4]. Moreover,
due to its adaptability to adverse conditions, it becomes a strategic opportunity when fac-
ing new circumstances emerging from climate change and pressures on production sys-
tems as a result [5]. In the Latin American context, Brazil is the main producer, followed
by Colombia, representing an important segment in terms of agricultural production,
which is destined for direct consumption, but also as a source of raw material to produce
starch, bioethanol, and thickener in the food industry [6-10]. From a geographical Colom-
bian perspective, the departments of Bolivar, Cérdoba, Sucre, and Magdalena in the Car-
ibbean region have been consolidated as one of the most important areas for cassava cul-
tivation, both in traditional and agro-industrial systems [11].

At present, cassava production faces several limitations due to external factors that
significantly impact its yield and quality. These include environmental variability, genetic
heterogeneity, and genotype x environment interactions, among others [12-14]. In this
context, the development of descriptive and predictive technological tools for chemical
and agronomic analyses, based on data science and artificial intelligence, is becoming in-
creasingly relevant. In addition, these analytical approaches are characterized by ena-
bling, in many cases, rapid, non-destructive, and real-time monitoring of plant physiolog-
ical statuses and crop yields. From a practical perspective, having analytical methods with
these characteristics is particularly important for crops geared towards food security, sus-
tainability, small-scale farming, and efficiency in production systems based on a circular
economy and precision agriculture [15-20].

Today, it is well known that advances in miniaturization, cost reduction, and greater
accessibility to information technologies have greatly facilitated the ability to acquire and
analyze large datasets. As a result, the limitations of many technologies in their adapta-
bility to small-scale production systems are gradually disappearing. Specifically in agri-
culture, this has meant enormous development in agricultural technology, notably in
multi- and hyperspectral analysis of vegetation for the physiological and biochemical
characterization of crops [21,22]. In this context, a spectral biomarker (SpBM) can be de-
fined as a quantitative and/or qualitative descriptor of one or more optical responses re-
sulting from the interaction between electromagnetic radiation and plant tissues. Thus, a
SpBM provides information that can be used from both technological and practical per-
spectives, as they are associated with structural, biochemical, and functional properties of
plants [23-26]. Thus, a SpBM is operatively defined as a specific spectral signature or in-
dex derived from mathematical combinations of two or more specific wavelengths. The
most common indices allow inferences about physiological variables such as chlorophyll
content, hydration status, and the presence of phenolic compounds, among others, and
are usually based on the UV-VIS-NIR spectrum. On the other hand, FT-MIR-based spec-
tral indices are typically based on the ratio of absorption areas or maxima of characteristic
bands associated with specific functional groups, and their spectral signatures are of lim-
ited use. These spectra have the disadvantage of exhibiting significant overlap, which hin-
ders the identification of absorption maxima and causes poor differentiation as the com-
positional and structural complexity of the sample under analysis increases. Furthermore,
these spectra often show a strong dependence on sample pretreatment operations such as
drying and milling [27-31].

Among the infrared-based spectral indices (or bands) is the lignin index (~1510/~1375
or ~1510/~1030), which has been used to estimate lignin content relative to carbohydrate
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content by using signals at ~1510 cm™ (lignin) and ~1375 cm™ (cellulose), or ~1030 cm™!
associated with polysaccharides [32,33]. Likewise, other SpBMs include the polysaccha-
ride index (~1030/~1510 or ~1150/~897), which has been used as an indicator of cell wall
cellulose content by comparing the signals at ~1030 cm™ (polysaccharides) or ~1150 cm™!
(cellulose) to the signals at ~1510 cm™ (cellulose) or ~897 cm™ (p-glucosidic) [34-36]; the
water index (~3400/~1640), which has been used to assess leaf water content from ~3400
cm (O-H) and ~1640 cm™! (water) [37-39]; and the protein index (~1650/~1540), which has
been proposed to assess protein content and metabolism from ~1650 cm™ (C=O of amide
I) and ~1540 cm™ (amide II) [40].

Despite advances in the development of SpBMs, including spectral signatures and
indices, significant limitations remain and restrict their applicability and generalizability.
First, many spectral indices exhibit redundancy and saturation effects, especially in high-
biomass systems, which limit their discriminatory power. Second, since these analyses are
generally performed in situ, spectral responses are strongly influenced by environmental
conditions and multiple external factors, such as climate, soil type, water stress, and ag-
ronomic practices. Consequently, this environmental dependence introduces high varia-
bility, making it difficult to extrapolate models to different contexts [41,42]. Furthermore,
at the data level, substantial spectral overlap has been reported, which is an inherent fea-
ture in FT-MIR of complex samples. Some examples include different vegetation covers,
intrinsic heterogeneity of plants, and differences in physiological states [42,43]. To address
these limitations and improve classification performance several approaches have been
proposed, including the use of new or combined indices [41,42], data transformation tech-
niques (e.g., decorrelation stretching and contrast enhancement) [43], the implementation
of spectral reconstruction algorithms based on machine learning and artificial intelligence
[44], multivariate and chemometric analyses [45], and spectral transformations for optimal
feature selection (e.g., derived spectroscopy) [46], among others. Another important limi-
tation is the dependence of spectral indices on the measurement scale and spatial resolu-
tion of the sensor. While satellite sensors allow for large-scale monitoring, their resolution
is often insufficient to capture variability at the level of individual leaves or plants. In
contrast, laboratory spectroscopic techniques under controlled and stable conditions, as
well as proximal detection approaches, provide higher resolution, but at the cost of re-
duced spatial coverage and higher operating costs [47,48].

However, a need still exists in relation to improving the sensitivity, specificity, and
generalizability of SpBMs; mainly those based on FT-MIR spectroscopy. To address this
challenge, this study proposes the use of a spectral deconvolution technique known as
Functionally Enhanced Derivative Spectroscopy (FEDS), which involves transforming the
spectral response by using a derivative-based function to produce an improved spectrum
in terms of resolution of absorbance maxima [49,50]. By FEDS, two types of signals can be
identified: primary or legacy FEDS signals, which correlate with the relative maxima of
the spectral function, and secondary or “pure” FEDS signals, which appear from the trans-
formation itself. The advantages of this technique include the removal of irrelevant infor-
mation (i.e., points not associated with relative maxima or minima), increased spectral
resolution of overlapping signals, the extraction of hidden or low-intensity spectral fea-
tures, and ease of data processing, programming, and automation. However, its limita-
tions include sensitivity to noise and dependence on measurement reproducibility, requir-
ing the implementation of appropriate methodological strategies to minimize these ef-
fects. Such strategies should be applied both during data acquisition (e.g., managing rep-
lications, establishing minimum standard conditions, avoiding stray radiation) and dur-
ing data processing (e.g., smoothing, normalization, and selecting spectral windows). De-
spite these limitations, FEDS has been proven effective in the analysis of complex systems
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such as animal tissues, food products, agricultural materials, soils, and microbial biofilms
[47-52].

The objective of this study was to characterize the spectral response of cassava leaves
at different ontogenetic stages and under conditions of postharvest deterioration, imple-
menting FEDS/FT-MIR spectroscopy in the construction of spectral signatures and indices
with potential applications as SpBMs of leaf development and plant physiological status.

2. Materials and Methods

2.1. Experimental Location

The experimental setup and sampling were carried out in the Mindtech S.A.S. exper-
imental agriculture unit, located in a peri-urban area of the California sector, Monteria,
Cordoba (Colombia), at 8°47'18.8” N and 75°50'33.5" W. The region is characterized by a
warm tropical climate, with a mean annual temperature of approximately 28 °C and an
average annual precipitation ranging between 1200 and 1500 mm, according to the Insti-
tute of Hydrology, Meteorology, and Environmental Studies of Colombia [53]. In this
study, leaf samples were collected from cassava plants of the HMC-1 variety (ICA-Arme-
nia, Colombia), a clone developed by the International Center for Tropical Agriculture
(CIAT, Cali, Colombia) [54,55]. Additional information regarding plant material and cul-
tivation conditions has been previously reported [56].

2.2. Leaf Tissue Sampling, Pretreatment, and Storage

Since spectral characterization of leaf tissue aims to identify physiological and bio-
chemical patterns across developmental stages, only apparently healthy leaves were se-
lected from each biological replicate. Leaf selection was based on morphological and vis-
ual criteria, prioritizing leaves with uniform green coloration and no visible signs of spots,
deformation, necrosis, chlorosis, or symptoms associated with nutrient deficiencies, abi-
otic stress, or disease.

Leaf collection was conducted during the morning (08:00-11:00 h) to minimize the
influence of midday water stress and excessive transpiration on the spectral measure-
ments. Two phenological stages were evaluated: plants at 4 months after planting, corre-
sponding to the advanced vegetative growth stage, and plants at 6 months after planting,
corresponding to the starch accumulation stage. Within each phenological stage, leaves
were classified according to their ontogenetic status as: (i) young leaves, fully expanded
and located in the upper third of the canopy; (ii) intermediate leaves, located in the upper
portion of the middle canopy third; and (iii) mature leaves, located in the lower portion
of the middle canopy third.

Immediately after collection, leaves were placed in sealed plastic bags containing a
moist cloth to minimize water loss during transport and were transferred to the laboratory
within 4 h. Prior to spectral acquisition, leaf surfaces were gently cleaned with absorbent
paper to remove dust particles and residual surface moisture.

To evaluate the contribution of tissue microstructure to the spectral response, a sub-
set of mature leaves was dried in a forced-air oven (Digitheat-TFT, J.P. Selecta, Barcelona,
Spain) at 40 °C until constant weight and ground using a knife mill (Mikro® UMP, Summit,
NJ, USA) to obtain a homogeneous powder (<0.5 mm particle size). Powdered samples
were stored in airtight polypropylene containers under dry conditions until analysis. Ad-
ditional details regarding leaf selection and sampling procedures have been previously
reported [56].
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2.3. Experimental Design and Dataset Structure

The experimental dataset was organized according to a factorial structure comprising
three biological replicates (cassava plants), three leaf ontogenetic stages (young, interme-
diate, and mature), and two sampling times (4 and 6 months after planting). At each sam-
pling time, three leaves representing each ontogenetic stage were collected from every
biological replicate. Spectral measurements were subsequently acquired from both the
adaxial (upper) and abaxial (lower) surfaces of each leaf.

The sampling design explicitly distinguished among biological replicates (plants), bi-
ological subsamples (leaves), and technical replicates (spectral scans). Individual plants
represented the biological level of replication, whereas multiple leaves collected within
each ontogenetic category were retained as subsamples to capture within-plant variabil-
ity. Repeated spectral scans acquired from the same leaf region were averaged prior to
statistical analysis and were therefore not treated as independent observations. This hier-
archical sampling structure prevented artificial inflation of sample size due to repeated
instrumental measurements.

To evaluate whether the sampling time contributed substantially to spectral variabil-
ity, exploratory PCA and one-way MANOVA were conducted using PC1 and PC2 scores
as dependent variables. No significant difference was detected between the spectra ac-
quired at 4 and 6 months (Wilks” 4 =0.944, F (2,51) = 1.521, p = 0.228, n*p = 0.056), with
an extensive overlap of 95% confidence ellipses in the PCA score plot and no consistent
clustering by sampling date in hierarchical analysis (Figure S1). Given the negligible effect
size and absence of spectral differentiation, both sampling dates were pooled for subse-
quent analyses.

The resulting dataset structure for each ontogenetic stage was defined as:

Nopt =D X1 XSXZ 1)

where N,,; represents the total number of spectra per ontogenetic stage, (p_) corresponds
to the number of biological replicates (plants (1 = 3)); (1) to the number of leaves sampled
within each ontogenetic stage (1 = 3); (s) to the number of evaluated leaf surfaces (adaxial
and abaxial (n =2)); and (z) to the number of sampling times (n =2). Based on this sampling
structure, 36 spectra were obtained for each ontogenetic category, resulting in a total of
108 spectra per spectroscopic technique after pooling all ontogenetic stages. Instrumental
spectral replicates were averaged beforehand and were therefore excluded from these cal-
culations.

Prior to inferential statistical analyses, a systematic spectral characterization and in-
dex selection procedure was performed based on the FT-MIR characterization described
in Sections 3.1-3.3, including band assignment, comparison of the adaxial and abaxial leaf
surfaces, band-ratio analysis, and spectral correlation analysis. Based on the comparative
analysis of both leaf surfaces, only the adaxial surface was retained for subsequent statis-
tical analyses. Spectral indices were first calculated for each individual leaf. Subsequently,
the values obtained from the three leaves belonging to the same plant and ontogenetic
stage were averaged so that each plant contributed a single observation per ontogenetic
stage. Accordingly, the plant was considered an experimental unit in all inferential statis-
tical analyses, including the postharvest linear mixed-effects models.

Other details can be found in [56]. The present study extends that framework through FT-
MIR measurements and FEDS-based spectral analyses.

2.4. FT-MIR Measurements

MIR measurements were performed using an IRAffinity-1s spectrometer (Shimadzu
Co., Kyoto, Japan) equipped with an attenuated total reflectance (ATR) accessory fitted
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with a ZnSe crystal. Spectra were collected using 16 scans at a spectral resolution of 2.0
cm over the range 4000-600 cm™.

For each leaf (young, intermediate, and mature), independent MIR spectra were ac-
quired from both the adaxial and abaxial surfaces (three replicates per position). Pow-
dered samples were also analyzed to minimize structural effects and enhance detection of
chemical contributions to the spectral response. Additionally, to achieve a detailed char-
acterization of the spectral fingerprint, measurements were collected at specific anatomi-
cal regions, including the leaf apex, three points along the leaf blade, the midrib, and the
petiole.

2.5. Spectral Data Processing

Spectral data processing included pretreatment, visualization, and feature extraction
procedures for subsequent analysis. All processing steps were performed using
MATLAB® R2024b (MathWorks Inc., Natick, MA, USA) under an institutional license pro-
vided by Universidad del Valle (Cali, Colombia). The main objective was to ensure data
quality, reduce instrumental noise, and enhance physiologically and biochemically rele-
vant spectral features.

2.5.1. Data Pretreatment

Data pretreatment was performed to ensure consistent analysis of intrinsic spectral
features by reducing noise and standardizing measurement scales. This included smooth-
ing and normalization procedures.

e  Smoothing: Prior to normalization, spectra were smoothed to reduce instrumental
noise without compromising spectral resolution. Spectral smoothing was performed
using the Savitzky—Golay filtering method implemented as a second-order polyno-
mial fit over a moving window of 9 data points [57-59]. The Savitzky—Golay smooth-
ing method is based on fitting a polynomial of degree p to a moving window of
2m + 1 consecutive data points using a least-squares approach. For each central
point x, the smoothed value y; is calculated as follows:

m
yi = Z G Yj+j @
J=—m

where y; +j are the original values of the signal, and y; are the deconvolution coeffi-
cients calculated as a function of the polynomial order and the window size [57-59].

e  Normalization: After smoothing, a min-max normalization was applied to rescale
spectra to the range [0,1], according to:

_ A4~ Amin
Qp =————— 3)
Amax — Amin
where a, is the normalized and scaled absorbance, and a; is the absorbance at one

wavelength 1 [58,60].

2.5.2. Spectral Segmentation

To focus the analysis on physiologically and biochemically relevant regions and
avoid masking of subtle variations by dominant signals, spectra were segmented into spe-
cific analysis windows (see Table 1). The delineation of these spectral regions enabled a
more precise identification of characteristic bands associated with phenolic compounds,
photosynthetic pigments, and structural components of the leaf. This approach provided
a basis for subsequent signal transformations, as well as comparative and statistical anal-
yses [61-63].
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Table 1. Details about spectral segmentation used in this study for FT-MIR.

Notation

Spectral Region Description

MIR1

MIR2

MIR3

Region of hydroxyl and  This is mainly associated with O-H (alcohols, phenols) and N-H (amines)

amine groups

(4000-2800 cm™)
Carbonyl group
(1300-1800 cm™)

stretching vibrations, which are highly sensitive to the hydration state and the
presence of polar functional groups.

region  This is related to C=O stretching vibrations of ester groups in lignin and cutin,
as well as carbonyl groups associated with amino acids and peptide bonds.

Fingerprint region This is related to complex C-O stretching, C-C stretching, and C-H bending

(1300-600 cm-)

vibrations of structural carbohydrates and phenolic compounds.

2.6. Application of FEDS for the Identification of Characteristic Signals

The FEDS transformation was then applied to the normalized spectra. The FEDS for-
mulation combines three operations: inversion, differentiation, and power-law scaling.
The inverse transformation enhances contrast in low-intensity spectral regions, allowing
weak absorption features to become more pronounced. The derivative operator empha-
sizes local spectral gradients, which are associated with subtle biochemical transitions be-
tween functional groups. However, both inversion and differentiation inherently amplify
high-frequency noise. To mitigate this effect, a Savitzky—Golay smoothing filter was ap-
plied prior to FEDS computation, ensuring local polynomial continuity and reducing sto-
chastic fluctuations while preserving spectral shape [49,63].

The working equation for the FEDS transform is given by:

(@)
) @

where P, represents the FEDS intensity at a given wavenumber A, d/dv denotes the

P,=1+a,)

first-order derivative of a, with respect to v, and (1 + a,) acts as an amplification fac-
tor preserving the contribution of the original signal intensity. The parameter a controls
the nonlinear sensitivity of the transformation by regulating the exponent applied to the
inverse-derivative term. In this study, a value of @ = 1.7 was used for all FTIR datasets.
This configuration provides a balance between feature enhancement and noise suppres-
sion. The selection of a = 1.7 was further supported by a visual benchmark against the
Savitzky—Golay second derivative (Supplementary Figures 54-56), where FEDS produced
sharper and more localized spectral responses for major absorption bands without intro-
ducing substantial distortions in the spectral profile [63].

2.7. FEDS-Derived Spectral Indices

Spectral indices were constructed from characteristic FT-MIR bands identified
through the FEDS transformation. Candidate bands were selected based on regions ex-
hibiting contrasting spectral responses, supported by comparative spectral analysis and
multiregional correlation patterns, as well as their association with specific molecular vi-
bration regions. The selected bands were combined as simple band ratios according to:
ay

FI = )

A
where (af) and (af,) represent the FEDS intensities at the selected wavenumbers (n) and
(m), respectively. These indices were designed to emphasize relative differences between
spectral regions exhibiting contrasting responses during leaf development and posthar-
vest deterioration.

The FT-MIR indices evaluated in this study are summarized in Table 2. The band
notation (v; —v;s) corresponds to the characteristic FEDS signals described in the spec-
tral characterization in Section 3.1.
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Table 2. Definition of FEDS-derived FT-MIR indices.
Index Formula Band Combination (cm)
IMIR1 ul/ub 3400/1716
IMIR2 ul/u3 3400/2920
IMIR3 u3/u6 2920/1640
IMIR4 u4/ub 2860/1640
IMIR5 ub/u6b 1716/1640
IMIR6 u6/u8 1640/1452
IMIR7 u6/u9 1640/1364
IMIRS8 ulb/ub 656/1716
IMIR9 ulb/u7 656/1524
IMIR10 ul3/u6b 1024/1640

2.8. Data Analysis
2.8.1. Analysis of Spectral Data Correlations

To study possible relationships and common patterns between the different spectral
regions, correlation matrices were obtained based on Pearson’s correlation coefficient (ry ,)
as the base metric (the subscripts 1 and 2 denote the wavelengths that define the analysis
window). This approach allowed us to explore the degree of linear association between
the signals at different wavelengths (1) and to identify dependencies between spectral
bands [64]. The coefficients obtained were represented in a correlation map for the two-
dimensional identification of the pairs of bands with the greatest and least codependence.
Subsequently, the difference in the 77, values of the characteristic signals (4ry ,) was used
as the base metric for evaluating the magnitude of change in codependence in the selected
band pairs, described as follows:

Ary 5, = sz - 7'1‘?2 (6)

where 1, is the r;, between wavelengths 1; and 1, in group A (e.g., young leaves),
and rf, is the 1, between the same wavelengths in group B (e.g., mature leaves).

The statistical significance of this measure was assessed by applying 10,000 random
permutations of the spectral replicates, generating relabeled matrices with samples of dif-
ferent classifications (1;, A;, ...). This approach allowed the construction of a null distri-
bution of correlation differences under the hypothesis of no effect between groups. Prob-
ability values (p) were estimated as the proportion of permutations in which the absolute
value of Arl’fz exceeded the absolute value of the observed Ary , (|47,psl). Differences
were considered statistically significant when p-value <0.05.

2.8.2. Analysis of Variance

To evaluate whether spectral differences among ontogenetic stages were statistically
significant, mean comparison tests were applied to spectral indices. When assumptions of
normality and homoscedasticity were met, one-way ANOV A was performed [65,66]. Oth-
erwise, nonparametric alternatives such as the Kruskal-Wallis’s test were used [67,68].
Post hoc comparisons were conducted using Tukey’s HSD test; when variance homoge-
neity was not satisfied, the Games-Howell test was applied as an alternative [68].

2.9. Postharvest Deterioration Experiments

To evaluate how spectral signatures respond to temporal changes during postharvest
storage, a controlled postharvest deterioration experiment was conducted on previously
characterized leaves. This approach aimed to decouple the ontogenetic effects from
changes associated with tissue degradation.
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After initial spectral acquisition corresponding to the fresh physiological state (t),
leaves were pretreated and individually labeled. Spectral measurements were performed
daily during the first four days (¢, t,, t3, and t,) to capture early dehydration and struc-
tural changes. Subsequently, measurements were conducted at longer intervals (days 6,
8, 10, and 16 denoted as tg4, tg, t1o, and t;, respectively) to evaluate advanced degrada-
tion stages.

Postharvest deterioration data were analyzed using linear mixed-effects models
(LMMs) implemented in MATLAB® R2024b (fitlme function) [69]. For the linear mixed-
effects analysis, spectral indices obtained from the three leaves representing each ontoge-
netic stage within the same plant were averaged before model fitting. Consequently, the
plant was considered the experimental unit, whereas the individual leaves were treated
as biological subsamples to reduce within-plant variability. For each spectral index, the
model included Day (8 levels) and Ontogeny (3 levels) as fixed effects. Where the data
structure permitted full-rank estimation, the Day x Ontogeny interaction was also in-
cluded as a fixed effect; otherwise, an additive model was fitted:

Index ~ Day x Ontogeny + (1| Replicate) (7)

In this model, Replicate represents the repeated measurements corresponding to a
given plant x ontogenetic stage combination across the eight postharvest sampling times.
Thus, each replicate corresponds to the average spectral index value for one plant at a
given ontogenetic stage. The random intercept (1|Replicate) accounts for the correlation
among repeated measurements obtained from the same plant x ontogenetic stage combi-
nation over time. A total of 72 observations were included in the analysis (3 plants x 3
ontogenetic stages x 8 time points). Statistical significance was evaluated at the 95% con-
fidence level. Complete model outputs, including fixed-effect estimates, interaction terms
where estimable, and goodness-of-fit statistics (AIC, BIC, R? marginal), are provided in
Supplementary Table S2.

The joint effects of ontogeny and postharvest deterioration were further explored us-
ing principal component analysis (PCA) [70] and hierarchical cluster analysis (HCA) [71].

3. Results and Discussion
3.1. Spectral Fingerprint of Cassava Leaf Tissue by FT-MIR

Figure 1 shows the average and unmodified FT-MIR spectra of intact leaf tissue (FT0-
y) and powdered dry leaf tissue (PDM-y) (dashed red and black lines, respectively). Also,
their respective signal assignments are shown (Table 3). The usefulness of FEDS in spec-
tral resolution is reflected in the splitting of signals between 4000 and 2400 cm™!. In this
region, FT-MIR shows a strong overlap of signals that makes it difficult to differentiate the
contributions; however, in the FEDS spectrum, the resolution improves significantly.

Between 3400 and 3200 cm™, both TFo-y and PDM-y exhibit broad, asymmetric bands
with fluctuations along the spectral line, suggesting that the observed band in each case
results from the overlap of contributing or hidden bands. Vibrations associated with -OH
groups (e.g., hydroxyl groups, carboxylic acids) and -NH groups (e.g., amines, amides)
are expected in this region. These may be present in the structure of various molecular
components of leaves. Thus, FEDS shows that, in this region, the TFo-y spectrum has at
least four contributions, identified by the positions v1, v2, V2% and v2**. In addition, the
intensities of these signals follow the order v1 > v2 > v2* > V2**,
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Figure 1. Spectra of FT-MIR and FEDS of TFo-y and PDM-y.
Table 3. FT-MIR/FEDS band assignments and spectral shifts in cassava leaf tissue: intact (TFO-y)
versus powdered, dry milled (PDM-y) samples.
Window . TFO0-y PDM-y Avn
ID (cm-) Assignment (cm™) (cm™Y) (cm-1)
vl 3350-3450 Stretching (O-H), hydration water 3400 N.A.1 —
-~ 3000-3320 Stre.tc:hmg (O-H), associated with non-carboxylic or- 3308 1000 16.00
ganic molecules
v2* 3100-3200 Carboxylic stretching (O-H) 3200 3200 0.00
v2** 3050-3120 Stretching (N-H) 3095 3088 7.00
; . . : )
W*aes 2680-2710 Carboxylic st1.“etch1ng (O-H), strong H-bonded form 2710 NA 1 .
pre-dehydration state (TFO-y)
Carboxylic stretching (O-H), strong H-bonded form 2
* _ 1 -
v2iaa 2710-2760 post-dehydration state (PDM-y); weak signal (SHB*) N-A. 2720 10.00
v3 2916-2928 Asymmetric stretching (C-H) 2920 2916 4.00
v4 2846-2858 Symmetric stretching (C-H) 2860 2862 -2.00
v5 1730-1746 Stretching (C=0), esters 1716 1716 0.00
v6 1637-1653 Amide I stretching/(C=0) 1640 1616 24.00
v7 1520-1553 Bending/stretching, Amide II 1524 1528 -4.00
v8 1430-1462 Deformation (CH2/CHs) 1452 1440 12.00
v9 1340-1382 Stretching (C-O/C-O-C) 1364 1356 8.00
v10 1225-1255 Stretching (C-O), ethers, phenols 1232 1232 0.00
vll 1152-1170 Stretching (C-O/C-O-C) 3 1168 1160 8.00
vl2 1075-1135 Stretching (C-O), alcohols 1084 1084 0.00
vl3 1015-1045 Deformation vibration/(C-H) 1024 1024 0.00
vl4 780-820  Out-of-plane vibration (C-H) 796 812 -16.00
vl5 650-660 Torsion (C-O-C) 656 656 0.00

I N.A.: not appreciable (signal not appreciable in the corresponding spectrum). 2 v2*AC2 and

v2*AC1 represent the same O-H--O=C hydrogen-bonded interaction before and after dehydration,

respectively: v2*AC2 is observed in the TF0-y (intact, hydrated) spectrum, and shifts to a higher

wavenumber (V2*AC1) in the PDM-y (dried, powdered) spectrum as hydrogen bonding involving

water is lost. ® (a-p): anomeric—polysaccharide vibrations. (SHB*): strongly associated with hydro-

gen bonding. Avn = vn(TF0-y) - vn(PDM-y).

https://doi.org/10.3390/photochem6030024


https://doi.org/10.3390/photochem6030024

Photochem 2026, 6, 24

11 of 31

In contrast, these four signals can also be identified using FEDS in the PDM-y spec-
trum, but a different order is observed: v2 > v1 > vV2* > V2**. Because TFo-y can be described
as the initial state for obtaining PDM-y (i.e., TFo-y — PDM-y + H20 + others), it is possible
to support the assignment of signals to the changes expected due to water loss. Thus, as
the water content decreases, the vibrations associated with hydration O-H bonds de-
crease, and the relative proportion of O-H bonds associated with other organic molecular
structures increases. Therefore, the contribution of O-H bonds is smaller, and the band
shifts to the left (higher vibration frequencies). From this, it can be concluded that v1 cor-
responds to vibrational contributions from water molecules contained in the leaves, while
v2 corresponds to O-H vibrations from non-carboxylic organic molecules (e.g., polysac-
charides). On the other hand, v2* can be associated with the O-H bonds of -COOH groups
(carboxylic acids), and v2** is associated with -NH groups of amines or amides, since, due
to the greater electronegativity of oxygen, N-H vibrations are expected at lower frequen-
cies [72].

On the other hand, the signals identified as vV2*ac1 and vV2*ac2 are associated with O-
H stretching vibrations in carboxylic acids that form structures with strong hydrogen
bonds. These can be, for example, the result of hydrogen bonds between the O-H from -
COOH attached to aromatic rings [73], or between these and water molecules. These are
very likely to be found as part of the lignocellulosic material of leaves. Similarly, the loss
of water would lead to a decrease in this type of interaction with the consequent shift to
higher frequencies, which, in the spectra, would be evidenced as a shift from v2*ac2 to
v2%ac1 considering the change TFo-y — PDM-y.

The bands corresponding to the stretching vibrations of aliphatic C-H groups (v3
and v4 at 2920, 2860) were consistent and stable in their spectral position. Conversely, the
ester carbonyl signal (v5 at 1716 cm™) displayed an exact frequency match in both sam-
ples, albeit with a significant reduction in its relative intensity in PDM-y. This decrease
could be attributed to the partial disruption of the cuticular layer, whose cutin polymeric
matrix concentrates the highest proportion of surface ester groups [74]. In the 1650-1630
cn! region (v6), stretching vibrations of the C=O group characteristic of amides
(CONH) —commonly known as the Amide I band —are present. This signal is associated
with structural proteins and is typically overlapped with carbohydrate C=O vibrations
and the water-bending (scissoring) band in this same region [61]. This feature is highly
correlated with the band located between 1560 and 1520 cm™! (v7), which arises from N—
H bending vibrations coupled with C-N stretching vibrations, known as the Amide II
band. Both bands reflected a constant and equivalent v6/v7 intensity ratio, indicating that
the proportionality between both tissue types is preserved, although slight shifts toward
higher frequencies were observed in TFo-y, likely associated with a higher degree of hy-
dration and structural organization of the proteins [61]. On the contrary, the v5/v6 inten-
sity ratio evidenced a relative decrease in the intensity of ester carbonyl groups relative to
amide carbonyls (L5/v6 < 1) in PDM-y. This indicates a greater exposure of structural pro-
teins and a lower contribution of cutin esters from the cuticular layer following the phys-
ical changes induced in the sample. Within the 1400-1000 cm™ range (v8\v13), the main
contributions stem from C-O and C-O-C bonds of structural polysaccharides such as cel-
lulose, hemicellulose, and pectin (v8, v9, V11, v12). In this region, a higher band intensity
was observed in TF0-y compared to PDM-y [75].

At lower wavenumbers, FT-MIR spectra allow the identification of signals because,
although they overlap, their absorption maxima are clearly distinguishable. However,
two exceptions can be identified. These correspond to signals v12 and v14, which do not
appear fully defined in both FT-MIR spectra. The v12 signal (1075-1135 cm™) may be as-
sociated with C-O vibrations of alcohols, acids, and cyclic ethers; therefore, its origin can
be varied. However, contributions from aryl-O-alkyl ether characteristic bonds of lignin
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are also expected in this region [76]. Likewise, the v14 signal (780-820 cm™") may be asso-
ciated with the deformation of carboxylate groups and out-of-plane vibrations of aromatic
rings of guaiacyl and sinapyl units of lignin [76]. Regardless of the stage of leaf develop-
ment, lignin contents in cassava leaves have been reported to range from 0.9 to 8.4 g/100
g of dry matter (DM), with the lower limit (0.9 g/100 g DM) representing the characteristic
average value for very young leaves, whereas the upper limit (8.4 g/100 g DM) corre-
sponds to the characteristic average content of mature leaves [77]. In contrast, the crude
protein content of mature cassava leaves is typically around 19.7 g/100 g DM [77], while
values reported across different cassava cultivars range from 17.7 to 38.1 g/100 g DM [78].
These leaves contain aromatic amino acids such as phenylalanine (5.4 g/100 g protein) and
tyrosine (2.8-4.0 g/100 g protein) [78]. However, since these amino acids are present in
relatively small quantities, their contribution is not expected to be significant, and conse-
quently, these signals can be considered characteristic of lignin. Furthermore, proteins are
found within the cell structure, while lignin, cellulose, and hemicellulose form part of the
external cell structure [78,79].

3.2. Analysis of FT-MIR Spectral Signatures as a Function of Leaf Ontogeny

Based on the FT-MIR characterization of the leaves, the ontogenetic effect on the spec-
tral response was evaluated. Figure 2 shows comparisons of the FT-MIR spectra of cassava
leaves for the different developmental stages studied and for each of the surfaces (adaxial
and abaxial).

As expected, Figure 2 shows that the fundamental chemical composition is relatively
constant during the stages of leaf development. However, systematic variations are ob-
served in the intensity ratio of some bands, suggesting that spectral information can pro-
vide data on the degree of leaf maturity. A detailed analysis is presented below:

In the MIR1 region, the v1/v3 ratio (3400/2920) was identified, which showed a de-
creasing trend with the progression of leaf development on both leaf surfaces. This trend
reflects a decrease in hydroxyl groups (v1) compared to aliphatic groups (v3), suggesting
changes toward reduced hydrophilicity in mature leaves. This is consistent with the in-
creased wax composition, especially in the cuticular zone of the leaves [79,80]. The de-
scribed trend is clearly observed in the box and whisker plots shown in Figure 3, which
demonstrate that on the adaxial surface, the v1/v3 values in mature leaves are distinct
from, but do not overlap with those of young and intermediate leaves. In contrast, on the
abaxial surface, the ranges of the three ontogenetic stages overlap. Consequently, it was
established that changes associated with maturity and the relative proportion of OH/(CHz,
CHs) groups can be detected mainly on the adaxial face.

In the MIR2 region (Figure 2), the v5/v6 ratio (1716/1640) increases progressively with
leaf maturity, particularly on the adaxial surface. In contrast, young leaves exhibit the op-
posite behavior, with a greater relative contribution from the v6 band. This is consistent
with the accumulation of esterified compounds primarily associated with cuticle thicken-
ing and maturation, and the reduction in soluble proteins and metabolically active com-
pounds [80,81].

https://doi.org/10.3390/photochem6030024


https://doi.org/10.3390/photochem6030024

Photochem 2026, 6, 24

13 of 31

MIR3

MIR2

MIR1

[] Desv. Stand.
— Young

[] Desv. Stand.
— Intermediate

[ Desv. Stand.
Mature

v2

v3

v2*

vs

v9

3
- vls

vll
vl2

[C"1FEDS Young
| [ ]FEDS Mature

[1FEDS Intermediate

Adaxial

3

©

-

[}

(%)

s

©

L | [ Desv. Stand.

O | — Young

ﬂ [] Desv. Stand.

< | — Intermediate
[ Desv. Stand.

Mature

v7

vls

vl3 vl4

Abaxial

= FEl'iS Young'
[ ]FEDS Intermediat
- |FEDS Mature

—a

#

v2*

of A/

L7 \_J
"

3800

3400

3000 #1800

1600 1400

Wavenumber (cm~")

1200 1000 800

Figure 2. FT-MIR spectral fingerprint of cassava leaves at different stages of growth: Young leaves

(red dash line), intermediate leaves (blue dash line), and mature leaves (orange dash line) for both
leaf surfaces (adaxial and abaxial), in three spectral regions: MIR1 (4000-2800 cm™), MIR2 (1800—
1300 em™), and MIR3 (1300-600 cm™). Reproducibility analysis (standard deviation) of FT-MIR
spectra and FEDS is shown in each case.

On the other hand, the standard deviation on both leaf surfaces, for each develop-
mental stage, showed less intrasample variability on the abaxial surface compared to the
adaxial surface across all spectral ranges (see Figure 3). Since the spectrum reflects, to
some extent, the nature of the functional groups contained in the sample, it can be inferred

that the abaxial surface had a more uniform composition. However, the adaxial surface
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(A1) 1.1

showed greater heterogeneity, possibly associated with variations in the thickness, conti-
nuity, and composition of the cuticular layer. In conclusion, the results suggest that the
adaxial surface is more sensitive to the structural and chemical changes associated with
the leaf maturation process, while the abaxial surface maintains a more stable behavior
without providing much useful information for ontogenetic discrimination.
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Figure 3. Box and whisker plot explaining the variation in the spectral ratios v1/v3 and v5/v6: Vari-
ation in the spectral ratios as a function of the development stage ((A1) and (A3) correspond to the
adaxial face, while (A2) and (A4) correspond to the abaxial face); and variation in the spectral ratios
as a function of the adaxial and abaxial face ((A3) and (A4) correspond to the spectral ratios v1/v3
and v5/v6, respectively).

3.3. Correlational Analysis Based on Pearson Coefficients
3.3.1. Correlative Dynamics for the FT-MIR Spectra

Figure 4 shows the correlation maps for young, intermediate, and mature leaves in
the segmented spectral regions of FT-MIR spectra. The correlation maps described in Fig-
ure 4A reveal a progressive increase in collinearity as tissue maturation advances. In
young leaves, correlations between bands show a heterogeneous pattern, consistent with
tissue undergoing active structural and biochemical differentiation. In intermediate
stages, this pattern begins to consolidate, and finally, in mature leaves, a continuous block
of high-magnitude positive correlations appears, particularly in the MIR3 region (=
600 — 900 cm™). This increase in collinearity in mature leaves suggests greater functional
integration of the tissue.

Figure 4B shows differential correlation maps between the different stages of leaf de-
velopment. These maps allowed for the identification of key functional transitions. Com-
parisons reveal more pronounced spectral reorganization patterns between young and
intermediate leaves. In contrast, the differences between intermediate and mature leaves
are less marked and are concentrated in specific regions, suggesting a progressive stabili-
zation of the spectral organization in mature tissues. Representative band pairs displaying
the largest positive and negative Ar values are summarized in the supplementary Figure
S3.

The Young-Intermediate transitions were primarily dominated by decreases in the
codependence of key band pairs such as v1/v3 and v5/v6, corresponding to the vibrational
relationships between O-H/C-H and C=O(ester)/C=0 (Amide I) bonds, respectively. This
suggests an initial structural reorganization in which the relative proportion of lipophilic
compounds and protein-rich structures changes. This chemical reorganization can be in-
terpreted because of processes such as the progressive thickening of the cuticular layer,
the deposition of epicuticular waxes, and the increase in structural polysaccharides.
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Figure 4. FT-MIR spectral correlation maps for: (A) young, intermediate and mature leaves from
bands selected by FEDS (v1-v15) and (B) Ar between ontogenetic groups.

On the contrary, as leaf maturity occurs, this trend reverses for most band pairs, as
the changes in many of these relationships stabilize, consistent with the structural consol-
idation expected at maturity stages. However, in certain functional domains, the decreas-
ing correlation differences Ar < 0 continue, as occurs with v1 (O-H) and v3 (C-H), indi-
cating that a decoupling of these two domains persists, which could be associated with
the hydrophilic nature of v1 and the lipophilic nature of v3. This pattern is consistent with
the analysis of the spectral fingerprints in Figures 2 and 3, which show very marked and

distinctive intensity relationships on the adaxial surface of mature leaves for these specific
bands.

3.3.2. Comparison Between Ontogenetic Groups, Differential Correlation (Ar), and Sta-
tistical Significance Using Permutations in FT-MIR

Pairwise differences in Pearson correlation coefficients (4r,;,s) between ontogenetic
groups were evaluated for statistical significance using a two-tailed permutation test (1 =
10,000 permutations). A p-value < 0.05 indicates that the observed A4r,,; is unlikely under
the null hypothesis of no group difference in correlation structure. The p-values < 0.05
indicate that the values of Ar,,s are significantly larger than the Ar values obtained
through permutations of the input matrices (see Table 4). The pairs of signals with values
of Ar showing consistent and significant changes may be candidate spectral markers; con-
sequently, they are candidates for the construction of functional spectral indices and are
evaluated by ANOVA to test their discriminative capacity and statistical consistency.
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Table 4. Correlational comparison and permutation test in FT-MIR for the different stages of devel-

opment.
Compared
Ontoge-ny vl v2 Sigflals AT ,ps Trend p-Value @
Comparison (nm)  (nm)
(v1,v2)

3400 1716 vl, v5 -0.71 l *

3400 2920 vl, v3 -0.42 l *

2920 1640 v3, V6 -1.17 l *

2860 1640 v4, V6 -1.09 l *

Young vs. Inter- 1716 1640 U5, V6 -1.00 l *
mediate 1640 1452 v6, V8 -1.24 l *
1640 1364 6, V9 -1.01 l *

656 1716 vl5, v5 0.78 i *

656 1524 vl5, v7 0.78 1 *

1024 1640 v13, v6 -1.01 l *

3400 1716 vl, v5 1.73 i **

3400 2920 vl, v3 -0.45 l *

2920 1640 V3, V6 0.14 1 n.s

2860 1640 v4, v6 0.96 1 **

Intermediate 1716 1640 U5, V6 1.36 i *
vs. Mature 1640 1452 V6, V8 1.45 1 *
1640 1364 v6, V9 1.57 1 *

656 1716 vl5, v5 0.04 1 n.s

656 1524 vl5, v7 0.11 i n.s

1024 1640 v13, v6 1.72 1 *

3400 1716 vl, v5 1.03 i **

3400 2920 vl, v3 -0.88 l *

2920 1640 v3, V6 -1.02 l *

2860 1640 v4, v6 -0.13 l n.s

Young vs. Ma- 1716 1640 v5, V6 0.36 ) *
ture 1640 1452 V6, V8 0.21 i *
1640 1364 v6, V9 0.56 1 *

656 1716 vl5, v5 0.81 1 *

656 1524 vl5, v7 1.24 i *

1024 1640 v13, v6 0.71 1 *

Ar,ps: observed difference in Pearson correlation coefficients between the two ontogenetic groups
for each band pair (r_groupl - r_group2). Trend: 1 indicates the correlation increased from group 1
to group 2; | indicates it decreased. ® p-value: two-tailed permutation. Significance codes: ** p <0.01,
*p <0.05, n.s. p20.05. v labels correspond to the FT-MIR band assignments in Table 3 of the manu-

script.

3.3.3. FEDS-Based FT-MIR Spectral Indices

Post hoc analysis of these indices showed clustering patterns that evidenced progres-
sive transitions, from spectral signatures with a predominance of vibration bands associ-
ated with hydrophilic and metabolically active components towards spectral signatures
related to a more organized and stable structural matrix (see Table 5, Figure 5 and Sup-
plementary Table S1).

The IMIR1 index did not show significantly different values between the ontogenies
(p-BH-FDR = 0.109), indicating that the relationship between bands associated with hy-
droxyl and carbonyl groups is not sufficiently sensitive to the structural and composi-
tional changes in leaf tissue during its development. This is possibly because the relative
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changes in these bands are proportional and co-evolve in a balanced manner during on-
togeny. In contrast, IMIR2, IMIR6, and IMIR7 showed significantly higher values in young
leaves compared to mature leaves (IMIR2: p_BH-FDR = 0.024, n?p = 0.40; IMIR6: p_BH-
FDR = 0.002, n?p = 0.62; IMIR7: p_BH-FDR = 0.010, n?p = 0.50), while intermediate leaves
exhibited spectral responses that overlapped with those of young leaves. This pattern in-
dicates a greater relative contribution of bands associated with hydroxyl groups, bound
water, or primary or secondary amino groups in the early stages of leaf development. In
particular, the behavior of IMIR2 suggests a higher relative content of water or com-
pounds with O-H and N-H bonds in young leaves, which is consistent with metabolically
active tissues and a lower degree of lignification.

Table 5. Results of the normality, homogeneity, and ANOVA statistical analysis tests for the classi-
cal and experimental spectral FEDS-FT-MIR indices.

Index Shapiro Levene Test Global P BH-FDR 12p/e? Post hoc
p-Value
IMIR1 v N4 ANOVA 0.109 0.109 -— -—
IMIR2 v N4 ANOVA 0.022 0.024 n?p = 0.400 Tukey
IMIR3 v X Kruskal-Wallis 0.006 0.010 e2=0.547 D-S
IMIR4 v N4 ANOVA <0.001 <0.001 n?p =0.709 Tukey
IMIR5 v N4 ANOVA 0.022 0.024 n?p =0.399 Tukey
IMIR6 v N4 ANOVA <0.001 0.002 n?p =0.622 Tukey
IMIR7 v N4 ANOVA 0.005 0.010 n?p = 0.502 Tukey
IMIRS v X Kruskal-Wallis <0.001 0.002 €2=0.824 D-S
IMIR9 v N4 ANOVA <0.001 0.002 n?p =0.636 Tukey
IMIR10 v N4 ANOVA 0.011 0.015 n2p = 0.454 Tukey

FEDS-based FT-MIR indexes

Shapiro = Shapiro-Wilk normality test per group (v normal, X non-normal); Levene = Levene’s
homogeneity-of-variance test (v homogeneous, X heterogeneous). Global p = uncorrected p-value
from the overall group comparison test (one-way ANOVA or Kruskal-Wallis). p BH-FDR = p-value
corrected for multiple comparisons across the 10 indices using the Benjamini—-Hochberg false dis-
covery rate procedure (q = 0.05); bold values indicate statistical significance after correction. Effect
sizes are reported as partial eta-squared (n?p) for ANOVA and epsilon-squared (e?) for Kruskal—
Wallis. D-S = Dunn-Sidak post hoc test.
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Figure 5. Distribution of mean values + standard error of classical and experimental spectral indices
(post hoc plots), FEDS-based FT-MIR indices in young, intermediate, and mature leaves. Letters
indicate significant differences between ontogenetic stages according to the post hoc test (p < 0.05).

The red dotted vertical lines indicate the ranges of variation for each index.
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IMIR6 and IMIR? are indices that relate to the Amide I band (1640 cm™), which is
primarily associated with proteins and structural water, and the C-H strain bands of struc-
tural polysaccharides. They show a decrease from young leaves toward mature leaves,
which may be linked to the relative increase in the formation of structural carbohydrates
and other cell wall components in mature leaves [81,82]. Meanwhile, the IMIR3 and IMIR4
indices, which relate the stretching vibration bands of aliphatic C-H bonds (v3 and v4)
and the Amide I band, showed the opposite pattern with significantly higher values in
mature leaves (IMIR3: Kruskal-Wallis, p_BH-FDR = 0.010, €2 = 0.55; IMIR4: p_BH-FDR <
0.001, n?p = 0.71). This behavior is consistent with the relative increase in aliphatic C-H
groups compared to the signals associated with amides and bound water [82]. Further-
more, the IMIR5, IMIRS, and IMIRY indices showed patterns of differentiation between
young and mature leaves, but with a transitional behavior (IMIR5: p_BH-FDR = 0.024, n?p
= 0.40; IMIRS: Kruskal-Wallis, p_BH-FDR = 0.002, €2 =0.82; IMIR9: p_BH-FDR = 0.002, n)?p
= 0.64); that is, the intermediate leaves showed an overlap with both extreme groups indi-
cating a progressive change in the three stages evaluated. In the case of IMIR 5, the related
bands allow us to infer that the relative proportion of carbonyl bonds of ester groups and
the Amide I band progressively increase towards maturity, which is consistent with a
progressive accumulation of aliphatic cutin esters as the thickening of the cuticular layer
occurs.

Finally, the IMIR10 index showed a clearly distinct behavior from the other FT-MIR
indices evaluated (p_BH-FDR = 0.015, n?p = 0.45). It was the only one capable of statisti-
cally significantly discriminating between intermediate and mature leaves, while young
leaves showed overlap with both ontogenetic groups. This nonlinear pattern suggests that
IMIR10 does not respond gradually to leaf development but is especially sensitive to
structural processes that consolidate in advanced stages of leaf maturation. The band at
1024 cm™ is mainly associated with C-O and C-O-C vibrations of polysaccharides, partic-
ularly cellulose and pectin, which are fundamental components of the cell wall. In this
sense, the spectral differentiation between intermediate and mature leaves can be inter-
preted as a reflection of the greater organization and rigidity of the cell wall, while in
young leaves, the high compositional heterogeneity of the cell wall may lead to greater
spectral variability, which would explain the observed statistical overlap.

3.4. Analysis of the Temporal Dynamics of Spectral Indices Through Induced Leaf Degradation
Experiments

In this study, temporal analysis was employed as an experimental strategy to identify
spectral indices with a high capacity to detect postharvest deterioration processes and to
evaluate their suitability as indicators of tissue degradation. Given that measurements
were conducted under strictly controlled conditions (lighting, sample interaction, and in-
strumental noise), the resulting values should not be interpreted as direct evidence of an
active physiological state, but rather as a representation of the persistence or progressive
deterioration of the tissue’s optical properties associated with temporal degradation of
detached leaves maintained under controlled storage conditions.

In this context, the analysis addresses the following question: once the spectral sig-
nature of a young, intermediate, or mature leaf has been established, to what extent is it
affected by degradative processes associated with storage time?

Figure 6 shows the temporal evolution of the FT-MIR indices (IMIR2, IMIR3, IMIRS5,
IMIR?, IMIRS, and IMIR10), which exhibited the most significant changes over the obser-
vation period. In this context, representative indices are those that showed clear temporal
trends and/or that displayed visible ontogenetic differences between young, intermediate,
and mature leaves during storage. In general terms, the indices showed differentiated
temporal responses according to leaf ontogeny, suggesting that the FT-MIR spectral re-
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sponse reflects chemical and structural changes associated with each stage of develop-
ment. In addition, this allowed for the observation of defined temporal trajectories with
distinct ontogenetic patterns, which are detailed below:
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Figure 6. Temporal evolution of FT-MIR spectral indices throughout the observation cycle (days):
IMIR2 (A), IMIR3 (B), IMIR5 (C), IMIR7 (D), IMIRS (E), and IMIR10 (F). Mean values + standard
deviation are shown for three phenological stages: young, intermediate, and mature. Error bars rep-

resent intra-group variability at each sampling date.

The IMIR3 and IMIR5 indices show progressive increases in intermediate and mature
leaves, while young leaves maintained low and relatively stable values. From a chemical
standpoint, this behavior indicates, in the case of IMIR3, a relative increase in the intensity
of the signals associated with aliphatic C-H groups (2920 cm™) compared to the Amide I
band; while, in the case of IMIRS5, a relative increase in the intensity of the band associated
with C=0 groups of esters is observed compared to the same Amide I band. This suggests
that the inherent loss of moisture due to the degradation process decreases the spectral
contribution associated with the water scissor mode, which overlaps with the amide I
band. In contrast, the aliphatic C-H and C=0O vibrations of esters are less affected by these
changes, so their relative intensity remains more stable, leading to the progressive in-
crease observed in intermediate and mature leaves. In the case of young leaves, this effect
is much less pronounced. Its higher water content and still poorly consolidated tissue
structure act as a buffer system, attenuating the spectral changes associated with dehy-
dration.

Unlike the other indices, the IMIR2, IMIR7, and IMIRS indices show a decreasing
trend, which is more pronounced in intermediate and mature leaves. This is associated
with a gradual decrease in the intensity ratio between the bands v1/v3 (3400/2920), v6/v9
(1640/1364), and v15/v5 (656/1716), respectively. In the case of IMIR?2, this is associated
with the contrast between OH stretching vibrations and aliphatic C-H stretching vibra-
tions. Therefore, the gradual decrease is consistent with the progressive loss of moisture
during degradation. However, this decrease is observed to be attenuated and differenti-
ated in young leaves from the first days of monitoring. In the case of IMIR?7, the water
imbalance is extrapolated to the amide I band, which, as previously mentioned, has an
overlap of the C=0 stretching vibration bands of amides and the water scissor bending
band. Therefore, the decrease in the ratio can be attributed to the loss of contribution from
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this band. On the other hand, IMIRS8 relates the C-O-C strain vibrations and the C=0
stretching vibrations. The decrease in the index in this case suggests that, during posthar-
vest degradation, the relative contribution of C=O groups becomes more dominant, which
is consistent with processes of chemical reorganization and relative accumulation of oxy-
genated compounds in the more developed leaves.

Finally, IMIR10 shows an increasing trend in the three ontogenies, although with dif-
ferentiated values in young leaves. The mathematical relationship between the bands
linked to structural polysaccharides and the amide I band suggests that the index re-
sponds mainly to the progressive consolidation of the cell wall, a process that is more
clearly manifested in mature leaves.

3.5. Analysis of Spectral Variability in the Face of Ontogenetic and Temporal Factors Using
Linear Mixed Models (LMM) and Principal Component Analysis (PCA)

In this stage of the study, the objective was to evaluate which spectral indices were
most strongly associated with leaf degradation, and how their sensitivity is modulated by
ontogenetic stage and the passage of time. To achieve this, the importance of each index
was analyzed in isolation, and how its sensitivity is affected by its stage of maturity (on-
togeny) and the passage of time was explored. Given the nature of the data, a sequential
approach was chosen that integrates the accuracy of the LMMs with the overall view of
PCA.

In the FT-MIR region, LMM results revealed that Day, Ontogeny, and their interac-
tion (Day x Ontogeny) were statistically significant for nine of the ten evaluated indices (p
< 0.05; Figure 6). This generalized significance pattern indicates that spectral changes in
the MIR region are simultaneously driven by the biochemical composition inherent to
each ontogenetic stage and by the temporal dynamics of postharvest deterioration—and
that these two effects do not act independently. The only exception was IMIR10, for which
only the Ontogeny effect was significant (p = 3.68 x 107), while neither the Day effect (p =
0.553) nor the interaction (p = 0.261) reached significance. This positions IMIR10 as a static
discriminator of ontogenetic stage rather than a dynamic sensor of postharvest deteriora-
tion (see Figure 7).

Figure 7. Evaluation of the statistical significance of the factors in the linear mixed model (LMM) for
the spectral indices of FT-MIR. The graph shows the significance levels expressed as -log(p-value)
for the fixed effects of “Day” (blue), “Ontogeny” (orange), and “Day x Ontogeny Interaction” (yel-
low). The red dashed horizontal line indicates the critical significance threshold @ = 0.05. Red as-
terisks (*) accompanied by a numerical value indicate indices whose significance exceeds the limit

of the plotted scale (>20), indicating an extremely low probability of error (p < 1072°).
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The significant Day x Ontogeny interaction across nine indices indicates that tem-
poral deterioration trajectories differ among ontogenetic stages. Mature leaves showed
the steepest marginal temporal response in the majority of indices (IMIR1, IMIR3, IMIR4,
IMIRS, IMIR6, IMIRS, and IMIRY), while young leaves were most responsive in IMIR2
and IMIR7 (See supplementary Table S2). This differential sensitivity is consistent with
the nature of the signals in the MIR region, where fundamental absorption bands associ-
ated with specific molecular vibrations (C-H, O-H, N-H, and C=O) dominate, providing
information on the biochemical composition of the leaf and its evolution during ontoge-
netic development and postharvest degradation.

Among the evaluated indices, IMIR3, IMIR4, and IMIR5 warrant more specific anal-
yses. These indices relate the stretching vibrations of aliphatic groups and C=O groups
associated with esters (approximately 29202860 cm™ and 1716 cm™, respectively) to the
v6 band around 1640 cm™!, which is primarily associated with protein Amide I and over-
laps with the scissor bending band of water. It is posited that it is not coincidental that
these three indices, which share v6 as their denominator, exhibit the lowest R2marginal
values among the significant indices (0.745-0.777), suggesting that while the fixed effects
are statistically significant, the v6 band introduces additional variability that is not fully
captured by the Day + Ontogeny + Day x Ontogeny structure alone. It is highly likely that
L6 extracts spectral information related to dehydration processes and protein conforma-
tional reorganizations occurring simultaneously during degradation. The significant Day
x Ontogeny interaction further suggests that these processes unfold at different rates de-
pending on the initial physiological state of the leaf tissue. For example, young leaves,
with a higher water content, thinner cell walls, and a less consolidated organic matrix,
tend to partially dampen spectral changes associated with moisture loss in early storage
stages. In contrast, intermediate and mature leaves, with more established tissue organi-
zation, may experience a more marked decrease in the v6 contribution upon dehydration
onset, causing temporal effects to be expressed with greater spectral intensity.

It should be noted that the present study was conducted using detached leaves mon-
itored during storage. Therefore, the observed spectral changes may reflect both ontoge-
netic differences and postharvest physiological processes, including dehydration and tis-
sue degradation. Consequently, the proposed indices should be interpreted as spectral
correlates of developmental stage rather than definitive biomarkers of programmed in
planta senescence.

3.6. Multivariate Structure and Convergence Trajectories (PCA)

When analyzing the FT-MIR region indices, the variability hierarchy changes mark-
edly in both the long-term (Figure 8) and short-term (Figure 9) scenarios. In both cases,
the variability associated with PC1 and PC2 explains more than 70% of the variance, main-
taining ontogenetic separation as the dominant axis. In the full monitoring scenario of
Figure 8, the ontogenetic signature is highly persistent. Contrasting the total convergence
seen previously, time does not erase the original imprint; instead, a temporal drift occurs
within the ontogenetic groups. The dendrogram in Figure 8C confirms the ontogenetic
hierarchy in a very interesting way, especially in the first days of monitoring. In this case,
the formation of an orange cluster is clearly observed, grouping exclusively mature leaves
between days 1 and 10, while another cluster clearly segregates young leaves between
days 1 and 4. However, a single cluster can be observed that segregates the samples ac-
cording to the temporal degradation in mature and intermediate leaves after 16 days of
monitoring.

The above reflects the capacity of the FT-MIR technique to detect changes at the mo-
lecular level. Thus, there are indices that extract relationships from sufficiently stable re-
gions of molecular vibration, or that are very strong ontogenetic markers, as has already
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been demonstrated in previous analyses. This generates a damping effect on some degra-
dative effects that occur over time. In short, the degradation must lead to a chemical
change large enough to force a change in the initial ontogenetic signatures. The above can
be seen in the loading plot in Figure 8C, which shows that indices such as IMIR9 and
IMIR10, which exhibit vibration band relationships primarily of the hydrocarbon skeleton
of the leaves, and which, according to the LMM, are indices with a predominance of the
ontogenetic effect over the temporal degradation effect, contribute very little variability to
the most significant component (PC1 67%). On the contrary, these indices are primarily
responsible for the separation along the vertical axis (PC2 24.1%), which tends to generate
a partial separation of mature leaves. Furthermore, IMIR3, IMIR4, and IMIR5 not only
largely explain the variance along PC1 but also show a strong negative directionality.
These indices are responsible for shifting the intermediate and mature samples to the left
of the plane, coinciding precisely with the segregated cluster of day 16.

This selectivity is due to the nature of the vibration bands that make up the indices.
While the regions of the C=O groups of esters (<1700 cm™), C-H groups of aliphatic groups
(2900 cm™) and C-O and C-O-C (between 1400 and 1100 cm™) used in IMIR9 and IMIR10
act as highly stable bands, preserving the structural signature of the tissue, the regions
associated with O-H vibrations used in IMIR2, IMIR3, IMIR4, and IMIR5 detect degrada-
tive changes better, and moreover, do so consistently with the LMM results under a de-
pendence on leaf ontogeny, in which intermediate and mature leaves seem to show
greater temporal degradation. Therefore, as evidenced in this study, the most influential
component in the post-sampling degradation of cassava is progressive dehydration, and
it is precisely the sensitivity of these bands that allows FT-MIR to anticipate the final col-
lapse of the foliar chemical identity observed at the end of the monitoring.

This hierarchy of ontogenetic variability becomes even more evident when con-
trasting the overall scenario with the analysis limited to the first 4 days (Figure 9). During
this period, the temporal degradation factor is almost imperceptible, while the variance
explained by components PC1 and PC2 remains above 80% of the total variance. There-
fore, since there is no dominant degradation gradient, both PC1 and PC2 exhibit variabil-
ity associated with the ontogenetic state. In the projection of Figure 9A and the loadings
of Figure 9C, it can be observed that along the axis associated with PC1, the groups of
young leaves are partially separated under a greater influence of the IMIR3, IMIR4, and
IMIRS indices in the negative direction of the axis, and by IMIR?2 in the positive direction.
This configuration suggests that PC1 describes a biochemical gradient primarily related
to protein organization and the structural hydration state of the tissue, given that IMIR3,
IMIR4, and IMIR5 share a common band around 1640 cm™, associated with protein amide
I'and overlapping with the water-bending band. In intermediate and mature leaves, char-
acterized by progressive reorganization of the protein network and changes in the bound
water fraction, this signal becomes dominant, explaining its position towards negative
PC1 values. In contrast, the positive contribution of IMIR2 on the same axis suggests a
relative increase in bands dominated by O-H stretching vibrations associated with both
free water content and hydroxyl groups present in cell wall polysaccharides and phenolic
compounds. This indicates that positive PC1 values reflect tissues with a higher degree of
hydration and a greater relative abundance of hydroxylated functional groups, a condi-
tion more characteristic of young leaves and those in early stages of development.
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Figure 9. PCA of the FT-MIR spectral indices over 4 days of postharvest monitoring. (A) Projection
of the samples on the PC1-PC2 plane to explain the variance for each principal component (note that
outliers were not identified). (B) Loadings of the spectral indices on the first three components. (C)
Hierarchical clustering dendrogram based on the PC1-PC2 projections.

On the other hand, mature leaves are clearly segregated along the PC2 component
axis in a positive direction, influenced by the values associated with the IMIRS, IMIRY,
and IMIR10 indices, and in the negative direction by the contribution of IMIR5. This may
be because the IMIRS, IMIRY, and IMIR10 indices use bands from the fingerprint region,
which is characterized by predominantly C-H bending vibration and C-O-C stretching
vibration bands, and it tends to exhibit differential variability toward mature leaves due
to the more complex structural arrangement of the tissue. Consequently, the dendrogram
shows three clearly defined clusters for each ontogenetic state, indicating that Euclidean
distances allow for the separation of the different ontogenetic classes using the FT-MIR
indices.
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4. Conclusions

Spectral characterization supported by FEDS deconvolution and comparative FT-
MIR analysis enabled selective signal enhancement, leading to the identification of char-
acteristic bands associated with both specific biochemical compounds and structural
changes in leaf tissue. In FT-MIR, intra-group variability was high enough to observe di-
rect differences; the ratios between specific vibration bands revealed subtle but systematic
changes. In particular, the v1/v3 ratio (3400 cm™/2920 cm™) showed a decreasing trend
with leaf maturity, indicating a relative decrease in OH groups compared to aliphatic CH
groups. This pattern is consistent with a reduced relative contribution of hydroxyl-asso-
ciated signals and a greater contribution of aliphatic CH vibrations commonly attributed
to cuticular lipid and wax components. Similarly, the v5/v6 ratio (1710 cm™/1640 cm™)
showed a progressive increase in mature leaves, consistent with a greater relative contri-
bution of spectral features commonly assigned to cutin-related esters compared to the
contribution of amide groups associated with structural proteins.

Likewise, distinct spectral differences were observed between the adaxial and abaxial
surfaces of the cassava leaf. These differences showed no ontogenetic dependence, as they
were reproducible in young, intermediate, and mature leaves. The abaxial surface exhib-
ited greater absorbance, a pattern consistent with stronger internal scattering and a lower
apparent absorptive effect, whereas the adaxial surface exhibited a stronger apparent ab-
sorptive effect, potentially related to the greater contribution of cuticular structures. This
was confirmed by FT-MIR, as the v5/v6 ratio (1710 cm™/1640 cm™) consistently showed
higher values on the adaxial surface than on the abaxial surface. These differences were
independent of the ontogenetic stage, confirming that the adaxial surface has a greater
relative contribution of spectral features commonly assigned to C=O-containing cuticular
compounds. Additionally, the comparison between TF0 and DLM suggested that internal
scattering and tissue microstructure contribute substantially to the spectral response of
intact leaves.

Correlation analysis revealed that leaf ontogeny influences the relationships among
FT-MIR spectral domains, indicating progressive changes in spectral organization during
development. Increased collinearity within the fingerprint region (MIR3) suggested
greater spectral stability in mature tissues. Furthermore, permutation-based Ar analysis
identified several non-redundant band relationships, including v1/v3 and v5/v6, support-
ing their use as relevant spectral indices for ontogenetic discrimination.

ANOVA/Kruskal-Wallis and post hoc tests demonstrated that FEDS-FT-MIR indices
such as IMIR2, IMIR3, IMIR4, IMIR6, and IMIR7 showed a significant discriminatory ca-
pacity for identifying mature leaves, possibly because they incorporate spectral infor-
mation from C-H vibration regions that exhibited systematic changes across ontogenetic
stages. Indices such as IMIR5, IMIRS, and IMIR9 showed discriminatory capacity for both
mature and young leaves, with intermediate leaves overlapping in both groups, a pattern
that suggests these indices respond to biochemical and structural processes that evolve
gradually during ontogeny.

The overall PCA shows convergence trajectories dominated by degradation in later
days, while the PCA limited to the first 4 days reveals that, in the absence of a strong
temporal gradient, the signal is controlled almost exclusively by ontogeny. These results
suggest that, under the experimental conditions evaluated and for the HMC-1 genotype,
FT-MIR indices are particularly useful for ontogenetic discrimination and the detection of
early metabolic changes.
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Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/photochem6030024/s1. Figure S1: Multivariate analysis of
MIR spectra from 4- and 6-month sampling times (MDS). (a) PCA scores plot (PC1 vs PC2) showing
extensive overlap between sampling times. Ellipses represent the 95% confidence regions for each
group. (b) PCA loading profiles for PC1 and PC2 across wavelengths. (c) Individual and cumulative
explained variance of the principal components. (d) Ward hierarchical clustering based on PCA
scores, showing no distinct clustering pattern according to sampling time; Figure S2: Box and
whisker plot explaining the variation of the spectral ratios v1/v3 and v5/v6: Variation of the spectral
ratios as a function of the adaxial and abaxial face (B1 and B2 correspond to the spectral ratios v1/v3
and v5/v6, respectively); Figure S3: Differential correlation analysis (Ar) between characteristic
FEDS-enhanced FT-MIR bands across cassava leaf ontogenetic stages. Positive Ar values indicate
band-pair relationships that became more strongly correlated in the second ontogenetic group rela-
tive to the first, whereas negative values indicate a reduction in correlation strength. Only the band
pairs exhibiting the largest changes in correlation are shown. Red markers highlight relationships
involving the candidate spectral indexes selected for subsequent statistical evaluation. Band nota-
tion (L1-v15) corresponds to the characteristic FT-MIR signals identified during the spectral charac-
terization stage; Table S1: Descriptive statistics (mean + SD) of FT-MIR-derived spectral indices
across ontogenetic stages (Joven, Intermedia, Madura); Table S2: LMM results for spectral indices
IMIR1-IMIR10 Linear Mixed-Effects Model: Index ~ Day + Ontogenetic Stage + (1|Biological Repli-
cate) - n=72 (3 biological replicates x 3 ontogenetic stages x 8 sampling days); Figure 54: comparison
between the original FT-MIR spectrum, the FEDS transformation, and the Savitzky-Golay second
derivative in the 4000-2800 cm™ region (MIR1). The upper panel shows the original absorbance
spectrum. The middle panel presents the FEDS responses obtained with different a values (0.5-2.0),
illustrating the progressive enhancement and localization of spectral bands. The lower panel shows
the Savitzky-Golay second-derivative responses calculated using different smoothing window sizes
(9-23 points). FEDS produced sharp, positive, and well-localized responses for the broad O-H
stretching band around 3400 cm™ and the partially overlapping C-H stretching bands near 2920
and 2850 cm™!, whereas the Savitzky-Golay second derivative generated broader oscillatory deriv-
ative features that were strongly dependent on the selected window size; Figure S5: comparison
between the original FT-MIR spectrum, the FEDS transformation, and the Savitzky-Golay second
derivative in the 1800-1300 cm™! region (MIR2); Figure S6. comparison between the original FT-MIR
spectrum, the FEDS transformation, and the Savitzky—Golay second derivative in the 1300-600 cm™!
region (MIR3).
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ATR
FEDS
FNDI
FSR
FTo-y
HCA
HSD
IMIR
LMM
PCA

Acronyms
attenuated total reflectance
functionally enhanced derivative spectroscopy
FEDS-based normalized differences index
FEDS signal ratio
unmodified FT-MIR spectra of intact leaf tissue
hierarchical cluster analysis
honest significant difference
Fourier-transform mid infrared index
linear mixed models
principal component analysis

PDM-y powdered dry leaf tissue
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Arcbs
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Arperm

spectral biomarker
simple ratio
Latin Symbols
values of pseudoabsorbance
deconvolution coefficients
number of points on each side of x
number of spectra describing ontogeny
number of plants
polynomial of degree
Correlation coefficient
comparison of Pearson’s correlation coefficients for two datasets
FEDS intensity related to specific 1
reflectance (with 1 = wavelength)
values of reflectance at wavelength selected by FEDS (i = n or m)
maximum reflectance
minimum reflectance
normalized reflectance
number of analyzed surfaces
initial time
time (k indicates the sampling days)
Gaussian weight
central point in smoothing operations
smoothed value
number of phenological stages
Greek Symbols
degree of the root operating in B,
standard deviation of the Gaussian function
wavelength
difference in the r;, values
differential correlation
observed differential correlation
maximum difference obtained by permutations of r
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