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Abstract

Species identification in hyperdiverse regions such as the Amazon forest, is time-consuming
and often prone to errors. In light of the current rapid biodiversity loss, developing fast and
low-cost methods to support species identification in both field and herbarium samples is
fundamental to improve the quality of tropical forest inventories. We tested two
spectrometers - the high-performance portable ASD FieldSpec® 4 (350-2500 nm; 6-10 kg)
and the handheld ISC NIR-S-G1 (900-1700 nm; 150 g), to assess their ability to discriminate
tree species from bark and leaf samples. Both instruments achieved accuracy higher than 90%
using herbarium leaf samples and 81 to 90% with bark spectra. Although the ISC NIR-S-G1
performance was slightly worse than the ASD, increasing the number of scans per sample
improved its accuracy. Demonstrating the effectiveness of this compact, low-cost device for
accurate recognition of plant species highlights new opportunities to expand spectral
applications for biodiversity monitoring, species identification to forest management and

forest conservation specially to countries of the Global South.

Keywords
Amazonian tree flora; low-cost handheld spectrometer; dry leaves; species discrimination;

miniaturized NIR spectroscopy; reflectance spectra; tree bark
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1. Introduction

Plant spectroscopy has emerged as a powerful non-destructive approach for advancing
taxonomy, trait ecology, and biodiversity monitoring. By capturing the chemical and
structural signatures of plant tissues, full-range spectroscopy (350-2500 nm) can reveal both
phylogenetic (Durgante et al., 2013; Meireles et al., 2020) and functional patterns (Costa et
al., 2018, 2023; Robin et al., 2025; Dawson et al., 2025), offering a complementary
perspective to traditional morphology and molecular tools. The development of spectral
herbaria databases linking spectral and specimen information is transforming biological
collections into quantitative, digital resources that can support species identification and trait
prediction through machine learning (Cavander-Bares et al., 2025; Neto-Bradley et al., 2025).

Despite its potential, the expansion of spectroscopy in ecology and taxonomy remains
constrained by instrument cost and accessibility. High-end spectrometers such as the ASD
FieldSpec® series or laboratory-based FT-NIR systems provide high-resolution spectra across
a broad wavelength range but are expensive (often up to US$80,000), sensitive to
environmental conditions (FT-NIR), and cumbersome for field or herbarium use. These
limitations particularly affect institutions in tropical regions, where biodiversity is greatest
but financial and logistical resources are limited. To democratize spectral technologies, it is
crucial to evaluate the performance of lower-cost, miniaturized devices and determine how
far the data they deliver can be harmonized with reference-grade instruments.

Accurate species identification is a persistent challenge in tropical forests, where over
15,000 tree species are estimated to occur in the Amazon alone (ter Steege et al., 2020).
Taxonomic identification is hindered by high species richness, morphological similarity
among taxa, and declining numbers of expert parabotanists (Hopkins et al., 2007; Carvalho et
al., 2023). Cryptic and morphologically variable species frequently lead to misidentifications
(Bickford et al., 2007; Gomes et al., 2013), while the reliance on fertile material limits
identification during most of the year. These challenges have direct consequences for forest
management, where misidentification can lead to inappropriate harvesting decisions,
affecting both sustainability and timber evaluation (Lacerda & Nimmo, 2010). Spectroscopy
offers a rapid, non-destructive alternative that can be applied to both field-collected and
herbarium specimens (Costin et al., 2011; Durgante et al., 2013; Hadlich et al., 2018; Prata et
al., 2018; Gaem et al., 2022; Vasconcelos et al., 2025; Hadlich et al., 2025).

Near-infrared (NIR) spectroscopy measures light absorption and reflection to probe

molecular-bound vibrations associated with the chemical and physical properties of samples
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(Pasquini, 2018). Foundation studies have shown that NIR spectroscopy (10002500 nm) can
accurately classify species using dry leaves (herbarium samples) (Durgante et al., 2013;
Vasconcelos et al., 2021; 2025), recognize species from ontogenetic stages (Lang et al., 2015;
Carvalho et al., 2024), and estimate life-history traits from herbarium material (Costa et al.,
2018, 2023; Kothari et al., 2023; White et al., 2025; Robin et al., 2025). In the field,
hyperspectral devices have been used to discriminate tropical tree species based on leaf or
bark spectra (Hadlich et al., 2018, 2025; Mallmann et al., 2023). However, the adoption of
these techniques is limited by the size, fragility, and cost of current instruments.

Recent advances in micro-electromechanical systems (MEMS) and miniaturized
detectors have produced portable spectrometers that are low-cost, lightweight, and
increasingly reliable. Instruments such as the ISC NIR-S-G1 (ISC Corp., Taiwan; hereafter
ISC), operate in the 900—1700 nm range, weight < 150 g, and cost less than US$2,000. These
devices are already used in the agricultural and pharmaceutical industries (Gullifa et al.,
2025; Hu et al., 2025), but their ecological potential remains poorly tested. It is still unclear
whether their reduced spectral range and lower signal-to-noise ratio significantly limit their
capacity for species discrimination or whether data collected from such devices can be
effectively integrated with spectra from high-end instruments.

Here, we evaluated the performance of the portable ISC against the reference-grade
ASD FieldSpec® 4 spectroradiometer (350-2500 nm; hereafter ASD) for species
identification in tropical trees. We collected spectra from dry leaves of 98 trees (10 species)
and from inner and outer bark of 74 standing trees (nine species) in a central Amazon upland
(terra firme) forest. By comparing performance across tissues, instruments, and
preprocessing strategies, we address four key methodological questions: 1. Does the ISC
achieve species-level classification accuracy comparable to the ASD FieldSpec® 4? 2. Does
the restricted spectral range of the ISC (950—-1650 nm) limit prediction performance? 3. How
do the number of spectral readings and preprocessing approaches affect model accuracy? 4.
Can spectral data collected from different instruments be integrated into a single
classification model?

By directly comparing high-end and miniaturized spectrometers under controlled
conditions, this study provides an empirical assessment of trade-offs between cost,
performance, and interoperability. Demonstrating comparable accuracy between devices
would represent a significant step toward scalable, low-cost spectroscopy for herbaria and

fieldwork in biodiversity-rich, yet resource-limited, regions. Ultimately, our findings aim to
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inform the design of standardized, accessible protocols for the next generation of spectral

biodiversity infrastructure.

2. Material and Methods

2.1. Taxon sampling

We selected abundant species representing major Amazonian wood lineages, all
taxonomically verified and from distinct families and orders, with ten species for leaves and
nine for bark (Table 1). Selection was based on previous floristic inventories in permanent
plots at the terra-firme forest of the Amazon Tall Tower Observatory (ATTO) site, Uatuma
Sustainable Development Reserve (USDR), central Amazonia (Andreae et al., 2015; Fig. S1).
Individual trees were marked in the field for on-site spectral data collection, forming the first

stage of the study.

Table 1
List of tree species used to compare the two portable spectrometers: ASD FieldSpec® 4 and
ISC NIR-S-G1.

Tissue  Family Scientific name Label Number
of trees
Lecythidaceae  Corythophora alta R.Knuth CORALTA 9
Sapotaceae Ecclinusa guianensis Eyma ECCGUIA 10
Sapotaceae Manilkara elata (Allemao ex Miq.) Monach. MANELAT 9
Euphorbiaceac  Micrandropsis scleroxylon (W.A.Rodrigues) W.A.Rodrigues MICSCLE 10
Sapotaceae Nemaluma anomala (Pires) Swenson NEMANOM 10
Dry leaf ) )
Burseraceae Protium apiculatum Swart PROAPIC 10
Violaceae Rinorea guianensis Aubl. RINGUIA 10
Humiriaceae Sacoglottis guianensis Benth. SACGUIA 10
Malvaceae Scleronema grandiflorum Huber SCLGRAN 10
Fabaceae Swartzia reticulata Ducke SWARETI 10
Total number of trees 98
Lecythidaceae  Corythophora alta R Knuth CORALTA 9
Bark
Sapotaceae Ecclinusa guianensis Eyma ECCGUIA 8
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Sapotaceae Manilkara elata (Allemao ex Miq.) Monach. MANELAT
Euphorbiaceae  Micrandropsis scleroxylon (W.A.Rodrigues) W.A.Rodrigues MICSCLE
Sapotaceae Nemaluma anomala (Pires) Swenson NEMANOM
Burseraceae Protium apiculatum Swart PROAPIC
Violaceae Rinorea guianensis Aubl. RINGUIA
Humiriaceae Sacoglottis guianensis Benth. SACGUIA
Fabaceae Swartzia reticulata Ducke SWARETI

Total number of trees

6

7

74

Additionally, botanical samples, including sterile and/or fertile branches, were
collected from the same sampling group of individuals and processed using standard
herbarium procedures (Mori et al., 2011): they were collected, pressed, dried, and stored on
newsprint. These specimens were later used for spectral data acquisition from dry leaves,

comprising the second stage of the study.

2.2. Spectra acquisition using two handheld portable spectrometers

An overview of the instruments is provided in Table 2. Each ASD FieldSpec® 4
spectrum (ASD Inc., USA; Fig. 1a, c, d) contains 2,151 reflectance values from 350-2500
nm. The optical resolution of 3 nm in the VIS (350-700 nm) and NIR (700-1000 nm)
regions, and 8 nm in the SWIR (1000-2500 nm). The device is operated via the RS® software
and connects to a laptop using either an Ethernet cable or Bluetooth. Measurements are
obtained in contact mode using a contact probe attached via an optical fiber cable, with

specific accessories depending on the plant material.

Table 2
Comparison of key technical specifications between the ASD FieldSpec® 4 and the ISC NIR-

S-G1 spectrometers.

Specifications ASD FieldSpec® 4 ISC NIR-S-G1

Manufacturer Malvern Panalytical InnoSpectra Corp.

Detector technology 512 element NIR-enhanced silicon 1 mm InGaAs (uncooled)
array (VIS-NIR), Graded Index
InGaAs Photodiode, 2 Stage TE
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cooled (SWIR)

Wavelength range 350-2500 nm 900-1700 nm

Wavelength accuracy + 1 nm + 1 nm

Spectral regions VIS-NIR-SWIR1-SWIR2 NIR-SWIR1

Spectral resolution 3 nm (VIS-NIR), 8 nm (SWIR) ~10 nm

Number of variables 2,151 228

Weight 5.44 kg (instrument only) + 0.7 kg <0.15kg
(contact probe)

Scanning time 0.1s Is

Average number of scans 10 20

Each spectrum collected with the ISC NIR-S-G1 spectrometer (InnoSpectra Corp.,
Taiwan) (Fig. 1b, e, f) comprises 228 reflectance values spanning the 900-1700 nm range,
with an optical resolution of 10 nm, covering part of the NIR regions. This device is

controlled via the ISC-NIRScan application and connects to a laptop or smartphone via USB

or Bluetooth.
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Fig. 1. Spectral data collection in the laboratory for dry leaves (a, b) and in the field for outer
and inner bark (c-f) using the two portable spectrometers compared in this study: ASD
FieldSpec® 4 (a) and ISC NIR-S-G1 (b). Details of the EVA black background (a, b) used for

dry leaves in contact measurements and the glass sheet for bark of standing trees (d, f).

2.2.1. Dry leaves

For each specimen, we collected eight spectra, four from the adaxial surface and four
from the abaxial surface, across at least four leaves using both instruments. A black ethylene
vinyl acetate (EVA) background was used to reduce light scattering, reflecting <7% in ASD
measurements and <3% with the ISC measurements (Fig. S2). Before each specimen, a white

reference was taken with a Spectralon® standard to calibrate the instruments.

2.2.2. Bark of standing trees

The number of spectra per tree differed between instruments: three spectra of both
outer and inner bark were collected with the ASD FieldSpec® 4 (Hadlich et al., 2018), and
five to fourteen spectra per bark tissue with the ISC NIR-S-G1. Outer bark spectra were
sampled directly from the trunk, avoiding mosses, lichens, and fungi. Inner bark spectra were
obtained by gently removing outer layers to expose internal tissue, without cutting the
cambium or exposing wood. Both instruments were calibrated using a Spectralon® white
reference, and a glass sheet was placed over the inner bark during measurements to prevent

contamination from tree exudates (Fig. 1d, ).

2.3. Spectral data handling and analysis

Spectra with reading errors or atypical profiles were removed based on expert
assessment and statistical filtering (high standard deviation), indicating noise or
contamination (Fig. S3).

ASD FieldSpec® 4 were trimmed to the range of 400-2400 nm for the and ISC spectra
to 950—1650 nm to exclude noisy edges. All spectra were preprocessed using Standard
Normal Variate (SNV) transformation using the ‘prospectr’ package, followed by visual
inspection (Fig. S3). This transformation enhances the important signals while minimizing

the impact of unwanted artifacts, like the multiplicative light scatter (Barnes et al., 1989).
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Species identification was evaluated using Linear Discriminant Analysis (LDA) and
Partial Least Squares Discriminant Analysis (PLS-DA) implemented in the ‘caret’ package,
with PLS-DA tuned to 30 latent variables. We tested three input strategies to assess scan
averaging: (1) a single random spectrum per individual; (2) the mean of three scans; and (3)
the mean of all available scans per individual (eight scans for dry leaves, and four to fourteen
scans for bark). Comparative analyses accounted for the distinct spectral ranges of ASD
(400-2400 nm) and ISC (950-1650 nm) by evaluating: (i) full spectral ranges; (ii) the
overlapping region (950—1650 nm); (iii) raw and preprocessed data; and (iv) most
informative wavelengths for each device. Dimensionality reduction used stepwise selection
(forward/backward), retaining at most one-third sample size (Williams & Titus, 1988;
Durgante et al., 2013).

To compare instruments, we calculated Pearson correlations between ASD and ISC
reflectance at matching wavelengths in the overlapping spectral region (950-1650 nm) and
conducted Principal Component Analysis (PCA) using mean spectra per species to visualize
multiple variate displacement.

Instrument-transferability was tested in three scenarios: (i) ASD-trained models tested
on ISC; (i1) ISC-trained models tested on ASD; and (ii1) mixed models with 50% ASD and
50% ISC spectra in both training and testing sets (Fig. 2). All transferability tests used only
the overlapping region (950-1650 nm), applying ASD wavelengths as the reference set.

10
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ASD FieldSpec® 4 (350-2500 nm) ISC NIR-S-G1 (900-1700 nm)

INSTRUMENTS J.
| |
¥
99 individuals a
l &‘é 74 individuals
A\ 2\
Dry leaves 9-10 Bark
. tree species
A Abax!al ! I. \ Quter bark
% f bl i = o Inner bark
DATASETS = Abaxial & Adaxial é
| Importing, standardizing, |
and curating spectra
Raw data 1 SNV filter
ASD full range band ASD trimmed band ISC
(400-2400 nm) (950-1650 nm) (950-1650 nm)
I Subsets of each
$1. Single random spectrum per individual @ With and without
SUBSETS Lo : -
S2. Average of 3 random spectra per individual <+<— stepwise variable
S3. Average of the total number of scans available per individual W selection
|
ASD trimmed — ISC s
INSTRUMENT . oD 7
TRANSFERABILITY S =B imec , — 93 = %.
ASD trimmed + ISC = ASD trimmed + ISC <
LDA
ALGORITHMS TR D Leave-One-Out (LOOCV)
Cross-validation tH= | | oove-Group-Out (LGOCV; 70/30 partitioning)
PLS-DA
MODELS EVALUATION Classification accuracy

Fig. 2. Workflow for evaluating the performance of two spectrometers (ASD FieldSpec® 4
and ISC) in classifying Amazonian tree species based on spectral data from dry leaves and

bark of standing trees.

Model performance was evaluated using two cross-validation techniques: Leave-One-
Out Cross-Validation (LOOCV) and Leave-Group-Out-Cross-Validation (LGOCV), with a
70/30 train/test partition repeated 100 times using random splits to ensure robustness. Overall
classification accuracy with 95% confidence intervals was used as the primary performance
metric (Fig. 2).

All data processing and statistical analyses were performed in R (v4.4.3; R Core

Team, 2024), using custom scripts and the packages mentioned above developed for spectral

11
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analysis and classification models. A complete list of R packages used in our analyses is

provided in Table S1.

3. Results

3.1. Dry leaf spectra

3.1.1. Results of leaf classification models for each instrument

Leaf spectra from the ASD FieldSpec® 4 achieved consistently high species

identification accuracy (> 0.90) across all tested scenarios, including single spectra per

individual, averages of three spectra, and averages of eight spectra with raw and processed

data (Standard Normal Variate (SNV) transformation) (Table 3; Fig. 3 and Fig. S4).

Reducing the spectral range from 350-2500 nm to the shared range between devices (955—

1645 nm) caused only a minor decrease in accuracy, particularly for single-spectrum models

(0.88).

Dry leaf (raw data)

@  LDA (LOOCV)

ASD (400-2400 nm) ASD (950-1650 nm) ISC (950-1650 nm)

PR B L LR T L R
+ :
3
+ 077
& 06-
ol
3 05-
(5]
< g4-
1 3 a8 1 3 48 1 3 a8

Average spectral scanning

©  LDA (LGOCV 70/30)

ASD (400-2400 nm) ASD (950-1650 nm) ISC (950-1650 nm)

Ay - AR A ‘m AN
— 0.9- L A
]

‘.A-

1 3 4-8 1 3 4-8 1 3 4-8
Average spectral scanning

Group

() PLS-DA (LOOCV)

ASD (400-2400 nm) ASD (950-1650 nm) ISC (950-1650 nm)

1yt 1
5o (S o

3 06-
©

0.7-

5
3 05-
o
< g4-

1 3 4-8 1 3 4-8 1 3 4-8
Average spectral scanning

(@ PLS-DA (LGOCV 70/30)

ASD (400-2400 nm) ASD (950-1650 nm) ISC (950-1650 nm)

Ay im AR o oy Am
— 09- A A e
o L ]
X 08
',_’o‘?) | ]
'H07
3 06-
o
305
Q
< 04
1 3 4-8 1 3 4-8 1 3 4-8

Average spectral scanning

abaxial 4 adaxial * abaxial&adaxial

Fig. 3. Classification accuracy based on raw data from the dry leaf spectra. Panels show the

results of (a) Linear Discriminant Analysis (LDA) with Leave-One-Out Cross-Validation

12
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(LOOCYV), (b) Partial Least Squares Discriminant Analysis (PLS-DA) with LOOCV, (¢)
LDA with 70/30 Leave-Group-Out Cross-Validation (LGOCYV), and (d) PLS-DA with
LGOCV. Each panel compares model performance across instruments (ASD full range 400—
2400 nm, and trimmed band 950-1650 nm; ISC: 950-1650 nm) and different levels of
spectral scan averaging (1, 3, and 4-8 scans). Marker shapes indicate the leaf surface

scanned: abaxial (squares), adaxial (triangles), and both surfaces combined (circles).

For the ISC, single-scans models reached 0.80 to 0.81 accuracy, which increased to
0.88 to 0.90 when averaging three scans per individual. Averaging eight spectra per specimen
(four adaxial and four abaxial) yielded performance comparable to the ASD, with accuracies
0f 0.94 to 0.96 (ISC) versus 0.95 to 0.99 (ASD full range) and 0.97 to 0.98 (ASD trimmed)
across models and validation methods. The pre-processed data did not increase the accuracy
significantly. However, raw or processed by SNV achieved prediction accuracies above 94%
for both devices (Table 3). Stepwise variable selection identified the most informative
wavelengths in the method located at the region 2000-2500 nm for the full ASD range, and

between 1400—1650 nm in the common range for both instruments (Fig. S5).

Table 3

Summary of species classification accuracy for dry leaf spectra (abaxial & adaxial sets only)
obtained with ASD FieldSpec® 4 and ISC NIR-S-G1 across all analytical scenarios (see Fig.
2 for workflow). Overall mean accuracy for models based on preprocessing and feature-
selection settings. Each subset represents a different level of spectral scan averaging per
individual (1, 3, and 4-8 scans). Results summarize the performance of LDA and PLS-DA
classification models under both Leave-One-Out (LOOCV) and Leave-Group-Out (LGOCV;
70/30 partitioning) Cross-Validation. Processed data refers to the application of the Standard

Normal Variate (SNV) transformation.

4-8 scans 3 scans 1 scan
Device/ Analysis/ Raw data Preprocessed data ~ Raw data Preprocessed Raw data Preprocessed
Wavelength Validation data data
Full Selected Full range Selected Fullrange Fullrange Fullrange Full range
range  variables variables
LDA LOO 0.99 0.98 0.99 0.99 0.97 0.99 0.95 0.95
ASD
LDA LGO 0.98 0.97 0.98 0.98 0.97 0.96 0.94 0.93
400—2400 nm
PLS-DA LOO 1.00 0.92 1.00 0.95 0.98 0.98 0.97 0.93
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PLS-DA LGO 0.98 0.93 0.98 0.94 0.97 0.97 0.93 0.90

Mean accuracy 0.99 0.95 0.99 0.97 0.97 0.98 0.95 0.93

LDA LOO 0.99 0.99 0.97 0.99 0.99 0.97 0.86 0.85

LDA LGO 0.98 0.98 0.98 0.99 0.97 0.97 0.91 0.91
ASD

PLS-DA LOO 0.97 0.97 0.98 0.96 0.96 0.99 0.89 0.93
950—1650 nm

PLS-DA LGO 0.97 0.97 0.97 0.95 0.95 0.96 0.87 0.91

Mean accuracy 0.98 0.98 0.98 0.97 0.97 0.97 0.88 0.90

LDA LOO 0.96 0.98 0.96 0.99 0.94 0.85 0.82 0.80

LDA LGO 0.98 0.95 0.96 0.98 0.94 0.92 0.83 0.82
ISC

PLS-DA LOO 0.92 0.92 0.94 0.94 0.87 0.87 0.80 0.83
950—1650 nm

PLS-DA LGO 0.92 0.92 0.93 0.93 0.86 0.87 0.77 0.80

Mean accuracy 0.94 0.94 0.95 0.96 0.90 0.88 0.80 0.81

3.1.2. Leaf spectral pattern between instruments

The spectral pattern of dry leaves from 10 species was similar between ASD
FieldSpec® 4 and ISC NIR-S-G1 within their overlapping spectral range (950-1650 nm), with
both instruments showing a characteristic low reflectance peak around 1400 nm (Fig. S6a).
PCA of mean raw leaf spectra revealed tight species level clustering for both devices.
Although ISC measurements indicated a slight shift along PC1 relative to ASD, the spectra
remained close in ordination space (Fig. S6b). For some species, such as Sacoglottis
guianensis and Protium apiculatum, the displacement along PC1 was minimal, and for most
species the separation along PC2 was smaller than along PC1. After spectral pre-processing,
the PCA further reduced discrepancies between the two instruments, bringing their spectral
signatures even closer. The greatest separation along PC1 in the pre-process data
corresponded to the distinction of Rinorea guianensis and Nemaluma anomala from the other
species. But the difference between instruments decreased at both axes. Pearson correlations
between instruments using raw data vary among species. Only two species showed
consistently high and significant correlations between 1450 and 1550 nm, while the
remaining species did not exhibit significant correlations. After pre-processing, correlations
increased for most species to approximately 75%, with significance at the 0.05 level (Fig.

S7a, d).
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3.1.3. Leaf classification models with mixed data between instruments

Using data from both sources within the same classification models for dried leaves,

the datasets were highly comparable. When models were trained with ASD data and species

were predicted using ISC, model accuracies ranged from 0.66 to 0.79. Conversely, when

models were built with ISC data to predict species using ASD spectra, accuracies varied

between 0.86 to 0.92. Additionally, when data from both instruments were combined for

training and testing datasets, the accuracies increased, ranging from 0.83 to 0.94 (Table 4).

No significant increase in accuracy can be observed with data pre-processing.

Table 4

Classification performance of cross-instrument models based on raw and preprocessed dry

leaf spectra. Species classification models were trained on spectra from one instrument and

tested on the other (ASD — ISC and ISC — ASD), or trained and tested on the combined

dataset (ASD + ISC - ASD + ISC). Two classification methods were evaluated: Linear

Discriminant Analysis (LDA) and Partial Least Squares Discriminant Analysis (PLS-DA)

using Leave-Group-Out Cross-Validation (LGOCYV) for internal validation. Values represent

overall accuracy with 95% confidence intervals (CI) based on external validation.

) Raw data Preprocessed data
Analysis/
Dry leaf models S
Validation
Overall accuracy 95% CI Overall accuracy 95% CI
LDA
LGOCY 0.66 0.56-0.76 0.30 0.21-0.40
ASD - ISC
PLS-DA
LGOCY 0.79 0.69-0.86 0.78 0.68-0.85
LDA
LGOCY 0.92 0.85-0.96 0.91 0.83-0.96
ISC -~ ASD
PLS-DA
. .77-0.92 .82 .73-0.
LGOCY 0.86 0.77-0.9 0.8 0.73-0.89
ASD +1ISC - ASD +1ISC LDA 0.94 0.87-0.98 0.88 0.80-0.94
g LGOCV . . . . . .
15



PLS-DA

LGOCY 0.83 0.74-0.90 0.78 0.68-0.86
358
359  3.2. Bark spectra
360
361 3.2.1. Bark classification models
362
363 Species classification models based on ASD FieldSpec® bark spectra showed high

364 accuracy, ranging from 0.66 (single scan) to 0.93 (averaging 3 scans) for outer bark and 0.84
365 (single) to 0.97 (3 scans) for inner bark. Limiting the ASD range to 950—1650 nm produced
366 similar results — outer from 0.69 (single) to 0.95 (3 scans) and inner from 0.89 (single) to
367 0.99 (3 scans) (Figs. 4 and S8; Tables 5 and 6).

368 ISC-based models were generally less accurate compared to ASD. However, ISC

369 models performance improved with multiple scans: for outer bark, accuracy increased from
370 0.48 to 0.58 in a single scan, to 0.65 to 0.77 in 3 scans, and to 0.72 to 0.87 in 4—14 scans, and
371  for inner bark from 0.58 to 0.74 in a single scan to 0.73 to 0.78 in 3 scans and 0.74 to 0.97 in
372  4-14 scans, respectively. The models developed using pre-processed data showed accuracies

373 similar to those obtained with models built from the raw data (Tables 5 and 6).
374
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376 Fig. 4. Classification accuracy based on raw data from the bark of standing trees. Panels
377  show the results of (a) Linear Discriminant Analysis (LDA) with Leave-One-Out Cross-
378 Validation (LOOCV), (b) Partial Least Squares Discriminant Analysis (PLS-DA) with

379 LOOCV, (c) LDA with 70/30 Leave-Group-Out Cross-Validation (LGOCV), and (d) PLS-
380 DA with LGOCV. Each panel compares the performance across instruments (ASD: 400—
381 2450 nm and 950-1650 nm; ISC: 950-1650 nm) and different levels of spectral scan

382 averaging (1, 3, and 4-14 scans). Marker shapes indicate the scanned bark surface: outer
383 (circles) and inner (triangles) bark.

384

385 TableS5S

386 Summary of species classification accuracy for outer bark spectra obtained with ASD

387 FieldSpec® 4 and ISC NIR-S-G1 across all analytical scenarios (see Fig. 2 for workflow).
388 Overall mean accuracy for models based on preprocessing and feature-selection settings.
389 Each subset corresponds to a different number of averaged spectral scans per individual (1, 3,
390 and 4-14 scans). Results summarize the performance of LDAand PLS-DA classification
391 models under both Leave-One-Out (LOOCV) and Leave-Group-Out (LGOCV; 70/30

392 partitioning) Cross-Validation. Processed data refers to the application of the Standard

393 Normal Variate (SNV) transformation.

3 scans 1 scan
Device/ Analysis/ Raw data Preprocessed data Raw data Preprocessed data
Wavelength Validation Full Selected Selected
Full range Full range Full range
range  variables variables

LDA LOO 0.82 0.93 0.82 0.97 0.77 0.80

LDA LGO 0.76 0.90 0.77 0.89 0.66 0.77
ASD

PLS-DA LOO 0.91 0.84 0.85 0.91 0.85 0.89
400—2400 nm

PLS-DA LGO 0.84 0.85 0.81 0.89 0.73 0.82

Mean accuracy 0.83 0.88 0.81 0.91 0.75 0.82

LDA LOO 0.82 0.95 0.82 0.91 0.74 0.80

LDA LGO 0.82 0.88 0.79 0.84 0.75 0.69
ASD

PLS-DA LOO 0.89 0.87 0.89 0.88 0.85 0.80
950—1650 nm

PLS-DA LGO 0.85 0.84 0.84 0.84 0.78 0.72

Mean accuracy 0.85 0.88 0.84 0.86 0.78 0.75
Device/ Analysis/ 4-14 scans 3 scans 1 scan
Wavelength Validation Raw data Preprocessed data Raw data Preprocessed Raw data Preprocessed
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data data

Full Selected Selected Full
) Full range ) Full range  Full range Full range
range  variables variables range
LDA LOO 0.76 0.82 0.77 0.87 0.70 0.72 0.51 0.51
LDA LGO 0.81 0.77 0.81 0.79 0.69 0.65 0.49 0.51
ISC
PLS-DA LOO 0.82 0.81 0.82 0.74 0.77 0.74 0.58 0.49
950—1650 nm
PLS-DA LGO 0.83 0.78 0.79 0.72 0.74 0.70 0.58 0.48
Mean accuracy 0.81 0.80 0.80 0.78 0.72 0.70 0.54 0.50

394
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395 Table 6

396 Summary of species classification accuracy for inner bark spectra obtained with ASD

397 FieldSpec® 4 and ISC NIR-S-G1 across all analytical scenarios (see Fig. 2 for workflow).
398 Overall mean accuracy for models based on preprocessing and feature-selection settings.

399 Each subset corresponds to a different number of averaged spectral scans per individual (1, 3,
400 and 4-14 scans). Results summarize the performance of LDA and PLS-DA classification

401 models under both Leave-One-Out (LOOCV) and Leave-Group-Out (LGOCV; 70/30

402 partitioning) Cross-Validation. Processed data refers to the application of the Standard

403 Normal Variate (SNV) transformation.

3 scans 1 scan
Device/ Analysis/ Validation Raw data Preprocessed data Raw data Preprocessed data
Wavelength Full Selected Selected
) Full range ) Full range Full range
range  variables variables
LDA LOO 0.93 0.97 0.95 0.96 0.91 0.95
LDA LGO 0.89 0.95 0.93 0.93 0.88 0.89
ASD
PLS-DA LOO 0.95 0.91 0.95 0.91 0.92 0.88
400—2400 nm
PLS-DA LGO 0.89 0.87 0.90 0.87 0.88 0.84
Mean accuracy 0.91 0.92 0.93 0.92 0.90 0.89
LDA LOO 0.96 0.99 0.96 0.96 0.92 0.89
LDA LGO 0.93 0.95 0.94 0.89 0.84 0.89
ASD
PLS-DA LOO 0.96 0.95 0.95 0.96 0.92 0.93
950—1650 nm
PLS-DA LGO 0.94 0.93 0.93 091 0.89 0.90
Mean accuracy 0.95 0.95 0.94 0.93 0.89 0.90
4-14 scans 3 scans 1 scan
. Preprocessed Preprocessed
Device/ . . Raw data Preprocessed data ~ Raw data Raw data
Analysis/ Validation data data
Wavelength
Full Selected Selected
Full range Fullrange Fullrange Fullrange Full range
range  variables variables
LDA LOO 0.93 0.92 0.88 0.97 0.76 0.73 0.58 0.61
LDA LGO 0.85 0.83 0.82 0.90 0.77 0.74 0.55 0.61
ISC
PLS-DA LOO 0.85 0.80 0.78 0.88 0.77 0.78 0.61 0.74
950—1650 nm
PLS-DA LGO 0.81 0.74 0.77 0.83 0.74 0.74 0.58 0.67
Mean accuracy 0.86 0.82 0.81 0.90 0.76 0.75 0.58 0.66

404
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3.2.2. Bark spectral pattern between instruments

Outer bark (Fig. S9a) and the inner bark spectra (Fig. S10a) showed similar overall
patterns to raw data between ASD and ISC, including the characteristic water absorption peak
at 1450 nm. Inner bark additionally displayed low reflectance peaks at 900 and 1250 nm.
With the pre-processed data, it is possible to recognize greater discrepancies in the spectral
patterns when comparing the two instruments. The PCA results differed between the raw and
pre-processed datasets (Figs. S9b, S10b ). In the raw data, for the outer bark, spectra from the
same species were more dispersed along the first principal component (PC1) but closer along
PC2. For the inner bark, however, spectra from the same species showed dispersion along
both axes. In contrast, the pre-processed data revealed shorter distances among objects of the
same species in the PCA, indicating spectral coherence after data treatment. Despite these
similarities, Pearson correlation within the shared spectral range was low. Using raw data,
correlations with the outer bark were significant in only two species, and no significant
correlations were found for the inner bark in any species (Fig. S7b-c). After data pre-
processing, correlations increased and became significant for five species in both bark
tissues; however, this improvement was restricted to specific wavelength regions (Fig. S7e-f).

A higher variance (shade area) was observed in bark spectra outer (Fig. S11) and
inner (Fig. S12) when acquired with the ISC compared to the ASD FieldSpec®. Furthermore,
the most informative spectral regions selected for each model —full-range spectra (ASD),
950-1650 nm (ASD), and 950—1650 nm (ISC)—were not consistent across discriminant

models for each tissue type.

3.2.3. Bark classification models with mixed data between instruments
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Using data from both sources within the same classification models for bark tissues
significantly reduced model accuracy for raw and pre-processed data. For raw data, the outer
bark, where ASD-collected data were used to predict species from ISC data, the accuracy
varied from 0.35 to 0.47. When ISC collected data to predict species from ASD data, the
accuracy was close to 0.50. When the two datasets were combined in a single model, the
accuracy was between 0.46 to 0.76. For inner bark, the results were even poorer: models
trained with ASD-collected data to predict species from ISC data or vice versa, achieved the
accuracy of only 0.14 to 0.27. However, when data from both sensors were merged into a

single model, the accuracy improved to 0.65 to 0.74 (Table 7).

Table 7

Classification performance of cross-instrument models based on raw and preprocessed bark
spectra. Species classification models were trained on spectra from one instrument and tested
on the other (ASD - ISC and ISC - ASD), or trained and tested on the combined dataset
(ASD +ISC - ASD + ISC). Two classification methods were evaluated: Linear
Discriminant Analysis (LDA) and Partial Least Squares Discriminant Analysis (PLS-DA)
using Leave-Group-Out Cross-Validation (LGOCYV) for internal validation. Values represent
overall accuracy with 95% confidence intervals (CI) based on external validation. Processed

data refers to the application of the Standard Normal Variate (SNV) transformation.

Preprocessed data

Raw data
Bark Analysis/ (SNV)
. Model L.
tissue Validation Overall Overall
vera 95% CI vera 95% CI
Accuracy Accuracy
ASD - ISC LDA 0.47 0.36-0.59 0.43 0.32-0.55
LGOCV
PLS-DA 0.35 0.24-0.47 0.35 0.24-0.47
LGOCV
ISC -~ ASD LDA 0.54 0.42-0.66 0.58 0.46-0.69
Outer LGOCV
PLS-DA 0.51 0.39-0.63 0.48 0.37-0.61
LGOCV
ASD + ISC - ASD +ISC LDA 0.76 0.64-0.85 0.70 0.59-0.80
LGOCV
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PLS-DA 0.46 0.34-0.58 0.42 0.31-0.54

LGOCV

ASD - ISC LDA 0.18 0.10-0.28 0.12 0.06-0.22
LGOCV

PLS-DA 0.27 0.17-0.39 0.20 0.12-0.31
LGOCV

ISC - ASD LDA 0.19 0.11-0.30 0.11 0.05-0.20
LGOCV

Inner PLS-DA 0.14 0.07-0.23 0.27 0.17-0.39
LGOCV

ASD +ISC - ASD +1ISC LDA 0.74 0.63-0.84 0.80 0.69-0.88
LGOCV

PLS-DA 0.65 0.53-0.76 0.59 0.47-0.71
LGOCV

4. Discussion

Portable, low-cost spectrometers such as the ISC can provide reliable species-level
identification for herbarium leaves and bark samples, approaching the performance of high-
end devices when multiple scans per specimen are averaged. Differences in predictive
accuracy are driven mainly by sensor sensitivity and signal stability rather than spectral
range, indicating that compact instruments can capture the chemical features most relevant
for classification. Despite the challenges of integrating data across different spectrometers for
bark spectra, dried herbarium leaves showed promising cross-instrument transferability.
Overall, our results reinforce the potential to expand the use of spectroscopy in herbaria and
forest inventories. Portable NIR spectroscopy, therefore, represents a practical and scalable
pathway to democratize species identification, modernize biological collections, and

strengthen global biodiversity monitoring infrastructures.

4.1. Spectral model performance

4.1.1. Pressed dry leaves: an application niche for ISC NIR-S-G1
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The ISC demonstrated strong performance in species identification using herbarium
leaf samples. Models built with ASD spectra achieved >90% accuracy across validation
schemes, while single-scan ISC models achieved around 80%. Averaging multiple scans per
specimen markedly improved performance (ASD: 97%; ISC: 95%), confirming that
replication stabilizes spectral quality (Durgante et al., 2013). Eight scans per specimen (four
adaxial + four abaxial) proved optimal, and replication strategies 24 scans are therefore
recommended for herbarium applications (see Dawson et al., 2025 and Cavander-Bares et
al., 2025).

Despite its lower resolution and sensitivity, the ISC achieved comparable results to
the ASD while costing 88% less, highlighting its potential for large-scale spectral digitization
of herbarium collections. Handheld devices, however, are more sensitive to operator
movement than benchtop spectrometers (Be¢ et al., 2020) and require proper training in both
spectral acquisition and data curation. Detecting and re-measuring atypical or noisy from the
expected pattern is essential to maintain data reliability and model consistency.

Spectral models integrating data from both instruments maintained >80% accuracy,
demonstrating robustness and cross- instrument compatibility for leaf spectra. Although
preprocessing increased spectral correlation and improved alignment in PCA space, it did not
translate into higher classification accuracy. Calibration consistency was ensured by using
Spectralon® 100% reference standard and identical black EVA backgrounds, minimizing
reflectance contamination (<3% for ISC and <7% for ASD; Fig. S2). Because herbaria
employ diverse background materials (Neto-Bradley et al., 2025), future studies should test

how performance type influences spectral readings to enhance long-term data comparability.

4.1.2. Bark Spectra: Performance under field conditions

Bark spectral posed greater challenges for classification, consistent with earlier ASD-
based studies that reported higher accuracy for inner than outer bark (Hadlich et al., 2018;
2025). Our results corroborate with these patterns: ASD outer bark accuracy increased from
0.75 to 0.78 (single scan) to 0.84 to 0.88 (averaged scans), while inner bark improved from
0.89 t0 0.90 to 0.91 to 0.95.

ISC spectra exhibited higher variability, resulting in lower single scans accuracies
(outer bark: 0.50 to 0.54; inner bark: 0.58 to 0.66). Nonetheless, averaging multiple scans
substantially improved performance (outer: 0.78 to 0.81; inner 0.81 to 0.90), reducing the gap
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with ASD to only 3-9%. These results emphasize that multi-scan averaging is essential for
the reliable classification of bark tissues in field conditions.

Pre-processing with Standard Normal Variate (SNV) increased the correlation
between instruments from <25% in raw data to ~50% in some bark spectral regions and
reduced inter-intrument distances in PCA space. However, model accuracy remained
unchanged, indicating that noise reduction improved comparability without altering
predictive power, especially to transferability of models (outer: ~40%; inner: 13%). This
highlights the need for methodological standardization when the goal is to integrate bark
spectra from multiple instruments.

Despite the limitations in cross-instrument transferability, the ISC demonstrated
strong predictive power for identifying species in the field at a fraction of the cost of high-end
spectrometers. This strengthens its potential use in forest inventories, sustainable forest
management and timber sector, where reliable species identification is essential for regulatory
compliance and market transparency. Field spectroscopy can flag individuals with potential
misidentifications for subsequent verification and enables the calculation of a botanical
identification quality index, which could become a valuable metric for improving

management plans and verifying the legitimacy of traded and certified timber.

4.2. Instrument sensitivity and spectral quality

ISC data quality depended strongly on preprocessing. Many spectra exhibited
irregularities that required filtering and averaging (>3 scans for leaves, >5 for bark). These
issues likely stem from lower spectral resolution and detector sensitivity. Nevertheless,
consistent and accurate models were obtained under controlled conditions. Successful use
therefore requires operator training to standardize sample procedures, minimize artefacts, and
ensure reproducibility, key aspects for establishing compact spectroscopy as a reliable tool in

biodiversity studies.

4.3. Comparative evaluation: ISC vs. ASD

When averaged spectra were used, both instruments performed similarly for leaves
and bark, although the ASD consistently outperformed the ISC. Accuracy differences were
not primarily driven by the narrower spectral range (950—1650 nm vs 400-2400 nm), as ASD

full-range and trimmed models showed only minor variation (Tables 3, 5, and 6). Instead,
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discrepancies reflect differences in detector performance, resolution, and overall signal
quality.

The ISC’s main advantages are its low cost and portability, it is approximately 88%
cheaper and far more compact, making it particularly valuable for remote regions, mobile
collection campaigns, and resource-limited institutions, especially in the Global South.
However, cross-instrument equivalence cannot be assumed, as differences in detector types,
calibration, resolution, and preprocessing may affect outcomes. Validation studies like this
one are crucial to ensure interoperability.

Despite these differences, the two instruments identified similar informative spectral
regions (notably 1400—1700 nm for leaves), indicating that the ISC captures the key chemical
signatures relevant for these species discrimination. Thus, the remaining accuracy gap likely
reflects higher noise and lower sensitivity rather than missing spectral information from
different regions. With appropriate calibration and standardized acquisition protocols,
compact spectrometers offer a promising and scalable solution for expanding operational

biodiversity monitoring.

4.4. Toward an Interoperable Spectral Herbarium Network

The ISC demonstrates strong potential to modernize herbarium workflows,
particularly in collections where dry leaves constitute the dominant tissue type. Its
affordability and portability can accelerate the development of regional spectral libraries,
enabling cross-referencing of species and improving identification and quality control.

To ensure data interoperability, a hierarchical system is needed in which high-end
spectrometers provide calibration references for portable devices, ensuring their predictions
remain accurate and comparable across instruments. Inter-laboratory collaboration and shared
databases will be essential to prevent data silos. Building on this concept, spectral herbarium
networks should operate at international and regional levels. Global initiatives such as the
Next-Generation Specimen Digitization consortium (Cavander-Bares et al., 2025) are
defining standards for spectral acquisition and metadata curation, while regional herbaria can
provide calibration spectra and training hubs, generating reference spectra, developing
transfer models, and training technicians. Such collaborations promote capacity building and
data harmonization among institutions that share floras but have unequal infrastructure.

Demonstrating that a small, more accessible spectrometer can enable species

recognition from the bark spectra of standing trees represents a significant step toward
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transforming species identification in sustainable forest management. In regions such as the
Amazon, where misidentification rates can exceed 40% of inventoried trees, there is an
urgent need to operationalize this technology within forest management systems. Integrating
spectroscopy into routine forest inventories could support logging companies in improving
species identification, reducing the risk of overharvesting rare species, and ensuring accurate
timber classification and valuation. The application of spectroscopy in field inventories also
opens the door to the development of robust quality assurance and quality control protocols
for species identification.

Together, these networks can establish a globally consistent yet locally grounded
spectral infrastructure, transforming herbaria from passive specimen repositories into active
nodes in digital biodiversity monitoring. Similarly, by reducing errors in forest inventories,
improving regulatory enforcement systems, and increasing both reliability and financial
returns, this approach could evolve into a powerful biodiversity monitoring system through
the construction of large-scale spectral databases of bark traits. If adopted not only by private
companies but also by regulatory agencies, such field-based tools could substantially enhance
the accuracy, transparency, and scalability of biodiversity assessments. Despite current
limitations, compact devices like the ISC represent an important step toward scalable and

rapid biodiversity assessment in tropical ecosystems.

4.5. Limitations and future directions

Three main limitations emerge: (1) broader taxonomic (including plants with varying
leaf anatomy) and geographic sampling is required to test generality; (2) cross-instrument
transfer remains promising but requires systematic calibration-transfer experiments. Future
work should also evaluate ISC for functional trait prediction and dry wood identification,
expanding its applications in forest monitoring and traceability. These efforts will contribute
to democratizing spectroscopy in biodiversity science through reproducible, low-cost

protocols applicable in both herbarium and field contexts.
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In addition to addressing these limitations, ISC-based methods offer several important
gains. First, they enable the evaluation of preliminary identifications, allowing the
recognition of errors, reassessment of specimens, and improved consistency in taxonomic
assignments. Second, they can help detect potentially new species or specimens that differ
from those represented in existing reference databases. Third, with the development of large
spectral reference libraries, ISC can facilitate rapid pre-identification of specimens based on
their spectral signatures.

Importantly, these advances also have direct implications for forest management. By
improving species identification in field inventories, spectroscopy can reduce
misidentification rates, support more accurate timber classification, and enhance traceability
along the supply chain. This, in turn, can contribute to better decision-making in harvesting
operations, reduce the risk of overexploiting rare or protected species, and increase the
economic value and reliability of forest products.

Together, these benefits underscore the potential of spectroscopy to improve
accuracy, efficiency, and discovery in biodiversity research while strengthening sustainable

forest management practices and complementing traditional morphological approaches.
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775  Fig. S1. Location of the Amazon Tall Tower Observatory (ATTO) in the Uatuma Sustainable
776  Development Reserve (USDR), central Amazonia. The main panel depicts the spatial

777  distribution of the sampled trees (yellow circles) around the ATTO tower (blue triangle).

778 Insets indicate the regional context within South America and a zoomed view of the sampling
779 area. Municipal boundaries, water bodies, and the USDR limits are also shown. The map was
780 produced using QGIS (v3.28.1; QGIS Development Team 2022).
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4 and ISC NIR-S-G1. The spectra represent raw reflectance values and illustrate the low
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2450 nm and 950-1650 nm; ISC: 950-1650 nm) and different levels of spectral scan

averaging (1, 3, and 4-14 scans). Marker shapes indicate the scanned bark surface: outer

(circles) and inner (triangles) bark.



833
834

835
836
837
838
839
840

41

Outer bark
(@) Raw data (b)
vis NIR : °

Raw data

0.6-

o
<3
c
8
S04
=
[
o
=3
o
2
02-
. : 3 ' ' i 5.0-, | . 3
500 1000 1500 2000 2500 20 0 20 40
Wavelength (nm) PC1(94.8%)
(€) SNV transformed data (d) SNV transformed data
vis NIR : )
15 10- E
! L]
I3 h
2 5 :
8 o & A A
1+ 3 H
3 i A !
B Q :
° o oW USRI U R S S R SR S S———
g g B i
5 - o & ® LS A
, : 2 °
i o :
A
2- '
‘ 10 7 °
' - ' ' . ' 1 D .
500 1000 1500 2000 2800 -10 0 10 20
Wavelength (nm) PC1 (73.5%)
. — CORALTA — MANELAT NEMANOM — RINGUIA — SWARETI — AsD . @ CORALTA @ MANELAT @ NEMANOM @ RINGUIA @ SWARETI O AsD
Species Instrument Species Instrument
— ECCGUIA — MICSCLE PROAPIC — SACGUIA -- IsC @ ECCGUIA @ MICSCLE O PROAPIC @ SACGUIA A isc

Fig. S9. Comparison between instruments based on raw (a, b) and preprocessed (c, d) outer
bark spectra. (a, c) Mean reflectance spectra measured by species with ASD (solid lines) and
ISC (dashed lines). Different colors indicate tree species (Table 1), and spectral regions (VIS
and NIR) are marked for reference. (b, d) Principal component analysis (PCA) of mean
spectra by species and instrument. Circles represent ASD and triangles represent ISC; colors
correspond to tree species (Table 1). Lines connect paired points from the same species

measured with both instruments.
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Fig. S10. Comparison between instruments based on raw (a, b) and preprocessed (c, d) inner
bark spectra. (a, c) Mean reflectance spectra measured by species with ASD (solid lines) and
ISC (dashed lines). Different colors indicate tree species (Table 1), and spectral regions (VIS
and NIR) are marked for reference. (b, d) Principal component analysis (PCA) of mean
spectra by species and instrument. Circles represent ASD and triangles represent ISC; colors
correspond to tree species (Table 1). Lines connect paired points from the same species

measured with both instruments.
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Fig. S11. Raw (a) and preprocessed (b) spectral reflectance of outer bark of standing trees
measured with ASD FieldSpec® 4 and ISC NIR-S-G1. Dark brown (a) and orange (b) lines
represent the mean reflectance, while shaded areas indicate the full range (minimum to
maximum) of reflectance values. Vertical pink bands highlight wavelengths identified as

most informative by LDA-based variable selection.
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858 Fig. S12. Raw (a) and preprocessed (b) spectral reflectance of inner bark of standing trees
859 measured with ASD FieldSpec® 4 and ISC NIR-S-G1. Dark brown (a) and orange (b) lines
860 represent the mean reflectance, while shaded areas indicate the full range (minimum to
861 maximum) of reflectance values. Vertical pink bands highlight wavelengths identified as
862 most informative by LDA-based variable selection.
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864 Table S1

865 List of R packages used in our study.

Description Name Authorship Identifier

Data importing asdreader Roudier (2017) 10.32614/CRAN.package.asdreader
readr Wickham et al. (2024) 10.32614/CRAN.package.readr

Data manipulation data.table Barrett et al. (2025) 10.32614/CRAN.package.data.table
dplyr Wickham et al. (2023) 10.32614/CRAN.package.dplyr
purr Wickham et al. (2025) 10.32614/CRAN.package.purrr
reshape2 Wickham (2020) 10.32614/CRAN.package.reshape2
stringr Wickham (2023) 10.32614/CRAN.package.stringr
tibble Miiller et al. (2025) 10.32614/CRAN.package.tibble
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tidyr

Wickham et al. (2024)

10.32614/CRAN.package.tidyr

Data analysis caret Kuhn et al. (2024) 10.32614/CRAN.package.caret
MASS Ripley et al. (2025) 10.32614/CRAN.package.MASS
pls Liland et al. (2024) 10.32614/CRAN.package.pls
prospectr Stevens & Ramirez-Lopez (2025) 10.32614/CRAN.package.prospectr

Data visualization htmlwidgets Vaidyanathan et al. (2023) 10.32614/CRAN.package.htmlwidgets
ggplot2 Wickham et al. (2025) 10.32614/CRAN.package.ggplot2
ggpubr Kassambara (2025) 10.32614/CRAN.package.ggpubr
plotly Sievert et al. (2025) 10.32614/CRAN.package.plotly
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