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Abstract 

Cassava (Manihot esculenta Crantz) is a staple food and a key industrial crop across 

tropical regions, but traditional phenotyping for critical quality traits like dry matter 

content (DMC) and starch content (StC) is a laborious and low-throughput process. 

This study investigates the efficacy of a handheld near-infrared spectrometer device 

(NIRS) for the non-destructive, rapid prediction of these traits. The research meth-

odology involved collecting spectral data from 2,236 cassava clones from 19 field 

trials in Brazil, using two sample types: fresh roots and mashed roots. Six spectral 

pre-processing methods and three machine learning algorithms—Partial Least 

Squares (PLS), Support Vector Machines (SVM), and Extreme Gradient Boosting 

(XGB)—were evaluated to optimize predictive models. Model performance was 

assessed using the coefficient of determination in calibration (RC), the root mean 

squared error of calibration (RMSEC), and the Kappa index to quantify the consis-

tency of clone selection. Results show that mashed samples consistently yielded 

superior predictive performance across all models. Specific preprocessing methods, 

such as Savitzky-Golay filtering combined with Standard Normal Variate (SG + SNV) 

and first-derivative transformations, significantly enhanced model accuracy. Among 

the algorithms, PLS demonstrated the best overall performance, with high predictive 

accuracy (RC >0.96) and low prediction errors (RMSEC<1.3 for DMCo), especially 

with mashed samples. High Kappa index values, consistently approaching 1.0, con-

firmed a good alignment between NIRS-based selection and traditional phenotypic 

methods. This study validates a portable spectrometer as a reliable and efficient tool 

for high-throughput phenotyping in cassava breeding programs. The findings confirm 

that portable NIRS devices, when used with optimal sample preparation (mashed 

roots) and robust modeling (PLS), can effectively yield good predictions for plant 

selection. This approach can significantly accelerate breeding cycles by enabling 

rapid, early-stage selection decisions, thereby overcoming a major bottleneck and 

contributing to a more efficient and sustainable genetic improvement of cassava.
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Introduction

Cassava (Manihot esculenta Crantz) is an important crop for food and economic 
security across many tropical regions, including Africa, Latin America, and South-
east Asia, due to its exceptional energy-use efficiency and remarkable adaptability 
to challenging environmental conditions [1,2]. In addition to its direct role in human 
diets, cassava roots are an increasingly valuable industrial raw material, with diverse 
and expanding applications in the food, chemical, cosmetic, energy, and biodegrad-
able packaging sectors [2–5]. Chemically, cassava roots are rich in starch, compris-
ing approximately 83% amylopectin and 17% amylose [6,7], and contain relatively 
low protein levels (0.7–1.3% fresh weight) [8]. Compared with other staples, cassava 
delivers about 40% more carbohydrates than rice and 25% more than maize, mak-
ing it one of the most efficient calorie sources for both humans and livestock [9]. 
This productivity, combined with its unique chemical profile, grants cassava strategic 
importance not only as an affordable nutritional resource but also as a versatile raw 
material for diverse industrial applications. The combination of high carbohydrate 
yield, agronomic resilience, and strong potential for value-added processing has 
made cassava a priority target for genetic improvement programs. Such programs 
not only seek to increase root yield but also aim to enhance technological quality 
traits with direct implications for the entire value chain.

Among these traits, dry matter content (DMC) and starch content (StC) stand out 
as priorities due to their strong correlations with industrial processing yield, functional 
properties of roots, and consumer acceptance [10–12]. In industrial cassava pro-
duction systems, grower payments are often determined by DMC yield [11], making 
it a critical indicator of both quality and profitability. Consequently, identifying geno-
types with elevated DMC and StC is a fundamental step toward achieving consistent 
genetic gains. However, conventional phenotyping approaches for DMC and StC 
present significant limitations. Simple techniques such as weighing roots in air and 
subsequently in water [13] are easy to apply in the field but suffer from reduced 
accuracy due to environmental, genetic, and management variability [14–16]. Errors 
in DMC estimation can mislead genotype selection, delaying breeding cycles and 
reducing the efficiency of selection. Conversely, more accurate reference methods, 
such as oven-drying to constant weight or starch extraction [17] are time-consuming, 
require specialized infrastructure, and are poorly scalable. This hinders their applica-
tion in early breeding stages, especially in programs with limited resources [18,19]. 
These challenges underscore the urgent need for high-throughput, portable, and 
cost-effective analytical tools capable of delivering precise, non-destructive, real-time 
measurements [20,21].

Near-infrared spectroscopy (NIRS) has emerged as one of the most promising 
tools to address these constraints, enabling rapid, simultaneous, and non-destructive 
chemical analyses in solid, liquid, and semi-solid materials, including agricultural 
products [22–24]. The technique is based on the excitation of specific molecular 
vibrations—such as C–H, O–H, N–H, and C = O bonds—allowing for the quantifica-
tion of organic constituents through the interpretation of unique spectral signatures 
[25–28]. NIRS has been extensively applied for the estimation of key chemical 
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parameters, including moisture, starch, protein, and lipid content, across diverse matrices, and has proven particularly 
valuable in plant breeding programs [27,29,30].

In cassava, NIRS has been successfully used to predict traits such as DMC [18,31,32], carotenoid content [31,32], 
pasting properties [33,34], starch content [35], cyanogenic potential [32,36], and cooking time [37,38]. These predictions 
have traditionally been achieved using benchtop spectrometers, devices designed for laboratory conditions with controlled 
temperature and lighting and high optical resolution [39,40]. For example, Nuwamanya et al. [41] achieved high predic-
tive accuracies (0.96 for DMC and 0.94 for amylose) using the DS2500 benchtop spectrometer to evaluate 300 cassava 
clones in Uganda. Despite their analytical precision, benchtop spectrometers are expensive, lack portability, and require 
laboratory infrastructure. Even portable full-range spectrometers face practical barriers, including high costs, proprietary 
software, and dependence on internet connectivity, all of which limit their applicability in remote field environments [5].

Recent developments in compact and affordable NIRS devices, such as the SCiO molecular sensor, have signifi-
cantly expanded opportunities for in-field spectroscopy, particularly in low-infrastructure settings. The SCiO is a portable, 
lightweight, key chain-sized device that connects via Bluetooth to a smartphone for spectrum acquisition and process-
ing, enabling rapid, non-destructive, real-time measurements across diverse sample types. The device operates over a 
narrower spectral range (740–1070 nm) than conventional full-range spectrometers. Despite this limitation, it has shown 
promising performance in predicting quality traits in plant products. Mbanjo et al. [35], for example, evaluated 344 cas-
sava clones from the International Institute of Tropical Agriculture (IITA) breeding program, comparing SCiO performance 
with two conventional full-range spectrometers: the ASD QualitySpec® Trek (350–2500 nm) and the FOSS XDS Rapid 
Content™ Analyzer (400–2490 nm). They reported prediction accuracies between 0.84 and 0.90 for SCiO, demonstrat-
ing that even with a reduced spectral range, the device can produce results comparable to laboratory-grade instruments. 
These features make SCiO highly attractive for breeding programs that require large-scale phenotyping and fast decision-
making. However, its application to Brazilian cassava germplasm for the prediction of DMC and starch content remains 
limited. Systematic studies evaluating factors influencing SCiO performance, such as sample type, spectral preprocess-
ing, and modeling algorithms, are scarce. It is therefore necessary to assess SCiO across different breeding populations, 
as these may differ in chemical composition and root structure. Such differences can arise from genetic variation among 
clones, as well as from environmental and management factors, including climate, soil, and agronomic practices, all of 
which can directly influence root traits and, consequently, the accuracy of SCiO measurements. This approach is essential 
to ensure reliable prediction models that are applicable to cassava breeding programs, especially given that the crop is 
highly heterozygous and genetically diverse.

Among these factors, sample type is one of the most critical, as it directly influences spectral quality and reproduc-
ibility. Processed (mashed) samples generally produce more homogeneous spectra with reduced physical interference, 
thereby enhancing predictive accuracy. In contrast, fresh, intact samples—while more practical and aligned with field 
phenotyping—tend to introduce greater spectral variability due to factors such as surface moisture, texture, and root 
heterogeneity [18,31,42,43]. This variability can significantly affect prediction robustness, especially when using spec-
trometers with limited spectral ranges like the SCiO, making empirical validation essential to determine their suitability 
in different contexts.

In addition to sample type, spectral preprocessing is fundamental for building robust calibration models. Proper pre-
processing can highlight spectral regions associated with target compounds while minimizing noise, scattering effects, 
and other irrelevant sources of variation. Commonly applied techniques include multiplicative scatter correction (MSC), 
standard normal variate (SNV), Savitzky–Golay smoothing (SG), first derivative transformation, and detrending [31,35,38]. 
By carefully combining optimized sample preparation with appropriate preprocessing methods, researchers can maximize 
the informative content of spectra, thereby improving model accuracy and reliability. This integrated strategy ensures that 
SCiO can deliver consistent and meaningful predictions even in complex breeding populations and variable field condi-
tions, ultimately supporting rapid, high-throughput phenotyping in practical breeding scenarios.
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Finally, the choice of statistical modeling algorithm plays a decisive role in converting spectral data into reliable quan-
titative predictions. Partial least squares regression (PLS) is widely adopted for its robustness to multicollinearity among 
spectral variables [44]; however, as a linear technique, it may have limited ability to capture complex, nonlinear rela-
tionships. Machine learning methods such as Support Vector Machines (SVM) and Extreme Gradient Boosting (XGB) 
have therefore been explored as powerful alternatives [23,45]. The SVM model is effective in mapping data into high-
dimensional spaces to identify optimal decision boundaries, while XGB, based on gradient-boosted decision trees, is 
recognized for its robustness to noise and ability to capture nonlinear interactions.

Despite the rapid technical progress in NIRS spectroscopy, uncertainties remain regarding the ability of portable 
devices to deliver accurate predictions across genetically diverse cassava germplasm and under varying sample prepa-
ration methods. Accordingly, the objectives of this study were to: (i) evaluate the predictive performance of the portable 
SCiO spectrometer for estimating DMC and StC in Brazilian cassava breeding and germplasm populations; (ii) compare 
calibration performance across three modeling algorithms (PLS, SVM, and XGB); and (iii) assess model accuracy for 
different root sample types (fresh and mashed), with the aim of providing practical guidelines for the adoption of portable 
NIRS technologies in cassava breeding programs.

Materials and methods

Plant material and field trials

This study evaluated 2,236 cassava clones from the breeding program of Embrapa Mandioca e Fruticultura, headquar-
tered in Cruz das Almas, Bahia, Brazil (12°39′25″ S, 39°07′27″ W, 226 m altitude). The genetic materials were tested 
between 2018 and 2023 in 19 field trials, encompassing different stages of the breeding pipeline, including local variet-
ies (germplasm – BAG), parental lines for crossing blocks (CB), seedling evaluation trials (SET), clonal evaluation trials 
(CET), preliminary yield trials (PYT), advanced yield trials (AYT), and uniform yield trials (UYT). The experiments were 
carried out across eight experimental stations distributed throughout the state of Bahia, representing different edaphocli-
matic zones of the humid and sub-humid tropical region, with a climate classified as Aw/Am according to Köppen–Geiger 
[46]. The mean annual temperature is approximately 25 °C, with annual precipitation ranging from 900 to 1,300 mm.

Experimental conditions and phenotyping

All trials were conducted under rainfed conditions, taking advantage of the natural rainfall regime between May and July. 
For SET, CB, CET, PYT, and AYT trials, a randomized complete block design with two or three replications was used. The 
BAG trials employed an augmented block design with ten checks per block. Planting was performed using 15–20 cm stem 
cuttings (5–7 buds) at a spacing of 0.90 m between rows and 0.80 m between plants. Basal fertilization consisted of 40 kg 
ha ⁻ ¹ of P₂O₅ at planting, followed by a topdressing application of 30 kg ha ⁻ ¹ of N and 45 kg ha ⁻ ¹ of K₂O at 50–60 days after 
planting, according to the recommendations of Souza et al. [47]. Harvest occurred 11–12 months after planting.

From each plot, 6–10 intact roots per clone (free of damage, pests, or diseases) were randomly selected, washed to 
remove soil, and trimmed to discard both ends. Selection criteria included root shape, typical cultivar size, and absence of 
pest or disease symptoms. The following traits were measured: Root dry matter content (DMCg, %) by weighing roots in 
air and then submerged in water, following Kawano et al. [13]; Oven-dry matter content (DMCo, %) of chopped and milled 
roots dried at 90 °C to constant weight, according to Carvalho et al. [48]; Starch content (StC, %) extracted from roots 
according to the protocols of Sánchez et al. [49] and Vasconcelos et al. [17].

Spectral data collection and analysis

Spectral data were collected using near-infrared spectroscopy (NIRS) with a portable SCiO spectrometer (Consumer 
Physics Inc., Tel Aviv, Israel). This handheld device operates in diffuse reflectance mode over the spectral range of 
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740–1,070 nm (equivalent to 13,514–9,346 cm ⁻ ¹). The instrument contains 12 photodetectors, each equipped with a 
specific optical filter. The average spectral resolution is 13 cm ⁻ ¹, ranging from 9 cm ⁻ ¹ at longer wavelengths to 18 cm ⁻ ¹ at 
shorter wavelengths. The spectrometer connects to a smartphone via Bluetooth, using the SCiOTM Lab app for spectrum 
acquisition, management, and storage. Each spectral scan lasted approximately 2 s, and data were transmitted and auto-
matically stored on the SCiO server. To maintain a standardized 9 mm distance between the sensor and the sample, and 
to prevent ambient light interference, a plastic light shield provided by the manufacturer was used in all measurements.

For spectral acquisition, 15 roots per experimental plot were randomly selected, originating from three competitive 
plants (five healthy roots per plant). Roots were selected with diameters between 4 and 7 cm, washed under running water 
to remove debris, and manually peeled. From each root, two central sections, approximately 10 cm long were excised, 
with diameters determined by genotype characteristics. Spectral data were collected from two sample types (fresh and 
mashed) to enable comparison of predictive model performance across different physical states of the root. For fresh 
samples, spectra were obtained directly from the exposed surface of one central root section, with 47 spectral readings 
per plot to ensure robust representation. For mashed samples, the second central section of each root was chopped into 
~3 × 10 mm pieces, further minced, and homogenized using a household food processor to obtain a uniform pulp. Approx-
imately 8 g of the mashed sample were placed in quartz cuvettes and positioned over the spectrometer’s reading window, 
with four readings taken per plot.

Spectral data preprocessing

To identify the most effective preprocessing approach for spectral analysis and ensure the reliability of spectral data, 
different combinations of pre-treatment methods were compared with raw data (without preprocessing), including: (i) 
first derivative (1st derivative), used to remove background and baseline drift effects [50,51], (ii) standard normal vari-
ate (SNV), and (iii) multiplicative scatter correction (MSC). The SNV and MSC preprocessing methods are designed to 
eliminate multiplicative scattering interferences in spectral signals. The difference between them is that SNV normalizes 
each spectrum individually by centering it to a mean of zero and scaling it to unit variance, thereby reducing multiplicative 
scatter effects, whereas MSC aligns each spectrum to a common reference, typically the mean spectrum of the dataset, 
through linear regression, correcting both baseline offset and slope [52]. Additionally, combinations of pre-treatments were 
evaluated: (i) first derivative combined with detrend (1st + DT), with DT used to remove baseline drift [53], (ii) first deriv-
ative combined with MSC (1st + MSC), and (iii) Savitzky-Golay (SG) combined with SNV (SG + SNV), configured using a 
third-order polynomial and an 11-point moving window. The first derivative emphasizes subtle spectral variations while 
reducing background noise by fitting local polynomial regressions to successive segments of the spectrum, effectively 
smoothing the data without distorting key features such as peaks and troughs [54]. To further improve baseline correction 
and suppress high-frequency noise, the SG filter was integrated with the gap-segment derivative method, which calcu-
lates the derivative between data points separated by a fixed interval (window size = 11, segment size = 7), enhancing 
sensitivity to minor spectral differences and improving signal clarity for downstream analysis. The SNV preprocessing 
was also applied to this configuration (SG + SNV). Each preprocessing method was tested to reduce instrumental noise, 
light-scattering effects, and systematic variations between samples while preserving the integrity of spectral features 
relevant for modeling. Comparing preprocessing strategies was essential to select the approach that best balanced noise 
reduction with the preservation of chemometric information, in line with the study’s predictive objectives. Therefore, a 
comparison was conducted between the raw spectral data (control group) and various spectral preprocessing methods 
(1st derivative, SNV, MSC, 1st + detrend, 1st + SNV, 1st + MSC, and SG + SNV), based on two key statistical parameters: 
predictive accuracy (Rpt) and root mean squared error of the pre-treatment (RMSEpt). These six preprocessing strategies 
were implemented using the prospectr package [55]. 

To minimize bias from extreme values and ensure data quality, outliers were identified and removed based on the 
interquartile range (IQR), with exclusion defined as any sample falling beyond 1.5 times the IQR [56]. This procedure was 
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applied to both raw and pre-processed spectra, allowing for the removal of aberrant data points potentially caused by mea-
surement errors, instrumental variations, or anomalous sample behavior. Eliminating these points helped reduce noise and 
improve the robustness of predictive models. After preprocessing and spectral data cleaning, the information was organized 
into a predictor matrix (X), containing spectral variables (absorbance), and a response vector (Y), comprising the observed 
values of root quality attributes: starch content (StC), oven-dried matter (DMCo), and gravimetric dry matter (DMCg). For 
model development and evaluation, the dataset was randomly split into two subsets: 80% of the data were used for model 
calibration (training set), and the remaining 20% were reserved for external validation. This partitioning enabled indepen-
dent assessment of model performance on unseen data, providing a realistic estimate of their generalization ability.

Optimization of spectral preprocessing

To determine the most effective spectral preprocessing strategy for predicting cassava root quality traits, partial least 
squares (PLS) regression model was fitted to both the raw spectral data and to each of the evaluated preprocessing 
methods (1st derivative, SNV, MSC, 1st derivative + DT, 1st derivative + MSC, and SG + SNV). Model calibration followed a 
repeated cross-validation protocol consisting of five repetitions of 5-fold cross-validation, applied exclusively to the calibra-
tion set. Prior to final model fitting, an outlier screening step was conducted using residuals from an initial model iteration. 
The 20% of calibration samples with the largest residual deviations were removed to minimize the influence of extreme 
values and enhance model robustness. Predictive performance was then evaluated based on Pearson’s correlation 
coefficient (Rpt) between observed and predicted values, and the root mean squared error of prediction (RMSEpt). Models 
were developed separately for fresh and mashed samples. The most suitable preprocessing method was defined as the 
one consistently yielding the highest Rpt and lowest RMSEpt across both sample types, thus demonstrating stability and 
predictive strength regardless of the physical state of the root.

Spectral calibration models

To compare predictive performance, three regression algorithms were evaluated for estimating cassava root quality traits. The 
first was partial least squares regression (PLS), which projects both predictor (X) and response (Y) matrices into a lower-
dimensional latent space. These latent variables, or PLS components, are constructed to maximize the covariance between 
X and Y, making PLS particularly effective for high-dimensional, collinear datasets [57,58]. The second was the support vector 
machine (SVM), a supervised learning algorithm that identifies an optimal hyperplane to separate data points from different 
classes. By mapping input variables into a higher-dimensional space through kernel functions, SVM can capture complex, 
non-linear relationships while maintaining strong generalization performance [59,60]. The third was eXtreme Gradient Boost-
ing (XGB), a highly efficient and scalable implementation of the gradient-boosted decision tree (GBDT) algorithm [61]. Unlike 
traditional ensemble methods such as random forests [62]. The XGB model incorporates explicit regularization to reduce 
overfitting, improve generalization, and accelerate computation through optimized routines [63]. Based on prior performance 
assessments, the boosting process was configured with 200 iterations (nrounds) and a maximum tree depth (max_depth) of 
5 to control complexity. The learning rate (eta) was set to 0.3 to balance convergence speed and predictive accuracy. Addi-
tional regularization included a minimum loss reduction threshold (gamma = 5) required before allowing further tree splits. To 
increase diversity among trees and reduce overfitting, each iteration randomly sampled 70% of the training instances (sub-
sample = 0.7) and 70% of the predictor variables (colsample_bytree = 0.7). A minimum child weight of 1 was applied to allow 
flexible branching. All modeling was conducted in R software (version 4.4.2) [64] using the caret package [65].

Cross-validation and model evaluation

Model training employed repeated 5-fold cross-validation with five repetitions, applied exclusively to the training set (80% 
of the dataset). Outliers within the training data were identified from residuals in an initial modeling run, and the 20% of 
samples with the largest residuals were removed. Models were then refitted using the refined dataset. Performance was 
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assessed using several metrics: Pearson’s correlation coefficient (R) between predicted and observed values, the coeffi-
cient of determination (R2), bias, and the root mean squared error (RMSE) for both cross-validation and external validation 
sets. Additionally, two scale-independent performance ratios were calculated: the ratio of performance to deviation (RPD),  
defined as: RPD = σ

RMSE , where σ is the standard deviation (SD) of the reference or predicted values [31,66] and the 
ratio of performance to interquartile range (RPIQ) as follow: RPIQ = IQR

RMSE; with IQR being the interquartile distance 
(Q3 – Q1) [67,68]. This multi-metric evaluation allowed for a robust comparison of modeling strategies across preprocess-
ing methods and sample types.

Concordance between phenotypic selection and predictive selection

Cohen’s unweighted kappa statistic [69] was used to quantify agreement between phenotypic rankings and model-based 
predictions, as well as to compare the consistency of selection decisions across predictive models. To evaluate clone per-
formance across environments, a combined analysis of variance was conducted using the following mixed linear model:

	 Yijlk = µ+ gi + βj + rl (j) + ρk (l) + gβ ij + εijlk	 (1)

where Yijlk is the observed value of the ith clone in the jth environment (year × location combination), within the lth replica-
tion and the kth block; µ is the overall mean; gi  = random effect of the ith clone (∼ N (0, Iσ̂2

g)); βj : is the fixed effect of the 
environment; rl (j) is the random effect of replication nested within environment (∼ N (0, Iσ̂2

r )); ρk (l) is the random effect 
of block nested within replication and environment (∼ N (0, Iσ̂2

k )); gβ ij is the random genotype × environment interaction 
(∼ N (0, Iσ̂2

ge)); εijlk is the residual error (∼ N (0, Iσ̂2
e)). Given the unbalanced number of clones per trial and the varia-

tion in experimental designs across locations, both best linear unbiased predictions (BLUPs) and deregressed BLUPs 
(dBLUPs) were calculated for each trait. Deregression followed Garrick et al. [70]:

	

dBLUP =
BLUP

1 – PEV
σ̂2
g 	 (2)

where PEV  is the prediction error variance associated with the BLUP, and σ̂2
g is the genotypic variance component. Analy-

ses were performed in R software (version 4.4.2) [64] using the LMMsolver package [71].
Based on dBLUPs, confusion matrices were constructed to identify the top 20% of clones for each trait. This allowed us 

to determine whether the same genotypes selected using phenotypic data were also selected using model predictions—
thereby assessing the practical relevance of the models for breeding decisions. The kappa index was calculated as:

	
Kappa =

po + pe
1 – pe 	 (3)

where po  is the proportion of actual agreement between classification methods, and pe is the agreement expected by 
chance. The kappa coefficient thus reflects the extent to which model-based selection surpasses random selection. Val-
ues near 1 indicate strong agreement between selection approaches and, consequently, high reliability of the models in 
correctly identifying desirable genotypes [72].

Results

Selection of spectral preprocessing methods

A comparison was performed between raw spectral data and various preprocessing methods, evaluating predictive 
accuracy (Rpt) and root mean squared error (RMSEpt) (Fig 1). The results showed that preprocessing type influenced 
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prediction quality, with effects varying according to sample type (fresh vs. mashed) and target trait. Overall, even without 
preprocessing, mashed samples achieved higher Rpt values compared to fresh samples, particularly for starch content 
(StC) and dry matter content determined by oven-drying (DMCo) (Fig 1A).

For StC prediction in mashed samples, spectral pre-treatment had a high impact on model performance. Using raw 
spectral data resulted in Rpt = 0.79 and RMSEpt = 1.40. Preprocessing enhanced predictive accuracy, with the 1st deriva-
tive, 1st derivative + DT, 1st derivative + MSC, and SG + SNV methods all achieving Rpt = 0.84 and RMSEpt values ranging 
from 1.26 to 1.27 (Fig 1). Among these, SG + SNV yielded the lowest RMSEpt (1.26), indicating superior prediction preci-
sion despite similar accuracy levels across methods. In fresh samples, predictive accuracy was consistently lower than 

Fig 1.  Near-infrared (NIR) spectra processed using different spectral pre-treatment methods for two sample types (mashed and fresh). (A) 
Cross-validation accuracy (Rpt); (B) Root mean squared error (RMSEpt). Raw: unprocessed data; 1st derivative: first derivative; SNV: standard normal 
variate; MSC: multiplicative scatter correction; 1st + DT: first derivative plus detrending; 1st + MSC: first derivative plus MSC; SG + SNV: Savitzky–Golay 
smoothing plus SNV. StC: starch content; DMCo: dry matter content determined by the oven-drying method; DMCg: dry matter content determined by 
the gravimetric method.

https://doi.org/10.1371/journal.pone.0337761.g001

https://doi.org/10.1371/journal.pone.0337761.g001
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in mashed samples across all pre-treatments (Fig 1A). The Rpt values ranged from 0.56 for raw data to 0.60 for the 1st 
derivative, SNV, 1st derivative + DT, and SG + SNV, while RMSEpt values ranged from 1.65 to 1.68 (Fig 1). Once again, 
SG + SNV produced the lowest prediction error (1.65), even though accuracy values among pre-treatments were closely 
aligned.

Similarly, for DMCg prediction in mashed samples, spectral pre-treatments also had a significant impact on model per-
formance. Using raw spectral data yielded Rpt = 0.74 and RMSEpt = 1.30 (Fig 1). Preprocessing improved results, with the 
1st derivative, 1st derivative + DT, and 1st derivative + MSC methods achieving Rpt = 0.80 and RMSEpt = 1.20. Although 
SG + SNV produced slightly lower accuracy (Rpt = 0.79) and a marginally higher RMSEpt (1.22) than these top-performing 
methods, its performance still exceeded that obtained with unprocessed data. Isolated application of SNV and MSC also 
yielded moderate improvements in predictive accuracy (Rpt = 0.78 and 0.79, respectively), albeit with slightly higher errors 
(RMSEpt = 1.23). Compared with mashed samples, fresh samples for DMCg prediction displayed a pronounced drop in 
performance, with lower Rpt values and higher RMSEpt values (Fig 1). The model calibrated with raw data reached Rpt 
= 0.65 and RMSEpt = 1.50, both notably lower in accuracy and higher in error than those for mashed samples (0.74 and 
1.30, respectively). After spectral preprocessing, accuracy improved, particularly with the 1st derivative and SG + SNV 
methods, both achieving Rpt = 0.73 and RMSEpt = 1.42 (Fig 1). Calibration with 1st derivative + DT, 1st derivative + MSC, 
and SNV also improved accuracy compared to raw data, with Rpt ranging from 0.71 to 0.72 and RMSEpt from 1.43 to 
1.46. By contrast, the isolated use of MSC yielded more limited performance relative to other pre-treatments (Rpt = 0.68; 

RMSEpt = 1.49) (Fig 1).
For DMCo prediction in mashed samples, the use of different spectral pre-treatments yielded higher predictive perfor-

mance compared with the other evaluated traits (Fig 1). Even without preprocessing, raw spectral data achieved a high 

Rpt of 0.95 and an RMSEpt of 1.21. Applying spectral preprocessing further improved results, with better performance from 
1st derivative, SNV, SG + SNV, 1st derivative + DT, and 1st derivative + MSC, which achieved Rpt values of 0.96–0.97 and 

RMSEpt values of 0.86–0.98 (Fig 1). In contrast, although the isolated use of MSC resulted in a relatively high accuracy 
(Rpt = 0.96), it produced the largest RMSEpt (1.12) among all tested pre-treatments (Fig 1). For fresh samples, predictive 
models for DMCo performed worse than those for mashed samples, with consistently lower accuracy and higher predic-
tion errors. The model calibrated with raw data yielded Rpt = 0.72 and RMSEpt = 2.19. Pre-treatments such as SNV and 
1st derivative + MSC offered slight improvements over raw data (Rpt = 0.74 and RMSEpt = 2.14 for both). However, the use 
of 1st derivative, MSC, 1st derivative + DT, and SG + SNV achieved marginally higher accuracy (Rpt = 0.75) and RMSEpt 
values ranging from 2.13 to 2.16 (Fig 1).

Assessment of prediction accuracy across models

The performance and accuracy of PLS, XGB, and SVM models were evaluated for different sample types (mashed and 
fresh). This assessment was based on a comprehensive set of statistical metrics: prediction accuracy of cross-validation 
(RC), root mean squared error of cross-validation (RMSEC), coefficient of determination of cross-validation (R2

CV ), calibra-
tion bias (biasC), ratio of performance to deviation (RPDC), and ratio of performance to interquartile range (RPIQC) (Fig 2). 
Overall, models calibrated with mashed samples demonstrated better predictive performance compared to those cali-
brated with fresh samples, as evidenced by higher RC and lower RMSEC values.

For StC in mashed samples, all three models (PLS, SVM, and XGB) demonstrated good predictive ability, with metrics 
indicating adequate fit and generalization (Fig 2). The PLS model achieved the best overall performance, with RC = 0.84 
and R2

CV  = 0.70. It also showed the lowest RMSEC (1.26) and biasC  (0.99), alongside the highest RPDC (2.56) and RPIQC  
(1.84). The SVM and XGB models displayed similar performance, with slightly lower RC (0.81) and R2

CV  (0.65), slightly 
higher RMSEC values (1.39 for SVM and 1.38 for XGB), and biases of 0.91 and 0.92, respectively. Their RPDC values 
were 2.33 (SVM) and 2.34 (XGB), while RPIQC  was 1.68 for both. For fresh samples, StC predictions varied among mod-
els. The XGB model performed best, with RC = 0.75, R2

CV  = 0.56, RMSEC = 1.37, biasC  = 0.99, RPDC = 2.23, and RPIQC  
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= 1.51. The PLS model showed slightly lower performance (RC = 0.60, R2
CV  = 0.36, RMSEC = 1.65, biasC  = 0.95, RPDC = 

1.84, and RPIQC  = 1.25), while SVM had the lowest accuracy, with RC = 0.57, R2
CV  = 0.32, RMSEC = 1.74, biasC  = 0.79, 

RPDC = 1.75, and RPIQC  = 1.19 (Fig 2).
For DMCo using mashed samples, all models exhibited high predictive performance, with RC ≥ 0.96 and R2

CV> 0.93. 
The PLS model stood out, achieving the lowest RMSEC (0.91), highest RPDC (5.98), and biasC  of 1.0. SVM (RC = 0.97; 
R2
CV  = 0.94) and XGB (RC = 0.96; R2

CV  = 0.93) also performed consistently, with RMSEC of 0.96 and 1.02, respectively. All 
models showed high RPDC and RPIQC  values (>3.70 and >5.20, respectively), with the highest metrics observed for PLS 
(RPDC = 4.23; RPIQC  = 4.23) and SVM (RPDC = 4.01; RPIQC  = 4.01). In fresh samples, predictive performance for DMCo 
was moderate. The XGB model achieved the highest RC (0.80) and R2

CV  (0.65), the lowest RMSEC (1.93), and the highest 

Fig 2.  Calibration performance based on near-infrared (NIR) spectra collected using pocket-sized SCiO molecular sensor. Performance metrics 
are shown for different calibration models and cassava root sample types (mashed and fresh). (A) Prediction accuracy of cross-validation (RC); (B) Root 
mean square error of cross-validation (RMSEC); (C) Coefficient of determination of cross-validation (R2

CV ); (D) Calibration bias (biasC) (E) ratio of perfor-
mance to deviation (RPDC) and (F) ratio of performance to inter quartile range (RPIQC). StC: starch content; DMCo: dry matter content determined by 
the oven-drying method; DMCg: dry matter content determined by the gravimetric method.

https://doi.org/10.1371/journal.pone.0337761.g002

https://doi.org/10.1371/journal.pone.0337761.g002
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RPDC (2.29) and RPIQC  (1.68), with biasC  close to one (0.96). PLS (RC = 0.75; R2
CV  = 0.56) and SVM (RC = 0.74; R2

CV  = 
0.54) showed slightly lower performance, although biases were also near one (Fig 2).

For DMCg using mashed samples, all three models demonstrated comparable performance with minor differences. The 
PLS model  achieved the lowest RMSEC (1.20), highest RC (0.80) and R2

CV  (0.64), and the best RPDC (2.29) and RPIQC  
(1.66), with biasC  close to one (0.99). The SVM and XGB models performed slightly worse: SVM had RMSEC = 1.24, RC 
= 0.78, R2

CV  = 0.61, RPDC = 2.21, RPIQC  = 1.60, and biasC  = 0.95, while XGB had RMSEC = 1.26, RC = 0.78, R2
CV  = 0.60, 

RPDC = 2.18, RPIQC  = 1.58, and biasC  = 0.92. For DMCg predictions in fresh samples, RMSEC ranged from 1.36 (XGB) 
to 1.45 (SVM), with PLS at 1.42. RC values varied slightly (PLS = 0.73, SVM = 0.71, XGB = 0.75), while R2

CV  ranged from 
0.51 (SVM) to 0.57 (XGB). Overall, XGB showed superior performance. The RPDC values ranged from 1.93 (SVM) to 2.06 
(XGB), and RPIQC  ranged from 1.42 (SVM) to 1.52 (XGB). Bias values remained close to 1 for all models (PLS = 0.99, 
SVM = 0.94, XGB = 0.95).

External validation of prediction models

External validation models for different sample types.  Predictive performance was consistently higher for mashed 
samples compared to fresh samples across all traits and models (Fig 3). For DMCg, PLS, SVM, and XGB models all 
achieved better predictive accuracy with mashed samples. The RMSEv  values were slightly lower for mashed samples 
(1.88, 1.89, and 1.91 for PLS, SVM, and XGB, respectively) than for fresh samples (1.93, 1.93, and 1.98) (Fig 3B). 
Correspondingly, R2

v increased for mashed samples: PLS improved from 0.22 (fresh) to 0.41 (mashed), SVM from 0.20 to 
0.40, and XGB from 0.20 to 0.39 (Fig 3C). Similar trends were observed for Rv, RPIQv, and RPDv, with PLS achieving the 
highest values parameters for mashed samples (Rv = 0.64, RPIQV  = 1.66, and RPDV = 1.23) (Fig 3). biasv was higher for 
mashed samples (0.47–0.68) than for fresh samples (0.09–0.33), indicating a slight tendency for overestimation.

For DMCo, differences between sample types were more pronounced. The SVM model based on mashed samples 
showed the lowest RMSEV  (1.66) and highest R2

V  (0.91), followed closely by XGB (RMSEV  = 1.73; R2
V  = 0.88) and PLS 

(RMSEV  = 1.72; R2
V  = 0.90) (Fig 3). The Rv values were slightly higher for mashed samples (0.94–0.95) than fresh sam-

ples (0.76–0.78) (Fig 3A). Similarly, RPIQV  and RPDV were higher for mashed samples (up to 3.74 and 2.81, respec-
tively), reflecting greater predictive robustness. biasv values were also slightly higher for mashed samples (0.75–0.96) 
compared with fresh samples (–0.06 to 0.10), indicating minor overestimation despite improved accuracy (Fig 3D).

For StC, predictive performance was again superior for mashed samples. The R2
V  values for PLS, SVM, and XGB were 

0.67, 0.66, and 0.66, respectively, compared with 0.34, 0.36, and 0.32 for fresh samples (Fig 3A). Predictive accuracy 
(Rv) was higher for mashed samples (0.81–0.82) than for fresh samples (0.56–0.60). RPIQV  and RPDV values were also 
greater for mashed samples (maximum 2.01 and 1.64) compared to fresh samples (1.66 and 1.21). biasv was higher for 
mashed samples (0.57–0.72) than fresh samples (0.30–0.50), reflecting a minor overestimation trend.

Starch Content (StC).  In external validation using mashed samples, all three models (PLS, SVM and XGB) showed 
similar RMSEV  (1.99). Rv was slightly higher for PLS (0.82) than SVM and XGB (0.81). The R2

V  was 0.67 for PLS and 0.66 
for SVM and XGB, indicating comparable predictive performance (Fig 3C). The RPDV ranged from 1.59 (SVM) to 1.64 
(XGB), and RPIQV  from 1.90 (SVM) to 2.01 (PLS), reflecting moderate-to-good predictive ability (Fig 3E and 3F). The 
biasv varied among models, highest for SVM (0.72), followed by PLS (0.67) and XGB (0.57). For fresh samples, predictive 
performance was lower. The RMSEV  was lowest for PLS (1.98) and slightly higher for SVM and XGB (2.02). The Rv 
values ranged from 0.56 (XGB) to 0.60 (SVM), and R2

V  from 0.32 (XGB) to 0.36 (SVM). The RPDV ranged from 1.18 (PLS) 
to 1.21 (SVM), while RPIQV  ranged from 1.63 (XGB) to 1.66 (PLS). The biasv varied from 0.30 (XGB) to 0.50 (PLS), with 
SVM intermediate (0.46).

Dry matter content by oven-drying method (DMCo).  For mashed samples, all models performed well. The PLS and 
SVM models achieved Rv = 0.95, but SVM had the lowest RMSEV  (1.66) and moderate biasv (0.83) (Fig 3). The SVM 
model also had high R2

V  (0.91), RPIQV  (3.74), and RPDV (2.81). The PLS model had slightly higher RMSEV  (1.72) but 
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similar Rv (0.95), R2
V  (0.90), RPDV (2.67), and RPIQV  (3.57), with the highest biasv (0.96). The XGB model had slightly 

lower performance: RMSEV  = 1.73, Rv = 0.94, R2
V  = 0.88, RPIQV= 3.54, RPDV = 2.60, and lowest biasv (0.75). For fresh 

samples, predictive performance decreased. The SVM model was slightly superior (RMSEV  = 2.14, biasv≈ 0, Rv = 0.78, 
and R2

V  = 0.60), followed closely by PLS (RMSEV  = 2.15, Rv = 0.77, R2
V  = 0.60, and biasv = –0.06). The XGB model 

performed slightly worse (RMSEV  = 2.15, biasv = 0.10, Rv = 0.76, and R2
V  = 0.58). RPIQV  ranged from 2.10 (XGB) to 2.18 

(SVM), and RPDV from 1.54 (XGB) to 1.58 (SVM).

Fig 3.  External validation performance of calibration models based on near-infrared (NIR) spectra collected using pocket-sized SCiO molec-
ular sensor. (A) predictive accuracy (Rv), (B) root mean squared error of prediction (RMSEv ), (C) coefficient of determination for prediction (R2

v), (D) 
prediction bias (biasv), (E) ratio of performance to deviation (RPDV) and (F) ratio of performance to inter quartile range (RPIQV ), across different sample 
types (mashed and fresh) and target traits. Evaluated traits include starch content (StC), dry matter content by the oven-drying method (DMCo), and dry 
matter content by the gravimetric method (DMCg).

https://doi.org/10.1371/journal.pone.0337761.g003

https://doi.org/10.1371/journal.pone.0337761.g003
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Dry matter content by gravimetric method (DMCg).  For mashed samples, PLS, SVM, and XGB had comparable 
performance. The PLS model achieved Rv = 0.64, R2

V  = 0.41, RMSEV  = 1.88, and biasv = 0.61. The SVM model was 
similar (Rv = 0.63, R2

V  = 0.40, RMSEV  = 1.89, biasv = 0.68), while XGB performed slightly worse (Rv = 0.62, R2
V  = 0.39, 

RMSEV  = 1.91, biasv = 0.47). The RPIQV  ranged from 1.62 (SVM) to 1.66 (PLS), and RPDV from 1.20 (SVM) to 1.24 
(XGB). For fresh samples, all models showed lower performance. The PLS model had the highest Rv and R2

V  (0.47 
and 0.22), with RMSEV  = 1.93 and biasv = 0.29. The SVM and XGB models had similar Rv and R2

V  (0.45 and 0.20), but 
differed in RMSEV  and biasv: SVM RMSEV  = 1.93, biasv = 0.33; XGB RMSEV  = 1.98, biasv = 0.09. RPIQV  and RPDV 
differed minimally: PLS highest (1.57 and 1.12), followed by XGB (1.55 and 1.11) and SVM (1.54 and 1.09) (Fig 3).

Agreement among models in cassava clone selection

For the selection of the top 20% of clones based on StC in mashed samples, Cohen’s kappa values indicated a high level 
of agreement across all evaluated predictive models (Fig 4). For StC predictions in mashed samples, the XGB model 
showed the highest kappa (0.99), followed by PLS (0.96) and SVM (0.91), demonstrating that all algorithms effectively 
classified the majority of samples. Pairwise comparisons also revealed strong concordance in prediction patterns, with 
kappa values of 0.91 for PLS–SVM, 0.97 for PLS–XGB, and 0.92 for SVM–XGB, confirming consistency across different 
modeling approaches (Fig 4A).

Similarly, for StC in fresh samples, the models exhibited near-perfect agreement (Fig 4A). The PLS model achieved 
perfect concordance between predicted and observed values (kappa = 1.00), while SVM and XGB showed slightly lower 
but still very high agreement (kappa = 0.99 for both). Pairwise comparisons among the models revealed complete agree-
ment in predictions, with PLS–SVM, PLS–XGB, and SVM–XGB all achieving kappa = 1.00, indicating robust and reliable 
performance across algorithms.

For DMCo in fresh and mashed samples, strong agreement between predicted and observed values was found  
(Fig 4B). Intra-model analysis showed high kappa values for all models. For fresh samples, the SVM model achieved a 
kappa of 0.95, while XGB and PLS presented kappa values of 0.89 and 0.88, respectively. For mashed samples, XGB 
and SVM showed perfect agreement (kappa = 1.00), whereas the PLS model showed slightly lower agreement (kappa 
= 0.79). Pairwise comparisons among the models for mashed samples revealed complete agreement for PLS–SVM, 
PLS–XGB, and SVM–XGB (kappa = 1.00). Similarly, kappa values for fresh samples also showed high concordance in 

Fig 4.  Heatmap of classification agreement (Cohen’s kappa) for cassava clone selection across different sample types. Evaluated traits 
include: (A) starch content (StC), (B) dry matter content by oven-drying (DMCo), and (C) dry matter content by the gravimetric method (DMCg). Each 
matrix shows pairwise agreement among prediction models: Partial Least Squares (PLS), Support Vector Machine (SVM), and Extreme Gradient 
Boosting (XGB). Lower-triangle values correspond to mashed samples, and upper-triangle values correspond to fresh samples. Diagonal cells display 
self-agreement for each model, with separate values for fresh (F) and mashed (M) samples. Color intensity reflects kappa values from 0.6 (light) to 1.0 
(dark), representing agreement strength.

https://doi.org/10.1371/journal.pone.0337761.g004

https://doi.org/10.1371/journal.pone.0337761.g004
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prediction patterns, with kappa values of 0.99 for PLS–SVM, 0.96 for PLS–XGB, and 0.95 for SVM–XGB.Comparable 
patterns were observed for dry matter content determined by the gravimetric method (DMCg) in mashed samples, with 
predicted and observed values showing high concordance, reflecting the robustness of the models (Fig 4C). Intra-model 
analysis revealed kappa values of 0.99 for both PLS and SVM, whereas XGB achieved perfect agreement (kappa = 1.00). 
Inter-model comparisons also showed consistently high kappa values (0.99 for PLS–SVM, PLS–XGB, and SVM–XGB), 
indicating stability and reliability across different modeling approaches.

For DMCg in fresh samples, kappa values remained high, both within and between models (Fig 4C). The PLS and SVM 
models exhibited perfect concordance (kappa = 1.00), while XGB maintained a slightly lower, yet still high, kappa of 0.97. 
Pairwise comparisons among models indicated near-complete agreement, with kappa values of 1.00 for PLS–SVM and 
0.98 for both PLS–XGB and SVM–XGB, highlighting the strong consistency of predictive outcomes across methods.

Discussion

Importance of spectral pretreatment selection

The selection of an appropriate spectral pretreatment is a key factor determining the predictive performance of NIRS-
based models, as the robustness of predictive models relies heavily on the quality of the spectral data used [73–75]. Raw 
spectra often contain noise and redundant information that can compromise calibration accuracy. Such noise may arise 
from instrumental factors, environmental conditions, variations in optical path length, and light scattering effects [74,75]. 
Therefore, applying pretreatments is essential to attenuate these interferences and remove irrelevant spectral information 
[73].

The impact of various preprocessing strategies (1st derivative, SNV, MSC, 1st + DT, 1st + SNV, 1st + MSC and 
SG + SNV) varied depending on both the sample type (mashed or fresh) and the phenotypic trait assessed (StC, DMCg, 
DMCo), as reflected in Rpt and RMSEpt (Fig 1). Overall, mashed samples consistently outperformed fresh samples, likely 
due to their greater physical homogeneity, which reduces spectral variability arising from uneven distribution of com-
pounds such as starch, dry matter, and carotenoids along the root, from the core to the peel and from apical to basal ends 
[76].

Regardless of the trait or sample type, pretreatments based on 1st derivative, 1st derivative + DT e SG + SNV consis-
tently achieved superior performance across nearly all traits and sample types. However, the most effective pretreatment 
differed depending on the target trait, indicating that no single pretreatment is universally optimal. This variation likely 
reflects differences in chemical composition, sample physical properties, and analytical methods used for phenotypic 
assessment. For StC and DMCo, the combination of SG + SNV achieved the highest predictive performance among all 
pretreatments. In mashed samples, Rpt values were 0.84 for StC and 0.97 for DMCo, with corresponding RMSEpt values 
of 1.26 and 0.91, respectively. While performance was lower in fresh samples, the SG + SNV approach still outperformed 
other pretreatments, yielding Rpt of 0.60 (RMSEpt = 1.65) for StC and 0.75 (RMSEpt = 2.15) for DMCo (Fig 1). The Sav-
itzky–Golay filter is widely recognized for its efficiency in spectral smoothing due to its computational simplicity, flexibility 
in applying derivatives of different orders, minimal parameter requirements, and ability to preserve the shape and intensity 
of spectral bands [77–80]. The SNV filter, in turn, removes multiplicative interferences associated with light scattering and 
particle size variability [81,82] making the combination particularly effective for heterogeneous plant matrices such as cas-
sava roots [83,84]. Additionally, the predominance of C–H and O–H functional groups in compounds like starch and total 
solids may enhance the pretreatment’s effectiveness, as these bonds display absorption bands highly sensitive to physical 
variations in the sample [85].

For DMCg, the 1st derivative alone provided the best predictive performance for both mashed and fresh samples, 
with Rpt = 0.80 and RMSEpt = 1.20 for mashed samples, and Rpt = 0.73 and RMSEpt = 1.42 for fresh samples. These 
results suggest that this pretreatment effectively emphasizes subtle spectral variations associated primarily with water 
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content and volatile compounds, which may undergo rapid loss during root handling, causing minor structural changes 
not captured without sensitive spectral transformations. The first derivative minimizes baseline shifts and high-frequency 
noise while highlighting absorption bands characteristic of key chemical constituents [86]. As reported by Medeiros et al. 
[87] this method can substantially modify NIRS spectral behavior, emphasizing critical regions for calibration. Because 
near-infrared radiation interacts with molecular vibrations of O–H, C–H, and N–H bonds, variations in water content and 
structural composition are directly reflected in the corresponding spectral regions. Accordingly, the success of the first 
derivative in predicting DMCg likely stems from its ability to separate relevant chemical signals from physical or instrumen-
tal interferences [22,85,88].

The observed differences in optimal pretreatments between StC and DMCo (SG + SNV) versus DMCg (1st derivative) 
reinforce the notion that no single spectral pretreatment is universally effective across all traits and datasets. Although 
spectral pretreatments can enhance relevant differences between samples and improve signal quality [89,90] an inappro-
priate choice may inadvertently remove useful chemometric information or introduce noise by disrupting critical spectral 
patterns, compromising both interpretability and model robustness [35]. Consequently, pretreatment selection should not 
be arbitrary or standardized. It must carefully consider the nature of the target trait, the calibration method, and the objec-
tives of the analysis. Effective strategies amplify relevant spectral signals without introducing artificial noise, maximizing 
predictive performance while preserving spectral integrity. Building robust, reliable models therefore requires pretreatment 
approaches that are evidence-based, systematically evaluated, and tailored to the characteristics of each dataset.

The role of sample preparation in optimizing NIRS predictions

Sample type was consistently found to exert a direct influence on model accuracy. Regardless of the calibration algorithm 
used (PLS, SVM, or XGB), mashed samples consistently provided higher predictive performance than fresh samples 
across both calibration and external validation stages (Figs 3 and 4). During calibration, models constructed with mashed 
samples exhibited high RC and low RMSEC, particularly for DMCo. For example, the PLS model for mashed samples 
achieved RC = 0.97 and RMSEC = 0.91, indicating near-perfect fit and minimal error, compared to RC = 0.75 and RMSEC = 
2.15 for fresh samples. The SVM and XGB models also produced high RC values for DMCo (≥0.96), though their RMSEC 
values were slightly higher (0.96 and 1.02, respectively) than those of PLS (Fig 2). In contrast, models calibrated with 
fresh samples exhibited lower performance, with RC ranging from 0.74 (SVM) to 0.80 (XGB) and RMSEC between 1.93 
and 2.19. Calibration performance for DMCg and StC was slightly lower than for DMCo, with RC values between 0.78 
and 0.84, with PLS slightly outperforming the other algorithms. Nonetheless, these values still exceeded those observed 
for fresh samples, which ranged from 0.57 to 0.75. Similar results have been reported in the literature. Ikeogu et al. 
[31] observed significantly higher calibration performance using mashed root samples for dry matter content with a Vis/
NIRS spectrometer (RC: 0.96–0.99 for mashed vs. 0.86–0.96 for fresh samples). Hershberger et al. [18] also found that 
ground root samples out-performed sliced samples in SCiO NIRS spectroscopy, with RC values ranging from 0.63 to 0.89 
for ground samples versus 0.62 to 0.79 for sliced roots. These findings confirm that preparation methods that enhance 
intra-sample homogeneity, such as grinding, yield more representative spectra and more stable predictive models.

In external validation, models trained on mashed samples consistently maintained superior predictive performance 
relative to fresh samples, independent of the calibration algorithm used (Fig 3). For DMCo, the SVM model with mashed 
samples achieved Rv = 0.95 and RMSEV  = 1.66, compared to Rv = 0.78 and RMSEV  = 2.14 for fresh samples. The PLS 
and XGB models also performed robustly, although with slightly higher RMSEV  values. These results highlight the stability 
of spectra obtained from homogeneous samples, particularly for DMCo, likely due to reduced interference from surface 
moisture variability. For DMCg and StC, although Rv values were lower than for DMCo, models calibrated with mashed 
samples consistently outperformed those using fresh samples. For example, Rv for StC ranged from 0.81 (SVM and 
XGB) to 0.82 (PLS), versus 0.56–0.60 for fresh samples. This trend was also reflected in RPIQV  and RPDV, which were 
higher for mashed samples, reaching 3.74 and 2.81, respectively, indicating practical applicability of models calibrated 
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with mashed roots. Despite the overall superior performance of mashed samples, a slightly higher biasV  was observed, 
suggesting a tendency to overestimate predicted values. This bias may result from texture standardization and reduced 
surface heterogeneity, which, while improving overall accuracy, can introduce systematic shifts in regression. Neverthe-
less, high R2

V , RPIQV , and RPDV values indicate that models calibrated with mashed samples can be effectively integrated 
into breeding workflows. Future studies should explore adjustments as additional data become available to reduce bias 
and expand application under field conditions.

Root maceration promotes removal of heterogeneous compound distributions within plant tissue, producing more 
uniform samples in physicochemical terms [31,41]. This homogenization enhances spectral measurement consistency, 
reduces noise, and improves the extraction of relevant spectral signals. The consistently superior performance of models 
calibrated with mashed samples across all traits suggests that this preparation method should be preferred in NIRS-
assisted phenotyping strategies. Conversely, fresh samples, with their complex gradients in moisture, texture, and com-
position, can introduce variability that compromises model accuracy, particularly when using portable spectrometers with 
limited spectral ranges. Nevertheless, results from fresh samples remain valuable. Among the algorithms tested, XGB 
showed relatively superior performance with fresh samples, representing a promising alternative when sample process-
ing is impractical. These findings are particularly relevant for breeding programs, demonstrating that, even under com-
mon field constraints, reasonable prediction accuracy can be achieved by selecting robust algorithms. However, sample 
type remains a major determinant of NIRS prediction accuracy. While fresh samples offer logistical advantages for rapid, 
non-destructive analyses, their impact on spectral quality and model performance must be carefully considered, especially 
in critical applications such as selecting superior genotypes, ensuring product traceability, or implementing quality control 
in agro-industrial supply chains.

Comparative performance of calibration models using fresh and mashed root samples

The use of machine learning models to NIRS spectral data has shown strong potential for predicting chemical and physi-
cal traits in cassava roots [33,91,92]. Comparative analysis of PLS, SVM, and XGB models revealed substantial variation 
in predictive performance, influenced by both sample type (mashed or fresh) and the target trait (StC, DMCo, and DMCg). 
Overall, the PLS model exhibited consistent and superior performance with mashed samples, particularly for DMCo, 
achieving the highest predictive accuracy (RC = 0.97), coefficient of determination (R2

CV  = 0.94), and the lowest RMSEC 
(Fig 2). This suggests that the linear PLS approach is highly effective when applied to spectra from homogenized sam-
ples, where physical uniformity minimizes interference from factors unrelated to chemical composition. The robustness 
of PLS in this context can be attributed to its capacity to extract latent variables that explain the majority of variance in 
spectral data, even under multicollinearity conditions [84,93].

In addition to conventional metrics, high RPDC and RPIQC  values further confirm the reliability of PLS for mashed 
samples. For DMCo, RPDC exceeded 4.2 and RPIQC  surpassed 5.9, indicating excellent model trust-worthiness [94–97]. 
These indices, which account for actual sample variability relative to prediction error, are particularly informative for 
assessing model robustness in practical applications. Similar results were reported by Zhao et al. [98] in predicting lig-
nocellulosic content across 148 samples of rice, maize, wheat, soybean, sorghum, rapeseed, and peanut straw, where 
PLS significantly outperformed SVM (RC = 0.8983; RMSEC = 0.6299; RPDC = 3.49). Likewise, Nakawajana and Posom 
[99] used an FT-NIRS spectrometer (MPA, Bruker, Germany) to predict energy-related traits in ground cassava rhizomes, 
finding that both PLS and SVM achieved high accuracy, with PLS slightly superior (RC = 0.90–0.98 vs. 0.84–0.90). Differ-
ences in performance were attributed to experimental conditions, including clone number, environment, sample type, and 
genetic variability, emphasizing the influence of context on model outcomes. Conversely, fresh samples, characterized by 
greater physical heterogeneity due to natural gradients in DMC and StC along the root (from base to tip and from core to 
peel), were best modeled by XGB, which consistently outperformed other algorithms across all traits (Fig 2). This superi-
ority was evident not only in RC and RMSEC but also in RPDC and RPIQC , highlighting the efficacy of non-linear algorithms 
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in identifying latent patterns in complex spectral data. The XGB’s ability to model intricate interactions and subtle spectral 
variations [61] makes it particularly suitable for scenarios where linear methods such as PLS lose accuracy due to high 
intrinsic variability. Sousa et al. [23], examining 1,127 F

2
 seeds from 77 controlled F

1
 crosses, demonstrated the influ-

ence of NIRS device type on model performance. Using the NIRFlex N-500, RC ranged from 0.86 (RF) to 0.92 (XGB), 
reflecting XGB’s ability to capture complex patterns in high-resolution spectra. In contrast, using the lower-resolution 
SCiO device, RC ranged from 0.87 (C5.0 decision tree) to 0.89 (RF and XGB). These findings indicate that while spectral 
quality influences model performance, XGB can maintain robust accuracy even under challenging instrumental conditions, 
supporting its applicability in cost-effective portable devices. This capacity enhances its potential for large-scale, rapid, 
non-destructive field applications in breeding programs.

The SVM model showed intermediate performance between PLS and XGB, with slight advantage over XGB only in 
mashed samples for DMCg and DMCo. However, its predictive accuracy declined markedly for fresh samples, consis-
tently underperforming across all traits, as reflected in lower RPDC (1.19–1.68) and RPIQC  (1.75–2.29). This limitation 
may stem from the standard radial basis function (RBF) kernel configuration (C = 1) without targeted hyperparameter tun-
ing. The lack of fine-tuning likely constrained the model’s flexibility in handling the non-systematic noise typical of structur-
ally and compositionally heterogeneous fresh samples, as evidenced by the lowest RC observed (0.57) for StC prediction. 
Although non-linear models like SVM often excel in predicting complex traits, their performance can vary considerably 
depending on sample type and target variable. Gürbüz et al. [100] reported that SVM outperformed PLS for oil content 
prediction in 50 maize seed samples (RC = 0.95 vs. 0.86; RMSEC = 0.46 vs. 0.76), whereas Mbanjo et al. [35] found PLS 
and SVM to perform comparably in predicting StC for 344 African cassava clones using SCiO spectra from fresh roots (RC

≈ 0.89; RMSEC≈ 2.07). These observations underscore that algorithm selection should consider the biological matrix and 
target trait rather than assuming a universally superior model.

Overall, these results demonstrate that no single model is universally optimal. Algorithm selection depends on spectral 
quality, sample structure, and the characteristics of the target trait. Linear models such as PLS are highly effective when 
the spectrum–composition relationship is direct and robust, as in mashed samples. More complex algorithms, such as 
XGB, excel when flexibility is required to capture non-linear patterns, as in fresh samples. These findings emphasize that 
successful calibration strategies must account for sample type from the outset and suggest the potential value of hybrid or 
adaptive approaches, combining different algorithms based on spectral context. By leveraging the strengths and limita-
tions of each model, NIR spectroscopy can be optimally applied to predict cassava root quality traits, even in the presence 
of inherent variability under real-world sampling conditions.

External validation highlights the robustness of PLS in spectral prediction

External validation revealed that the predictive performance of the evaluated models (PLS, SVM, and XGB) varied 
depending on the phenotypic trait. Nonetheless, regardless of the target trait or sample type, PLS consistently demon-
strated superior performance, highlighting its robustness and stability across all tested scenarios (Fig 3). High RV  and 

R2
V  values, frequently accompanied by RPDV and RPIQV  exceeding thresholds indicative of good or excellent predictive 

ability [22,95], underscore PLS’s capacity to generalize from spectral data. The prediction of StC in mashed samples 
illustrates this consistency. All three models produced similar RV  values, ranging from 0.81 (SVM and XGB) to 0.82 (PLS), 
with R2

V  values between 0.66 (SVM and XGB) and 0.67 (PLS) (Fig 3). The RMSEV  values were identical across models 
(1.99), reinforcing the overall consistency in estimating this parameter. Slight differences were observed in RPIQV , rang-
ing from 1.90 (SVM) to 2.01 (PLS), suggesting a modest advantage for PLS in terms of lower error and greater stability. 
A similar pattern was observed for DMCg, where PLS exhibited the highest RV , R2

V , and RPIQV  values and the lowest 
RMSEV  (RV  = 0.64, R2

V  = 0.41, RMSEV  = 1.66, RPIQV  = 1.88) relative to SVM and XGB. For DMCo, RV  values were 
comparable between PLS and SVM (0.95); however, SVM showed slightly higher predictive accuracy, with lower RMSEV  
(1.66) and higher R2

V , RPDV, and RPIQV  values (0.91, 2.81, and 3.74, respectively).
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For fresh samples, similar trait-dependent patterns emerged. The PLS outperformed the other models in predicting StC 
and DMCg (Fig 3), showing particular efficiency for DMCg (RV  = 0.47, RMSEV  = 1.93, R2

V  = 0.22). For StC, SVM achieved 
a slightly higher RV  (0.60) than PLS (0.58); however, PLS demonstrated lower RMSEV  and higher RPIQV  (1.98 and 1.66, 
respectively), indicating superior predictive ability. Likewise, for DMCo prediction using fresh samples, SVM exhibited 
slightly higher accuracy than PLS and XGB, with higher RV , RPDV, and RPIQV  (0.78, 1.58, and 2.18) and lower RMSEV  
(2.14). Previous studies support these findings. Freitas et al. [92] evaluated 238 cassava accessions for resistance to 
frog skin disease using NIR spectroscopy (NIRFlex N-500), reporting high predictive accuracy for SVM and BGLM (0.99 
and 0.98, respectively), surpassing PLS (0.91). These results highlight the advantages of non-linear algorithms for com-
plex classification tasks, even in rapid spectral screening. Conversely, Sánchez et al. [32] demonstrated that traditional 
approaches, such as PLS, can achieve excellent performance in predicting quantitative traits. Evaluating 3,418 NIR 
spectra collected over four years with a FOSS 6500 spectrometer, they reported high predictive ability for DMCo in fresh 
cassava samples, with a standard error of prediction (SEP) of 1.42 and a coefficient of determination of 0.946. Bantadjan 
et al. [3] explored two portable spectrometers, STS-NIR (Ocean Optics, 650–1100 nm) and Maya2000 Pro-NIR (Ocean 
Optics, 720–1050 nm), for StC prediction in 200 fresh cassava roots. Using PLS, prediction accuracy varied substantially 
depending on spectral pretreatment and wavelength range (RC = 0.689–0.918 at 720–1050 nm; 0.773–0.928 at 850–
1150 nm), demonstrating the robustness of PLS even with limited spectral coverage.

Overall, these results indicate that all three models can generate effective predictive models using NIR spectra, partic-
ularly for mashed samples, although performance varies depending on the target trait. The PLS model proved especially 
effective for StC and DMCg, confirming its versatility for spectral phenotyping programs. The SVM model emerged as 
a competitive alternative for DMCo prediction, demonstrating that machine learning approaches can provide targeted 
advantages. The balance of predictive accuracy and stability exhibited by PLS positions it as a reliable choice for applica-
tions requiring robust generalization.

Consistency of spectral models in classifying cassava clones

Selection of superior clones in breeding programs requires consistent and reliable evaluation of key traits [101]. Tradi-
tionally, these assessments rely on methods that are labor-intensive, time-consuming, and costly, such as semi-industrial 
starch quantification or dry matter determination via oven-drying. While highly accurate, these approaches demand sub-
stantial energy input to dry samples to constant weight, resulting in low daily throughput, which makes them impractical 
for high-throughput phenotyping during early selection stages [18,19]. Moreover, many traditional phenotyping methods 
are destructive, posing limitations when working with scarce or genetically valuable materials. In this context, rapid and 
non-destructive techniques, such as near-infrared spectroscopy (NIRS), have emerged as strategic tools for high-throughput 
screening at reduced cost. Advances in optical components, computational power, and robust chemometric approaches now 
allow complex information to be efficiently and accurately extracted from spectral data [18,24,31,101–103].

Beyond quantitative trait prediction, NIRS can be applied for genotype classification using agreement metrics such as 
the kappa index. This index quantifies the concordance between predicted and observed classifications, correcting for 
chance agreement, and provides a practical and objective measure to evaluate the consistency of selection decisions 
based on spectral models [94,104]. It thereby enhances confidence in identifying superior clones and accelerates genetic 
progress while reducing costs. The models evaluated (PLS, SVM, and XGB) exhibited differences in their efficiency to 
classify the top 20% of clones, as assessed by the kappa index (Fig 4). Kappa values range from 0, indicating agreement 
equivalent to chance, to 1, indicating perfect agreement [94,105]. Despite variations among models, all achieved high 
kappa values, reflecting both their accuracy and the low likelihood of random classification of superior clones. This under-
scores the robustness of the models and the reliability of NIRS-based phenotypic selection.

For starch content (StC), predicted and observed values revealed high agreement in identifying the top 20% of clones 
for both mashed and fresh samples (Fig 4). In mashed samples, XGB performed best (kappa = 0.99), followed by PLS 
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(0.96) and SVM (0.91), indicating that all models correctly classified the majority of samples. Pairwise comparisons also 
showed strong concordance among models (PLS–SVM: 0.91; PLS–XGB: 0.97; SVM–XGB: 0.92), suggesting that models 
based on distinct mathematical principles produce highly consistent predictions. In fresh samples, kappa values ranged 
from 0.81 to 1.0, indicating near-perfect agreement. The PLS model achieved kappa = 1.0, reflecting perfect alignment 
between predictions and observations, while SVM and XGB scored slightly lower (kappa = 0.99) (Fig 4A). Pairwise model 
comparisons yielded kappa = 1.0 for all combinations, highlighting the convergent reliability of different algorithms. For dry 
matter content (DMCg), especially in mashed samples, the models exhibited remarkable consistency, with kappa values 
frequently approaching or reaching 1 (Fig 4C). Even in fresh samples, where physical heterogeneity is higher, models 
maintained high performance (kappa ≈ 1), demonstrating that structural variability did not impair the algorithms’ ability to 
consistently identify top-performing clones. Despite these high kappa values, DMCg showed lower RV  values compared to 
other traits (0.2–0.41). Peternelli et al. [106] highlighted the utility of kappa as a complementary metric to accuracy, noting 
that well-fitted models can yield high kappa values even when the coefficient of determination is moderate.

For oven-dry matter content (DMCo), predictive models also showed high concordance for both mashed and fresh 
samples (Fig 4B). In mashed samples, SVM and XGB achieved perfect agreement (kappa = 1.0), while PLS was slightly 
lower (kappa = 0.79). Nonetheless, pairwise comparisons among models (PLS–SVM, PLS–XGB, SVM–XGB) resulted in 
kappa = 1.0, indicating complete alignment across algorithms. In fresh samples, kappa values remained high, with SVM 
highest (0.95), followed by PLS (0.88) and XGB (0.89), all within the range considered perfect agreement [106]. Peter-
nelli et al. [106] reported similar trends using PLS and FT-NIR spectra in sugarcane, highlighting that predicting traits 
with higher structural variability (e.g., fiber content) is more challenging, and providing a benchmark for assessing model 
robustness. Overall, even when selecting only the top 20% of clones, the observed kappa values demonstrate the effi-
ciency of the algorithms in classifying superior genotypes. These results confirm NIRS as an efficient, non-destructive 
tool for large-scale phenotyping, enabling rapid, cost-effective, and reproducible evaluation of extensive sample sets. The 
NIRS facilitates early identification of promising genotypes, reduces reliance on laborious laboratory methods, and pro-
vides a reliable foundation for informed decision-making in breeding programs.

Prospects of NIRS for cassava breeding

The NIR spectroscopy has emerged as a strategic tool to overcome the bottlenecks in phenotyping complex traits within 
cassava breeding programs [18,31,91]. Historically, phenotypic evaluation of traits such as dry matter content (DMC) 
and starch content (StC) has been limited to the later stages of selection due to reliance on labor-intensive, costly, and 
low-throughput laboratory methods, such as oven-drying samples to constant weight [15,18,19]. To circumvent these con-
straints, simpler and faster alternatives, such as gravimetric estimations based on empirical equations, have been applied 
in both research and commercial settings. While practical, these approaches carry a hidden cost: the premature exclusion 
of promising genotypes that cannot be accurately evaluated during the early stages of selection.

In this context, NIRS has become a powerful ally in cassava breeding. This technology enables rapid, non-destructive, 
and high-throughput analysis of large populations, facilitating efficient phenotyping [32,41,107]. Its key advantage lies in 
the capacity to perform measurements directly in the field without prior laboratory processing while simultaneously predict-
ing multiple traits with accuracy comparable to conventional laboratory methods, provided that properly calibrated spec-
trometers and predictive models are employed [35]. Recent studies illustrate this potential, such as Chaiareekitwat et al. 
[36] who reported prediction accuracies of up to 0.98 for DMC, whereas Maraphum et al. [66] observed values up to 0.68. 
Similarly, Rosales et al. [108] reported prediction accuracies near 0.75 for total carotenoid content (TCC). These findings 
underscore the effectiveness of NIRS in transforming phenotypic selection, making it faster, more accessible, and compat-
ible with the scale and demands of modern breeding programs.

The ability to assess hundreds of samples during early selection stages, impractical with conventional methods, rep-
resents a paradigm shift in cassava breeding. The NIR spectroscopy allows for the evaluation of a substantially larger 
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number of genotypes directly in the field, preserving sample integrity and minimizing risks associated with transport and 
storage [18,109]. By enabling earlier selection decisions, NIRS reduces dependence on laboratory infrastructure and 
associated costs, thereby allowing for expanded evaluation across multiple sites. Adoption of this technology can signifi-
cantly shorten phenotypic assessment times, freeing human and operational resources for other breeding activities. Its 
efficiency is reflected not only in reduced time and costs but also in the ability to make earlier selection decisions based 
on reliable predicted values. Consistency between predicted and observed values has demonstrated satisfactory perfor-
mance of the developed models [92,106].

Despite these advances, challenges remain for the large-scale adoption of NIRS. Instrument variability, the influence of 
sample type (fresh versus processed) [18,31,32], and the need for model validation across diverse populations and envi-
ronmental conditions highlight areas requiring further attention. In Brazil, for instance, studies employing locally calibrated 
models remain scarce, limiting the direct application of models developed elsewhere.

Nevertheless, considering the portability and connectivity of the SCiO spectrometer, its use under field conditions is 
entirely feasible with minor operational adjustments. In this study, roots were washed and peeled prior to spectral acqui-
sition, a procedure widely adopted in previous NIRS studies on cassava [31,35,38]. Such preparation is essential to 
ensure high reproducibility and calibration accuracy, as processed samples (washed, peeled, or mashed) typically yield 
more robust predictive models than intact fresh roots. Hershberger et al. [18] reported that spectra collected from cut but 
unpeeled roots can still produce predictive models with substantial potential; however, prediction accuracy was higher 
for peeled and mashed samples. For future applications, the sensor could potentially be applied directly to freshly har-
vested roots, provided that excess soil is superficially removed. The manufacturer offers a plastic “light shield” that can be 
attached to the spectrometer to minimize ambient light interference. Additionally, spectral acquisition could be conducted 
under shade using a protective cover or simple canopy, which may further reduce the impact of external light, a hypothe-
sis that warrants experimental verification. It should be noted, however, that deploying the SCiO in remote locations may 
face logistical limitations, as the device requires an active license and internet connection for operation [35]. Nevertheless, 
the combination of portability, rapid measurement, and integration with mobile devices positions NIRS as a promising tool 
for non-destructive screening in cassava breeding programs. This approach has the potential to reduce costs, time, and 
labor while enabling broader and faster evaluations across multiple sites. Moreover, the development of new portable 
devices that do not require an internet connection is likely to further expand the practical applicability of NIRS in remote 
breeding programs.

Conclusions

This study demonstrated the potential of portable NIRS devices (SCiO) for non-destructive prediction of quality traits in 
cassava roots using both mashed and fresh samples. Calibration of predictive models with different algorithms and spec-
tral preprocessing methods revealed that mashed samples generally provide superior predictive performance, particularly 
when combined with SG + SNV pre-treatment for StC and DMCo, and first-derivative transformation for DMCg. Among the 
models tested, PLS consistently achieved high correlation coefficients and low RMSE values, distinguishing itself as the 
most effective.

These findings have important implications for cassava breeding programs, highlighting the feasibility of adopting 
rapid, cost-effective, and non-destructive approaches for large-scale phenotypic screening. High concordance between 
predicted and observed selections further validates the reliability of this approach, even in the presence of the complex 
chemical and physical characteristics of cassava roots. Consequently, portable NIRS sensors can significantly accelerate 
the selection of superior genotypes, making them applicable from the earliest stages of breeding. Future research may 
explore integration of these models into digital field platforms and their adaptation to other crops facing similar phenotyp-
ing challenges.
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