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H I G H L I G H T S G R A P H I C A L A B S T R A C T

• Spectral machine learning (SML) is a 
powerful tool that drives objective, 
high-throughput, and accurate identifi-
cation across fields including medicine, 
food, and forensic analysis.

• SML outcomes depend on resampling 
strategies that can change model 
outcomes.

• Partial least squares-discriminant anal-
ysis (PLS-DA) models from nine studies 
are challenged with five different 
resampling methods.

• The results highlight that moderate, 
stable partitioning schemes offer the 
most robust and generalizable valida-
tion behavior for PLS-DA-based SML 
workflows.
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A B S T R A C T

Resampling strategies are central to model selection and performance estimation in spectroscopic machine 
learning (SML), yet their impact is often treated as secondary to model choice. In this tutorial study, we sys-
tematically evaluated how common resampling methods influence model selection, predictive performance, and 
estimation bias within a fixed partial least squares-discriminant analysis (PLS-DA) framework across twelve 
independent spectroscopic datasets. Model tuning was performed using both the one-standard-error (1SE) rule 
and highest Macro F1 (HMF1) selection, and performance was assessed at the sample level using repeated 
external validation. Bootstrap and jackknife methods demonstrated the strongest ability to preserve predictive 
performance, whereas LOOCV and selected Venetian blinds and some K-fold approaches achieved a more 
favorable balance between performance stability and model parsimony. However, resampling strategies differed 
substantially in their ability to estimate true test performance. A Bayesian Bradley-Terry analysis revealed that K-
fold cross-validation with five folds consistently produced the least biased estimates of external test Macro F1, 
outperforming both bootstrap and leave-one-out approaches. In contrast, LOOCV, jackknife, and Venetian blinds 
methods exhibited increased bias due to small or unrepresentative validation sets under sample-level resampling.
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These findings demonstrate that resampling strategy is a primary determinant of both model selection behavior 
and performance estimation accuracy in SML. This work provides a practical framework for selecting resampling 
methods that improve the reliability and interpretability of spectroscopic machine learning models.

1. Introduction

Spectral chemometrics refers to the application of mathematical and 
statistical methods to extract meaningful information from spectro-
scopic measurements. Within this domain, spectroscopic machine 
learning (SML) has emerged as a specialized branch that applies ma-
chine learning algorithms to spectral data, with particular emphasis on 
classification tasks [1–5]. In classification, the objectives can be broadly 
defined as: (1) assigning unknown spectra to predefined categories with 
maximal accuracy, (2) ensuring that models generalize reliably to new, 
independent data, and (3) interpreting underlying spectral features in a 
way that supports scientific or applied decision-making [6].

One common strategy for evaluating and optimizing classification 
models in SML is the use of resampling techniques [7]. Resampling in-
volves repeatedly partitioning or drawing from the available dataset to 
estimate how well a model is expected to perform on unseen data. Ap-
proaches such as leave-one-out cross-validation (LOOCV), K-fold 
cross-validation (KFCV), Venetian blinds partitioning (VBCV), boot-
strapping (BS), and jack-knifing (JK) are frequently employed to guide 
hyperparameter tuning and performance estimation [5,8]. While these 
approaches are theoretically intended for different uti-
lizations—cross-validation (CV) being designed for estimating external 
test performance and hyperparameter selection, and 
sampling-with-replacement procedures like BS and JK for error esti-
mation and assessing model stability—they can nonetheless be applied 
toward similar objectives of model evaluation and optimization through 
validation of the given splits or folds [9]. Additionally, their accuracy 
and reliability vary depending on data size, structure, and algorithmic 
choice [7].

One widely used SML model is partial least squares-discriminant 
analysis, or PLS-DA, which has been adopted across diverse fields,

including food and agricultural authentication, biomedical diagnostics, 
environmental monitoring, and forensic analysis, where robust classi-
fication is often critical. For instance, near-infrared spectroscopy com-
bined with PLS-DA has been used to authenticate olive oil and detect 
adulteration in milk powders [10–12]; Raman spectroscopy has been 
applied to differentiate between malignant and benign tissue in 
biomedical diagnostics [13–15]; UV-Vis and fluorescence spectra paired 
with classification algorithms have enabled monitoring of water pol-
lutants and heavy metal contamination [16–18]; and infrared and 
Raman-based models have been developed to identify synthetic dyes in 
forensic trace evidence such as textiles and hair [19–23]. Despite this 
breadth of application, resampling and testing strategies remain incon-
sistent, not only across different laboratories but even within single 
research groups. We are not suggesting that the scientific validity of 
those studies is in question; rather, differences in SML tuning practice 
may introduce variability in reported performance, and stabilizing our 
reliance on more consistent resampling methods could improve repro-
ducibility and comparability. Furthermore, such variability complicates 
comparisons across studies and raises questions about whether certain 
resampling schemes systematically provide more reliable predictions 
than others.

In this work, we re-examined previously published PLS-DA models 
across multiple studies. Specifically, we address two questions: (i) does 
re-optimizing model latent variables under alternative resampling 
schemes lead to improved test performance, and (ii) which resampling 
strategies consistently approximate external test prediction metrics 
across different studies? By systematically comparing strategies such as 
LOOCV, KFCV, VBCV, BS, and JK, we aim to clarify the strengths and 
limitations of these approaches and provide practical guidance for their 
use in future SML research involving PLS-DA.

Table 1
Characteristics of the twelve studies included in this work. All manuscripts and datasets are referenced after the relevant study.

Research
Group

Study Type of Specimen Type of 
Spectroscopy

Classification Objective No. of 
Classes

No. of Independent 
Samples per Class

Total No. of 
Spectra

Internal Goff et al. (2022) [24, 
25]

(Cannabis) plant Raman Sex of plant. 3 22-24 213

Higgins et al. (2022) 
[26,27]

(Wheat) plant Raman Type of stress on plant. 5 29-30 231

Holman and Kurouski 
(2023) [22,28]

Dyed hair Raman Specific dye on hair. 4 10 2000

Holman et al. (2024) 
[29,30]

(Secondary 
Screwworm) fly larva 

Infrared Sex of larva. 2 11-12 115

Rodriguez et al. (2025) 
[31,32]

Plant Raman Lunar or earth-grown. 2 15-16 59

Holman et al. (2025a) 
[33,34]

(Hairy Maggot 
Blowfly) fly larva 

Infrared Sex of larva. 2 31-34 325

Juárez et al. (2025) [35, 
36]

(Human) blood Raman Infected with Borrelia 
burgdorferi.

2 98-99 1291

Sasaki et al. (2026) [37, 
38]

Cotton Fabric Raman Dye on fabric across 
exposure periods. 

2 16 739

External Kosmowski and Worku 
(2018) [39]

(Sorghum) kernels Infrared Cultivar of Sorghum 

kernels.
10 50 500

Muthreich et al. (2020) 
[40,41]

Pollen Infrared Quercus spp. of pollen. 6 15-75 920

Banerjee et al. (2021) 
[42,43]

(Human) blood plasma Infrared Severity of COVID-19. 2 52-78 260

Barney et al. (2025) [44, 
45]

(Human) nails Infrared Fentanyl exposure. 2 16-63 1185

a: Before 50/50 validation-set approach was applied.
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2. Materials and methods

2.1. Study selection

Twelve previously published studies within (8) and outside (4) our 
laboratory that include PLS-DA modelling were considered for analysis 
(Table 1). To ensure sufficient statistical robustness, studies were 
selected only if they contained spectral datasets with a minimum of ten 
independent samples (not spectra) per class, thereby reducing the risk of 
artificially inflated performance from under-sampled categories. The 
diversity of specimens (plants, insects, biological fluids, and forensic 
materials), spectroscopic platforms (Raman and infrared), and classifi-
cation objectives (sex determination, pathogen infection, stress 
response, and material identification) provides a representative cross-
section of the application space for spectral machine learning.

2.2. Data analysis

All chemometrics and plotting were performed using Python (v13.3). 
However, some preprocessing was necessarily done in MATLAB using 
PLS_Toolbox 9.5.

2.2.1. Preprocessing
All data was preprocessed exactly as described in their given study, 

before partitioning or resampling, and detailed in Table S1. However, to 
avoid data leakage during model training and thereby increase robust-
ness of results, mean and median-centering-based (as well as similar) 
processing methods were excluded from study datasets where relevant 
(Table S1).

2.2.2. Machine learning
All of the PLS-DA modelling, Python libraries, and parameter tuning 

strategies are summarized in Table S2. The specific range of latent 
variables (LVs) chosen for automatic tuning (LVs 2-20) is because 
beyond 20, added components mostly model noise or idiosyncratic 
structures and a 1 LV model rarely captures sufficient class-relevant 
covariance [46]. The one exception is the dataset for Kosmowski and 
Worku (2018) which was initially trained across 50 LVs, with 44 LVs as 
the optimal model. If we were to only subject the model to up to 20 LVs, 
parsimony (selected model with lower LVs than baseline) would be 
achieved in all cases. Therefore, this dataset must be compared to the 
same range of initial LVs in order to draw conclusions on the relative 
performance of resampling methods.

In this study, multi-class PLS-DA was implemented using the 
PLSRegression algorithm in scikit-learn, which supports multivariate 
response modeling (sometimes called PLS2). Class membership was 
encoded using a dummy (binary indicator) response matrix, allowing all 
classes to be modeled simultaneously within a single PLS framework 
[47]. This formulation does not impose any ordinal structure on the class 
labels and is consistent with the standard definition of multi-class 
PLS-DA described in the chemometric literature.

Parameter selection was performed using the one-standard-error 
(1SE) heuristic approach and the highest score approach (HMF1, for 
highest Macro F1) from CV-derived Macro F1 scores, two widely rec-
ommended model-selection rules in chemometrics and cross-validation 
literature [48]. The 1SE rule selects the simplest model (i.e., the 
lowest number of LVs) whose validation performance lies within one 
standard error of the maximum. This approach is especially appropriate 
for PLS-DA, where the primary tuning parameter is the number of LVs, 
and overestimation of LVs is a known source of overfitting in spectral 
classification. Under this rule: (i) if CV accuracy peaks at LV = 15 but 
LVs = 7-14 fall within one standard error of the peak, the model selects 
LV = 7; (ii) if accuracy increases monotonically until LV = 10 and then 
declines, LV = 10 is chosen; and (iii) when the CV curve oscillates, the 
first statistically indistinguishable local maximum is selected rather than 
the global maximum. This promotes parsimony, reduces variance, and

avoids selecting LVs that model noise rather than chemically meaningful 
variance.

On the other hand, the HMF1 rule selects the model that achieves the 
highest mean validation Macro F1 score across validation splits/folds 
and represents the most widely used model-selection strategy in ma-
chine learning [49]. This approach directly targets predictive perfor-
mance and is commonly used for tuning classification models when the 
primary objective is maximizing generalization accuracy. In chemo-
metrics and broader statistical learning literature, selecting the model 
with the best cross-validated performance (e.g., minimum CV error or 
maximum accuracy) is a standard alternative to parsimony-based heu-
ristics such as the 1SE rule [49]. By evaluating both approaches, the 
present study aims to capture the range of models typically selected in 
practice, from parsimonious solutions favored by the 1SE rule to 
performance-maximizing solutions obtained through the HMF1 
criterion.

Other selection procedures, such as total efficiency (TEFF) under soft 
probabilistic discrimination of ranked classes, are designed to optimize 
classification performance by jointly weighting sensitivity and speci-
ficity across classes and finding the parameter where validation and 
testing agree on performance estimation [50]. In contrast, the 1SE rule 
does not aim to maximize a performance metric but instead controls 
model complexity by explicitly accounting for the uncertainty in the 
cross-validation estimate. This distinction is critical in PLS-DA, where 
increases in apparent discrimination with additional latent variables 
frequently fall within the noise of the validation process and do not 
translate to improved generalization. Additionally, since the TEFF 
approach requires the peaking of test metrics to select parameters, we 
are unable to conduct unbiased baseline test comparisons.

2.2.3. Resampling strategies
All resampling strategies (Table S3) were implemented using scikit-

learn (sklearn), with additional control of class imbalance through 
RandomOverSampler from imblearn, applied only to the training parti-
tion within each resampling iteration to ensure the test split remained 
representative of the original distribution. The choice of fold numbers 
(K) and split parameters (S for Venetian blinds and Jackknife, B for 
Bootstrap) was guided by values most commonly reported in the sta-
tistical learning and chemometric validation literature, ensuring align-
ment with established practice rather than arbitrary selection [48,51, 
52]. Where applicable, StratifiedKFold was used to enforce balanced 
class representation across folds (Table S3). For LOOCV, for example, 
stratification was not enforced because only one sample is held out per 
split, meaning only a single class is represented in the test set, rendering 
stratification ineffective.

Model predictive performance was measured using the Macro F1 
score at the sample level via f1_score from sklearn. The F1 score balances 
precision and recall and gives a greater idea of accuracy in an 
unbalanced-sample model, calculated as the number of true positives 
(TPs) divided by the number of TPs plus one-half of the total false pos-
itives and false negatives.

2.2.4. Bayesian estimation
A Bayesian framework was used to evaluate whether each resam-

pling method was more likely to help than harm model performance 
across studies. A Bayesian approach is more appropriate than a fre-
quentist alternative for this setting because (i) the number of studies per 
method is relatively small (n = 12), making frequentist p-values unsta-
ble and sensitive to single outcomes; (ii) Bayesian posterior distributions 
naturally incorporate uncertainty and avoid the dichotomous interpre-
tation inherent in frequentist hypothesis testing; and (iii) hierarchical or 
method-level variation is better represented by probability distributions 
than by point null hypotheses. Importantly, the Bayesian approach al-
lows direct interpretation of quantities such as P (method improves 
accuracy or it worsens), which aligns with how practitioners actually 
make decisions about resampling strategies.
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For example, consider a hypothetical evaluation of a resampling 
strategy applied across twelve independent spectroscopic studies similar 
to those examined here. Suppose the method improved validation ac-
curacy in seven studies, showed no change in two, and slightly reduced 
accuracy in three. A frequentist analysis might test whether the resam-
pling strategy improved or did not change accuracy more than it 
diminished. In this case, using a one-sided sign test for example, you 
would need at least 10 out of 12 studies to have showed improved or 
unchanged accuracy to be considered significant (one-sided sign test for 
9/12 studies’ p = 0.073). On the other hand, a Bayesian Beta-Binomial 
model with Jeffreys prior yields a posterior distribution of Beta(9.5, 
3.5) for the probability that the method is non-harmful. From this pos-
terior, the probability that the method does not harm accuracy (i.e., 
p > 0.5) is approximately 0.94, and the posterior mean probability of a 
non-harmful outcome is ~0.73. Thus, even though the frequentist test 
does not reach conventional significance, the Bayesian analysis indicates 
strong evidence that the method is more likely to help (or at least not 
harm) than to degrade performance, providing a more informative and 
decision-relevant interpretation under limited sample sizes.

The canonical Bayes’ theorem states that:

p(θ|y) = 
p(y|θ)*p(θ)

p(y) 
,

Where p(θ|y) is the posterior probability that event θ occurred given the 
evidence y, p(y|θ) is the likelihood of evidence occurring due to the 
event θ, p(θ) is the prior information, and p(y) is the marginal likelihood. 

Jeffrey's prior [Beta(0.5,0.5)] was considered since it has higher 
uncertainty (i.e., it is more conservative) for smaller sample sizes 
compared to a uniform prior. A Beta-Binomial model was used to 
compare resampling strategies across studies. In this framework, the 
number of non-harmful outcomes (e.g., improvements or no change in 
performance) is modeled as a Binomial process with an unknown 
probability parameter, while the Beta distribution serves as a conjugate 
prior over this probability. This yields a closed-form posterior distribu-
tion that directly quantifies the probability that a given resampling 
method is beneficial across studies. The formula can be written as:

y ∼ Binomial(n, p),

Let y be the number of “non-harmful” outcomes out of n studies and 
p = θ, for the probability of non-harmful outcomes. Using Jeffrey's prior 
and substituting for Bayes' theorem:

p|y ∼ Beta(y + 0.5, n − y + 0.5),

and:

P(p> 0.5|y) = 1 − F Beta (0.5; y + 0.5, n − y + 0.5),

where F Beta denotes the cumulative distribution function of the Beta 
distribution. Equivalently, this probability can be expressed as:

P(p> 0.5|y) =
∫ 1 

0.5
Beta(p; y + 0.5, n − y + 0.5)dp.

A Bayesian Bradley-Terry model was used to compare resampling 
strategies based on their squared bias in estimating test Macro F1. 
Rather than performing explicit pairwise comparisons within individual 
studies, all observations for each method were compared against those 
of every other method, and the results were aggregated at the method-
pair level. Specifically, for each unordered pair of methods i and j, the 
total number of non-tied comparisons n ij and the number of times 
method i produced a lower squared bias than method j, denoted w ij , were 
computed. These aggregated outcomes were modeled as:

w ij ∼ Binomial 
( 
n ij , π ij 

) 
,

where π ij represents the probability that method i outperformed method 
j. The Bradley-Terry model defines this probability through a logit link

that is equivalent to:

π ij =
e θ i

e θ i + e θ j 
,

where θ i and θ i are latent skill parameters representing the relative 
performance of each method. To ensure identifiability of the model, the 
skill parameters were constrained such that:

∑ K

k=1
θ k = 0,

So that each parameter represents performance relative to the 
average method.

The model was implemented in the PyMC probabilistic programming 
framework, and posterior summaries and diagnostics were generated 
using ArviZ. Inference was performed using the No-U-Turn Sampler 
(NUTS) with four independent Markov Chain Monte Carlo (MCMC) 
chains, each consisting of 1000 tuning iterations followed by 1000 
posterior draws, for a total of 4000 samples after warm-up. These set-
tings represent established defaults for high-quality Bayesian estimation 
and were adequate to achieve convergence and effective sample sizes 
appropriate for downstream inference [53].

2.2.5. Tests of significance
Although Bayesian inference was the primary framework used to 

quantify uncertainty and support decision-making, frequentist hypoth-
esis tests were employed as complementary diagnostic tools to guide and 
contextualize the Bayesian analysis. Specifically, nonparametric, Wil-
coxon signed-rank tests were used to assess the direction and consistency 
of paired differences prior to probabilistic modeling, ensuring that 
observed effects were not driven by outliers or systematic violations of 
assumptions. This dual-framework approach provides coherence with 
established analytical practices in chemometrics and machine learning 
while allowing Bayesian models to build upon empirically validated 
patterns in the data rather than relying solely on prior assumptions or 
model structure.

Nonparametric, Wilcoxon signed-rank tests were performed 
throughout the study for the following reasons: (1) the Wilcoxon signed-
rank test is specifically designed for paired comparisons and is robust to 
non-normal, skewed, or heteroscedastic data commonly observed in 
resampling-based machine learning evaluations [48,54,55]; and (2) it 
has been widely recommended in machine learning and chemometric 
benchmarking studies as a more appropriate alternative to the paired 
t-test when comparing model performance across repeated splits or folds 
[54,55].

3. Results and discussion

In statistical learning theory, the No Free Lunch (NFL) theorem as-
serts that no single model or algorithm outperforms all others across 
every possible dataset or problem domain; performance is inherently 
data-dependent [56]. Therefore, the purpose of this study is not to 
identify a universally optimal SML model but to evaluate how different 
resampling strategies affect the performance within the same model 
architecture under identical data conditions. By holding the model 
constant and only varying the resampling method, valid comparative 
inferences can be made regarding which strategy yields better general-
ization behavior for that specific model-data pairing.

Furthermore, if a particular resampling approach demonstrates 
consistently strong performance across multiple datasets evaluated 
using the same model, it can be reasonably generalized as a robust 
strategy for future projects involving that model class; while still 
acknowledging that this conclusion is conditional on similarity in data 
structure and distribution, not an absolute optimization claim. This 
interpretation aligns with best practices in model validation and 
empirical risk minimization, where consistency across resampling
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evaluations is taken as evidence of stability and practical utility rather 
than universal superiority [48,57].

3.1. Re-tuning model parameters using 1SE rule approach

To determine which resampling strategies are efficient for automatic 
tuning across different studies, we compared resampling strategies on 
the same data, model, and LVs by estimating metrics at the sample-level. 
To determine our baseline test performance (i.e., the fixed standard 
model metrics for comparison), we first estimated expected test Macro 
F1 for each study's model and dataset (Table 2) by intentionally using a 
~50/50 hold-out (50% for training/tuning; the remainder for testing) 
randomly split 10 times to stress-test the resampling strategies under 
limited training data while maximizing the size of the independent test 
set. This approach is called the validation set approach and typical 
studies employ 60/40, 70/30, or 80/20 splits for training and testing 
their models, respectively [57–59]. Our specific partition is designed to 
decrease the variance in the test accuracy estimate (Macro F1 in our 
case) compared to typical splits [60]. The 10 random splitting events 
allow us to incorporate uncertainty into our median estimates of Macro 
F1 scores and perform tests of significance in order to conclude if one 
resampling method performed better, worse, or no different than the 
original study's LV-selected model.

After running LV tuning for each resampling method across each 
study, we found that resampling strategies exhibit markedly different 
behaviors in both performance preservation and model complexity, 
Fig. 1 and Tables S4–S15. Bootstrap and jackknife approaches (BS and 
JK) show the lowest proportions of Macro F1 decreases, with the ma-
jority of studies falling into the “No Change” or “Improved” categories, 
indicating strong stability in predictive performance. In contrast, KFCV 
(K = 5) exhibits the highest rate of Macro F1 decreases, suggesting 
greater risk of performance degradation. With respect to latent-variable

selection, LOOCV and Venetian blinds cross-validation (particularly 
S = 5 and S = 10) display comparatively higher proportions of reduced 
latent variables while still maintaining favorable performance profiles, 
reflecting a more balanced trade-off between stability and simplicity. 
Overall, bootstrap and jackknife prioritize performance stability, 
whereas LOOCV and selected Venetian blinds configurations achieve a 
more balanced compromise between preserving accuracy and encour-
aging parsimonious model selection.

Interestingly, differences in resampling performance between model 
selection strategies (1SE vs. HMF1) revealed a clear trade-off (Fig. 1). 
The HMF1 approach consistently resulted in lower degradation of Macro 
F1, indicating improved predictive performance, but this came at the 
expense of reduced model parsimony (i.e., selection of more complex 
models). In contrast, both jackknife (JK) approaches exhibited slightly 
greater Macro F1 degradation under HMF1 compared to the 1SE crite-
rion. Overall, these findings suggest that while HMF1 is more likely to 
yield higher-performing models, it does so by favoring increased model 
complexity.

To formally quantify the reliability of each resampling method, we 
implemented a Beta-Binomial Bayesian framework. Rather than simply 
reporting the proportion of studies in which performance was preserved, 
this approach allowed us to estimate the underlying probability that a 
given resampling strategy would yield a non-worse Macro F1 model 
selection, along with the conditional probability of parsimony given that 
performance was not degraded (Fig. 2). Under this approach, we ob-
tained posterior means, credible intervals, and posterior probabilities 
that each event exceeded chance (50%), thereby quantifying both effect 
size and strength of evidence, Table 3.

Under the Bayesian Beta–Binomial framework, clear differences 
emerged in the stability of Macro F1 model selection across resampling 
strategies (Table 3). Bootstrap and jackknife methods demonstrated the 
strongest evidence for preserving performance. Specifically, BS 
(B = 100) and BS (B = 1000) yielded posterior mean probabilities of 
non-worse Macro F1 of 90.0% (95% CrI: 75.6-98.2) and 94.0% (95% CrI: 
82.1-99.5), respectively, with posterior probabilities exceeding 99.9%, 
indicating near certainty that these methods outperform chance in 
maintaining Macro F1. Similarly, JK (S = 100) and JK (S = 1000) ach-
ieved posterior means of 86.0% (95% CrI: 70.3-96.4) and 90.0% (95% 

CrI: 75.9-98.2), respectively, again with posterior probabilities >99.9%, 
reflecting very strong evidence of performance stability. LOOCV and 
several Venetian blinds configurations also performed favorably; for 
example, LOOCV and VBCV (S = 10) both demonstrated posterior means 
of 78.0% (95% CrI: 60.2-91.6) with posterior probabilities of 99.8%, 
while VBCV (S = 5) yielded a mean of 74.0% (95% CrI: 55.5-88.8) with 
posterior probability of 99.4%, indicating robust (though slightly less 
extreme) evidence for non-worse Macro F1 selection.

In contrast, not all k-fold configurations exhibited equivalent sta-
bility. While KFCV (K = 3) showed strong performance (78.0%, 95% CrI: 
60.2-91.6; P > 0.5 = 99.8%), KFCV (K = 10) was based on fewer studies 
(n = 14) but still demonstrated high probability of non-worse perfor-
mance (76.7%, 95% CrI: 53.1-93.6; P > 0.5 = 98.6%). However, KFCV 
(K = 5) showed notably weaker evidence, with a posterior mean of 
62.0% (95% CrI: 42.6-79.6) and posterior probability of 89.0%. 
Although still above chance, this reduction suggests greater variability 
and less reliable performance preservation relative to other configura-
tions. These results indicate that k-fold cross-validation should not be 
treated as a single homogeneous method, as specific fold choices 
materially influence model-selection reliability.

When parsimony was examined conditionally among studies in 
which performance did not worsen, a second pattern emerged that 
revealed an important trade-off. LOOCV and KFCV (K = 3) demonstrated 
strong evidence for parsimony, with posterior mean probabilities of 
72.5% (95% CrI: 51.6-89.2) and 77.5% (95% CrI: 57.4-92.4), respec-
tively, and posterior probabilities of 98.2% and 99.5%. VBCV (S = 3) 
and VBCV (S = 5) also showed favorable balance, with means of 69.4% 

(95% CrI: 47.0-87.8; P = 95.7%) and 65.8% (95% CrI: 43.7-84.7;

Table 2
Initial (baseline) test performance of each study's model and dataset using 10 
random 50-50 train-test partitions.

Study Baseline
Resampling
Strategy

Baseline 
Parameter a

Test Median 
Macro F1 
Score, % 

(SE)

Supporting
Tables

Goff et al. 
(2022) 

Unclear LVs = 16 75.34 (2.39) Tables S4 
and S16 

Higgins et al. 
(2022) 

Unclear LVs = 8 95.99 (0.61) Tables S5 
and S17 

Holman and 
Kurouski 
(2023) 

Unclear LVs = 3 100.0 Tables S6 
and S18

Holman et al. 
(2024) 

Unclear LVs = 11 b 82.86 (5.28) Tables S7 
and S19 

Rodriguez
et al. (2025) 

Unclear LVs = 6 b 93.73 (2.20) Tables S8 
and S20 

Holman et al. 
(2025a)

KFCV (K = 10) LVs = 8 85.76 (1.91) Tables S9 
and S21 

Ju´ arez et al. 
(2025) 

Unclear LVs = 13 85.01 (1.05) Tables S10 
and S22 

Sasaki et al. 
(2026) 

VBCV (S = 10) LVs = 6 87.50 (2.17) Tables S11 
and S23 

Kosmowski 
and Worku 
(2018) 

KFCV (K = 5) LVs = 44 83.33 (0.57) Tables S12 
and S24

Muthreich
et al. (2020) 

KFCV
(K = 100)

LVs = 4 62.58 (1.14) Tables S13 
and S25 

Banerjee et al. 
(2021) 

LOOCV LVs = 4 71.23 (1.42) Tables S14 
and S26 

Barney et al. 
(2025)

Unclear LVs = 8 75.92 (1.17) Tables S15 
and S27

a All baseline parameters are based on reported or verified selections in the 
relevant manuscript; b: These studies reported one less latent variable in their 
final model, but upon re-examination of the data and models, the correct ones 
are now listed.
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P = 92.2%), respectively, indicating consistent support for selecting 
simpler models when Macro F1 was preserved. In contrast, KFCV 
(K = 10) showed only weak evidence for parsimony (54.2%, 95% CrI: 
27.0-80.0; P = 61.8%), suggesting inconsistent complexity control.

By contrast, bootstrap and jackknife methods, despite their near-
certain preservation of Macro F1, showed weaker and more variable 
evidence for parsimony. For example, BS (B = 100) and BS (B = 1000) 
yielded conditional parsimony means of 58.7% (95% CrI: 38.5-77.5; 
P = 80.3%) and 52.1% (95% CrI: 32.5-71.3; P = 58.2%), respectively, 
indicating only modest support for selecting simpler models. Similarly, 
JK (S = 100) and JK (S = 1000) produced means of 65.9% (95% CrI: 
45.4-83.7; P = 93.8%) and 58.7% (95% CrI: 38.5-77.5; P = 80.3%), 
respectively. These findings indicate that although these methods are 
highly stable in preserving predictive performance, they are compara-
tively less consistent in promoting model parsimony, suggesting a ten-
dency toward more complex model selection.

Taken together, the results indicate that resampling strategies differ 
primarily in their trade-off between performance stability and parsi-
mony. Bootstrap and jackknife approaches maximize stability of Macro 
F1 but provide weaker and less consistent evidence for complexity 
reduction. LOOCV, KFCV (K = 3), and VBCV (S = 3-5) demonstrate 
strong evidence for both non-worse performance and parsimony,

representing more balanced model-selection strategies. In contrast, 
KFCV (K = 5) exhibits comparatively weaker stability and parsimony 
support and may therefore be less reliable in similar analytical contexts.

3.2. Efficient resampling methods for estimating test performance

As stated earlier, strategies in SML research remain highly hetero-
geneous, and some studies report only cross-validation-based accuracy 
estimates without performing external validation on an independent 
hold-out dataset. Selecting LVs = 10 because K-fold cross-validation 
(KFCV) minimizes the calibration misclassification rate does not imply 
that the cross-validated accuracy at that point is an unbiased estimate of 
the model's final test accuracy. In other words, while cross-validation is 
useful for internal model comparison, it does not replicate the statistical 
independence of a true external test set. When hyperparameters are 
tuned using cross-validation and the same cross-validation estimates are 
then reported as “test accuracy,” performance estimates may be inad-
vertently inflated due to information leakage or selection-induced bias. 
External validation, by contrast, evaluates the fully specified model on 
data that played no role in model tuning, thereby providing a more 
defensible estimate of real-world predictive performance. For these 
practitioners an important question arises: which resampling methods

Fig. 1. Performance characteristics of each resampling strategy across all datasets. Stacked bars represent the distribution of Macro F1 outcomes relative to the 
baseline test model: decreased Macro F1 (red), no change (purple), or improved Macro F1 (green). The lines show parsimony outcomes, including the percentage of 
studies with reduced latent variables (solid circles) and no change in latent variables (solid squares). It should be noted that KFCV (K=10) was only applied to 7 out of 12 
studies due to some possessing at least one class having less than 10 independent samples during training after partitioning. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.)
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provide the most reliable estimate of the true test performance of the 
tuned model?

To determine which resampling strategies most reliably approximate 
true test performance, we quantified the Bias [2] between validation and 
external test Macro F1 values for each method and compared them using 
a Bayesian Bradley-Terry framework (Table S16–S27; full model output

in Table S28). To ensure that our evaluation reflected the full range of 
realistic model-selection behavior, we assessed the full range of possible 
LVs, using the 50% training set from each of the 10 splits to compute 
validation Macro F1 from each resampling method and the remaining 
data to compute testing Macro F1. By evaluating all LVs we captured the 
full spectrum of models practitioners may adopt in applied settings.

Fig. 2. Posterior mean probability that each resampling method yields non-worse Macro F1 (green bars) and the mean conditional probability that the method is 
parsimonious given non-worse Macro F1 (black dashed line). The red dotted line indicates a reference probability of 0.50. It should be noted that KFCV (K=10) was 
only applied to 7 out of 12 studies due to some possessing at least one class having less than 10 independent samples during training after partitioning. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 3
Summary results for combined 1SE and HMF1 selections' estimated probability of resampling method's non-worse Macro F1 model selection (A) and parsimony (B) 
given non-worse Macro F1 model selection. Additionally, the posterior probabilities of A and B events occurring beyond chance (50%).

Method N studies Mean P(A) = p 1 , % (95% CrI) P (p 1 > 0.5), % Mean P(B|A) = p 2 , % (95% CrI) P (p 2 > 0.5), %

LOOCV 24 78.0 (60.2, 91.6) 99.8 72.5 (51.6, 89.2) 98.2
KFCV (K = 3) 24 78.0 (60.2, 91.6) 99.8 77.5 (57.4, 92.4) 99.5
KFCV (K = 5) 24 62.0 (42.6, 79.6) 89.0 65.6 (41.6, 86.0) 90.2
KFCV (K = 10) 14 76.7 (53.1, 93.6) 98.6 54.2 (27.0, 80.0) 61.8
VBCV (S = 3) 24 70.0 (51.1, 85.9) 98.1 69.4 (47.0, 87.8) 95.7
VBCV (S = 5) 24 74.0 (55.5, 88.8) 99.4 65.8 (43.7, 84.7) 92.2
VBCV (S = 10) 24 78.0 (60.2, 91.6) 99.8 62.5 (40.9, 81.8) 87.5
BS (B = 100) 24 90.0 (75.6, 98.2) >99.9 58.7 (38.5, 77.5) 80.3
BS (B = 1000) 24 94.0 (82.1, 99.5) >99.9 52.1 (32.5, 71.3) 58.2
JK (S = 100) 24 86.0 (70.3, 96.4) >99.9 65.9 (45.4, 83.7) 93.8
JK (S = 1000) 24 90.0 (75.9, 98.2) >99.9 58.7 (38.5, 77.5) 80.3

CrI = credible interval.
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Within the Bradley-Terry model, methods were compared through 
pairwise “wins,” defined as instances in which a resampling strategy 
produced a validation Macro F1 closer to the true external test Macro F1 
than a competing method under identical study conditions [53]. Because 
this model was fit in a fully Bayesian framework using MCMC, it 
generated posterior distributions over each method's latent “skill” in 
approximating test performance. This probabilistic ranking allows 
resampling strategies to be interpreted not merely by point estimates of 
bias, but by their overall reliability in producing validation metrics that 
generalize to independent data.

Following this approach, Fig. 3 presents the posterior mean skill 
parameters and corresponding 95% CrIs. KFCV (K = 5) exhibited the 
highest skill (λ = 1.70, 95% CrI: 1.28-2.16), indicating it most consis-
tently minimized validation-test bias across comparisons. Bootstrap 
methods also performed strongly, with BS (B = 100) and BS (B = 1000) 
showing similar skill (λ ≈ 1.50-1.55) and overlapping credible intervals, 
suggesting comparable reliability. Other K-fold approaches (K = 3 and 
K = 10) demonstrated moderate performance (λ ≈ 1.22-1.26), whereas 
all VBCV, jackknife, and LOOCV methods showed substantially lower or 
negative skill values. In particular, LOOCV yielded the lowest skill

Fig. 3. The posterior mean skill parameters (λ) for each resampling strategy, along with their 95% credible intervals. In this framework, higher λ values indicate a 
greater probability that a method will produce lower validation-test bias relative to competing approaches. A value of λ = 0 represents an average-performing 
method, while positive or negative deviations indicate above- or below-average reliability, respectively.

Fig. 4. Mean posterior probability and 95% CrIs that a method generates the least squared biased Macro F1 score among all methods.
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(λ = − 3.22), indicating a consistently higher likelihood of producing 
biased estimates relative to other strategies.

Because pairwise performance is governed by P(i > j) = e λ i 
e λ i +e λ j

(equation (2)), for a given pair (i, j), these differences in λ translate
directly into probabilistic advantages between methods. Therefore, one 
can estimate the average probability that KFCV (K = 5) will produce less 
squared bias than KFCV (K = 3) by plugging in equation (2) for i and j, 
respectively. Doing so should return a P (i > j) of ~62%. Which means 
KFCV (K = 5) is almost twice as likely to outcompete KFCV (K = 3) in 
terms of a least squares bias Macro F1 score during validation. 

Furthermore, the poor performance of VBCV, LOOCV, and jackknife 
methods can be explained by the fact that all resampling was conducted 
at the sample level rather than the spectra level, which severely limits 
the effective validation set size in each split. In LOOCV, each validation 
fold contains only a single sample, meaning the validation Macro F1 is 
effectively constrained to either 0 or 1 depending on whether that 
sample is correctly classified, producing an extremely high-variance and 
discretized estimate of performance. This leads to systematic mismatch 
with the external test Macro F1, which is computed over many samples 
and is therefore much more stable. Similarly, jackknife approaches, 
particularly with larger deletion sizes, remove substantial portions of the 
data during training, resulting in models that are fit on reduced and 
potentially unrepresentative sample sets, which inflates bias when 
compared to full-data test performance. VBCV further exacerbates this 
issue by enforcing deterministic, ordered splits that may not preserve 
class balance at the sample level, leading to validation folds that are not 
representative of the underlying class distribution. Collectively, these 
factors cause validation estimates from LOOCV, jackknife, and VBCV to 
be either overly discrete, high-variance, or systematically unrepresen-
tative, resulting in the large squared biases reflected in their strongly 
negative skill parameters.

Fig. 4 shows the posterior probability that each method is the single 
best estimator of test performance, defined as the proportion of posterior 
samples in which a method attains the highest skill. KFCV (K = 5) had 
the highest probability of being optimal (P ≈ 0.53, 95% CrI: 0.51–0.54), 
indicating that it was the best-performing method in over half of pos-
terior draws. Bootstrap methods provided secondary support, with BS 
(B = 100) and BS (B = 1000) achieving probabilities of approximately 
0.23 and 0.18, respectively, reflecting consistent but not dominant 
performance. All remaining methods exhibited negligible posterior 
probability (~10 − 4 ), indicating that they almost never outperformed the 
top methods across the posterior distribution. While the skill parameter 
reflects the relative strength of a method in pairwise comparisons, the 
posterior probability of being best reflects its ability to dominate all 
alternatives simultaneously; together, these metrics show that KFCV 
(K = 5) is both the strongest and most consistently optimal resampling 
strategy for estimating test Macro F1 in this dataset, whereas LOOCV, 
jackknife, and VBCV approaches are unlikely to provide reliable esti-
mates of true test performance.

Notably, the observation that KFCV outperforms bootstrap methods 
is somewhat unexpected, as bootstrap resampling is often considered 
more suitable for estimating generalization error due to its ability to 
approximate sampling variability and utilize multiple resampled 
training sets [48]. One explanation is that all resampling was performed 
at the sample level, and bootstrap sampling with replacement can lead 
to repeated inclusion of the same samples and omission of others, 
effectively reducing the diversity and representativeness of individual 
training sets. This can introduce additional variance and bias in esti-
mated performance, particularly for small to moderate sample sizes 
typical of spectroscopic datasets. In contrast, K-fold cross-validation 
ensures that each sample is used exactly once for validation and K− 1 
times for training, producing more balanced and representative splits 
that better reflect the full dataset distribution. As a result, KFCV (K = 5) 
may provide a more stable and less biased estimate of test Macro F1 
under these conditions, despite the general expectation that bootstrap

methods perform well for error estimation.
Overall, the Bayesian Bradley-Terry analysis demonstrates that 

resampling strategy has a substantial impact on the accuracy of test 
performance estimation for PLS-DA models. K-fold cross-validation, 
particularly KFCV (K = 5), consistently provided the most reliable and 
least biased estimates, outperforming bootstrap approaches despite their 
typical use for error estimation. In contrast, LOOCV, jackknife, and 
VBCV methods produced more biased estimates due to small or unrep-
resentative validation sets when applied at the sample level. These 
findings highlight that balanced, representative resampling schemes are 
critical for obtaining stable and generalizable performance estimates in 
spectroscopic machine learning applications.

4. Limitations

Although this study rigorously evaluates multiple resampling stra-
tegies across twelve diverse spectral datasets, several limitations should 
be acknowledged. First, the dataset sizes, although typical of many 
spectroscopic studies, are modest at the level of biological or specimen 
replicates, even when the number of spectra per sample is large. Ma-
chine learning literature consistently demonstrates that resampling-
based error estimates become noisy and unstable when the number of 
independent samples is small, particularly for leave-one-out and high-
fold CV schemes [46,49]. In chemometrics, the challenge is exacer-
bated because replicate spectra from the same biological specimen are 
not statistically independent, which can inflate apparent performance 
and distort variance estimates if not carefully controlled [46]. For 
example, the Holman and Kurouski (2023) study had the highest num-
ber of spectra per sample (fifty) and consequently performed the best 
during test accuracy estimation. While our study mitigated this risk by 
restricting model tuning and resampling to sample-level partitions, the 
fundamental constraints of small-sample spectral datasets still limit the 
generalizability of the reported conclusions. Future work with sub-
stantially larger, prospectively designed datasets would permit more 
reliable bias-variance decomposition and facilitate validation of 
resampling behavior under higher-power conditions.

Additionally, while the inclusion of multiple independent studies 
improves robustness, the total evidence base remains modest, and the 
conclusions should therefore be interpreted as indicative rather than 
definitive. Larger, prospectively designed datasets with greater numbers 
of independent biological or experimental samples will be necessary to 
confirm these findings and more fully characterize behavior under 
higher statistical power.

Finally, although Bayesian methods offer rich characterization of 
uncertainty and outperform frequentist testing for small-n scenarios, our 
Bayesian analyses rely on modeling assumptions that introduce their 
own limitations. The posterior probabilities, for example, summarize 
evidence across a limited set of nine studies that share common exper-
imental and preprocessing philosophies. Accordingly, the Bayesian an-
alyses are intended as exploratory, comparative summaries of 
resampling behavior rather than definitive or universal rankings. The 
Beta-Binomial framework preserves interpretability but simplifies 
model behavior into binary “non-harmful vs. harmful” outcomes, 
thereby discarding granularity in Macro F1 changes. Similarly, the 
Bradley-Terry model assumes transitivity and the existence of a latent 
skill parameter for each resampling method; assumptions that, while 
standard, may not fully represent complex interactions between dataset 
structure, spectral modality, and parameter-selection behavior [61]. 
Finally, although all chains achieved convergence diagnostics indicative 
of reliable sampling, Bayesian methods cannot compensate for intrinsic 
limitations in dataset diversity or size; the posterior probabilities re-
ported here should therefore be interpreted as evidence conditional on 
our specific study corpus rather than as universal rankings. Broader 
validation across laboratories, instruments, and specimen types will be 
essential to establish externally generalizable guidelines for SML 
resampling practices.
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5. Practical guidelines

Although the present study focuses on comparing resampling stra-
tegies for PLS-DA models, the results also provide several practical in-
sights that may guide future SML study design. Across the twelve 
datasets examined, we observed that some models were essentially 
insensitive to the choice of resampling method (e.g., Tables S6, S11, S13, 
and S15), whereas others showed substantial variability in both vali-
dation curves and selected latent variables (e.g., Tables S8 and S12). 
This divergence is best understood by considering the relationship be-
tween within-sample replicate homogeneity and between-sample inde-
pendent variation, a well-recognized principle in chemometric sampling 
theory [62].

When replicate spectra are highly consistent within each sample, 
resampling tends to remove only redundant information, yielding nearly 
identical model performance regardless of the validation scheme used. 
In contrast, when classes are represented by relatively few biological or 
specimen-level samples (or when those samples vary substantially) 
resampling partitions necessarily capture different aspects of the class 
structure, resulting in greater variability in test accuracy and LV selec-
tion. This behavior is not a flaw of resampling, but rather a reflection of 
the dataset's statistical structure.

Taken together, our findings support three practical recommenda-
tions for spectral machine learning practitioners:

1. Prioritize the number of independent samples per class over the 
number of technical replicates. This aligns with established che-
mometric principles that emphasize representativity and sample-
level variance over dense replicate acquisition [62]. Technical rep-
licates quickly reach diminishing returns, whereas additional bio-
logical or specimen-level samples enhance model generalizability. In 
general, 5-10 technical replicates is sufficient [62].

2. Use resampling stability as a diagnostic tool. When different 
resampling methods return similar accuracies and LV choices, the 
dataset likely contains sufficient independent sample variation [63]. 
When results diverge substantially across methods, this signals that 
the dataset may be underpowered at the sample level or that class 
structure is unstable.

3. Interpret LV sensitivity in the context of data structure. Large 
fluctuations in LV selection do not necessarily indicate algorithmic 
instability; they may instead reflect insufficient or unbalanced sam-
pling, a phenomenon also noted in cross-validation literature [48, 
63].

Additionally, several other common issues—although not directly 
addressed in this study—were identified during dataset acquisition, 
including:

1. Misuse of preprocessing during validation. Certain preprocessing 
techniques such as mean and median centering and multiplicative 
scatter correction rely on the available data to normalize each 
spectrum. If used, they should be computed within each training fold 
only and then applied to the corresponding validation/test data; 
performing these operations globally prior to resampling allows in-
formation from validation samples to influence model training 
leading to optimistically biased performance estimates [64]. Avoid-
ing these steps altogether and switching to area or vector normali-
zations are another safe alternative.

2. Diagnostics at the spectra-level rather than sample-level. 
Because multiple spectra collected from the same specimen are 
highly correlated, treating them as independent observations inflates 
effective sample size and leads to overly optimistic accuracy, vari-
ance, and uncertainty estimates. Therefore, model evaluation should 
restrict train and validation/test data at the sample-level, ensuring 
no samples' spectra appear on both sides.

3. Unclear validation-testing framework. As one can see from 

Table 2, a majority of the studies did not discuss which resampling 
method was used during validation and some did not even discuss 
whether they used validation. Under these circumstances, it can 
become difficult for readers to trust the reliability of reported results 
when our data suggests dramatic differences across resampling 
methods for given purposes. Thus, the type of resampling method 
should be clearly stated.

4. Data availability. Finally, limited data availability continues to 
hinder reproducibility and method validation in SML studies. Many 
published works do not provide raw spectra, metadata, or pre-
processing details, preventing independent verification and bench-
marking of models. In Karl Popper's (translated) words, “single 
occurrences that cannot be reproduced are of no significance to 
science.” [65] To address this, datasets should be deposited in 
accessible repositories with clear documentation of preprocessing, 
partitioning, and modeling procedures. For example, Zenodo and 
Dryad are two of many free public repositories to upload and share 
data and other information from studies. Transparent data sharing 
enables reproducibility, facilitates method comparison, and 
strengthens the evidentiary value of reported models [66].

By presenting these principles, we aim to provide users with practical 
heuristics for evaluating dataset adequacy and anticipating how 

resampling strategies might interact with their data. Ultimately, 
increasing the number of independent samples, coupled with sufficient 
numbers of technical replicates, reduces the likelihood that study design 
will inadvertently influence model performance.

6. Conclusions

This tutorial study demonstrates that resampling strategy plays a 
critical and often underappreciated role in both model selection and 
performance estimation in spectroscopic machine learning. While 
bootstrap and jackknife methods provide strong stability in preserving 
predictive performance, they do so at the expense of model parsimony, 
consistently favoring more complex models. In contrast, LOOCV and 
selected Venetian blinds and 3 and 10-fold cross validation configura-
tions offer a more balanced compromise, maintaining performance 
while encouraging simpler model structures. Importantly, these results 
highlight that commonly grouped approaches such as K-fold cross-
validation are not interchangeable; specific parameter choices materi-
ally influence reliability.

When evaluating the ability of resampling methods to estimate true 
test performance, K-fold cross-validation (particularly with 5 folds) 
consistently provided the most accurate and least biased estimates. In 
contrast, LOOCV, jackknife, and Venetian blinds approaches produced 
higher bias due to small or unrepresentative validation sets when 
applied at the sample level. Taken together, these findings emphasize 
that resampling strategy should be treated as a tunable component of the 
modeling pipeline rather than a fixed default. Practitioners should pri-
oritize methods that balance representativeness and stability, as these 
characteristics are essential for obtaining reliable, generalizable per-
formance estimates in applied spectroscopic machine learning.
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