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Abstract: Cocoa beans quality parameters are among other things biochemical properties such as moisture content, 
reducing sugars, fat, protein and total phenolic content (TPC) changed during postharvest processes. Current analytical 
approaches to these parameters are usually not only destructive and time-consuming but also laboratory-based anal-
yses. This study aimed at assessing the potential of short-wave near infrared (SW-NIR) spectroscopy (954–1 700 nm) 
combined with partial least squares regression (PLSR) for the prediction of these quality parameters in both fresh, fer-
mented, dried and roasted Forastero cocoa nibs. In total, a portable Flame-NIR+ spectrometer analysed 400 samples. 
Before developing the model, we have compared several spectral preprocessing methods like Savitzky–Golay deriv-
atives, multiple scatter correction (MSC), standard normal variate (SNV), and normalisation. The spectra exhibited 
various absorption features linked to O-H, C-H, and N-H links reflective of evolving compositions across proximate 
processing stages. The prediction coefficients (R2P) obtained for moisture content (0.984), reducing sugars (0.958), pro-
tein (0.992), and total phenolic content (0.954) of the cocoa nibs was good, while fat prediction showed lower predictive 
performance than the other evaluated parameters. Savitzky-Golay derivative preprocessing consistently improved the 
performance of models across all evaluated parameters. These results show that SW-NIR spectroscopy with PLSR can 
be applied for fast, non-destructive and simultaneous estimations of multiple quality attributes in cocoa nibs during 
different stages of postharvest processing.
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Cocoa (Theobroma cacao L.) (Figure 1) is one of the 
most important commodities around the world and 
its main end-use is as  a  raw material for  chocolate 

production (Perez et al. 2022). Its quality depends 
on the post-harvest processes (fermentation, drying, 
and roasting) that  define the  physicochemical and 
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sensory characteristics of cocoa products (Calvo et al. 
2021). Different quality parameters such as moisture 
content (Jiménez-Rodríguez et al. 2024), reducing 
sugars and protein (Peña-Correa et al. 2024), fat con-
tent (Afoakwa et al. 2007), and total phenolic con-
tent (das Virgens et al. 2021) are important in storage 
stability, flavour development, and nutritional value 
(Ramón et al. 2023).

Typical analytical approaches to  measure these pa-
rameters are accurate but also time-consuming, de-
structive, and not appropriate for real-time monitoring 
(Devi et al. 2025). The  limitations of  these methods 

have been an impetus for the development of non-de-
structive analysis technologies that can assess the qual-
ity of a material without destroying the sample. Rapid 
surface analysis is achievable with computer vision sys-
tem, but they cannot bring additional information 
about internal chemical composition (Brosnan and 
Sun 2004). Hyperspectral imaging provides more de-
tailed spectral information, but with high investment 
costs (Manley 2014). 

Near-infrared (NIR) spectroscopy is an  efficient 
non-destructive approach to evaluating chemical com-
position by measuring the O-H, C-H and N-H bonds 

(A)(A) (B)(B) (C)(C)

Figure 1. Cocoa samples used in this study

(A) Forastero cocoa pods at different ripening stages; (B) fresh unpeeled cocoa beans with pulp; (C) peeled cocoa beans 
(cocoa nibs)

Figure 2. Flow of determination of cocoa nibs quality parameters based on short-wave near infrared (SW-NIR) spec-
tra and chemometrics

PLSR – partial least squares regression
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interactions (Nadimi and Paliwal 2024). Still, tradi-
tional NIR systems are quite expensive and tend to be 
limited to laboratory environment. Consequently, por-
table short-wave near infrared (SW-NIR) offers a via-
ble alternative for the rapid and economical evaluation 
of quality (Pahlawan et al. 2022). 

As  examples of  cocoa applications, infrared spec-
troscopy coupled to chemometric approaches has been 
extensively used for  predicting chemical constituents 
and quality attributes (moisture content, fat, pro-
teins, sugars, acidity, polyphenols and other bioactive 
compounds) (Krähmer et al. 2015; Batista et al. 2021; 
Hernández-Hernández et al. 2022). These studies suc-
cessfully show the consistency of infrared spectroscopy 
as an efficient analytical method for rapid and non-de-
structive analysis of  cocoa monitoring, quality clas-
sification and compositional analysis under multiple 
specific postharvest processing conditions.

While infrared-based prediction of  chemical 
constituents using partial least squares regression 
(PLSR) has been reported for cocoa bean separation, 
it has  predominantly been limited to  quantification 
of singular quality parameters and spectroscopic sys-
tems employed at various stages of cocoa processing 
(most studies used FTIR and FT-NIR based laborato-
ry-constructed spectroscopies). Previously, only pH, 
moisture content, or bioactive compounds were eval-
uated as cocoa bean quality under specific processing 
conditions (Batista et al. 2021; Hernández-Hernán-
dez et al. 2022). Yet, little is known regarding 
the  feasibility of  implementing SW-NIR fibre-optic 
spectroscopy to  predict multiple biochemical qual-
ity parameters simultaneously along the  whole co-
coa postharvest processing chain, including fresh 
and fermented, dried, and roasted samples of cocoa 
nibs. Because fermentation, drying, and roasting in-
clude extensive biotransformations (Calvo et al. 2021; 
Jiménez-Rodríguez et al. 2024), the spectral respons-
es as well as model performance may vary significant-
ly over processing steps (Forte et al. 2023). Thus, this 
work fills an existing knowledge gap using a system-
atic evaluation of SW-NIR (950–1 700 nm) combined 
with PLSR for predicting moisture content, reducing 
sugars, fat, protein and total phenolic content across 
four cocoa processing stages in a unified experimen-
tal and modelling framework. This study investigates 
the  potential for  using a  single SW-NIR fibre-optic 
system to predict multiple postharvest quality attri-
butes at  different processing stages in  comparison 
with previous studies that derived specific estimates 
of  one or just a  few individual quality non-confor-

mities and/or from laboratory-based spectroscopic 
systems.

Hence, the  present study aimed to  build and vali-
date PLSR models using SW-NIR spectra data (950–
1  700  nm) for  predicting moisture content, reducing 
sugars, fat, protein, and total phenolic content in fresh, 
fermented, dried and roasted cocoa nibs. Moreover, 
the work also studied which spectral regions were re-
sponsible for  model development and how the  mod-
els performed between cocoa processing stages. This 
multi-parameter approach therefore offers a practical 
framework for rapid, non-destructive evaluation of key 
cocoa quality parameters over the postharvest process-
ing value chain.

MATERIAL AND METHODS

Figure 2 shows the flow of determination of cocoa 
nibs quality parameters based on near-infrared spectra 
and chemometric model.

Raw materials and sample preparation. Forastero 
cocoa pods were obtained from a plantation in Nglang-
geran Village, Special Region of Yogyakarta, Indonesia. 
Twenty cocoa pods with different ripening levels were 
collected to  represent natural biological variability 
among samples. Approximately 20  cocoa beans were 
randomly taken from each pod, resulting in  a  total 
of 400  individual cocoa bean samples for spectral ac-
quisition and laboratory analysis

The cocoa beans were manually peeled to obtain co-
coa nibs (dehulled cotyledons), which were subsequent-
ly classified into four postharvest processing stages: 
fresh (RCB), fermented (FCB), dried (DCB), and roasted 
(RSCB). Fermentation was carried out in tiered wooden 
fermenters covered with banana leaves for seven days 
(168  h), during which the  temperature naturally in-
creased to approximately 45 °C due to microbial activity. 
Drying was conducted at 50 °C using a controlled hot-
air dryer until the  samples reached a  final moisture 
content of  approximately 7% (wet basis). Roasting 
was performed at 130 °C for 25–30 min.

The cocoa nib samples were grouped according 
to processing stage and randomly selected within each 
group to  ensure representative variability for  chemo-
metric modelling. All spectral measurements were 
conducted on intact cocoa nibs (dehulled cotyledons) 
at each processing stage. No grinding or powder prepa-
ration was applied before SW-NIR spectral acquisition. 
Each sample was  scanned twice using the  SW-NIR 
spectrometer, and the  averaged spectrum was  used 
for further analysis.

https://cjfs.agriculturejournals.cz/
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Chemical analysis. Chemical parameters, includ-
ing moisture content, reducing sugars, fat, protein, 
and total phenolic compounds, were measured using 
AOAC-recommended reference methods. All chem-
ical analyses were performed in  triplicate. Moisture 
content was  determined by  the oven-drying meth-
od (AOAC  934.01) at  105  °C until constant weight 
(Forte et al. 2023). Fat  content was  analysed using 
the  Soxhlet extraction method (AOAC  963.15) with 
petroleum ether solvent (Batista et al. 2021). Protein 
content was  determined using the  Kjeldahl meth-
od (AOAC  979.09) with a  nitrogen conversion factor 
of 6.25. Reducing sugars were analysed using the DNS 
method with absorbance measurements at  a  wave-
length of 543 nm (Batista et al. 2021). Total phenolic 
content (TPC) was analysed using the Folin–Ciocalteu 
method and expressed as  gallic acid equivalents (mg 
GAE·g–1 sample) (Hernández-Hernández et al. 2022).

SW-NIR spectral acquisition. Spectral measure-
ments were performed using a  Flame-NIR+Spec-
trometer (Ocean Optics, USA) in  the wavelength 
range of  954–1  700  nm in  reflectance mode. Mea-
surements were conducted under laboratory condi-
tions at 25 ± 2 °C. The probe was positioned at a fixed 
distance (~10 mm) from the sample surface. The inte-
gration time was set to 400 ms, and 35 scans were av-
eraged for each spectrum. Each sample was measured 
at  two different positions, and the spectra were aver-
aged to reduce local heterogeneity.

Chemometric and statistical analysis. Spectral 
data were pre-processed using four different mathe-
matical pretreatment methods: Savitzky–Golay de-
rivatives, multiple scatter correction (MSC), standard 
normal variate (SNV), and normalisation. The dataset 
was divided into calibration (80%) and validation (20%) 
sets using stratified sampling to maintain proportional 
representation across processing stages. The  number 
of  calibration and validation samples varied among 
quality parameters because several cocoa nib sam-
ples did not have complete laboratory reference mea-
surements for  all chemical analyses. Consequently, 
each PLSR model was developed using the maximum 
number of  valid observations available for  the cor-
responding parameter, ensuring that  only complete 
paired spectral and reference data were included 
in model calibration and validation. Outlier detection 
was  performed using principal component analysis 
(PCA) based on Hotelling's T2 and Mahalanobis dis-
tance. Partial least squares regression (PLSR) models 
were developed separately for each quality parameter. 
The  optimal number of  latent variables was  select-

ed based on the  lowest cross-validation error. Model 
performance was evaluated using the coefficient of de-
termination (R2), root mean square error (RMSE), and 
residual prediction deviation (RPD) (Masithoh et al. 
2024). The goal of PLSR is to find the linear relationship 
between the X (independent variable) and Y variables 
(dependent variables) using an m × q matrix B of re-
gression coefficients and an  error matrix E (Kandpal 
et al. 2016).

Regression coefficients were used to evaluate the rel-
ative contribution of  individual wavelengths to  each 
PLSR model. Within a given model, wavelengths with 
larger absolute β-coefficients were interpreted as hav-
ing a  stronger relative contribution to  prediction, 
whereas  coefficients close to  zero indicated a  small-
er contribution. The  sign of  the coefficient indicates 
the direction of  the relationship between spectral re-
sponse and the  predicted reference value. Because 
adjacent SW-NIR wavelengths are highly collinear, 
β-coefficients were interpreted primarily within indi-
vidual models and in  relation to  broader spectral re-
gions rather than as independent effects of individual 
wavelengths.

Pearson correlation analysis was  performed us-
ing laboratory reference measurements of  moisture 
content, fat  content, protein content, reducing sugar, 
and total phenolic content (TPC). Correlation coeffi-
cients were calculated separately for  each processing 
stage (fresh, fermented, dried, and roasted cocoa nibs) 
to evaluate pairwise relationships among the measured 
quality parameters. Statistical significance was  as-
sessed at P < 0.05.

All spectral preprocessing, principal component 
analysis (PCA), partial least squares regression (PLSR), 
and statistical analyses were performed using Py-
thon  3.11. Data processing and model development 
were conducted using NumPy, Pandas, SciPy, Scikit-
learn, and Matplotlib libraries.

RESULTS AND DISCUSSION

SW-NIR spectral characteristics. Similar overall 
trends of  the SW-NIR spectra (954–1  700  nm) were 
observed across all processing stages, with differenc-
es in  absorption intensities reflecting compositional 
changes. O-H, C-H, and N-H functional groups were 
associated with major absorption bands.

Figure  3B shows the  spectra pre-processed as  the 
Savitzky–Golay second derivatives for  four different 
post-harvest cocoa processing stages: fresh beans, fer-
mentation, drying and roasting in  their own interval 
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(B)(B)

Figure 3. The averaged SW-NIR reflectance spectra of four stages of cocoa nibs using (A) original spectra and (B) 
SGD2 spectra

SW-NIR – short-wave near infrared; SGD2 – Savitzky-Golay second derivative

Component Sample
Calibration set Validation set

n Min–Max Mean SD n Min–Max Mean SD

Water 
content 

RCB 140 28.4–51.0 33.69 4.71 38 28.5–51.0 37.4 7.34
FCB 133 39.2–47.7 43.33 2.69 36 39.4–47.4 43.95 2.62
DCB 144 4.0–5.6 4.83 0.63 40 4.0–5.6 4.71 0.65
RSCB 142 2.5–5.6 3.93 1.31 39 2.5–5.6 4.36 1.33

Reducing 
sugar 

RCB 129 9.3–12.8 10.49 0.81 36 9.4–12.7 10.39 0.73
FCB 144 7.2–12.9 10.87 1.3 40 7.1–12.9 10.88 1.52
DCB 78 2.7–13.3 8.27 3.15 21 3.7–13.5 7.27 3.16
RSCB 141 3.0–7.3 4.81 1.28 39 3.9–7.3 5.26 1.34

Fat

RCB 102 57.2–74.1 68.33 4.24 28 57.4–74.2 68.38 4.89
FCB 100 70.2–75.9 73.22 1.93 27 70.2–75.8 72.88 2.01
DCB 144 72.7–75.7 74.04 0.49 40 71.8–75.8 73.94 0.75
RSCB 131 70.5–75.9 72.77 0.81 36 70.5–75.9 72.74 0.91

Protein

RCB 136 1.8–2.8 2.13 0.25 37 1.8–2.7 2.14 0.26
FCB 144 1.2–2.1 1.51 0.33 40 1.2–2.0 1.61 0.35
DCB 126 1.1–1.3 1.24 0.04 34 1.1–1.3 1.23 0.04
RSCB 136 1.1–1.2 1.2 0.03 38 1.1–1.2 1.19 0.04

Total 
phenolic 
content 
(TPC)

RCB 144 1.3–14.4 6.04 3.7 40 1.3–14.6 5.4 3.56
FCB 111 6.0–8.8 7.37 0.79 31 6.0–8.9 7.38 0.84
DCB 144 16.6–36.3 28.45 5.76 40 16.7–36.2 29.2 5.59
RSCB 142 2.5–5.6 3.93 1.31 39 2.5–5.6 4.36 1.33

Table 1. Statistical characteristics of calibration and validation datasets for cocoa nib quality parameters at different 
processing stages

RCB – fresh cocoa nibs; FCB – fermented cocoa nibs; DCB – dried cocoa nibs; RSCB – roasted cocoa nibs

(900–1  700  nm). Savitzky–Golay second derivatives 
enhance spectral resolution and remove baseline drift 
as well as scattering effects, separating overlapping ab-
sorption bands. The  indicators of  moisture appeared 
as peaks that occurred at approximately 970–1 000 nm 
and 1 440–1 470 nm, which indicate decreasing trend 
in intensity from fresh to roasted samples (Anyidoho et 
al. 2021).​ The bands around 1 200–1 250 nm associated 

with reducing sugars were related to the carbohydrate 
transformations during fermentation and roasting ​
(Agussabti et al. 2020). Absorption due to fats was ob-
served at  1  200–1  300  nm and 1  700  nm (overtones 
of C-H) (Castillejos-Mijangos et al. 2023). Protein sig-
nals around 1 510–1 535 nm could be identified (Batis-
ta et al. 2021), and TPC related features were obtained 
in the areas of 1 100–1 150 nm and 1 400–1 450 nm (Xu 

(A)(A)
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et al. 2025). These spectral characteristics show that the 
SW-NIR is adequate for the identification of biochemi-
cal changes that occur during cocoa processing.

Moisture content, reducing sugars, fat, protein 
and total phenolic content of  cocoa nib samples 
taken from the  processing stages are expressed 
as  means  ±  SD (Table  1). These values are cuba-
ture measurements taken from laboratory sample 
of  cocoa nib at  each stage. Since the  cocoa pods 
were harvested at  different stages of  ripening then 
subjected to  diverse postharvest processing, such 
as fermentation, drying, and roasting, some variabil-

ity between samples was anticipated. Thus, in order 
to summarise the overall compositional profile and 
the variation of cocoa nibs through each processing 
stage, the average values presented in Table 1 were 
considered.

The spectral data were combined with their reference 
values an  d divided into calibration et and validation 
set in which specific information is displayed in Table 1 
before PLS regression. Different statistical properties 
of  the calibration and validation sets (including mois-
ture, reducing sugar, fat, protein and total phenolic con-
tent) for each processing stage are shown in Table 1.

(A)(A)

(C)(C) (D)(D)

Figure 4. Scatter plots between measured and SW-NIR-
predicted values obtained from the best PLSR models 
for (A) moisture content in roasted cocoa nibs; (B) reduc-
ing sugars in roasted cocoa nibs; (C) fat content in fer-
mented cocoa nibs; (D) protein content in fermented cocoa 
nibs, and (E) total phenolic content in roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least 
squares regression

(B)(B)

(E)(E)
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The ranges and standard deviations of  fat  and pro-
tein across stages were relatively small, indicating 
a  more constant distributions compared to  the other 
nutrients. In contrast, TPC showed a  larger variation 
after drying. While this numerical variability is useful 
for  model building, if the  data are not well modelled 
they may be subjected to smaller but higher prediction 
errors (Thukral et al. 2019). Conversely, if the variabil-
ity is too little, it may be hard for the model to identify 
any worthwhile trends (Li 2016). In general, a balanced 
dataset is important to have reliable model calibration.

PLSR model performance. A  Pearson correla-
tion was  performed to  determine the  relationships 
among moisture content, fat, protein, reducing sug-
ars and total phenolic content for  each processing 
step (Table 2). In summary, the associations tended 
to be very weak. Very few relationships were statisti-
cally significant (P < 0.05), such as moisture content 
vs. TPC in fresh beans (r = 0.187) and reducing sug-
ars vs. TPC in dried beans (r = 0.182).

One expects that  the diagonal of  a  correlation ma-
trix would contain scores of 1.000, because it indicates 

each variable correlated with itself (and also always 
exactly correlates perfectly). However, the  low coeffi-
cients of correlation generally show that most quality 
parameters changed rather independently during co-
coa processing. The  only meaningful correlations we 
found indicate weak associations between some qual-
ity attributes, but the  low correlation values suggest 
that such associations were weak.

PLSR models performed well overall, although per-
formance was  parameter-dependent and particu-
larly improved after preprocessing of  the spectra. 
Moisture content presented the  maximum variabil-
ity, it was  strongly calibrated and generally improved 
prediction. Fat and protein were moderate predictors 
as their ranges of variation offered less (in comparison) 
variability for  prediction. The  decrease of  reducing 
sugars seen during stages of  processing reflects fer-
mentation and Maillard reactions, which these trends 
suggest have been well captured through the spectrum. 
Of  note, the  predictions of  proteins were very accu-
rate, substantiating a constant correlation with respect 
to the N-H absorption bands.

Sample Component Moisture Fat Protein Reducing sugar TPC

RCB

Moisture 1.000 –0.098 0.043 –0.048 0.187
Fat –0.098 1.000 0.063 –0.038 –0.106

Protein 0.043 0.063 1.000 0.037 0.095
Reducing sugar –0.048 –0.038 0.037 1.000 0.055

TPC 0.187 –0.106 0.095 0.055 1.000

FCB

Moisture 1.000 –0.052 –0.051 0.110 0.014
Fat –0.052 1.000 –0.083 0.003 0.150

Protein –0.051 –0.083 1.000 –0.039 0.054
Reducing sugar 0.110 0.003 –0.039 1.000 0.058

TPC 0.014 0.150 0.054 0.058 1.000

DCB

Moisture 1.000 –0.143 0.173 0.138 –0.043
Fat –0.143 1.000 0.087 –0.073 0.062

Protein 0.173 0.087 1.000 0.010 –0.060
Reducing sugar 0.138 –0.073 0.010 1.000 0.182

TPC –0.043 0.062 –0.060 0.182 1.000

RSCB

Moisture 1.000 0.061 –0.045 –0.001 –0.012
Fat 0.061 1.000 –0.109 0.090 0.033

Protein –0.045 –0.109 1.000 –0.054 –0.002
Reducing sugar –0.001 0.090 –0.054 1.000 0.104

TPC –0.012 0.033 –0.002 0.104 1.000

TPC – total phenolic content; RCB – fresh cocoa nibs; FCB – fermented cocoa nibs; DCB – dried cocoa nibs; RSCB – roasted 
cocoa nibs

Table 2. Pearson correlation coefficients calculated from laboratory reference measurements of cocoa nib quality 
parameters at different postharvest processing stages

https://cjfs.agriculturejournals.cz/
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These findings are consistent with previous stud-
ies reporting the  potential of  NIR spectroscopy 
for  predicting multiple cocoa quality attributes, 
including moisture and protein (Hashimoto et al. 
2018; Hernández-Hernández et al. 2022). The com-
paratively lower performance of  fat  prediction 
in  the present study may be related to overlapping 
C-H absorptions, matrix effects in intact cocoa nibs, 
and the  restricted spectral range, which may limit 
the availability of more specific lipid-related spectral 
information. Total phenolic content varied mark-
edly across processing stages, with the lowest mean 
value observed after roasting. This stage-dependent 
variation is consistent with the  complex transfor-
mations of cocoa polyphenols during fermentation, 
drying, and roasting, including oxidation, polymeri-
sation, and thermal degradation (Calvo et al. 2021; 
Alean et al. 2022; La Mantia et al. 2023). In  sum-
mary, spectral preprocessing reduces noise and 
the  spectra tend to  highlight information that  is 

chemically meaningful which leads to better model 
performances. These results indicate that  SW-NIR 
spectroscopy and PLSR can be employed as non-de-
structive methods to predict several quality of cocoa 
nibs in postharvest processes. 

The best PLSR models for  the quality parameter 
of  cocoa across all processing stages can be found 
in Table 3. The most robust predictions derived from 
moisture more generally, particularly for roasted cocoa 
nibs (R2P = 0.984; RPD = 7.998). This may be associated 
with the  strong O-H absorption bands found in SW-
NIR range. Additionally, in  fermented and roasted 
samples, protein and reducing sugars showed R2P val-
ues greater than 0.94 and RPD values over 4.0, indicat-
ing excellent calibration accuracy.

In contrast, fat and total phenolic content had lower 
predictive performances across several stages. For ex-
ample, fat in fresh cocoa nibs (R2P = 0.741; RPD = 1.967); 
total phenolic content in dried cocoa nibs (R2P = 0.824; 
RPD  =  2.383). This might be attributable to  overlap-

Sample Component Preprocess-
ing R2C RMSEC R2P RMSEP RPD

RCB

1. Water content SG1 0.947 1.081 0.919 2.058 3.522
2. Reducing sugar SG2 0.949 0.183 0.867 0.262 2.741
3. Fat SG2 0.835 1.713 0.741 2.442 1.967
4. Protein SG1 0.920 0.071 0.877 0.090 2.847
5. Total phenolic content SG1 0.976 0.567 0.945 0.825 4.262

FCB

1. Water content SG1 0.944 0.668 0.863 1.234 2.700
2. Reducing sugar SG1 0.951 0.287 0.944 0.357 4.209
3. Fat SG1 0.937 0.481 0.910 0.593 3.329
4. Protein SG1 0.994 0.025 0.992 0.031 10.992
5. Total phenolic content SG1 0.922 0.221 0.874 0.294 2.817

DCB

1. Water content SG1 0.976 0.097 0.957 0.133 4.816
2. Reducing sugar SG1 0.965 0.585 0.891 1.021 3.023
3. Fat SG1 0.914 0.143 0.902 0.233 3.198
4. Protein SG1 0.944 0.009 0.870 0.015 2.774
5. Total phenolic content SG1 0.950 1.280 0.824 2.318 2.383

RSCB

1. Water content SG1 0.989 0.140 0.984 0.164 7.998
2. Reducing sugar SG1 0.975 0.201 0.958 0.272 4.860
3. Fat SG1 0.925 0.221 0.863 0.332 2.698
4. Protein SG1 0.979 0.005 0.966 0.007 5.413
5. Total phenolic content SG1 0.973 0.008 0.954 0.008 4.646

Table 3. Best performance of PLSR (partial least squares regression) models for all components of cocoa nibs at each 
process stage

SG1 – Savitzky–Golay first derivative; SG2 – Savitzky–Golay second derivative; R2C and R2P – coefficient of determi-
nation in calibration and prediction of the regression line, respectively; RMSEC and RMSEP – root mean square error 
in calibration and prediction, respectively; RPD – residual prediction deviation; RCB – fresh cocoa nibs; FCB – fermented 
cocoa nibs; DCB – dried cocoa nibs; RSCB – roasted cocoa nibs
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ping absorption bands together with lipid and phenolic 
compounds – whose spectra are less attractive in the 
SW-NIR region. Such conclusions have been reported 
in previous cocoa spectroscopy studies (Hashimoto et 
al. 2018; Batista et al. 2021).

Savitzky–Golay derivative preprocessing also consis-
tently ranked as the highest for most quality parameters 
across the board. This indicates that the derivatives with 
reduced baseline shifts and scattering effects also en-
hanced chemical information extraction from spectra.

Figure 4 presents the measured versus predicted plots 
obtained from the best PLSR models for each evaluat-
ed quality parameter. The selected models were chosen 
based on the highest R² values and lowest prediction 
errors among the evaluated preprocessing techniques 
and cocoa processing stages.

Lastly, the predicted values were well within the re-
gression line, demonstrating that  our results are 
in good agreement with those that we have predicted. 
While moisture, protein and reducing sugars tended 

to  be very close clustered/packed around the  regres-
sion line; fat  and total phenolic content on the  other 
hand seemed to deviate more from that regression line 
in some of the processing stages. These trends corrobo-
rate the patterns observed in the statistical results pre-
sented in Table 3 and lend support to our hypothesis 
that representational meaning is being captured in the 
developed PLSR models.

Interpretation of  regression coefficients. Re-
gression coefficient (β-coefficient) analysis was  per-
formed to  determine the  significant wavelengths 
associated with each PLSR prediction model (Ma-
hesh et al. 2015). The  β-coefficient profiles derived 
from the  optimal preprocessing models on cocoa 
nibs at different processing stages are depicted in Fig-
ures  5–9. In  this context, β-coefficients emphasise 
the  wavelengths that  contribute most to  predicting 
chemical parameters and illustrate how sample com-
position relates to  specific absorption band regions 
(Jiang et al. 2023). 

Figure 5. β-coefficients from PLSR models based on SW-NIR spectra for moisture content of (A) fresh cocoa nibs; 
(B) fermented cocoa nibs; (C) dried cocoa nibs; (D) roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least squares regression

(A)(A) (B)(B)

(C)(C) (D)(D)
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These profiles also suggest how the spectral (β-coef-
ficient) plots were inspected to interpret how the PLSR 
models distributed predictive information across 
the  SW-NIR spectral range, rather than merely as-
signing signals to absorption bands previously identi-
fied in earlier work. In general, regression coefficients 
in PLSR can be interpreted to estimate how influential 
each individual wavelengths is: larger absolute coeffi-
cient values indicate greater relative influence of  the 
associated spectral variables on the predicted response 
(Wu et al. 2023). Positive and negative coefficients in-
dicate an  opposite direction of  association between 
the spectral variables and the response. However, these 
signals and magnitudes should be cautiously interpret-
ed due to  influences by  spectral scaling, preprocess-
ing PSR latent-variable structures, and interference 
among correlated wavelengths (Reggente et al. 2019). 
Typically, neighbouring wavelengths are strongly cor-
related in  spectroscopic datasets. Thus, pronounced 
oscillations in  the regression-coefficient profiles may 
represent no true chemical and wavelength-specific 
information but multicollinearity or spectral interfer-
ences (Zheng et al. 2024). Consequently, localised co-

efficient maxima ought to be considered as belonging 
to  larger, chemically relevant spectral domains and 
interpreted in  the context of  established O-H, C-H, 
and N-H absorption bands. Rather, β-coefficients were 
considered as complementary evidence for an under-
standing of  the model behaviour, while independent 
validation statistics (i.e. R2P, RMSEP, and RPD) were 
primarily used to assess reliability and predictive per-
formance (Fodor et al. 2024). 

Regression coefficient analysis indicated that  the 
most important wavelengths for  predictions related 
to O-H, C-H, and N-H absorption bands. As for mois-
ture, various O-H regions associated with water were 
detected as similar values of β-coefficients in the vicini-
ty of 970–1 000 nm and 1 440–1 470 nm among all four 
processing types (Figure 5). We find that  spectral re-
gions correspond to known water-sensitive NIR bands: 
near 970 nm due to O-H absorption from water and 
the range of 1 400–1 490 nm driven by O-H-related ab-
sorptions and moisture (Teye 2022; Forte et al. 2023). 
The importance of these regions in the current models 
indicates that  there were spectral changes associated 
with moisture present, and these contribute positively 

(C)(C) (D)(D)

Figure 6. β-coefficients from PLSR models based on SW-NIR spectra for reducing sugar of (A) fresh cocoa nibs; (B) 
fermented cocoa nibs; (C) dried cocoa nibs; (D) roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least squares regression

(A)(A) (B)(B)
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to PLSR predictions; it is not just that the model cap-
tured features corresponding with absorption bands 
already reported. Such an  interpretation also agrees 
with the large differences between reference moisture 
values at  different stages, i.e. higher in  fresh and fer-
mented nibs than in dried and roasted nibs (Table 1). 
Moisture profiles of  cocoa beans are altered over 
the course of fermentation as structural changes to the 
cellular matrix take place triggering mass transfer be-
tween cells. Subsequently, a clear decrease in moisture 
content is even obtained through drying (Ackah and 
Dompey 2021; Calvo et al. 2021). Roasting favours wa-
ter removal from cocoa nibs, as recently demonstrated 
by de Souza et al. (2024): subjected to under roasting 
at 135 °C for 35 min resulted in moisture levels of al-
most equal to 3%. Despite the  large drop in moisture 
after drying and roasting, the  O-H-related regions 
still contributed significance to  each PLSR model. 
The  same effect was  reflected in  the predictive per-
formance: R2P and RPD for moisture models changed 

from 0.919/3.522 (fresh nibs), to  0.957/4.816 (dried 
nibs), to 0.984/7.998 for roasted nibs (Table 3). In gen-
eral, these results suggest that  the moisture models 
adequately explained systematic, water-related spec-
tral variability over the full spectrum of moisture con-
ditions. Nevertheless, those patterns of  β-coefficient 
should be interpreted jointly with the  independent 
prediction statistics. 

In the case of reducing sugars, the most important 
β-coefficient features were also detected in ranges in-
cluding ~1  200–1  250  nm (Figure  6). The  particular 
of  the spectrum corresponds to NIR signals that  re-
act with carbohydrates. Recent works have associ-
ated features from the ~1 176–1 212 nm range with 
the  second overtone of  C-H stretching in  carbohy-
drates and reported additional carbohydrate-related 
features around 1  200–1  240  nm (López-Calabozo 
et al. 2024). As NIR absorption bands are broad and 
frequently overlap, however, these coefficients cannot 
be regarded as  unique signatures for  reducing sug-

(A)(A)

Figure 7. β-coefficients from PLSR models based on SW-NIR spectra for fat of (A) fresh cocoa nibs; (B) fermented 
cocoa nibs; (C) dried cocoa nibs; (D) roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least squares regression

(B)(B)

(C)(C) (D)(D)
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(B)(B)

(D)(D)

Figure 8. β-coefficients from PLSR models based on SW-NIR spectra for protein of (A) fresh cocoa nibs; (B) fermented 
cocoa nibs; (C) dried cocoa nibs; (D) roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least squares regression

ars. Rather, the pattern is indicative of PLSR models 
drawing on carbohydrate-related spectral informa-
tion in  conjunction with co-varying changes in  the 
cocoa matrix. The differences in β-coefficient patterns 
between the fresh, fermented-dried and roasted nibs 
also support that reducing sugars are liable during co-
coa processing. At  fermentation, although reducing 
sugars in the bean may be decreased because they are 
used up in biochemical reactions, it can also increase 
due to  carbohydrate hydrolysis and diffusion of  re-
ducing sugars from surrounding pulp. Thus, the  net 
change depends on which processes take over (Calvo 
et al. 2021). That  balance produced reference mean 
values for  fresh and fermented nibs that  were simi-
lar (10.49 and 10.87, respectively), followed by  low-
er values after drying (8.27) and roasting processes 
(4.81) in the study (Table 1). Reducing sugars are ma-
jor Maillard reaction precursors and can decrease 
in  roasting as  aroma compounds form. Reducing 
sugars have also been found to decrease during roast-

ing in  experimental cocoa studies (Andi Pallawa et 
al. 2023; Moreno-Trujillo et al. 2024). Despite these 
substantial changes in composition and matrix types, 
prediction ability of the fermented and roasted reduc-
ing-sugar models remained relatively good, with R2P/
RPD values of 0.944/4.209 and 0.958/4.860 (Table 3). 
In general, these results indicate that the β-coefficient 
spatial distributions contain relevant predictive in-
formation associated with reducing-sugar variations 
at loaf and bran processing transitions. However, they 
do not provide support for a single sugar-specific ab-
sorption band.

The contributions to  β-coefficient profiles from 
fat  occurred mainly in  the C-H-related region at  ap-
proximately 1  200–1  300  nm, with strength, distri-
bution varying by  processing stages (Figure  7). This 
is chemically reasonable for  predicting fat  as  a  lower 
fraction of  lipid in  cocoa beans and NIR absorption 
~1 200 nm has been assigned to C-H vibrations related 
to fat in cocoa (Forte et al. 2023). However, the absorp-

(A)(A)

(C)(C)
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(A)(A) (B)(B)

(D)(D)

Figure 9. β-coefficients from PLSR models based on SW-NIR spectra for total phenolic content of (A) fresh cocoa 
nibs; (B) fermented cocoa nibs; (C) dried cocoa nibs; (D) roasted cocoa nibs

SW-NIR – short-wave near infrared; PLSR – partial least squares regression

tions related to the lipids do not take place in only one 
area. We reported that first-overtone C-H bands from 
CH2 groups are generally stronger at 1 725–1 744 nm 
(Forte et al. 2023). The SW-NIR range used in the cur-
rent work extended only to 1 700 nm, thus those rela-
tively stronger lipid bands fall outside of the measured 
spectral window. Consequently, the  fat  models relied 
primarily on short-wavelength C-H information and 
multivariate covariance with extraneous spectral vari-
ation in the cocoa matrix alone. This restricted spectral 
coverage (combined with C-H signal overlapping those 
from lipids and other organic constituents) may partly 
account for the lower fat prediction accuracy in com-
parison to moisture, reducing sugar, protein and total 
phenolic content.

The variation in  stage-specific β-coefficients also 
must be considered contextually where shifts in  co-
coa matrix do not directly serve as evidence towards 
denouncing large lipid synthesis or degradation via 
processing. Fermentation of  cocoa has  been shown 

to  induce small changes in  total fat  and fatty-acid 
composition (Calvo et al. 2021; Herrera-Rocha et al. 
2022), while roasting too has only been reported to in-
duce limited relative changes in total lipid content on 
a dry-matter basis (Moussoyi Moundanga et al. 2024). 
However, in this study, mean fat values increased from 
68.33 in  the fresh nibs to  73.22 and 74.04 in  the fer-
mented and dried nibs, respectively, and finally de-
creasing slightly to  72.77 in  roasted nibs (Table  1). 
Thus, these differences need to  be interpreted with 
caution as relative composition and spectral respons-
es can change due to  variations in  moisture content 
and/or matrix structure during fermentation, drying, 
and roasting that may or may not correspond direct-
ly to  changes in  the absolute lipid fraction. Indices 
obtained with PLSR exhibited this variability: R2P/
RPD = 0.741/1.967 (fresh), 0.910/3.329 (fermented), 
0.902/3.198 (dried) and 0.863/2.698 (roasted) respec-
tively (Table 3). The worse performance for fresh nibs 
– on the  contrary even when chemically plausible 

(C)(C)
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C-H-related coefficients are present – demonstrates 
that  assigning coefficients to  the 'correct' region is 
not sufficient. Instead, the prediction of  lipid content 
was dependent on the accessibility of spectral informa-
tion related to lipids alone (not overlapping with other 
constituents) and how the physical and chemical ma-
trix of the intact cocoa nibs changed upon processing.

In the  protein, the  significant β-coefficient 
contributions occurred in  1  510–1  535  nm that  is 
associated with N-H region (Figure  8). It is a  well-
known protein sensitive region in SW-NIR associated 
with N-H absorption (Forte et al. 2023; van Rooyen et 
al. 2023). The shifts in coefficients through process-
ing stages reflect what  happens to  proteins within 
cocoa while it is processed. Peptides and free ami-
no acids are generated due to these storage proteins 
underwent proteolysis through fermentation. Then, 
these compounds enter Maillard-related reactions 
during roasting (Calvo et al. 2021; Peña-Correa et al. 
2023; Balcázar-Zumaeta et al. 2024). Protein predic-
tions were strongest for fermented and roasted nibs, 
R2P;RPD: 0.992;10.992 and 0.966;5.413, indicating 
protein spectral properties were captured at  those 
stages. However, the fact that dried nibs (R2P = 0.870; 
RPD = 2.774) were accompanied with less good per-
formance shows that  simply finding β-coefficient 
for  chemically plausible N-H wavelengths does not 
automatically mean excellent predictive accuracy. 
The β-coefficient profiles should therefore be treated 
as  component signatures of  the overall multivariate 
response of the cocoa matrix, and not as isolated pro-
tein absorption markers.

The β-coefficient profiles for TPC were distribut-
ed over several spectral regions, including approxi-
mately 1 100–1 150 and 1 400–1 450 nm (Figure 9). 
The  region around 1  400–1  450  nm is a  chemical-
ly logical basis for  phenolic-difference variation, 
as  NIR responses in  the 1  400 and 1  440  nm have 
been associated with aliphatic alcohols and phenolic 
O-H groups existing in cocoa. Nonetheless, signals 
close to 1 450 nm may be affected by contributions 
overlapping with water and other O-H-contain-
ing compounds (Forte et al. 2023). Consequently, 
the  coefficients observed in  those regions should 
be interpreted as multivariate descriptors of pheno-
lic-like compositional changes and not for  specific 
phenolic compounds. This explanation is consistent 
with the significant changes observed in cocoa poly-
phenols during processing. Polyphenols will diffuse 
during fermentation and be oxidised by  enzymes 
converting flavanols and procyanidins into oxidised, 

polymerised products (Calvo et al. 2021). Oxidative 
changes can continue during drying, and catechins 
and procyanidins retention or degradation is af-
fected by the drying temperature (Alean et al. 2022; 
Maldonado and Figueroa 2023). The phenolic profile 
can be modified also further during roasting, with 
reductions of  the total phenolic content and also 
several flavanols having been observed in  response 
to thermal processing (La Mantia et al. 2023). TPC 
models performed better for  both fresh and roast-
ed nibs in  this study (Table  3). These differences 
illustrate the same point – these differences demon-
strate that the presence of chemically meaningful 
β-coefficient regions alone may not be sufficient to 
achieve reliable prediction. The quality of prediction, 
therefore, is only dependent on the  transformation 
of  phenolics between the  raw and processed cocoa 
beans, the extent with which spectral signals overlap 
(if present), and upon how processing affects the re-
maining cocoa matrix.

The β-coefficient profiles inferred from the  PLSR 
models demonstrated that  the spectral information 
was  utilised differently in  relation to  quality parame-
ters and processing stages examined. Overall, the  ar-
eas  with chemically plausible coefficients matched 
more fully with higher performing models. However, 
even having coefficients in  the 'right-looking' wave-
length ranges were often not sufficient for  accurate 
predictions – for  instance, the  fat  model using fresh 
nibs and TPC with dried nibs performed worse than 
expected. Regression-coefficient patterns can also be 
influenced by spectral collinearity, sample-matrix fea-
tures, preprocessing options and biologic variability 
(Hayati et al. 2021; Hernández-Hernández et al. 2022; 
Zheng et al. 2024). In that regard, β-coefficients were 
primarily used to assist in  the interpretation of mod-
el behaviour whereas R2P, RMSEP and RPD remained 
our main metrics for predictive performance.

CONCLUSION

In this study, we evaluated the ability of spectrosco-
py (954–1 700 nm) and partial least squares regression 
(PLSR) to  predict moisture content, reducing sugars, 
fat, protein and total phenolic content in  cocoa nibs 
from all postharvest processing stages. The  result-
ing models has  high accuracy for  moisture, reducing 
sugars, protein, and total phenolic content prediction 
while fat prediction was the least accurate. In this anal-
ysis, the contributions of the different wavelengths were 
correlated to O-H, C-H, and N-H absorption bands are 
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evident as  they are associated with key biochemical 
constituents in cocoa nibs. Savitzky–Golay derivatives 
were consistently the  best preprocessing method out 
of  those tested. In  general, the  results demonstrate 
that SW-NIR spectroscopy could evaluate varying bio-
chemical quality traits in cocoa nibs, providing a prac-
tical non-destructive tool to  assist with monitoring 
of  quality during processing. More work using larger 
datasets, additional cocoa varieties and processing 
conditions is needed to test the level of transferability 
and generality of the models.
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