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1 Introduction
Insect-derived products have been widely studied for their 

use in animal feed and human food industries due to their 
nutritional facts such as high protein content (Ding et al., 2019; 
Liu et al., 2021). For labeling declaration and quality control, it 
is necessary to quantitate the amino acid profile, especially the 
essential amino acid contents, which determine the quality of 
insect and insect derived protein products (Li et al., 2018). Amino 
acid profile differs from different insect diets and across different 
insect species (Zhang et al., 2019). Traditional chemical analysis 
methods quantitate the amino acid profile are chromatographic 
methods such as high pressure liquid chromatographic analysis, 
which requires the use of chemical solvent and is time-consuming 
(Liu et al., 2020; Santiago-Saenz et al., 2020). A non-destructive 
and fast method for determining amino acid composition is of 
great need.

In food, feed and pharmaceutical industries, spectroscopic 
study followed by subsequent chemometrics methods has been a 
hot research topic and was proved to be effective in determining 
amino acid composition in a non-destructive and fast manner 
(Farah et al., 2020; Mahboubifar et al., 2016). Research has been 
conducted on prediction of amino acids contents from cereal, 
milk, oilseed rape leaves and mammalian cell cultures using 
spectroscopy spectra, after following multivariate analysis, high 
prediction performance (R2 > 0.90, RPD > 2) were obtained 
(Bhatia et al., 2017; Li et al., 2019a; Yuwa-Amornpitak et al., 
2020). In previous chemometrics studies, mostly commonly 
used multivariate analyses are principal component analysis 
and partial least squares regression (PLSR) (An  et  al., 2017; 
Huang et al., 2021; Wang et al., 2020; Zhang et al., 2021). As the 
mostly commonly and only available multivariate analysis method 
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in many commercial chemometrics software, sometimes PLSR 
does not produce good prediction performances (Liu et al., 2021).

In recent years, novel machine learning methods such as 
decision tree (Ding et al., 2019), and artificial neural networks 
(Li et al., 2020; Sun et al., 2019) were found to be effective in 
predicting food ingredients content from spectroscopic data. 
These machine learning methods may show higher prediction 
performance than PLSR (Li et al., 2020; Liu et al., 2021). These 
novel machine learning methods can be built into the commercial 
chemometrics software and serve as alternative analysis method 
when PLSR does not perform well. However, to the best of the 
authors’ knowledge, these novel machine learning methods 
have not been studied in terms of predicting insect amino acid 
content from spectroscopic data.

In this study, insect samples were scanned with FTIR and 
the spectra were collected to predict amino acid content using 
machine learning analysis. The objective of this study was to 
test the feasibility of predicting amino acid content using FTIR 
spectra data. Machine learning methods including partial least 
square regression, decision tree and radial basis artificial neural 
network were applied to analyze raw and first derivative of the 
raw spectra. The outcome from this study will be helpful to build 
an automatic system to predict amino acid content in a fast and 
non-destructive manner.

2 Materials and methods

2.1 Insect species and amino acid analysis

Fifty insect samples consisting of 9 insect species from 
multiple vendors were purchased from the online stores at 
Taobao.com. The 200 samples represented well different insect 
species commercially available in China. All insect samples were 
received in air dried or microwave dried form and were stored 
at 4 °C in air sealed bags before use. Information of the species 
were shown in Table 1.

Insect protein products are usually defatted on the market. 
Insect samples were defatted using Soxhlet extration with 
petroleum ether prior to amino acid analysis (Zhang  et  al., 
2019). Defatted insect samples were freeze-dried and subjected 
to amino acid composition analysis with an amino acid analyzer 
(S433D, Sykam, Germany) (Liu et al., 2017; Zhang et al., 2019). 
Identification and quantification of amino acids were achieved 
based on their retention times of their peaks (Hou et al., 2020). 

Individual free amino acid values were expressed as g/100 g of 
the freeze-fried sample weight (Li & Wilkins, 2021a). The 11 
essential amino acids were studied based on the FAO/WHO 
requirements (Zhang et al., 2019). The summary statistics for 
their contents were shown in Table 2.

2.2 FTIR acquisition

FTIR spectra acquisition was conducted according to 
Bassbasi et al. (2014) and Liu et al. (2021) with some modifications. 
The transmittance spectra of 200 insect samples were collected 
from the FTIR spectrometer (WQF-510, Beijing Beifen-Ruili 
Analytical Instrument Co., Ltd.), equipped with a deuterated 
triglycerine sulfate KBr detector. Freeze-dried samples were 
pelleted with KBr powders (IR spectroscopy grade, Kermel 
Chemical Group) and placed into the sample holder of FTIR 
instrument for spectral acquisition. For each pellet, spectra 
were recorded at a resolution of 4 cm-1 from 4000 to 400 cm-1 
using MainFTOS software. The average of 16 scans was used as 
a raw spectrum for further data analysis. The experiments were 
conducted in a room that had a controlled ambient temperature 
(25 °C) and relative humidity (30%). The background air and 
KBr spectra were subtracted from all sample spectra.

2.3 Machine learning analysis

Three machine learning methods: partial least squares 
regression (PLSR), decision tree, radial basis artificial neural 
networks (RBANN) were implemented to build prediction 
models between FTIR spectral data of defatted insect samples 
and the amino acid contents determined using chemical analysis. 
As the most commonly and most successfully used multivariate 
analysis method, the PLSR algorithm developed by De Jong 
(1993) was applied in this study. According to a previous study 
in our lab, the number of latent variables was chosen to be 15 
(Liu et al., 2021). For the decision tree model, a regression model 
is fitted at each node and each regression tree is divided in a 
binary form where the response variable is partitioned to form 
homogeneous groups (De’ath & Fabricius, 2000; Li et al., 2018). 
The numbers of splits was equal to the size of data sample minus 
one (Liu et al., 2021). RBANN models the relationship between 

Table 1. Life stage and number of 9 insects.

Scientific name Name Life stage #
Tenebrio molitor Mealworm Larvae 10
Zophobas morio Superworm Larvae 11
Locusta migratoria Locust Adult 6
Bombyx mori Silkworm Pupae 5
Teleogryllus emma Cricket Larvae 3
Acrida cinerea Grasshopper Adult 4
Chrysomya megacephala Oriental latrine fly maggot Larvae 4
Hermetia illucens Black solider fly Larvae 3
Musca domestica Fly Larvae 4

Table 2. Summary statistics for 11 amino acids.

Mean Max Min Standard 
deviation

Lysine 2.92 4.03 1.90 0.50
Phenylalanine 2.08 3.90 1.22 0.56
Methionine 0.74 1.68 0.13 0.37
Threonine 2.01 4.90 1.24 0.51
Isoleucine 2.20 3.08 1.40 0.31
Leucine 3.60 5.49 2.18 0.69
Valine 3.01 4.25 1.87 0.53
Histidine 3.53 5.81 1.80 1.01
Arginine 2.66 3.96 1.58 0.47
Cysteine 0.16 0.39 0.03 0.08
Tyrosine 3.31 4.38 1.93 0.58
Note: all units are in g/100 g.
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the predictors and response variables in a nonlinear approach 
(Rady et al., 2017; Varmuza & Filzmoser, 2009). RBANN is a 
radial-basis neural network formed with two layers with the 
first layer contains a number of neurons that is equal to the 
predictors and the second layer performs linear transformation 
to the response values based on the criterion of minimizing the 
mean square error value (Adedeji et al., 2020). For RBANN, the 
biases were located in both layers and the spread value was set 
to be 1 (Haykin, 1994). For each of the three models, to increase 
the robustness of prediction models, 10-fold cross validation was 
implemented and the optimal parameters were chosen based on 
the minimum root mean square error of validation (RMSEP).

Machine learning model performances were evaluated using 
coefficient of determination (R2), root mean squared error of 
prediction (RMSEP) and the ratio of performance to deviation 
(RPD). The calculations of these parameters can be referred to 
Dai et al. (2014). The more R2 is close to 1, the better the model 
performance is. The more root mean square error of prediction 
(RMSEP) is close to 1, the better the model performance is. By 
combining the ratio of standard deviation and RMSEP, RPD 
presents a relative predictive performance of the established 
model more directly and efficiently than when either R2 or 
RMSEP is used separately (Li et al., 2020; Li & Wilkins, 2021b). 
Generally, the higher the RPD value is, the better and more 
robust the model is (Dai et al., 2014). A value of RPD above 2 

indicates that a good performance of calibration was obtained 
(Guy et al., 2011; Li et al., 2018). Spectroscopy scientists refer 
to model reliability as excellent models with RPD > 2 and fair 
models with 1.4 < RPD < 2 (Li & Wilkins, 2020). All model 
fitting and model performance evaluation were performed in a 
MATLAB computational environment (MATLAB R2016, The 
Mathworks Inc., Natick, MA, USA).

3 Results and discussion

3.1 Insect amino acid statistics

The summary statistics of 11 amino acids is shown in Table 2. 
Among the 11 amino acids, cysteine, tyrosine and arginine are 
always required by infants and growing children, therefore they 
are also included as essential amino acids. Previous studies 
showed there are variations for amino acids among different 
insect species and same insect from different diets (Adedeji et al., 
2020; Zhang et al., 2019). The variations were verified by the 
summary statistics in Table 2.

3.2 FTIR spectra

The sample FTIR raw and first derivative of spectra for 9 
insects is shown in Figure 1. The transmittance for 11 insect 
samples in Figure 1 showed overall similar trends with some 

Figure 1. Sample spectra (raw and first derivative) for nine insects. A: raw spectra, B: first derivative spectra.
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variations for certain regions. There are a few regions in FTIR 
spectra that were usually studied to characterize the structures 
of different proteins and amino acids. For example, Amide A 
(3225-3280 cm−1) are due to the N-H stretching vibration. The 
principal Amide I (1700-1600 cm−1) and Amide II (1600-1500 cm−1) 
regions are mainly associated with the stretching vibrations of 
peptide carbonyl groups (Sun et al., 2020). The overall trends are 
similar for different insects but there are variations among the 
curves, especially for these regions. Compared to raw spectra, first 
derivative spectra may exhibit more information, and previous 
studies showed using derivative spectra as the predictor may lead 
to better prediction than using the raw spectra (Li et al., 2020), 
therefore, first derivative spectra were also used to predict fatty 
acid content in this study.

3.3 Machine learning model performance

The model performances using different machine learning 
methods based on two different input variables are shown in 
Tables 3 and 4. Using raw spectra as the predictors, different 

models tend to perform differently for different amino acids. 
For most amino acids, the highest performing model among 
3 models achieved a R2 of greater than 0.95, a RMSEP less than 
0.1 and a RPD greater than 2. The best-performing model 
is radial basis artificial neural network with a R2 of 0.0.95, a 
RMSEP of 0.06 g/100 g, and a RPD of 3.19 for methionine. As 
the most conventionally and commercially used multivariate 
analysis method, partial least square regression performing 
the best among different models is widely reported in previous 
research using raw spectra (Valdes et al., 2018). In this study, for 
some amino acids, partial least square regression outperforms 
other two models.

However, it is worth noting that for some amino acids, 
partial least square regression model showed bad performance 
for some amino acids, but other two models had higher 
performance than partial least square regression. For example, 
for histidine, R2 and RPD, and RMSEP were just 0.26, 0.90 
g/100 g and 0.95, respectively. However, radial basis artificial 
neural network produced much higher R2 and RPD, and lower 

Table 3. Model performances using FTIR raw spectra to predict 11 essential amino acids.

Amino Acid Method R2 RMSEP (g/100 g) RPD
Lysine PLSR 0.78 0.25 1.59

Decision Tree 0.93 0.17 2.43
Radial basis artificial neural network 0.90 0.17 2.31

Phenylalanine PLSR 0.92 0.23 2.32
Decision Tree 0.19 0.35 0.58
Radial basis artificial neural network 0.94 0.08 2.62

Methionine PLSR 0.80 0.16 1.21
Decision Tree 0.71 0.17 1.12
Radial basis artificial neural network 0.95 0.06 3.19

Threonine PLSR 0.85 0.11 1.95
Decision Tree 0.66 0.16 1.33
Radial basis artificial neural network 0.95 0.07 3.04

Isoleucine PLSR 0.74 0.20 1.51
Decision Tree 0.45 0.24 1.10
Radial basis artificial neural network 0.84 0.14 1.86

Leucine PLSR 0.66 0.50 1.34
Decision Tree 0.39 0.50 1.10
Radial basis artificial neural network 0.96 0.18 3.62

Valine PLSR 0.65 0.38 1.34
Decision Tree 0.67 0.41 1.26
Radial basis artificial neural network 0.73 0.32 1.45

Histidine PLSR 0.26 0.90 0.95
Decision Tree 0.56 0.95 1.22
Radial basis artificial neural network 0.83 0.47 1.82

Arginine PLSR 0.69 0.34 1.34
Decision Tree 0.86 0.33 1.41
Radial basis artificial neural network 0.78 0.24 1.58

Cysteine PLSR 0.68 0.05 1.32
Decision Tree 0.67 0.05 1.36
Radial basis artificial neural network 0.85 0.03 1.92

Tyrosine PLSR 0.82 0.30 1.77
Decision Tree 0.96 0.17 3.14
Radial basis artificial neural network 0.91 0.27 2.22

Note: PLSR: partial least squares regression; R2: coefficient of determination for regression; RPD: the ratio of performance to deviation; RMSEP: root mean squared error of prediction.
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RMSEP for histidine prediction. For decision tree, R2 and RPD 
are slightly higher, but RMSEP are similar to partial least square 
regression. In this case, the predictions for these amino acids 
are not accurate when partial least square regression is the only 
available prediction model in many commercial chemometrics 
instruments and software. Therefore, decision tree and radial 
basis artificial neural network can be built into the software and 
ensure high prediction performance.

When using first derivative of spectra as predictors, 
overall, the model performances were improved for most of the 
amino acids (Table 4). For lysine, phenylalanine, methionine, 
threonine, isoleucine and leucine, model performances using 
raw spectra were high, at least for one of the three models. For 
other amino acids, using first derivative significantly improved 
the model performances compared to using raw spectra. For 
example, for valine, the performances of three models improved 
using first derivative than using raw spectra. For histidine, the 
performances of partial least square regression and decision 
tree were improved greatly using first derivative than using raw 

spectra; the performance of radial basis artificial neural network 
performances were similar between using raw spectra and first 
derivative. For arginine, the R2 and RPD did not change too 
much but RMSEP decreased a lot. RMSEP is usually regarded 
as the most important metric to evaluate model performance 
among R2, RMSEP and RPD. For cysteine, performances of all 
three models were improved using first derivative compared to 
using raw spectra. Similar results were found in many previous 
studies, model performances were improved using first derivative 
than using raw spectra for fatty acid samples (Liu et al., 2021).

As the first study to predict amino acid content using FTIR 
spectra, the model performances are comparable to previous amino 
acid content prediction using spectroscopic data (Bhatia et al., 
2017; Li et al., 2019b). If more data points were available, higher 
model performance is expected for all of the amino acids. With 
higher performance, a portable FTIR system coupled with 
machine learning methods may be developed in the future to 
realize real-time monitoring amino acid content for large scale 
manufacturing and logistics, like previous studies (LiEskridge& 

Table 4. Model performances using FTIR first derivative of raw spectra to predict 11 essential amino acids.

Amino Acid Method R2 RMSEP (g/100 g) RPD
Lysine PLSR 0.92 0.20 2.51

Decision Tree 0.87 0.28 1.85
Radial basis artificial neural network 0.93 0.14 2.88

Phenylalanine PLSR 0.94 0.18 2.85
Decision Tree 0.80 0.16 1.24
Radial basis artificial neural network 0.97 0.05 4.07

Methionine PLSR 0.85 0.12 1.60
Decision Tree 0.85 0.17 1.14
Radial basis artificial neural network 0.93 0.07 2.63

Threonine PLSR 0.89 0.10 2.27
Decision Tree 0.95 0.08 2.99
Radial basis artificial neural network 0.85 0.14 1.65

Isoleucine PLSR 0.77 0.16 1.61
Decision Tree 0.95 0.09 2.99
Radial basis artificial neural network 0.79 0.16 1.59

Leucine PLSR 0.81 0.32 1.72
Decision Tree 0.79 0.40 1.66
Radial basis artificial neural network 0.91 0.28 2.41

Valine PLSR 0.77 0.29 1.61
Decision Tree 0.98 0.10 4.71
Radial basis artificial neural network 0.84 0.27 1.91

Histidine PLSR 0.74 0.71 1.54
Decision Tree 0.96 0.41 2.69
Radial basis artificial neural network 0.76 0.60 1.42

Arginine PLSR 0.65 0.27 1.37
Decision Tree 0.86 0.19 1.96
Radial basis artificial neural network 0.74 0.27 1.40

Cysteine PLSR 0.84 0.04 1.89
Decision Tree 0.94 0.02 2.73
Radial basis artificial neural network 0.92 0.03 2.70

Tyrosine PLSR 0.97 0.13 4.41
Decision Tree 0.87 0.29 2.07
Radial basis artificial neural network 0.94 0.18 2.97

Note: PLSR: partial least squares regression.
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Wilkins2019). Next step would be to predict amino acid content 
from whole insect powder. Wavelength selection would be also 
of interest for reducing memory and computation cost. For 
example, particular wavelengths within the regions of Amide 
A (3225-3280 cm−1), principal Amide I (1700-1600 cm−1) and 
Amide II (1600-1500 cm−1) may provide reliable predictions for 
amino acid without the need to do full scan from 4000-400 cm−1 
(Sun et al., 2019).

4 Conclusion
In this study, FTIR followed by machine learning analysis 

was employed to predict amino acid contents of 9 commercial 
insects. Machine learning analysis on the spectral data was proved 
to be effective predicting PHB production. Decision tree and 
radial basis artificial neural network modeling can produce good 
prediction performances when partial least square regression does 
not perform well. Using first derivative of spectra as predictor to 
predict amino acid led to higher performance compared to using 
raw spectra as predictors. The highest-performing model was 
radial basis artificial neural network with a R2 of 0.97, a RMSEP 
of 0.05 g/100 g, and a RPD of 4.07 using first derivative of raw 
spectra for phenylalanine. With high-performing prediction 
models, portable or online spectrometers may be developed 
to quantitate amino acid content in a fast and non-destructive 
manner to help label declarations and quality control.
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