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A B S T R A C T   

Triglyceride and glucose levels are important indicators for determining metabolic syndrome, one 
of the leading public-health burdens worldwide. Drosophila melanogaster is an ideal model for 
investigating metabolic diseases because it has 70% homology to human genes and its regulatory 
mechanism of energy metabolism homeostasis is highly similar to that of mammals. However, 
traditional analytical methods of triglyceride and glucose are time-consuming, laborious, and 
costly. In this study, a simple, practical, and reliable near-infrared (NIR) spectroscopic analysis 
method was developed for the rapid determination of glucose and triglyceride levels in an in vivo 
model of metabolic disorders using Drosophila induced by high-sugar or high-fat diets. The partial 
least squares (PLS) model was constructed and optimized using different spectral regions and 
spectral pretreatment methods. The overall results had satisfactory prediction performance. For 
Drosophila induced by high-sugar diets, the correlation coefficient (RP) and root mean square 
error of prediction (RMSEP) were 0.919 and 0.228 mmoL gprot− 1 for triglyceride and 0.913 and 
0.143 mmoL gprot− 1 for glucose respectively; for Drosophila induced by high-fat diets, the RP and 
RMSEP were 0.871 and 0.097 mmoL gprot− 1 for triglyceride and 0.853 and 0.154 mmoL gprot− 1 

for glucose, respectively. This study demonstrated the potential of using NIR spectroscopy com
bined with PLS in the determination of triglyceride and glucose levels in Drosophila, providing a 
rapid and effective method for monitoring metabolite levels during disease development and a 
possibility for evaluating metabolic diseases in humans in clinical practice.   

1. Introduction 

Metabolic syndrome refers to the co-occurrence of several metabolic risk factors including insulin resistance, obesity, atherogenic 
dyslipidemia, and hypertension. It is also a pathophysiological condition that includes type 2 diabetes, non-alcoholic fatty liver 
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disease, gout, cardiovascular disease, and chronic kidney disease [1,2]. Metabolic syndrome can cause elevated blood pressure, tri
glyceride, and fasting glucose, reduced high-density lipoprotein cholesterol, and central obesity. The disease will be diagnosed as 
metabolic syndrome if it has three or more symptoms mentioned above [3]. Almost 33.9% of the Chinese population and around a 
quarter of the world’s population are estimated to suffer from the metabolic syndrome, which seriously affect the quality of human life 
[4–6]. 

A scientific and stable animal model is essential for the in-depth investigation of the pathogenesis of metabolic syndrome. Mice, 
zebrafish, and pigs are often used as animal models in studying metabolic syndrome, but they are not ideal due to long time consuming 
and high cost [7]. Drosophila melanogaster is a model organism that is suitable for studying human diseases due to its low cost, high 
reproducibility, simple genetic material, multiple mutant phenotypes, and easy observation [8,9]. In addition, Drosophila is becoming a 
popular animal model for investigating metabolic diseases because it has 70% homology to human genes and its regulatory mechanism 
of energy metabolism homeostasis is highly similar to that of mammals [10,11]. Currently, many studies have proved that high-sugar 
and high-fat diets can cause blood glucose rise, lipid disorders, obesity, and insulin resistance and eventually lead to type 2 diabetes 
and other chronic metabolic diseases in Drosophila. For example, Drosophila feeding a high-sucrose diet ingested less food and had 
decreased pupal rate, increased pupal mortality, and dramatically increased fat and glycogen levels [12]. Additionally, both 
high-sucrose and high-fat diet feeding can increase fat accumulation, lipid droplets, and the levels of glucose, trehalose, triglyceride 
and free fatty acid in Drosophila [13,14], confirming that high-sucrose or high-fat diet would impair glucose and lipid metabolism and 
cause Drosophila obesity, insulin resistance, and other metabolic diseases. Generally, the levels of triglyceride and glucose are the key 
detection indicators to make a preliminary determination of the health status of the organism, as well as a good predictor of diseases 
such as diabetes and metabolic syndrome. The common methods for analyzing triglyceride and glucose are enzymatic methods [15], 
thin-layer chromatography [16], coupled colorimetric assay [17], gas chromatography–mass spectrometry, and liquid chromatog
raphy–mass spectrometry [18]. Although they are accurate and stable, these methods have some disadvantages such as high cost, 
complex operation, long waiting time, use of organic reagents, and environmental pollution. Therefore, a faster, easier, and more 
efficient method to quantify the levels of triglyceride and glucose needs to be developed. 

A good alternative is near-infrared (NIR) spectroscopy because of the following characteristics: the analysis speed is fast, and the 
spectrum collection of each sample can be completed in about 2 s; the NIR spectrum of the sample can be obtained by transmission or 
diffuse reflection, so the sample can be in any of three forms: solid, liquid and gas; for the NIR spectrum of a sample, multiple 
components in the sample can be analyzed at the same time; cost saving after purchasing the instrument for the first time and it has low 
technical requirements for operators; no reagent is needed during sample preparation, so it does not destroy the sample and pollute the 
environment [19]. NIR spectroscopy covers the spectrum region of 780–2526 nm, and the NIR absorption arises from the overtones 
and combinations of functional groups, such as C–H, O–H, and N–H bonds [20]. The NIR information can be associated with different 
chemical compositions because their molecules contain a large number of hydrogen-containing groups, which lays the theoretical basis 
for the qualitative and quantitative analysis of NIR spectroscopy [21]. Therefore, in NIR analysis, the development of a calibration 
model that correlates the NIR information and chemical parameters is the key step. The better the performance of the calibration 
model, the more accurate the prediction results are. 

In the last decade, NIR spectroscopy has been successfully applied in agriculture [22], drug [23], foods [24,25], petroleum [26], 
textile [27], and environment [28]. And nowadays, NIR spectroscopy has been widely studied and applied for measuring biochemical 
parameters. Bazar et al. utilized NIR spectroscopy to predict total lipids, triglycerides, total cholesterol and high-density lipoprotein 
cholesterol in goose serum samples, and the correlation coefficients of prediction (RP) were 0.864, 0.966, 0.850 and 0.793, respectively 
[29]. Filho et al. applied the NIR spectroscopy to determine the triglyceride level in human plasma. It was found that the multiple 
linear regression model exhibited the satisfactory performance, with the RP and the root mean square error of prediction (RMSEP) were 
0.986 and 20.00 mg dL− 1, respectively [30]. Neves et al. quantitatively analyzed the concentrations of glucose, triglyceride and 
high-density lipoprotein in rat plasma by NIR spectroscopy, and the RMSEP of PLS model were 6.08, 16.07 and 2.03 mg dL− 1, 
respectively [31]. These results showed that glucose, triglyceride and high-density lipoprotein in complex biological fluids can be 
simultaneously determined by NIR spectroscopy. Kasemsumran et al. applied NIR spectroscopy to determine glucose content in bovine 
serum samples. The RP of the PLS model was 0.99, and the RMSEP was 25.31 mg dL− 1 [32]. Xue et al. used on NIR spectroscopy and 
PLS model to measure the glucose content in mice, and the RP and RMSEP were 96.22% and 0.419, respectively [33]. However, as for 
Drosophila model, only one study reported the determination of triglyceride levels and species through NIR spectroscopy [34]. And the 
experiment was conducted under the condition of normal growth of flies. To the extent of our knowledge, the quantification of tri
glyceride and glucose levels in Drosophila induced by high-sugar and high-fat diets via NIR spectroscopy has not been conducted. 

This study aims to develop a rapid NIR methodology for evaluating triglyceride and glucose levels in Drosophila induced by high- 
sugar and high-fat diets. In the development of this methodology, the efficiency of different spectral regions and spectral pretreatment 
methods on the model performance was compared. This study provides an alternative method and potential clinical application for 
monitoring metabolite levels in individuals with metabolic diseases. 

2. Materials and methods 

2.1. Animals 

W1118 Drosophila melanogaster was brought from ECIB-Fungene Drosophila Resource Center. Flies were reared in climatic chambers 
at a temperature of 25 ◦C ± 1 ◦C, humidity of 60% ± 5%, and 12/12 h light/dark cycle. Two types of diets were prepared for the 
experimental flies. The composition of the diets, including normal diet, high-sugar and high-fat diets, is listed in Table 1. 
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2.2. Treatment and sample collection 

Adult flies were permitted to lay eggs on grape juice agar plates with a modest number of yeast extract for 2 h at 25 ◦C. The 
collection process of Drosophila samples induced by high-sugar diets is illustrated in Fig. 1. Three thousand eggs were evenly divided 
into 10 bottles that were fed with high-sugar diets. Timing was started when the eggs were taken into the bottles. Different dietary 
conditions had different effects on the growth rate of Drosophila (Fig. 2). The high-sugar induced flies were collected at the 120th, 
132nd, 144th, 156th, 168th, and 180th h. At each time point, 20 larvae were selected from a culture bottle and evenly distributed 
among two centrifuge tubes. Each centrifuge tube containing 10 larvae was considered as one sample. That is, 20 samples could be 
obtained at each time point. Finally, a total of 120 high-sugar induced Drosophila samples were collected. As for the high-fat induced 
Drosophila, the samples were collected at the 96th, 108th, 120th, 132nd, 144th, and 156th h. The other collection steps were the same 
as those in the high-fat samples. A total of 120 high-fat induced Drosophila samples were finally collected. 

Each sample was washed with phosphate-buffered saline (PBS) to remove food residue on the surface and dried. Then, they were 
mixed with PBS +0.05% Tween-20. The mixture was centrifuged at 12,000 r/min for 15 min at a temperature of 4 ◦C. After centri
fugation, the supernatant was stored in a 1.5 mL tube at − 80 ◦C until analysis. 

2.3. NIR spectral acquisition 

The NIR spectra of Drosophila samples were collected using an Antaris II FT-NIR spectrometer (Thermo Fisher Scientific, USA) with 
RESULT software (version 8.0, Thermo Fisher Scientific, USA). The sample was placed into a quartz cell (1 mm optical path) using a 
disposable 1 mL syringe. After the NIR spectral acquisition, the quartz cell was cleaned three times with deionized water and dried with 
anhydrous ethanol. Each spectrum was recorded within the spectral region of 4000–10,000 cm− 1 at a resolution of 8 cm− 1. The 

Table 1 
Composition of the experimental diets.  

Ingredients Standard diets High-sugar diets High-fat diets 

Water (mL) 100 100 100 
Sucrose (g) 1.6 21.6 1.6 
Glucose (g) 3.2 3.2 3.2 
Corn (g) 8 8 8 
Yeast (g) 3.2 3.2 3.2 
Calcium chloride (g) 0.036 0.036 0.036 
Ager (g) 0.7 0.7 0.7 
Propionic Acid (g) 0.8 0.8 0.8 
Palmitic acid (g) 0 0 2.5  

Fig. 1. Collection of Drosophila melanogaster samples induced by high-sugar diets.  
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absorbance spectra were obtained in the transmissive mode with air as reference standard and were acquired at room temperature 
(25 ◦C ± 1 ◦C). The measurement time for each spectrum was 60 s, and the background spectra were collected every 4 h. Each sample 
was scanned in triplicate, and the average spectrum was used for subsequent data analysis. 

2.4. Determination of glucose and triglyceride 

The determination of glucose and triglyceride levels was performed on an iMagic-V7 automatic biochemical analyzer (Shenzhen 
Icubio Biomedical Technology Co., Ltd., China). The obtained supernatant was taken into two tubes. Based on the biochemical 
analyzer, one tube was used to measure total protein and glucose using the corresponding commercial kits; the other tube was 
incubated for 5 min at 70 ◦C and then used to analyze the triglyceride using the triglyceride assay kit. 

Fig. 2. The developmental morphology of Drosophila melanogaster. NC = normal control, HSD = high-sugar diets, HFD = high-fat diets.  
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2.5. Data analysis 

Data analysis was performed on the TQ Analyst software (Thermo Fisher Scientific, USA). The Mahalanobis distance was used to 
identify outliers. The concentration gradient method was applied for the partition of calibration and prediction sets. The PLS algorithm 
was used for the development of quantitative models of glucose and triglyceride. PLS can extract useful information as much as 
possible by simultaneously decomposing the independent variables (X) and dependent variables (Y) [35]. The PLS models were 
constructed based on the different spectral regions (4500–5500, 5500–6500, 6500–7500, 7500–10,000, and 4000–10,000 cm− 1), and 
their performances were compared. Multiplicative scatter correction (MSC), first derivative-Savitzky–Golay (1D/SG), first 
derivative-Norris (1D/Norris), second derivative-Savitzky–Golay (2D/SG), and second derivative-Norris (2D/Norris) were used as the 
spectral pretreatment methods. Additionally, the optimal number of factors that have a significant influence on the PLS model was 
determined using the cross-validation procedure. 

The performance of quantitative models was evaluated using the root mean square errors of calibration (RMSEC) and prediction 
(RMSEP) and the correlation coefficient of calibration (RC) and prediction (RP) [36]. In general, the model performance is considered 
to be better if the RC/RP is closer to 1 and the RMSEC/RMSEP is closer to 0. 

These indexes were calculated using the following equations: 

Rc=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
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∑
(Ci − Cn)2

√

(1)  

Rp=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 −

∑
(Ci − Ĉi)2
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(4)  

where Ci refers to the reference values; Ĉi refers to the NIR-predicted values; Cn is the average of the reference values in the calibration 
set; Cm is the average of the reference values in the prediction set; n is the number of samples in the calibration set; m is the number of 
samples in the prediction set. 

3. Results and discussion 

3.1. NIR spectral features 

The biochemical molecules containing C–H, N–H, and O–H groups have a corresponding absorption band in the NIR spectral re
gion, which lay the basis for qualitative or quantitative analysis. Fig. 3 shows the raw NIR spectra of 240 abnormal Drosophila samples 
within the wavenumber range of 4000–10,000 cm− 1. No significant differences in spectral characteristics were observed among 

Fig. 3. Raw near-infrared spectra of 240 abnormal Drosophila melanogaster samples.  
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various samples. Obviously, two strong absorption peaks were observed near 6944 and 5155 cm− 1, which arise from the first overtone 
of O–H and the combination of O–H stretching and deformation, respectively [37]. 

3.2. Outlier detection and sample partition 

The outlier samples caused by the variations of measuring environment, instrument, and operation parameters can degrade model 
performance. The Mahalanobis distance, which can detect spectral errors, was used to identify outliers. No outlier sample was 
detected. Thus, all of the 120 high-sugar induced Drosophila samples and 120 high-fat induced Drosophila samples could be used for the 
subsequent model establishment and verification. 

Sample division is essential to achieve a high-performance model. The samples should be divided into two subsets: the calibration 
set and the prediction set. The former is used to establish the model, whereas the latter is used to test the accuracy of the established 
model. To ensure that the division of the calibration set and prediction set was well proportioned, the content grads method was 
adopted [38]. The steps were conducted as follows: first, all the samples were sorted in accordance with the concentrations of the 
corresponding quality parameters; for every five samples, one sample was randomly selected into the prediction set, and the other four 
samples were assigned into the calibration set; finally, among the 120 Drosophila samples, 96 samples were used as calibration samples, 
and 24 samples were used as prediction samples. Table 2 summarizes the statistics of the reference values of glucose and triglyceride in 
the calibration and prediction sets. Regardless of the high-sugar or high-fat group, the ranges of the reference values of glucose and 
triglyceride in the calibration sets covered the ranges of those in the prediction sets, and the mean values of the two subsets were 
similar, indicating that the distribution of samples was uniform. 

3.3. Selection of spectral region 

The NIR spectra contain considerable redundant information that is irrelevant to the target attribute. Thus, the selection of 
characteristic spectral region is essential to obtain a model with good prediction accuracy [39]. As illustrated in Fig. 3, the NIR 
spectrum of Drosophila was a typical NIR spectrum of an aqueous solution, which had two strong absorption bands approximately 
occurring at the ranges of 4500–5500 and 6500–7500 cm− 1. These two absorption bands were mainly related to the O–H bond of water 
molecule, which arises from the combination of O–H stretching and deformation, and the first overtone of O–H, respectively [37]. 
Here, five different spectral regions, including 4500–5500, 5500–6500, 6500–7500, 7500–10,000, and 4000–10,000 cm− 1, were 

Table 2 
Statistical results of the reference values of glucose and triglyceride in the calibration and prediction sets.  

Group (N = 120) Parameter (mmol gprot-1) Calibration sets (N = 96) Prediction sets (N = 24) 

Min Max Mean Min Max Mean 

High-sugar diets TG/TP 0.948 3.304 2.144 1.022 3.228 2.133 
GLU/TP 0.461 2.283 1.224 0.610 1.917 1.219 

High-fat diets TG/TP 0.786 1.893 1.293 0.849 1.722 1.289 
GLU/TP 0.706 2.717 1.502 0.880 2.348 1.509 

TG = triglyceride, GLU = glucose, TP = total protein, N = number of samples, Min = minimum, Max = maximum. 

Table 3 
Effects of different spectral regions on the PLS models.  

Group Index (mmol 
gprot− 1) 

Parameter 4500–5500 
(cm− 1) 

5500–6500 
(cm− 1) 

6500–7500 
(cm− 1) 

7500–10000 
(cm− 1) 

4000–10000 
(cm− 1) 

High-sugar 
diets 

TG/TP RC 0.666 0.944 0.789 0.861 0.666 
RP 0.634 0.879 0.779 0.905 0.635 
RMSEC 0.433 0.191 0.356 0.294 0.432 
RMSEP 0.447 0.276 0.363 0.246 0.447 

GLU/TP RC 0.665 0.928 0.757 0.879 0.668 
RP 0.653 0.913 0.763 0.907 0.652 
RMSEC 0.275 0.137 0.240 0.176 0.274 
RMSEP 0.266 0.143 0.227 0.148 0.266 

High-fat diets TG/TP RC 0.108 0.890 0.846 0.936 0.108 
RP 0.150 0.836 0.599 0.871 0.150 
RMSEC 0.203 0.093 0.109 0.072 0.203 
RMSEP 0.195 0.108 0.158 0.097 0.195 

GLU/TP RC 0.864 0.395 0.409 0.459 0.867 
RP 0.860 0.390 0.432 0.490 0.853 
RMSEC 0.157 0.286 0.284 0.277 0.155 
RMSEP 0.151 0.272 0.267 0.258 0.154 

PLS = partial least squares, TG = triglyceride, GLU = glucose, TP = total protein, RC = correlation coefficient of calibration, Rp = correlation co
efficient of prediction, RMSEC = root mean square error of calibration, RMSEP = root mean square error of prediction. 
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applied to construct the PLS models. According to Eqs. (1)–(4), the RC, RP, RMSEC, and RMSEP were obtained to evaluate the pre
diction performance of PLS models (Table 3). For the high-sugar group, the PLS models for triglyceride and glucose exhibited the best 
performance at the spectral region of 5500–6500 cm-1, both with RP values greater than 0.87 and RC values greater than 0.92. As for 
the high-fat group, the PLS model yielded the best performance in predicting the triglyceride levels at the spectral region of 7500–10, 
000 cm− 1, with RP and RMSEP of 0.871 and 0.097 mmoL gprot− 1, respectively. The PLS model constructed based on the spectral region 
of 4000–10,000 cm− 1 achieved the best results for the prediction of glucose levels, with RP and RMSEP of 0.853 and 0.154 mmoL 
gprot− 1, respectively. Triglyceride is one of the component of lipids, with significant characteristic absorption at 1498–1878 nm, 
1111–1265 and 1666–1818 nm [40]. 

The best spectral region for measurement of the glucose was reported at the wavelength range of 1500–1850 nm [41,42]. All these 
results agreed with the findings of this study. 

3.4. Selection of spectral pretreatment method 

Several uninformative information caused by background interference, environmental effects, and instrumental noise can weaken 
the prediction performance of the calibration model. Therefore, the preprocessing method should be performed on the raw NIR spectra 
to reduce the effects of interface factors and obtain a satisfiable prediction model [43]. Herein, seven different spectral preprocessing 
methods including no pretreatment, first derivative (1D), second derivative (2D) [31], 1D/SG, 2D/SG, 1D/Norris, and 2D/Norris were 
used. Based on the optimal spectral region, PLS models with different preprocessing methods were constructed. According to Eqs. (1)– 
(4), the RC, RP, RMSEC, and RMSEP were obtained to examine the model performances (Table 4). For the high-sugar group, the PLS 
model for triglyceride obtained the best prediction results as the NIR spectra were processed by the 2D/SG method; the PLS model for 
glucose optimized by the raw NIR spectra provided better results than those by other preprocessing methods. For the high-fat group, 
the raw NIR spectra without preprocessing produced superior performance for both triglyceride and glucose. Therefore, the PLS 
models for triglyceride and glucose of the high-sugar group should be established on the 2D/SG pretreated spectra and raw spectra, 
respectively. The raw NIR spectra without processing should be applied to construct the PLS models for triglyceride and glucose of the 
high-fat group. 

3.5. Development of PLS models 

PLS regression models were developed to create relationships between the spectrum data matrix and the target variables. In PLS, 
the factors that account for the most variations of the raw NIR spectra information have significant effect on the model performance. 
Few PLS factors can cause poor fitting between the reference values and the predicted values; more PLS factors can cause the 
“overfitting” problem, meaning that the model can yield good predictions in the calibration set but unsatisfactory fitting in the pre
diction set [44,45]. Thus, cross-validation was applied to determine the number of PLS factors, and which corresponds to the minimum 
values of the root mean square error of cross validation was regarded as the optimum one [46]. Finally, for the high-sugar group, the 
optimal numbers were 9 and 10 for triglyceride and glucose, respectively; for the high-fat group, the optimal numbers were 8 and 10 
for triglyceride and glucose, respectively. 

PLS quantitative models for triglyceride and glucose were developed based on the optimal spectral regions and preprocessing 
methods. The reference values and NIR predicted values for triglyceride (A and C) and glucose (B and D) in the high-sugar and high-fat 
groups using PLS models are illustrated in Fig. 4. The closer the data points to the red dashed line (1:1 line), the higher the prediction 

Table 4 
Effects of different spectral pretreatment methods on the PLS models.  

Group Index (mmol gprot− 1) Parameter No 1D 1D/SG 1D/Norris 2D 2D/SG 2D/Norris 

High-sugar diets TG/TP RC 0.944 0.940 0.934 0.897 0.988 0.992 0.901 
RP 0.879 0.898 0.894 0.837 0.853 0.919 0.850 
RMSEC 0.191 0.198 0.207 0.256 0.089 0.072 0.251 
RMSEP 0.276 0.255 0.259 0.317 0.302 0.228 0.305 

GLU/TP RC 0.928 0.856 0.855 0.928 0.852 0.839 0.899 
RP 0.913 0.873 0.878 0.906 0.849 0.849 0.927 
RMSEC 0.137 0.190 0.191 0.137 0.192 0.200 0.161 
RMSEP 0.143 0.171 0.168 0.149 0.185 0.186 0.132 

High-fat diets TG/TP RC 0.936 0.957 0.980 0.927 0.778 0.803 0.960 
RP 0.871 0.769 0.777 0.842 0.814 0.834 0.645 
RMSEC 0.072 0.059 0.041 0.077 0.128 0.122 0.057 
RMSEP 0.097 0.126 0.124 0.106 0.115 0.109 0.151 

GLU/TP RC 0.867 0.860 0.832 0.812 0.857 0.857 0.811 
RP 0.853 0.865 0.856 0.832 0.830 0.850 0.833 
RMSEC 0.155 0.159 0.173 0.182 0.160 0.161 0.182 
RMSEP 0.154 0.148 0.153 0.164 0.165 0.156 0.164 

TG = triglyceride, GLU = glucose, TP = total protein, RC = correlation coefficient of calibration, Rp = correlation coefficient of prediction, RMSEC =
root mean square error of calibration, RMSEP = root mean square error of prediction, 1D = the first derivative, 2D = the second derivative, SG =
Savitzky Golay. 
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performance of the PLS model. All of the PLS models developed in this work were satisfactory. For the high-sugar group, the tri
glyceride and glucose could be well predicted by the PLS models. The RP and RMSEP were 0.919 and 0.228 mmoL gprot− 1 for tri
glyceride and 0.913 and 0.143 mmoL gprot− 1 for glucose, respectively. For the high-fat group, the PLS models were relatively poor. 
The RP and RMSEP were 0.871 and 0.097 mmoL gprot− 1 for triglyceride and 0.853 and 0.154 mmoL gprot− 1 for glucose, respectively. 
Fig. 5 presents the reference values and predicted values of triglyceride and glucose obtained from the PLS models during disease 
development. The PLS models were capable of capturing the changing trends for all indicators throughout the entire process. For the 
high-sugar group (Fig. 5A and B), the reference and predicted values were well superposed. For the high-fat group (Fig. 5C and D), 
some relative differences existed between the reference and predicted values of some individual sampling points, indicating that these 
PLS models should be further improved to achieve higher prediction performance. The good potential of NIR spectroscopy in the 
determination of biochemical parameters can also be found in some studies. For example, Han et al. demonstrated that human serum 
globulin could be satisfactorily predicted through NIR spectroscopy and optimal partner wavelength combination partial least squares 
(PLS) model, with a correlation coefficient of prediction (RP) of 0.978 and root mean square error of cross validation of 0.813 g L− 1 

[47]. Yao et al. reported that NIR spectroscopy and equidistant combination PLS model can be used to analyze total cholesterol (TC) 
and triglyceride in human serum, with RP and root mean square error of prediction (RMSEP) of 0.985 and 0.197 mmol L− 1 for TC and 
0.992 and 0.101 mmol L− 1 for triglyceride, respectively [48]. 

4. Conclusions 

This study developed an accurate and simple method that can rapidly measure the glucose and triglyceride levels in vivo of 
Drosophila induced by high-sugar or high-fat diets using NIR spectroscopy. PLS quantitative models based on different spectral regions 
and pretreatment methods were built, and their performances for predicting glucose and triglyceride were compared. For the 

Fig. 4. Scatter plots of reference values and NIR predicted values for triglyceride (A and C) and glucose (B and D) in the high-sugar and high-fat 
groups using PLS models. The samples in calibration and prediction sets were distinguished by circles and asterisks, respectively. The red dashed 
lines represented the lines with slope = 1 was by. RC = correlation coefficient of calibration, RP = correlation coefficient of prediction, RMSEC =
root mean square error of calibration, RMSEP = root mean square error of prediction. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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triglyceride in the Drosophila induced by high-sugar or high-fat diets, the RP values were both greater than 0.87; for the glucose, the RP 
values were both greater than 0.85. The results confirmed the feasibility of NIR spectroscopy in the rapid determination of glucose and 
triglyceride levels. This method provides a rapid and effective way for monitoring metabolite levels during the development of 
metabolic diseases, which has huge potential for clinical application. 
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