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Abstract 

 

Attenuated Total Reflectance-Fourier Transform Infrared spectroscopy (ATR-FTIR), in combination with 

chemometrics, was explored as a rapid method of detecting sugar adulteration in coconut water.  In a 

simulated experiment, coconut water was substituted with binary sugars, mixed sugars, and high fructose corn 

syrup and discriminated using the fingerprint infrared band region between 1200-950 cm-1. Principal 

component analysis (PCA) performed on data pre-processed by the Savitzky-Golay smoothing and 

gap-segment derivative, revealed data clusters discernible by the type and level of substituted sugars, enabling 

visual diagnosis of the similarity and anomalous features in the dataset. Statistical performance metrics 

following a cross-validated partial least square (PLS) regression indicated the prediction of adulterant sugars at 

single-digit percent substitutions. A parallel exploratory analysis of 31 different commercial coconut water 

samples showed a distinct PCA clustering for samples bearing the label "added sugar", suggesting the 

potential use of the methods to screening samples for undeclared sugar additions. 
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1  Introduction 

 

Fruit juices are among the top food commodities that are targeted for food fraud (Everstine et al., 2013; 

Dasenaki and Thomaidis, 2019). The common food fraud in fruit juices involve dilution and substitution with 

cheaper alternatives to maximize volume for monetary advantage (Dasenaki and Thomaidis, 2019). Although 

this type of adulteration is economically motivated, the practice could lead to the production of drinks that 

are nutritionally altered with undeclared ingredients potentially posing food safety concerns (Everstine et al., 

2013; Alves et al., 2016). 

 

Coconut (Cocos nucifera L.) is a tropical plant with a hard-shelled fruit that is highly prized, not only for the 

nutritional use of its edible white kernel and coconut water, but also for medicinal, cosmetic, and other 

economic applications (Yong et al., 2009; Prades, et al., 2012b). Sugars are one of the major constituents of 

coconut water. Depending on the coconut variety and the maturity of the nut from which it is extracted, the 



sugar content may range from about 1 to 6 % (Appaiah et al., 2015, Burns et al., 2020, Prades et al., 2012b). 

Coconut water also contains minerals, particularly potassium, and small amounts of proteins, fats, and amino 

acids (Yong et al., 2009). According to recent reports, a surge in popularity and an imbalance between supply 

and demand (Prades et al., 2016) is making coconut water an attractive target for adulteration (Richardson 

et.al 2019 and references therein), where aqueous dilution is accompanied by the addition of sugars to 

compensate for the loss of natural sweet taste.  

 

The production of packaged coconut water involves a series of steps from harvesting, post-harvest handling, 

to packaging and storage (Prades et al., 2012a). Some coconut water products are marketed as pure, natural, 

organic, or non-GMO, while others declare added ingredients including sugar, minerals, vitamins, 

antioxidants, and processing agents. All packaged products are also subjected to some kind of preservation, 

pasteurization, or sterilization, procedures used to increase product stability and shelf life (Burns et al., 2020). 

These processing steps are expected to add variations to the composition of commercially packaged products 

as compared to freshly extracted pure coconut water. 

 

The traditional determination of authenticity of fruit juices involves the separation of components by 

chromatographic techniques and quantification by stable isotope ratio analysis (Koziet et.al, 1995; Dasenaki 

and Thomaidis, 2019), which is expensive and time-consuming. In recent years, there has been an increasing 

interest in utilizing the synergy between molecular spectroscopy and multivariate data analysis in food 

authenticity testing (e.g., Rodriguez-Saona and Allendorf, 2011, Rodriguez-Saona, et al., 2016). Fourier 

transform infrared spectroscopy (FTIR) is a popular method that requires little to no sample preparation. 

FTIR obtains molecular information of a substance based on absorbance by chemical bonds in the 

mid-infrared region (MIR). The infrared spectrum of a substance is shaped by the characteristic bonds and 

functional groups of molecules that are present. The spectral bands represent many of the general stretching, 

bending, and wagging motions performed by molecules when it absorbs infrared energy (Larkin, 2018). Since 

the spectrum maps a broad range of specific information about the substance’s structure and chemical 

environment, it can be regarded as a chemical fingerprint. 

FTIR spectroscopy has been used to detect sugar adulteration in apple juice (Sivakesava et al., 2001) and in 

honey (Rios-Corripio et.al, 2011). A recent study by Richardson et al., (2019) showed the successful use of 

Raman spectroscopy for the detection of sugar adulteration in coconut water. Although Raman and FTIR are 

both forms of molecular vibrational spectroscopy, the two methods harvest signals based on different 

principles, i.e., the scattering of narrow-band monochromatic light versus the absorption of broadband 

infrared light when it comes into contact with a material, respectively. This difference provides each method 

with unique strengths and limitations that is suited for different applications, making these techniques 



complementary in nature (Hashimoto et al., 2019). Since water strongly absorbs infrared and interferes with 

FTIR analysis, the water-inactive Raman is usually the preferred method for the analysis of aqueous samples. 

Nevertheless, FTIR is a widely used, simple, cost-effective, and versatile method with the option for different 

sampling accessories that facilitate the quick collection of spectra from various materials. The Attenuated 

Total Reflectance (ATR)-FTIR sampling technique, in particular, has gained the most traction in recent years 

due to its combined advantages of being a simple, non-destructive, and inexpensive method that provides fast 

data acquisition and high-quality reproducible spectra in different fields of research (e.g. Ramer and Lendl, 

2013). Although, the sensitivity range of ATR-FTIR has some limitation for trace-level analysis, it is suited for 

the analysis of sugars in coconut water, which are present at the lower, single-digit percent concentrations. 

 

The adulteration of coconut water with an aqueous sugar solution is expected to alter the chemical 

environment and the ratio of the different sugars in the product. The ATR-FTIR spectrum can serve as a 

molecular fingerprint for identification of the resulting changes, provided that interference from the intense 

OH-stretching and bending bands originating from the water matrix that dominates the IR spectrum are 

isolated. This study explores the combined application of ATR-FTIR spectroscopy and chemometrics as a 

rapid method to detect sugar adulteration in coconut water based on a selected fingerprint spectra region that 

is characteristic for sugars, but not affected by water absorption bands. 

 

2 Experimental 

2.1 Reagents and preparation of standard solutions 

 

Analytical grade of anhydrous D-Fructose (99%), D(+)- Sucrose for biochemistry (DNAse, RNAse and 

Protease free) and Dextrose (D-Glucose) were obtained from Alfa Aesar, ACROS and  Fisher, respectively. 

High Fructose Corn Syrup HFCS-42 (42% fructose) and HFCS-55 (55% fructose), were kindly supplied by 

Ingridion Canada Corporation. A total of 20 young coconut fruits were purchased from a local supermarket 

for the study. The fruits were trimmed (the husk removed and the remaining fruit wrapped with plastic) when 

purchased. The fruits originated from Southeast Asia but as the products are purchased at retail, age and 

postharvest storage conditions were unknown. For the adulteration study, coconut water samples extracted 

from the 10 out of the 20 fruits were combined and cleared by centrifugation 10,000 g at 4 °C for 20 minutes 

and used as a stock coconut water solution. The solution, which had a pH of 6.5 (Mettler-Toledo pH meter) 

and Brix value of 7.4° (Fisher Brand HDR-P1 series Digital Handheld Refractometer), was divided into 

smaller aliquots and stored at -20o C until used for analysis. Thirty-one different commercially packaged 

coconut water products (brands and some with the same brand but different product lines) were also 



obtained from retail in 5 replicate per product. These samples together with coconut water samples extracted 

from the remaining 10 young fruits were used to assemble an ATR-FTIR spectral library. 

 

2.2 Simulated coconut water adulteration  

2.2.1  The standard addition method 

 

The method used for determining the background concentration of sugars in the coconut water stock 

solution and the preparation of adulterated coconut water via substitution of different concentration-matched 

sugar solutions (briefly outlined below), is essentially as described in Richardson et al. (2019). First the natural 

concentration of the different sugars in the stock fresh coconut water sample were determined by the 

standard addition method (SAM). Samples for SAM were prepared by spiking 250 µl aliquots of coconut 

water with various volumes of sugar solution ranging from 25 µl to 250 µl, at 25 µl step increments, and 

filling each sample to a final volume of 500 µl with deionized water. A total of 35 spectra were collected for 

SAM from unadulterated coconut water (control) and adulterated coconut water at 10 different levels for 

each sugar adulterant (sucrose, fructose, glucose). The intensity values of distinct bands at 1057 cm-1
-1, 

1061cm-1
-1, and 1080 cm-1

-, identified from the overlaid spectra of solutions made from the analytical grade 

sucrose, fructose and glucose in deionized water (Fig 1), were used for the SAM calibration based on the 

least-square linear regression (Bader, 1980). The concentrations obtained by the SAM for the coconut water 

stock solution were 24.7, 33.5, 31.7 mg ml -1 for sucrose, fructose, and glucose, respectively.  

 

2.2.2 Substitution of coconut water with different sugar solutions 

 

For the adulteration detection experiment, individual stock solutions of analytical grade sucrose, glucose and 

fructose were prepared at a concentration of 89.9 mg ml-1 to match the total sugar concentration of the 

coconut water stock solution, as determined by SAM (section 2.2.1 above). For mixed sugars, a solution of 

total sugars corresponding to this level was prepared by dissolving 1.24 g glucose + 1.66 g fructose + 1.58 g 

sucrose, in 50 ml of distilled water, keeping the ratio for the 3 sugars approximately consistent with the 

composition of the fresh coconut water. For the adulteration experiments using HFCS-42 and HFCS-55, 

stock solutions approximately matching that of the coconut water’s total sugar content (7.4 oBx) were made by 

dilution of the original solutions with deionized water. The adulteration was made by substituting the coconut 

water with deionized water and the above concentration-matched solutions of the binary sugars, mixed 

sugars, HFCS-42 and HFCS-55 at levels ranging from 5–100% at 5% step increments. A total of 130 spectra 

were collected for the experiment corresponding to 10 individual spectra for pure coconut water, plus 20 

spectra each for the adulterated samples at 20 different levels. The samples were measured the same day as 



they were prepared and the leftover thawed coconut water was discarded. A fresh-frozen aliquot was used per 

day. 

 

For the ATR-FTIR spectral database, individual spectra were recorded from the coconut water extract 

obtained from each of the 10 young coconut fruit (10 spectra) and each of the 5 packages of the 31 

commercially packaged products (155 spectra). The relevant product information declared on the packaging 

for each product was recorded as variables for the product’s spectral database (Table S1). 

 

2.3 Spectroscopic measurements 

 

Thermo Nicolet™ iS50 FTIR Spectrometer equipped with Thermo Scientific™ Smart™ iTX Accessory 

fitted with a diamond crystal and Omnic software was used for spectral acquisition. A drop of the sample was 

placed on the ATR crystal using a disposable bulb-top Pasteur-pipette. ATR-FTIR spectra were recorded in 

wavenumber range between 500-4000 cm-1, averaging 10 scans per sample using a resolution of 4 cm-1. This 

single spectrum acquisition process takes less than a minute to complete. 

 

2.4 Data analysis 

 

All collected spectral data were converted and exported as comma-separated value (CSV) files. Data merging 

and analysis were performed using RStudio: integrated development for R, a language and environment for 

statistical computing (RStudioTeam, 2020). In order to remove unwanted signals, to reduce noise, and to 

improve the signals of interest, the spectral data was subjected to a series of established preprocessing 

methods. First, the spectral range of interest that was considered for analysis was set between 950-1200 cm-1
-1 

and the spectra that lie outside of this specified range were removed. Baseline correction was done using 

"spmblp" function in the "spftir " package that is based on a local polynomial fitting (Valenzuela and 

Rodriguez-Llamazares, 2016). The “spmblp” function was run with the following options: degree of 

polynomial = 2, rep (iteration) = 100, tolerance (between iterations) = 0.001. The "prospectr " package (Stevens 

and Ramirez-Lopez, 2020) was used to convert the baseline-corrected data into a  hyperspec object prior to 

performing smoothing and generating first and higher level derivative spectra applying the gap-segment 

derivative (gapDer algorithm). The gapDer algorithm performs first Savitzky-Golay smoothing under a given 

segment size (s), followed by a derivative (Stevens and Ramirez-Lopez, 2020). The gapDer transformed 

derivative spectra were used in subsequent data dimensionality reduction for exploratory data analysis and 

predictive chemometric modeling using principal component analysis (PCA) and partial least square (PLS) 

regression. PCA was performed using the “prcomp” function in R and plots are generated using “ggplot2” 



(Wickham, 2016) the autopilot function from “ggfortify “package, an extension to “ggplot2” (Tang and, 

Horikoshi, 2016) and “plotly” package (Sievert, 2020). PLS was performed using the PLS package (Mevik and 

Wehrens., 2007). 

 

3 Results and discussion 

3.1 ATR-FTIR Spectra of adulterated coconut water  

 

The ATR-FTIR spectra of coconut water and the aqueous solutions of different sugars used for substitution 

are shown in Fig 1. Dictated by the basic chemical structure of sugars with aldehyde, ketone, and multiple 

OH functional groups, characteristic absorption bands are expected to show at (a) the 3700 – 2700 cm-1
-1 band 

region, which is associated with the stretching of the OH and the C-H groups; (b) the 1700 – 1600 cm-1
-1   band 

region corresponding to the stretching vibrations of the ketone (C=O) of fructose and the aldehyde (CH=O ) 

of glucose coinciding with the bending vibration of the OH group from water; and (c) the fingerprint region 

between 1200 - 800 cm-1, which represents the most complex part of the IR spectrum, is associated with the 

C-C, C-O, O-C-H, and C-O-H functional groups (Tipson, 1968; Grube et al., 2002 ). In the first 2 broad 

regions, the intense water absorption bands fully overlap with the spectra of sugars making this region 

unavailable for direct analysis without going through complicated spectral manipulations to isolate the signal. 

The fingerprint band region centered around 1200-950 cm-1(Fig. 1A & B) is, however, free of interference 

and shows distinct peaks that are characteristic for sugars (Fig 1B). These bands are generated by the 

stretching, bending, and wagging vibrations associated with C-C, C-O, O-C-H, and C-O-H functional groups 

(Grube et al., 2002). Since the infrared spectra of carbohydrates shows a greater contrast in this band region 

(Max and Chapados, 2007), there is increased potential for the direct application of the ATR-FTIR method to 

characterize sugars in coconut water and likely other similar aqueous samples. 

 

3.2 Derivative spectroscopy 

 

The selection of spectral data transformed as a gap-segment derivative spectrum (gapDer) was based on 

preliminary visual exploratory data analysis for data pattern and variability following different preprocessing 

methods. Derivative spectra are well known to improve spectral data quality by removing baseline offset to 

help separate overlapping peaks and sharpen spectral features. However, since digital derivatization increases 

noise (Fig 2 A & C), the process is usually coupled with smoothing (Fig 2 B & D). These steps are 

conveniently integrated into gapDer algorithm, which performs first a smoothing under a given segment 

size(s), followed by a derivative (Stevens and Ramirez-Lopez, 2020). The gapDer algorithm was run by setting 

the option for filter length (w) i.e, the spacing between points over which the derivative is computed as 11, 



smoothing segment size (s), i.e., the range over which the points are averaged as 10, and the order of 

derivative (m), (1st to 4 th derivatives were explored). 

 

3.3  PCA of authentic and adulterated coconut water  

 

Infrared spectra are high-dimensional data consisting of a number of correlated variables (wavenumbers), 

which makes it amenable to multivariate statistical analysis. PCA is one of the most commonly used methods 

for dimensionality reduction and extraction of dominant features in the dataset. PCA accomplishes this via 

the orthogonal projection of the whole dataset onto subspaces of a few uncorrelated variables, the principal 

components (PCs). The PCs represent reduced data but also preserve most of the information contained in 

the original dataset as eigenvectors and eigenvalues, which accounts for their direction and magnitude. The 1st 

PC of PCA summarizes most of the variability in the data with each of the succeeding orthogonal 

components accounting for the remaining variance in decreasing order (Jolliffe and Cadima, 2016). 

 

The PCA projection of the gap-segment 1st derivative adulteration data is shown in Fig 3. The first 2 principal 

components (PC1 and PC2) explained the greatest portion (93 %) of the variance (Fig 3A). Three PCs were 

sufficient to explain >95% of the total variance in the dataset (Fig 3A & B). On the PC1 vs PC2 plot, the 

fresh unadulterated coconut water projected data are located at the center of the plot, and the substituted 

coconut water, particularly with the binary sugar solutions, coalesces in narrow clusters. The clusters diverge 

away from the center in different directions, with the highest % substituted data being the farthest from the 

center. These patterns are consistent with the ATR-FTIR based study reported for honey adulteration 

(Rios-Corripio et.al, 2011) and Raman based study of coconut water (Richardson et.al, 2019). The Mixed 

sugars and HFCS-42 and HFCS-55 substituted data clusters were also evident, although these clusters are less 

separated and positioned closer to the center of the PC1 vs PC2 plot of the 1st and 2nd orders of derivatives 

(Fig 3 A, C). These clusters are, however, better resolved on the PC1 vs PC3 plot (Fig 3B & D). This is also 

the case for the higher-order derivatives. For example, on the PC1 vs PC3 plot, there was a close overlap 

between fructose and mixed sugar data of 1st order derivative (Fig 3B) and between HFCS-42 and HFCS-55 

data of the 2nd order derivative (Fig 3D). The mixed sugar data is, however, better resolved on PC1 vs PC2 

and PC1 vs PC3 plot on the 3rd order derivative as well as PC1 vs PC3 of the 4th order derivative (Fig S1 A, 

B, D). It was evident that the reorientation of the data on the different PCs when using the higher-order 

derivatives was able to uncover patterns that were otherwise less obvious on the plots derived from the 1st or 

2nd order derivatives. The overlap between HFCS-42 and HFCS-55 data clusters may reflect their similarity in 

composition with 42:58 vs 55:45 difference in fructose: glucose ratios, respectively. Notably, both HFCS-42 

and HFCS-55 are well discriminated on PCA plots from the related disaccharide-sucrose, which has a 50:50 

glucose and fructose ratio. 



 

3.4  PCA analysis of commercially packaged coconut water spectral data  

 

The PCA analysis of the 31 different products (Table S1) is shown in Fig 4A. The PC1 vs PC2 plot revealed 

data clusters, with different degrees of separation, together explaining over 90% of the variability in this 

dataset. As expected, “between brand” differences are shown by the spread of the data across the PC1 vs 

PC2 plot relative to the “within brand” data points, which in most cases, are tightly clustered together (Fig 

S2). Yet, there are some obvious “between brand” features that were revealed by the PC plots. For example, 

when the PCA scores are labeled by the variable “added sugar” or “no added sugar”, as declared on the 

packaging label of each product, at least 3 broad clusters could be identified (Fig 4A). The data cluster at the 

bottom (symbol “X”) corresponds to all the reference coconut water samples that were freshly extracted with 

no added sugar. Those samples declared to have “added sugar” were congregated in one direction along the 

PC1 axis (blue squares), while the remaining variously processed samples are in the middle part (pink circles). 

The samples with “added sugar” labels had higher sugar levels with values ranging between 7.8 - 8.7 oBx, 

compared to 4.5 - 7.1 oBx for those samples with “no added sugar” (Table S1). Note that samples that make 

no explicit mention of added sugar status were considered as having no added sugar for the analysis. 

Additional clustering features were also revealed by using a combination of different PCs. A clearly isolated 

cluster on the PC1 vs PC3 plot (Fig S3A) correlated with the coconut water samples that contain “added 

vitamin C”.  When the PC1 vs PC2 plot was labeled by the variable “organic” or “not-organic”, a cluster was 

evident for the organic products (Fig S3B), which may be useful for fraud investigation in the organic food 

sector, where labeling non-organic products as premium-priced organic is a common problem (Miller, 2019). 

However, more data is needed to confirm whether these observed additional clustering patterns are the result 

of pure coincidence or in fact, some features associated with these variables are picked by the method, which 

is targeted for the sugar analysis. In general, the above analysis illustrates how a visual summary of patterns or 

correlations, not necessarily causation, between variables generated by PCA can be used for quick initial 

screening and flagging of suspected samples during fraud-related investigations.   

 

3.5  Prediction using PCA 

 

The PCs computed by PCA for one data set (active individuals) could be applied to new supplementary data 

that did not take part in the PCA computation to help visualize their relationship (e.g., Abdi et.al., 2010, Wold 

et.al., 1987). Here, for this PCA-based prediction, the spectral data collected from the 31 different coconut 

water samples was considered as new supplementary individuals. The factor scores obtained by positioning 

these new observations on the PCA space are then projected onto the PCs drawn from the simulated coconut 

water adulteration data (the active individuals) using factoMiner and factoextra R package (Husson et.al, 



2017; Kassambara and Mundt, 2020). Fig 4B shows the plots of the first two principal components and the 

projection of this supplementary data layer (shown as open & closed circles). The supplementary dataset 

represented the diversity of commercially packaged coconut water samples in the market (Table S1). 

Although the broad cluster of the data along the coordinate predicted by PCA may reflect this diversity, a 

dominant trend was also observed. All the coconut water products that are declared as having “added sugar” 

(indicated as filled circles), were grouped away from the center along the sucrose cluster arm (Fig 4B). Data 

regarding the type of sugar added to the packaged coconut water products is not available. However, the 

behavior of the projected supplementary data suggests that the added sugar has spectral properties that are 

more similar to sucrose than to the other sugars used in the adulteration model. This can be expected 

considering that sucrose and syrups are the most commonly used sweeteners in the food and beverage 

industry (Pepin et al., 2019). Although the nutritional and health risk associated with sugars mainly originates 

from its excess intake, there is also an increasing concern with respect to the type of sugar consumed. This 

has been particularly the case for artificial sweeteners whose risk-free status remains controversial (e.g., 

Bruyère et al., 2015). It is, therefore, important to improve the ability of the analysis to provide details on the 

nature of sugar adulteration by adding more experimental data using different sugar adulterants (artificial 

sweeteners, various types of syrups), in addition to the variety of packaged coconut water samples that are 

available in the market. 

  

3.6 PLS regression modeling of coconut water adulteration 

 

PLS is an algorithm that is considered an extension of PCA in which both the predictor and response data are 

considered. PLS is suited when the matrix of predictors has more variables than observations and there is 

inter-correlation between the x-variables, which is true for spectroscopic data. The PLS algorithm looks for 

the fundamental relationship between the x and y matrices via the decomposition of both the x and y data 

into a set of scores or latent variables (LVs), similar to PCA. However, in this case, the scores for both the x 

and y data are selected in order to maximize the correlation between the scores for both the x and y variables 

(Abdi, 2010). 

 

Prior to building a predictive model using PLS, the preprocessed spectral data for each adulterant was 

randomly split into a train: test ratio of 80:20. The training set is used for building the calibration model 

parameters. PLS was run with cross-validation (CV) to evaluate model performance, where the training set is 

divided into k- subsets (folds). Each time, 1 subset is taken out and the model runs on the rest of the dataset. 

Model performance is then evaluated using the left out sets and the process was repeated for all the remaining 

k-folds. There are different variations of the CV technique. The leave-one-out cross-validation (LOO-CV) 



was used in this study where, each time only one data point is left out during model training and repeated 

until all the training data is given a chance to be held out (Fushiki, 2011). Model accuracy i.e., the agreement 

between reference and PLS predicted values (Table 1, Eq1) was determined by calculating the mean square 

error (RMSE) of calibration (RMSEC), cross-validation (RMSECV) and prediction (RMSEP) and the 

corresponding coefficients of determination, R2
ca, R2

cv2
cv and R2

test2
t, respectively (Table 1, Eq 2). Selecting the 

correct dimensionality is critical for building a PLS model with good predictive performance (Faber and 

Rajkó, 2007). The smallest RMSECV and highest R2
cv were used as a guide for selecting the optimum number 

of components. The PLS model predicted vs measured values are shown in Fig 5. Only one or two LVs were 

sufficient for > 90% of explained variance for glucose, fructose, and sucrose, while 3 to 4 LVs were needed 

to explain > 70% of the variance for substitution by mixed sugar HFCS-42 and HFCS-55 (Table 1, Fig S4). 

The small RMSE, the closeness these values in the calibration and prediction set, and high R2 for binary sugar 

adulterants indicate a more accurate model, relative to the values obtained for mixed sugars, HFCS-42, and 

HFCS-55 (Table 1). This is also consistent with the less separation observed on the PCA plot for these 

adulterants (Fig 3).  

 

The actual versus predicted levels of adulteration obtained by the optimized PLS model for the binary sugars, 

mixed sugars and the high fructose corn syrups (Fig 5, Table1 ) indicate slopes > 0.9 and R2 values are close 

to the 1 to 1 theoretical line of prediction for both the calibration and prediction sets. The loading spectra for 

the different substituted sugars (Fig S4) indicates the degree of influence, positive or negative correlation of 

the variables i.e., the different wavenumbers, to each of the LV’s and the corresponding explained variance. 

The PLS scores are simply a linear combination of the original data weighed by these loadings. Inspection of 

the loading spectra wavenumbers will help the identification of influential variables for each of the LVs. The 

computed limit of detection (LOD) was based on the IUPAC definition (Eq 3 and 4) (Ostra et. al., 2008). 

The <10% LOD values for the different sugar adulterants (Table 1) indicates that the method can be used to 

detect any practical level of substitution, which is expected to be significantly higher, provided that the 

motivation for substitution is maximizing volume to achieve a measurable financial return. 

 

4.0  Conclusion 

 

In this study, ATR-FTIR based fingerprint spectra and multivariate data analysis were used to profile sugars 

in coconut water. The aim was to evaluate if the system can be utilized as a quick screening method for 

detecting coconut water adulteration by substitution with different sugar solutions. The direct use of 

ATR-FTIR spectra to discriminate between different sugars in coconut water was made possible by the 

presence of an interference-free fingerprint spectral band region between 1200-950 cm -1

-1, which originates 



from the vibrational modes that are characteristic to sugars. Simplicity, speed of analysis, and low cost are 

important attributes for a method dealing with food adulteration, which usually involves screening a large 

number of samples. While quick spectral data acquisition was achieved by the ATR-FTIR method, 

PCA-based transformation and classification facilitated easy visualization and detection of dominant and 

anomalous features in the dataset. An optimized predictive model was developed using PLS, which according 

to the model performance parameters, could reliably predict the adulterants in the coconut water at < 10% 

substitution. The potential for incidents of adulteration is expected to rise with increasing trade volume and 

complexity of the food supply chain. This ATR-FTIR spectral fingerprint-based method is faster and cheaper 

than the traditional chemical techniques and an alternative to the Raman-based method for the detection of 

sugar adulteration in coconut water. Additionally, it can potentially be applied to other aqueous food matrices 

in which dilution and adulteration with sugars are suspected. Implementation of the method in routine testing 

laboratory require assembling a database of coconut water samples.  The acquisition of ATR-FTIR spectrum, 

using the setup in this study takes less than a minute to complete for each sample. The subsequent 

preprocessing and analysis of the large volume spectral data involves a series of steps that can take time.  

However, the data handling could be made as rapid as the spectral acquisition by streamlining the process 

using the chosen software application. In this study, RStudio and interactive Shiny application (Cheng et al., 

2021) were used to efficiently preprocess and analyze data and generate visualization plots. 
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Table 1. Statistical parameters and figures of merit for PLS model. RMSE (root mean squared error) of 

calibration (RMSEC), cross-validation (RMSECV), prediction (RMSEP), ypred is the predicted value, yobs is 

observed value, yavg is the average of the observed value, systemic error of the model indicated as Bias; 

coefficients of determination (R2) were calculated for calibration (Rcal) cross-validation (Rcv) and test (Rtest) 

datasets. Limit of detection (LOD), Sblank is the standard deviation of the blank, which in this case is estimated 

from the standard deviation of the calibration line (Sy/x).  
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2
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Figure Captions 

 

Figure 1. The raw ATR-FTIR spectra of fresh coconut water (CW) and six different sugar solutions used for 

adulteration experiment (A) and the selected band region for the analysis of sugars (B). The spectral bands of 

standard glucose, fructose, and sucrose solutions that were used for calibration using standard addition 

method are shown as G, F, S respectively. 

 

Figure 2. The 1st and 2nd derivative spectra (A, C and corresponding gap-segment derivative spectra (B, D) 

performed following the Savitzky-Golay smoothing using the gapDer algorithm. 

 

 

Figure 3. PCA plots based on gap-segment derivative spectra of pure and adulterated coconut water (CW) 

via substitution with different sugar solutions at incremental levels.  PC1 vs PC2 and PC1 vs PC3 plots were 

shown for the 1st   (A, B) and 2nd (C, D) derivatives. The increasing size of the symbols shows 

the increasing level substitution by each sugar solution (0 - 100% at 5% increments).  

 

 

Fig 4 A=PCA plot of ATR-FTIR spectra (950 -1200cm-1) for the freshly extracted reference coconut water 

(CW) and 31 commercially packaged products with (Y) or without (N) “added sugar” claim. B= PCA model 

plot of experimentally adulterated CW (0-100% level of substitution) and the projection of supplementary 

data (packaged coconut water samples collected from the market) using the co-ordinates predicted by the 

PCA model. The supplementary data with "no added sugar" and "added sugar" claim are shown as open and 

closed circles, respectively. 

 

 

Figure 5.  Plots of measured vs PLS predicted values of sugar adulterants in coconut water following 

80:20 train-test data split and leave-one-out cross-validation (LOO-CV). Values shown for calibration (calib), 

cross-validation (cvalid) and test sets. Dashed lines shows the  theoretical 1:1 relationship. 

 



 

 

 

 

 

 

Figure 1. The raw  ATR-FTIR spectra of fresh coconut water (CW) and six different sugar solutions  used 

for adulteration experiment (A) and the selected  band region used for analysis of sugars that is not affected 

by infrared absorption of water (B). The intensity bands of standard glucose, fructose and sucrose solution 

that were used for calibration using standard addition method are shown as G, F, S respectively. 

 

 



 

 

 

 

 

 

 

 

 

 

Figure 2. The 1st and 2nd derivative spectra and corresponding gap-segment derivative spectra performed 

following the Savitzky-Golay smoothing using the gapDer algorithm. 

 

 



 

 

 

 

 

 

Figure 3. PCA plots based on gap-segment derivative spectra of pure and adulterated coconut water (CW) 

via substitution with different sugar solutions at incremental levels.  PC1 vs PC2 and PC1 vs PC3 plots were 

shown for the 1st   (A and B) and 2nd (C and D) derivatives. The increasing size of the symbols shows 

the increasing level substitution by each sugar solution (0 - 100% at 5% increments).  

 

 

 



 

 

Fig 4 A=PCA plot of ATR-FTIR spectra (950 -1200cm-1) for the freshly extracted reference coconut water 

(CW) and 31 commercially packaged products with (Y) or without (N) added sugar label. B= PCA model plot 

of experimentally adulterated CW (0-100% level of substitution with different sugary solutions at 5% 

increments) and the projection of supplementary data (packaged coconut water samples collected from the 

market) using the coordinates predicted by the PCA model. The supplementary data with "no added sugar" 

and "added sugar" claim are shown as open and closed circles, respectively. 



 

 

 

 

Figure 5.  Plots of measured vs  PLS predicted values of sugar adulterants in coconut water following 

80:20 train-test data split and leave-one-out cross-validation (LOO-CV). Values shown for calibration (calib), 

cross-validation (cvalid) and test sets. 

 

 



Table S1. List of commercially packaged coconut water samples and ingredients. Codes A-S represents the 

different brands and superscripts following the brand code indicate the same brand but different product 

lines. The presence of a particular ingredient (Y) and absence (N) is based on the information given on the 

product label. SMS = sodium metabisulphite, SMC = sodium carboxymethyl cellulose; MA= malic acid; 

CW= fresh coconut water extracted from fruit. 
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Figure S1. PCA score plots based on gap-segment derivative spectra of pure and adulterated coconut water 

(CW) via substitution with different sugar solutions at incremental levels.  PC1 vs PC2 and PC1 vs PC3 plots 

were shown for the 3rd (A and B) and 4th (C and D) derivatives. The increasing size of the symbols shows 

the increasing level substitution by each sugar solution (0 - 100% at 5% increments). 

 

 

 

 

 

 

 



 

 

 

 

 

Figure S2. PCA plots for reference coconut water extracted from young coconut fruit (CW) and 31 different 

commercial coconut water samples (coded A to S, see table S1). Each brand is represented by 5 replicate data. 

The same character code followed by a number (1, 2, 3, or 4) indicates the same brand but a different product 

line. 

 



 

 

 

Figure S3. PCA score plots  based on gap-segment derivative ATR-FTIR spectra (950-1200 cm-1) for the 

freshly extracted reference coconut water  and the 31 different products and product lines of  packaged 

coconut water samples labeled by A= the  presence(Y) or absence of (N) of added vitamin C and   B= 

whether the product is organic (Y) or not organic (N).  

 

 

 

 



 

Figure S4. PLS loading plot of the latent variables and variance explained by each component. 

 

 

 

 

 

 

 

 

 


