molecules

Article

Rapid Determination of Nitrate Nitrogen Isotope in Water Using
Fourier Transform Infrared Attenuated Total Reflectance
Spectroscopy (FTIR-ATR) Coupled with Deconvolution Algorithm

Ke Wu 1, Fei Ma 2, Cuilan Wei 1, Fangqun Gan L* and Changwen Du

check for
updates

Citation: Wu, K.; Ma, E,; Wei, C.; Gan,
F; Du, C. Rapid Determination of
Nitrate Nitrogen Isotope in Water
Using Fourier Transform Infrared
Attenuated Total Reflectance
Spectroscopy (FTIR-ATR) Coupled
with Deconvolution Algorithm.
Molecules 2023, 28, 567. https://
doi.org/10.3390/ molecules28020567

Academic Editor: Esteban Alonso

Received: 13 December 2022
Revised: 29 December 2022
Accepted: 3 January 2023
Published: 5 January 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

2,3,%

College of Environment and Ecology, Jiangsu Open University, Nanjing 210017, China

2 The State Key Laboratory of Soil and Sustainable Agriculture, Institute of Soil Science Chinese Academy of Sciences,
Nanjing 210008, China

College of Advanced Agricultural Sciences, University of Chinese Academy of Sciences, Beijing 100049, China
*  Correspondence: qunfanggan@163.com (E.G.); chwdu@issas.ac.cn (C.D.);

Tel.: +86-25-8649-5014 (F.G.); +86-25-8688-1565 (C.D.)

Abstract: Nitrate is a prominent pollutant in water bodies around the world. The isotopes in nitrate
provide an effective approach to trace the sources and transformations of nitrate in water bodies.
However, determination of isotopic composition by conventional analytical techniques is time-
consuming, laborious, and expensive, and alternative methods are urgently needed. In this study,
the rapid determination of >'NO3~ in water bodies using Fourier transform infrared attenuated
total reflectance spectroscopy (FTIR-ATR) coupled with a deconvolution algorithm and a partial
least squares regression (PLSR) model was explored. The results indicated that the characteristic
peaks of 14NO;~ /15NO;~ mixtures with varied ¥N/1°N ratios were observed, and the proportion
of °NO;~ was negatively correlated with the wavenumber of absorption peaks. The PLSR models
for nitrate prediction of ¥NO;~ /1°NO; ~ mixtures with different proportions were established based
on deconvoluted spectra, which exhibited good performance with the ratio of prediction to deviation
(RPD) values of more than 2.0 and the correlation coefficients (R?) of more than 0.84. Overall,
the spectra pretreatment by the deconvolution algorithm dramatically improved the prediction
models. Therefore, FTTR-ATR combined with deconvolution and PLSR provided a rapid, simple, and
affordable method for determination of 1°NO3~ content in water bodies, which would facilitate and
enhance the study of nitrate sources and water environment quality management.
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1. Introduction

In recent years, with the gradual control of fixed source pollution, agricultural non-
point source pollution has become the main factor affecting the water quality. According to
the Bulletin of the Second National Survey of Pollution Sources in 2017, the total nitrogen
discharge of water pollutants in China was 3.014 million tons and the total phosphorus
discharge was 31.54 million tons, of which the total nitrogen discharge of agricultural water
pollutants was 1.41 million tons, and the total phosphorus discharge was 21.2 million tons,
accounting for 46.52% and 67.22% of the total, respectively [1]. The agricultural sources
become the main contributors to total nitrogen and total phosphorus discharges. Compared
with phosphorus, the form of nitrogen, including organic nitrogen and inorganic nitrogen,
is much more complicated, Ammonium nitrogen (NH,*-N), nitrate nitrogen (NO3;~-N)
and nitrite nitrogen (NO, ~-N) are the main forms of inorganic nitrogen in water. Nitrate
nitrogen is an important form of active nitrogen that can cause deterioration of aquatic
ecosystem health, i.e., eutrophication, and human health risks; the former included the
items of decreased oxygen levels in water bodies, algal blooms, and reduced aquatic
biodiversity, and the latter included the items of stomach cancer, diabetes, thyroid disease,
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and “blue baby” syndrome [2—4]. The nitrate contents in water bodies are regulated by the
interaction between external sources of pollution (e.g., industrial wastewater, municipal
sewage, nitrogen runoff, and atmospheric deposition) and nitrogen cycling processes (e.g.,
nitrification, denitrification, ammonia volatilization, and plant/microbial utilization) [5-7].
As one of the main means to evaluate the degree of impact of agricultural non-point source
pollutants on water environment quality, identification and determination of the main
sources and transformations of nitrate are the primary objectives to construct effective
strategies to address nitrate pollution.

The nitrate isotope (*’N/!80-NO3) provides an effective method to determine the
potential nitrate sources and transformations [8,9]. The advantages of the isotope method
include direct identification, less auxiliary information, and high precision in identifying
pollution sources. Therefore, rapid, accurate, and affordable detection techniques of isotopic
composition are extremely important. Usually, an isotope ratio mass spectrometer (IRMS) is
a necessary instrument for measuring stable isotopic composition [10]. However, the IRMS
is limited for many organizations and institutions due to its high price and maintenance
costs. In addition, sample pretreatments, including ion exchange, cadmium azide reduction,
and bacterial denitrification, are time- and labor-consuming. Given these issues, stable
isotopes of nitrogen tend to be limited in practical applications. Therefore, it is necessary
to develop an economical and effective method for the isotopic content qualification of
water bodies.

As a nondestructive, rapid, and efficient analysis method, Fourier transform infrared
attenuated total reflectance spectroscopy (FTIR-ATR) has been widely used in various
fields. Due to the characteristic absorption peaks of nitrate around 1360 cm~!, the contents
of nitrate in soil, vegetables, and water bodies have been quantitatively determined by
FTIR-ATR [11-15]. In comparison to the spectral absorption of *NO3~, the absorption
band of >NO3~ significantly shifted to the direction of low wavenumber, which has al-
ready been used to determine nitrogen isotope-labelled nitrates in solution and soil using
the PLSR model [16-18]. Since the absorption of nitrate spectra is prone to strong interfer-
ence from water, the previous studies eliminated the interference by directly deducting
water absorption, and the PLSR models based on water yielded a determination error of
6.7-9.2 mg/L [16]. However, such a water deduction algorithm resulted in poor prediction
performance in low concentrations with different N-isotopically labeled nitrates due to
the relatively large errors. Therefore, developing efficient pre-processing approaches for
spectral data to obtain higher prediction accuracy is in great demand.

In the process of spectral acquisition, spectra often exhibit signal overlap and noise
interference, thus resulting in a decrease in resolution. Therefore, a signal processing
algorithm for extracting target information effectively could improve the prediction ac-
curacy. As a mathematical operation process, deconvolution is a typical signal extraction
and recovery method [19,20], which showed unique advantages in spectral processing.
The deconvolution technology improved the resolution beyond the instrument’s limit and
significantly improved the signal-to-noise ratio [21,22]. To obtain an accurate and reliable
signal, spectral deconvolution was associated with Gaussian fitting of the absorption spec-
trum to adjust the Gaussian mathematical curve and obtain corresponding characteristic
absorption peaks from an overlapping spectrum.

In addition, the objective of this study was to pre-process the FTIR-ATR spectra of
14NO; = /1°NO;3;~ mixture to obtain the characteristic absorption peaks by using a deconvo-
lution algorithm, and a PLSR model based on the deconvoluted spectra was explored to
predict nitrate nitrogen isotope, which could provide technical support for nitrate sources
and water quality management.

2. Results and Discussion
2.1. Spectral Characterization

The mixed solutions of *NO3 ~ and '®’NO; ~ with different proportions showed similar
spectral characteristics (Figure 1). A total of two strong absorption peaks at 3800-3000 cm ~*
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and 1800-1500 cm ! that were attributed to the characteristic absorption of water were
observed. Although the characteristic peak of nitrate was at approximately 1500-1200 cm !,
the signal of the absorption peak was weak and was strongly interfered with by water, thus
resulting in difficulty in direct observation.
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Figure 1. FTIR-ATR spectra of ¥NO; ~ and '>NO; ~ mixtures with different proportions.

2.2. Spectral Processing

The second derivative spectra of the of 14NJO;~ and 'NO3;~ mixtures with differ-
ent ratios did not show prominent characteristic peaks in the range of 1500~1200 cm !
(Figure 2a). The characteristic spectra of nitrate after directly deducting water exhibited an
irregular trend (Figure 2b). One reason might be that the infrared-characteristic absorption
of NO3 ™~ was also strongly interfered with by water. Another factor could be attributed
to the low concentration of NO3™ in the sample, resulting in a low characteristic peak
intensity. Therefore, it is necessary to further process the spectra of the 1500-1200 cm !
band to obtain target spectral information from the overlapping band.

The peak-fit 4.12 software was used to deconvolve the spectra of the 1500-1200 cm !
band: the goodness of fitting (R?) obtained was all above 0.97, and the sum of squared errors
(SSE) was all less than 0.108, exhibiting excellent deconvolution effects. The characteristic
peak position and the overall intensity of ¥NO;~ and >NO3;~ mixtures with different
proportions were obviously different (Figure 2c). With the increase in the proportion of
1>NO;~ in mixtures, the characteristic peak of nitrate gradually shifted in the direction
of a low wavenumber. The nitrate absorption peaks were 1365.7, 1362.1, 1358.5, 1354.8,
1344.1,1340.4, and 1336.8 cm ™! when the N /!N ratios were 1:0, 3:1, 2:1, 1:1, 1:2, 1:3, and
0:1, respectively. Additionally, the overall spectral intensity decreased with the increase
in the proportion of 1®NO3;~, the main reason probably was that when the absorption
peak of “NO;~ and '®’NO; ™~ mixture was close to the characteristic absorption of water
(1800~1500 cm 1) stronger interference could be observed. As shown in Figure 2d, the
proportion of 1’NO;~ showed a good negative correlation with the wavenumber of the
nitrate absorption peaks. Therefore, the proportion of 1’NO; ~was calculated based on the
characteristic peak positions of the 1*NO; ~ and '®NO; ~ mixtures. However, for different
14N /1PN ratios, the characteristic peak intensity of nitrate was proportional to the nitrate
concentration; therefore, the absorption peaks could be used for the quantitative analysis
of nitrate in solutions.



Molecules 2023, 28, 567 40f 13

%107

Absorption

10 ‘ ‘ ‘ : ‘ 2 - : ‘ ‘
1500 1450 1400 1350 1300 1250 1200 1500 1450 1400 1350 1300 1250 1200
Wavenumber (cm 1) Wavenumber (cm_l)
-3
6 X 10 1.0 .
(d) y=—-477.7+ 0.737x-0.000283x>
3 0.8 R’=0.95
| [ ]
41 5
=
g £ 061
e37 i
2 2
:% 2l s 0.4
Q
=
b 0.2
0

‘ ‘ ' ‘ ‘ 0-0 & T T T T T T
1500 1450 1400 1350 1300 1250 1200 1370 1365 1360 1355 1350 1345 1340 1335

Wavenumber (cm ) Wavenumber (cm™")

Figure 2. The second derivative spectra of nitrate in the range of 1500 to 1200 cm ™! (a), characteristic
absorption bands of nitrate through water deduction (b), deconvoluted spectra of 1“NO;~ and
15NO5~ mixtures with different proportions (c), the linear correlation between the proportion of
15NO3~ and the wavenumber of the nitrate absorption peaks (d).

2.3. Principal Component Analysis

The principal component analysis (PCA) based on the spectra range of 1500-1200 cm !
was performed (Figure 3). In the water deduction algorithm and deconvolution algorithm,
the first two principal components both accounted for more than 96% of the whole spectral
variance. Therefore, PC1 and PC2 were used to represent the spectral variation. However,
the score plot showed an irregular pattern with the water deduction algorithm (Figure 3a).
Instead, it was found that the scores of these two principal components showed a regular
and consistent distribution with the deconvolution algorithm (Figure 3b). The plot shifted
to negative values of PC1 as the ratio of 15NO; ™ increased, and the PC2 scores of all seven
14N /15N combinations shifted from negative values to positive values with the increase of
total N concentrations, which further proved that FTIR-ATR coupled with deconvolution
could be used to determine N3~ in the mixed solutions of ¥NO3;~ and 1°NO;~.
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Figure 3. Principal component distribution based on the spectra in the range of 1500-1200 cm ™! for
the nitrate mixture with different 1N /1°N ratios. (a) water deduction algorithm; (b) deconvolu-
tion algorithm.

2.4. Prediction of Nitrate Nitrogen with a Water Deduction Algorithm

The PLSR was used to model the spectra of the 1500-1200 cm ! region based on the
water deduction algorithm (Figure 4). Firstly, the cross-validation method was performed to
obtain the optimal number of principal components in the seven mixed solutions of *NO;~
and 1°®NO; . The optimal number of principal components were 6,1, 3,1, 1, 1 and 1 when
the 1¥N/!°N ratios were 1:0, 3:1, 2:1, 1:1, 1:2, 1:3, and 0:1, respectively, corresponding to the
minimum value of the RMSECV (Figure 4a,c,e,g,i k,m). Therefore, the optimal principal
components were used to construct the PLSR model. The R? between the measured and
predicted values in the validation set were 0.722, 0.862, 0.772, 0.628, 0.923, 0.747, and
0.394, respectively, and the RPD values were 1.86, 2.15, 1.83, 1.53, 2.60, 1.93, and 1.28,
respectively, which were higher than the minimum standard of 1.4 required for quantitative
determination except for the RPD of >NO3~ solution (*N/!°N = 0:1). However, the LODs
of seven models were 8.75,7.36, 9.21, 16.56, 5.32, 9.17, and 17.71 mg/L, respectively, which
exhibited poor performance for the determination of low nitrate nitrogen concentration.
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Figure 4. Distribution and model evaluation of the partial least squares regression (PLSR) principle
component (a,c,e,g,ik,m), training set (n = 18), and testing set ((b,d,b,h,j,1,n); n = 6) of the PLSR
prediction model based on FTIR-ATR spectra (with water deduction algorithm) of of ¥NO3~ and
15N 05~ mixtures with different proportions (*N/13N, 1:0 (a,b); 3:1 (c,d); 2:1 (e,f); 1:1 (gh); 1:2 (ij);
1:3 (k,1); 0:1 (m,n)).

A bias value close to zero indicates a low systematic error between the measured
and predicted values. The biases of the models were shown in Table 1. According to the
absolute value, the low systematic errors of seven models were 0.302, 0.232, 0.192, 0.269,
0.163, 0.156, and 0.298, respectively.

Table 1. Statistics of the PLSR models used in the calibration and validation sets for the prediction
of f ¥NO;~ and ®’NO3 ™ in the mixtures with different proportions using FTIR-ATR spectra (with
water deduction algorithm).

UNO;-/1NO;~

Calibration Validation Bias
RC? RMSE RPD( Ry? RMSEy RPDy

1:0 0.999 0.071 44.32 0.722 2.57 1.86 0.302
3:1 0.741 2.62 1.96 0.862 2.13 2.15 0.232
2:1 0.993 0.78 12.13 0.772 2.71 1.83 0.192
1:1 0.555 3.37 1.49 0.628 3.28 1.53 —0.269
1:2 0.900 1.75 3.17 0.923 1.61 2.60 0.163
1:3 0.867 1.98 2.74 0.747 2.55 1.93 —0.156
0:1 0.460 3.19 1.36 0.394 3.35 1.28 0.298

Notes: PLSR: partial least squares regression; RMSE: the root mean square error; RPD: the ratio of prediction
to deviation.

2.5. Prediction of Nitrate Nitrogen with a Deconvolution Algorithm

The deconvoluted spectra in the range of 1500~1200 cm~! were involved in the PLSR
modeling (Figure 5). The optimal principal components were 2, 3, 2, 4, 3, 3, and 2 when the
14N /15N ratios were 1:0, 3:1, 2:1, 1:1, 1:2, 1:3, and 0:1, respectively (Figure 5a,c,e,g,ikm).
Therefore, the PLSR model could be established with each optimal principal component.
The results showed that the R? values between the measured and predicted values in the
validation set were 0.935, 0.960, 0.976, 0.843, 0.908, 0.982, and 0.857, respectively, showing a
good linear relationship (Figure 5b,d,f,h,j,1,n). The RPD values were respectively obtained at
2.93,2.59, 6.27,2.38,3.19, 4.57, and 2.55, which were all higher than the minimum standard
of 1.4 that was required for quantitative determination. The prediction capacity of all the
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above models reached a good level. In addition, the PLSR models in the calibration set also
exhibited robust prediction performance (Table 2), and the LOD of seven models were 3.73,
4.67,2.31,4.86,3.57,2.79, and 5.62 mg/L, respectively, significantly lower than that of the
LOD with the water deduction algorithm. Over the last several decades, a large number of
sensing methods have been developed to detect nitrate nitrogen in water. Several have a
high sensitivity with a good LOD but expensive instrumentation; others have a reasonable
sensitivity with reduced cost. It has been reported that an ion chromatography technique
can be useful to determine nitrate nitrogen in water with a good LOD of 0.05 mg/L [23],
while the LOD of some detection methods based on biosensors and voltammetry was
higher than 5 mg/L [24,25]. Although our analytical methods did not show excellent LOD
compared to some reference methods, the LOD were acceptable for determination. In
fact, in spectral analysis, RPD could also be used to represent the sensitivity. In all seven
14N /5N combinations, the RPD of the PLSR prediction models based on deconvolution
was more than 2, indicating that the models were at a good level. However, compared to
the models with the water deduction algorithm, all seven models for nitrate prediction
showed lower systematic errors (Table 2).

In previous studies, the PLSR models, coupled with the deconvolution algorithm,
showed good prediction performance for low concentrations of ¥NO3z~ (Table 3). For the
sample with a high 1’NO3; ~ concentration, the models based on the water deduction algo-
rithm were acceptable for prediction, but for the sample with a low >NO3~ concentration,
the spectra with water deduction showed strong interference and irregular trends, and the
models exhibited poor prediction capacity (Figure 4). In this experiment, a deconvolution
algorithm was adopted to pre-process the spectra to obtain an effective small target signal
and further achieve rapid determination for low concentrations of 4NO;~ and °NO; .
Overall, the above results indicated that this method could be used for the quantitative
determination of nitrate in ¥NO;~ and ®NO;~ mixtures with different proportions.

In this study, as a theoretical investigation, standard samples were prepared and used
in the investigation. However, the model developed in a different aquatic environment
might be different due to varied background interference on the spectra. Our previous
study confirmed that the presence of carbonate in the water impacted the nitrate determina-
tion [15]. Therefore, when this technology is applied to different aquatic environments (e.g.,
surface water and groundwater) in the future, the factors that may affect the prediction
performance of the models need to be fully considered and investigated. Further, the pa-
rameters of the spectral deconvolution algorithm can also be optimized to further improve
the sensitivity and applicability of the model.
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Figure 5. Distribution and model evaluation of the partial least squares regression (PLSR) principle
component (a,c,e,g,ikm), training set (n = 20), and testing set ((b,d,f,h,j1,n); n = 7) of the PLSR
prediction model based on deconvoluted spectra of 14NO;~ and 1®NO;~ mixtures with different
proportions (*N/'°N, 1:0 (a,b); 3:1 (c,d); 2:1 (e,f); 1:1 (g h); 1:2 (i,j); 1:3 (k,1); 0:1 (m,n)).
Table 2. Statistics of the PLSR models used in the calibration and validation sets for the prediction of
14NO;~ and ®NO;~ in mixtures with different proportions using deconvoluted spectra.
UNO;-/1NO;~ Calibration Validation Bias
R:? RMSE RPD, Ry? RMSEy RPDy
1:0 0.952 1.15 4.68 0.935 1.21 2.93 0.105
3:1 0.851 1.63 2.59 0.960 1.43 2.59 0.079
2:1 0.961 0.82 5.06 0.976 0.76 6.27 0.088
11 0.957 0.78 4.82 0.843 1.55 2.38 —0.062
1:2 0.971 0.71 5.85 0.908 1.12 3.19 0.041
1:3 0.952 0.82 4.56 0.982 0.85 4.57 —0.036
0:1 0.877 1.57 2.86 0.857 1.62 2.55 —0.031
Notes: PLSR: partial least squares regression; RMSE: the root mean square error; RPD: the ratio of prediction
to deviation.
Table 3. Nitrate nitrogen isotope determination based on the PLSR model using FTIR-ATR spec-
troscopy.
Nitrate Nitrogen . Spectral Statistic Parameters
Concentration . References
Isotope Pre-Processing R2 RPD RMSE
4NO;~ 0-20 (mg-L~1) Deconvolution 0.986 3.15 0.203 [14]
H¥NO;~ 0-4.3 (mg-L~1) Deconvolution 0.886 2.76 0.286 [15]
5NO; - 0-200 (mg-L~1) Water deduction 0.990 4.85 9.20 [16]
15NO;~ 0-120 (mg-kg™1) Water deduction 0.980 8.15 391 [17]
5NO; - 0-200 (mg-L~1) Water deduction 0.998 4.76 / [18]

Notes: RPD: the ratio of prediction to deviation; RMSE: the root mean square error.
3. Materials and Methods
3.1. Materials

The test reagents were “NO;-K (an analytical reagent, purchased from Nanjing
Ronghua Apparatus Co., Ltd., Nanjing, China), and >NO3-K with a >N abundance of
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99% (an analytical reagent, purchased from Shanghai Jizhi Biochemical Technology Co.,
Ltd., Shanghai, China). A total of two stock solutions of 250 mg/L *NO;~ and 250 mg/L
15N O;~ were prepared, and then the standard mixture solutions with a total N concen-
tration of 100 mg/L ¥NO3~ and '°NO3 ™ at different '*N />N ratios (1:0, 3:1, 2:1, 1:1, 1:2,
1:3, 0:1) were obtained by adjusting the amount of the two stock solutions of ¥NO;~ and
15NO; ™. Finally, the standard sample solutions had total N concentrations of 0, 1, 4, 8, 12,
16, 20, 24, and 28 mg/L at different 14N /15N, respectively. For the seven combinations of
different 1*N/!°N ratios, three replicates were prepared at each concentration level.

3.2. Spectra Recording and Pre-Processing

A 4300 handheld FTIR spectrometer with an ATR spectra accessory (Thermo Fisher
Scientific, Waltham, MA, USA) was used to record the spectra in the range of 4000 to
600 cm !, with a spectral resolution of 4 cm !, 32 scans. The atmospheric and instrumental
noises were corrected by subtracting the background from each scan. An appropriate
amount of each sample was placed in the sample tank for three measurements.

The FTIR-ATR spectra were prepossessed by the Savitzky—Golay smoothing filter
to improve the signal-to-noise ratio by eliminating baseline floating and noise [26]. Ac-
cording to the absorption characteristics of nitrate, the spectrum in the 1500-1200 cm ™!
region was subjected to smoothing, baseline correction, and Gaussian deconvolution with
Peak-fit 4.12 software. The deconvolution process has been elaborated in detail in Figure 6.

Nov 17, 2022 9:25:17 PM Pentium
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c:\users\kwuldesktop\Bl{ 3K \E G
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Figure 6. The process of spectra deconvolution.
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The deconvolution of the spectral curve assumed that several single-peak spectral
bands superimpose the experimental spectrum Y(x). The purpose of fitting was to find the
single-peak spectral band F;(x) (i=1,2 ..., n) [27,28]. The principle was as follows:

Y(x) = XF;(x) @

where Y is the spectrum, x is the wave number, i (1,2, 3 ... , n) is the number of independent
peaks, and F is the kernel function of the expansion or deconvolution. The Gaussian
function is taken as the kernel function:

2
ag 1/x—m
= exp|—= 2
Y T\/TTas p[2<a2)] @
where a9, a1, and a; represent peak amplitude, position, and width, respectively, while x
and y represent wave number and absorption intensity.

3.3. Spectra Recording and Pre-Processing

The principal component analysis (PCA) is a dimensionality reduction chemometrics
technique because it reduces redundant information in a data set. In this experiment, PCA
was used to reduce the dimensions of the spectral data by providing new variables and
to find the regularities among the different ratios of YN /!N in the spectral subsection.
The PCA treated the intense peak positions in each spectrum as vectors and formed linear
combinations of the vectors by assigning a weight to each vector. The MATLAB software
(MATLAB2018b, the MathWorks, Natick, MA, USA) was used for the data analysis.

3.4. Prediction Models

The partial least squares regression (PLSR) model is one of the most commonly used
stoichiometry algorithms in spectral data analysis. It was a bilinear model where a matrix X,
containing the variables (spectra wavenumber), and a matrix Y, a function of the variables
in matrix X (nitrate contents), were used to predict the smallest number of latent variables.
Cross-validation is a statistically sound method for choosing the number of components
in the PLSR model. It avoids over-fitting data by not reusing the same data to both fit a
model and estimate the prediction error. Thus, the estimate of the prediction error is not
optimistically biased downward. PLSR has an option to estimate the root-mean-squared-
error (RMSE) by cross-validation, and when the model reached the first lowest RMSE, the
corresponding number of factors was optimal [29].

3.5. Calibration and Validation Datasets

The spectral data sets of each ratio of 4NO;~ /®NO;3;~ mixture were randomly di-
vided into a calibration data set containing 75% spectra and a validation data set containing
the remaining 25% spectra.

3.6. Model Evaluation

The ratio of prediction to deviation (RPD), the correlation coefficient (R?), and the
root-mean-square error (RMSE) were used to evaluate the model’s predictive performance.
The parameters were evaluated by the following equations:

1 & .
RMSE = |~ Y (yi = 9)* 3)
i=1
SD
RPD = RMSE @
RZ =1— Z?:l(yl' _yl‘)z (5)

Z?:1(yi - y)z
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where y; and j; denote the measurement value and predicted value of nitrate in the
ew, sample, respectively; ¥ is the mean value of the measured nitrate content; SD is the
standard deviation. RMSE and RMSEy represent the root mean square error (RMSE) in
the calibration and validation dataset models. High R2, RPD, and low RMSE define the
robustness and accuracy of the models. RPD value less than 1.4 is considered unsuitable
for quantitative measurement; RPD value between 1.4 and 1.8 is acceptable; RPD value
between 1.8 and 2.0 is good, in which case quantitative prediction could be made; RPD
value between 2.0 and 2.5 is very good quantitative analysis; and an RPD higher than
2.5 indicates excellent model prediction performance [30].

3.7. Limit of Detection

In the process of linear multivariate analysis, the limit of detection (LOD) reflected the
model’s sensitivity. The LOD was calculated by 30/m, where o was the standard deviation
of the predicted concentration, which was denoted by RMSEP, and m was the fitting-curve
slope of the model (using real value as the X-axis and predicted value as the Y-axis) [31].

3.8. Systematic Error Assessment

The systematic errors are derived from the inadequacy of calibration models. The
bias is the sum of the differences between the estimated value y; and the measured value
x; [32,33], and was calculated by Equation (6):

Y(yi — xi)

n

bias = (6)
where 7 is the number of samples. A bias value close to zero indicates a low systematic
error between the measured and predicted values [34].

4. Conclusions

Combining the deconvolution algorithm and PLSR model, FTIR-ATR, was used to
determine the N isotope in the ¥NO;~ and 1®’NO;~ mixtures with different proportions.
The wavenumber of nitrate absorption peaks exhibited a regular shift as the proportion of
15NO3~. The PLSR models showed good prediction performance of nitrate content in the
mixed solutions of ¥NO3;~ and 1°NO3~, which achieved the quantitative determination
of 1®NO;~ content. The above results implied that FTIR-ATR technique coupled with
deconvolution algorithm was an effective and alternative option for estimating the isotopic
composition of nitrate in water bodies, which provided a simple, rapid and affordable
method for isotopic tracing of nitrate nitrogen, further generating a better understanding
of nitrate sources and transformation processes.

Author Contributions: C.D. designed the framework; F.G. and C.W. measured FTIR-ATR and ana-
lyzed the data; FG. and K.W. wrote original draft; EM. and C.D. wrote and reviewed the manuscript.
All authors have read and agreed to the published version of the manuscript.

Funding: The study was supported by the National Natural Science Foundation of China (41907154,
42077019), the National Natural Science Foundation of Jiangsu Province (BK20191110), R & D Project
for Promoting Mongolia (NMKJXM202107) and the Green Blue Project of Jiangsu University.

Conflicts of Interest: The authors declare no conflict of interest.

Sample Availability: Samples of the compounds are not available from authors.

1.  Ministry of Ecology and Environment. Bulletin of the Second National Pollution Source Census [EB/OL]; Ministry of Ecology and
Environment: Beijing, China, 2021.

2. Burow, K.R; Nolan, B.T.; Rupert, M.G.; Dubrovsky, N.M. Nitrate in groundwater of the United States, 1991-2003. Environ. Sci.
Technol. 2010, 44, 4988-4997. [CrossRef] [PubMed]

3. Nestler, A.; Berglund, M.; Accoe, F.; Duta, S.; Xue, D.; Boeckx, P; Taylor, P. Isotopes for improved management of nitrate pollution
in aqueous resources: Review of surface water field studies. Environ. Sci. Pollut. Res. 2011, 18, 519-533. [CrossRef] [PubMed]


http://doi.org/10.1021/es100546y
http://www.ncbi.nlm.nih.gov/pubmed/20540531
http://doi.org/10.1007/s11356-010-0422-z
http://www.ncbi.nlm.nih.gov/pubmed/21246297

Molecules 2023, 28, 567 12 of 13

10.

11.

12.

13.

14.

15.

16.
17.
18.
19.
20.
21.
22.

23.

24.

25.

26.

27.
28.

29.

30.

31.

Ji, X;; Xie, R.; Hao, Y.; Lu, J. Quantitative identification of nitrate pollution sources and uncertainty analysis based on dual isotope
approach in an agricultural watershed. Environ. Pollut. 2017, 229, 586-594. [CrossRef]

Husic, A.; Fox, J.; Adams, E.; Pollock, E.; Ford, W.; Agouridis, C.; Backus, J. Quantification of nitrate fate in a karst conduit using
stable isotopes and numerical modeling. Water Res. 2020, 170, 115348. [CrossRef] [PubMed]

Shang, X.; Huang, H.; Mei, K.; Xia, E; Chen, Z.; Yang, Y.; Dahlgren, R.A.; Zhang, M.; Ji, X. Riverine nitrate source apportionment
using dual stable isotopes in a drinking water source watershed of southeast China. Sci. Total Environ. 2020, 724, 137975.
[CrossRef] [PubMed]

Wang, Y.; Peng, J.; Cao, X.; Xu, Y.; Yu, H.; Duan, G.; Qu, J. Isotopic and chemical evidence for nitrate sources and transformation
processes in a plateau lake basin in Southwest China. Sci. Total Environ. 2020, 711, 134856. [CrossRef] [PubMed]

Fadhullah, W.; Yaccob, N.S.; Syakir, M.I,; Muhammad, S.A.; Yue, EJ.; Li, S. Nitrate sources and processes in the surface water of a
tropical reservoir by stable isotopes and mixing model. Sci. Total Environ. 2020, 700, 134517. [CrossRef]

Hu, M.; Wang, Y.; Du, P,; Shui, Y.; Cai, A.; Lv, C.; Bao, Y; Li, Y; Li, S.; Zhang, P. Tracing the sources of nitrate in the rivers and
lakes of the southern areas of the Tibetan Plateau using dual nitrate isotopes. Sci. Total Environ. 2019, 658, 132-140. [CrossRef]
Yang, Y.; Shang, X.; Chen, Z.; Mei, K.; Wang, Z.; Dahlgren, R.A.; Zhang, M.; Ji, X. A support vector regression model to predict
nitrate-nitrogen isotopic composition using hydro-chemical variables. J. Environ. Manage. 2021, 290, 112674. [CrossRef]

Shao, Y.; Du, C.; Shen, Y.; Ma, F.; Zhou, J. Evaluation of net nitrification rates in paddy soil using mid-infrared attenuated total
reflectance spectroscopy. Anal. Methods 2017, 9, 748-755. [CrossRef]

Shaviv, A.; Kenny, A.; Shmulevitch, I.; Singher, L.; Raichlin, Y.; Katzir, A. Direct monitoring of soil and water nitrate by FTIR
based FEWS or membrane systems. Environ. Sci. Technol. 2003, 37, 2807-2812. [CrossRef] [PubMed]

Ma, F; Du, C.; Zheng, S.; Du, Y. In Situ monitoring of nitrate content in leafy vegetables using attenuated total reflectance-
fourier-transform mid-infrared spectroscopy coupled with machine learning algorithm. Food. Anal. methods 2021, 14, 2237-2248.
[CrossRef]

Gan, F; Wu, K.; Ma, E; Du, C. In Situ determination of nitrate in water using Fourier transform mid-infrared attenuated total
reflectance spectroscopy coupled with deconvolution algorithm. Molecules 2020, 25, 5838. [CrossRef]

Wu, K.; Ma, E; Li, Z.; Wei, C.; Gan, E; Du, C. In-situ rapid monitoring of nitrate in urban water bodies using Fourier transform
infrared attenuated total reflectance spectroscopy (FTIR-ATR) coupled with deconvolution algorithm. J. Environ. Manage. 2022,
317,115452. [CrossRef] [PubMed]

Du, C,; Linker, R.; Shaviv, A.; Zhou, J. In situ evaluation of net nitrification rate in terra rossa soil using a fourier transform
infrared attenuated total reflection15N tracing technique. Appl. Spectrosc. 2009, 63, 1168-1173. [PubMed]

Shao, Y.; Du, C.; Zhou, J.; Ma, F; Zhu, Y,; Yang, K.; Tian, C. Quantitative analysis of different nitrogen isotope labelled nitrates in
paddy soil using mid-infrared attenuated total reflectance spectroscopy. Anal. Methods 2017, 9, 5388-5394. [CrossRef]

Shao, Y.; Du, C.; Shen, Y.; Ma, F; Zhou, J. Rapid determination of nitrogen isotope labeled nitrate using mid-infrared attenuated
total reflectance spectroscopy. Chin. |. Anal. Chem. 2014, 42, 747-752. [CrossRef]

Jansson, P.A. Deconvolution: With Applications in Spectroscopy; Academic Press: New York, NY, USA, 1984.

Zou, M.; Unbehauen, R. A deconvolution method for spectroscopy. Meas. Sci. Technol. 1995, 6, 482-487.

Du, H.; Yi, R;; Dong, L.; Liu, M,; Jia, W.; Zhao, Y.; Liu, X.; Hui, M.; Kong, L.; Chen, X. Rotating asymmetrical phase mask method
for improving signal-to-noise ratio in wave front coding systems. Appl. Optics. 2019, 58, 6157-6164.

Wang, D.; Kong, X.; Dong, L.; Chen, L.; Wang, Y.; Wang, X. A predictive deconvolution method for non-white-noise reflectivity.
Appl. Geophys. 2019, 16, 101-115. [CrossRef]

Niedzielski, P; Kurzyca, I; Siepak, J. A new tool for inorganic nitrogen speciation study: Simultaneous determination of
ammonium ion, nitrite and nitrate by ion chromatography with post-column ammonium derivatization by Nessler reagent and
diode-array detection in rain water samples. Anal. Chim. Acta 2006, 577, 220-224. [CrossRef] [PubMed]

Albanese, D.; Matteo, M.D.; Alessio, C. Screen printed biosensors for detection of nitrates in drinking water. Comput. Aided Chem.
Eng. 2010, 28, 283-288.

Krista, J.; Kopanica, M.; Novotny, L. Voltammetric determination of nitrates using silver electrodes. Electroanal 2000, 12, 199-204.
[CrossRef]

Savitzky, A.; Golay, M.].E. Smoothing and differentiation of data by simplified least squares procedures. Anal. Chem. 1964, 8,
1627-1639. [CrossRef]

Buslov, D.K.; Nikonenko, N.A. Regularized method of spectral curve deconvolution. Appl. Spectrosc. 1997, 51, 666—-672. [CrossRef]
Buslov, D.K.; Nikonenko, N.A.; Sushko, N.I.; Zhbankov, R.G. Analysis of the structure of the bands in the IRspectrum of 3-D
glucose by the regularized method of deconvolution. J. Appl. Spectrosc. 2002, 69, 817-824. [CrossRef]

Ma, F; Du, C.; Zhou, J.; Shen, Y. Investigation of soil properties using different techniques of mid-infrared spectroscopy. Eur. J.
Soil Sci. 2019, 70, 96-106. [CrossRef]

Lu, Y;; Du, C.; Yu, C.; Zhou, J. Use of FTIR-PAS combined with chemometrics to quantify nutritional information in rapeseeds
(Brassica napus). J. Plant Nutr. Soil Sci. 2014, 177, 927-933. [CrossRef]

Doran, E.M.; Yost, M.G.; Fenske, R.A. Measuring dermal exposure to pesticide residues with attenuated total reflectance Fourier
transform infrared (FTIR-ATR) spectroscopy. Bull. Environ. Contam. Toxicol. 2000, 64, 666—-672. [CrossRef]


http://doi.org/10.1016/j.envpol.2017.06.100
http://doi.org/10.1016/j.watres.2019.115348
http://www.ncbi.nlm.nih.gov/pubmed/31810032
http://doi.org/10.1016/j.scitotenv.2020.137975
http://www.ncbi.nlm.nih.gov/pubmed/32247143
http://doi.org/10.1016/j.scitotenv.2019.134856
http://www.ncbi.nlm.nih.gov/pubmed/31818559
http://doi.org/10.1016/j.scitotenv.2019.134517
http://doi.org/10.1016/j.scitotenv.2018.12.149
http://doi.org/10.1016/j.jenvman.2021.112674
http://doi.org/10.1039/C6AY02868C
http://doi.org/10.1021/es020885+
http://www.ncbi.nlm.nih.gov/pubmed/12854723
http://doi.org/10.1007/s12161-021-02048-7
http://doi.org/10.3390/molecules25245838
http://doi.org/10.1016/j.jenvman.2022.115452
http://www.ncbi.nlm.nih.gov/pubmed/35662049
http://www.ncbi.nlm.nih.gov/pubmed/19843368
http://doi.org/10.1039/C7AY01507K
http://doi.org/10.1016/S1872-2040(13)60734-3
http://doi.org/10.1007/s11770-019-0751-8
http://doi.org/10.1016/j.aca.2006.06.057
http://www.ncbi.nlm.nih.gov/pubmed/17723675
http://doi.org/10.1002/(SICI)1521-4109(200002)12:3&lt;199::AID-ELAN199&gt;3.0.CO;2-N
http://doi.org/10.1021/ac60214a047
http://doi.org/10.1366/0003702971941070
http://doi.org/10.1023/A:1022446000732
http://doi.org/10.1111/ejss.12741
http://doi.org/10.1002/jpln.201300399
http://doi.org/10.1007/s001280000055

Molecules 2023, 28, 567 13 of 13

32. Filgueiras, P.R.; Sad, C.M.S.; Loureiro, A.R.; Santos, M.EP.; Castro, E.-V.R; Dias, ].C.M.; Poppi, R.J. Determination of API gravity,
kinematic viscosity and water content in petroleum by ATR-FTIR spectroscopy and multivariate calibration. Fuel 2014, 116,
123-130. [CrossRef]

33. Neto, AJ.; Toledo, J.V.; Zolnier, S.; Lopes, D.D.C.; Pires, C.V,; Silva, T.G.ED. Prediction of mineral contents in sugarcane cultivated
under saline conditions based on stalk scanning by Vis/NIR spectral reflectance. Biosyst. Eng. 2017, 156, 17-26. [CrossRef]

34. Neto, AJ.; Lopes, D.C.; Pinto, EA.C.; Zolnier, S. Vis/NIR spectroscopy and chemometrics for non-destructive estimation of water
and chlorophyll status in sunflower leaves. Biosyst. Eng. 2017, 155, 124-133. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1016/j.fuel.2013.07.122
http://doi.org/10.1016/j.biosystemseng.2017.01.003
http://doi.org/10.1016/j.biosystemseng.2016.12.008

	Introduction 
	Results and Discussion 
	Spectral Characterization 
	Spectral Processing 
	Principal Component Analysis 
	Prediction of Nitrate Nitrogen with a Water Deduction Algorithm 
	Prediction of Nitrate Nitrogen with a Deconvolution Algorithm 

	Materials and Methods 
	Materials 
	Spectra Recording and Pre-Processing 
	Spectra Recording and Pre-Processing 
	Prediction Models 
	Calibration and Validation Datasets 
	Model Evaluation 
	Limit of Detection 
	Systematic Error Assessment 

	Conclusions 
	References

