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ABSTRACT: Quantification of nitrate and nitrite concentrations is important for the management of 

radioactive tank waste chemistry, as these species influence solubility and corrosion. However, existing 

analytical methods are potentially hindered by turbidity, spectral interference, and delays from sample 

handling. We demonstrate quantitative 14N nuclear magnetic resonance (qNMR) spectroscopy as a direct, 

matrix-tolerant approach for nitrate and nitrite detection at natural abundance. Monte Carlo resampling 

was integrated into the workflow to quantify marginal uncertainty, establish precision–time tradeoffs, and 

separate noise-limited uncertainty from systematic bias arising from shimming, transmitter offset, or 

excitation pulse conditions. Quantification of nitrate and nitrite was validated in controlled alkaline matrix 

challenges and in five multicomponent simulants of Hanford Waste. These results establish 14N qNMR as 

a practical, uncertainty-bounded tool for quantifying redox-active nitrogen species in chemically complex 

environments and provide an approach for quantitative analysis of solution-state quadrupolar nuclei. 

  



Introduction 

Nitrate (NO₃⁻) and nitrite (NO₂⁻) are among the most abundant anions in alkaline radioactive waste, 

where they govern solubility equilibria, mass and charge balance, and bulk properties such as viscosity 

and density. 1-3 Both anions exert control on phase behavior, with nitrate in particular acting as a major 

component of both liquid and solid phases. 4 The presence of NO₃⁻ and NO₂⁻ can alter the solubility of 

mineral phases with no common ions, such as aluminum hydroxide (Al(OH)3). 5-7 Radiolysis further 

converts NO₃⁻ to NO₂⁻, ammonia, and nitrous oxide, altering solution chemistry in ways that link 

solubility and redox behavior across waste environments. 8,9 NO₃⁻ and NO₂⁻ are key species in the 

chemistry program to control corrosion of radioactive waste tanks at the Department of Energy’s legacy 

nuclear site, Hanford. 10 NO₃⁻ and NO₂⁻ are present in high concentrations with the former acting as an 

aggressive species, and the latter acting as an inhibitor. Carbon steel corrosion due to NO₃⁻ is mitigated by 

addition of sodium hydroxide (NaOH), and chemistry control relies upon radiolysis to deplete NO₃⁻ to 

NO₂⁻, which inhibits corrosion. In radioactive environments such as Hanford, the widespread occurrence 

and reactivity of NO₃⁻ and NO₂⁻ present both scientific challenges and operational risks. 11 

Applied analytical approaches are categorized as offline methods, which include separation-based 

techniques that typically require matrix manipulation, or online optical methods that are faster but 

susceptible to interference, such as turbidity. 12 Ion chromatography (IC) requires extensive sample 

handling. 13 Reverse-polarity capillary zone electrophoresis has also been applied to Hanford wastes 

reducing pre-analysis handling and secondary waste relative to IC, but still requiring dilution and offline 

operation. 14 Despite such improvements, offline approaches in radioactive environments still involve 

drawbacks including personnel exposure, personnel-intensive radiologically controlled sampling, and 

delays associated with safety protocols. 11 Online optical methods such as Raman, UV–Vis, and FTIR 

spectroscopy with chemometric analysis enable real-time monitoring. Raman spectroscopy, often 

supported by multivariate curve resolution, is notable for nitrate/nitrite detection, yet its performance can 

be constrained by turbidity, spectral overlap, and fluorescence. 12,15,16 Such limitations underscore the need 

for orthogonal techniques, and nuclear magnetic resonance (NMR) spectroscopy offers a promising 

alternative. 

NMR spectroscopy provides isotope- and chemical-specific selectivity. 17 NMR spectroscopy is well 

established in process analytical technology for spin ½ nuclei such as 1H, 13C, 19F and 31P. 18 Applications 

to quadrupolar nuclei, such as 14N, are less common, but there has been momentum in various 

applications (¹⁴N, 27Al, ³³S, ³⁵Cl, and 53Cr). 19-29 While the 15N nucleus (I = ½) yields sharp, quadrupole-

free signals and is widely used for structural characterization, its low natural abundance (0.37%) and 

modest gyromagnetic ratio require isotopic enrichment or prohibitively long acquisition times. 30 In 

contrast, the quadrupolar 14N (I = 1) nucleus is predominant at natural abundance (99.63%), but its rapid 

quadrupolar relaxation produces broad signals. 30 Early studies of ¹⁴N NMR date back to the 1960s, and 

¹⁴N NMR Hanford-related work was detailed in the 1990s, with more recent ¹⁵N NMR studies in 

simulants. 31-36 Despite these efforts, systematic application of quantitative ¹⁴N NMR, particularly in 

multicomponent mixtures at high alkalinity representative of nuclear waste, remains limited. 

Here we demonstrate that quantitative 14N NMR, combined with Monte Carlo uncertainty analysis, 

enables direct, matrix-independent quantification of nitrate and nitrite at natural abundance. Monte Carlo 

resampling yielded parameter-specific confidence intervals, defined precision–time tradeoffs, while 

systematic bias arises from shimming, transmitter offset, and excitation conditions. Optimized protocols, 

including π/4 excitation, minimized these biases. The approach was validated in binary nitrite solutions, a 

ternary NaOH challenge designed to stress sensitivity under increasing alkalinity, and multicomponent 

Hanford-type simulants containing more than ten ionic species. Scaled signal to noise estimates were 



propagated through Monte Carlo resampling to quantify calibration slope uncertainties. Together, these 

advances establish 14N qNMR as an uncertainty-bounded, validated quantification approach for 

quadrupolar nuclei in complex environments. 

 

Methods 

Solution preparation 

Multicomponent Hanford simulants were prepared as described in Schonewell et al. (2024). 37 These 

simulants consisted of a range of chemical components, including chromate [CrO₄²⁻], aluminate 

[Al(OH)₄⁻], oxalate [C₂O₄²⁻], carbonate [CO₃²⁻], sulfate [SO₄²⁻], phosphate [PO₄³⁻], nitrite [NO₂⁻], nitrate 

[NO₃⁻], chloride [Cl⁻], fluoride [F⁻], hydroxide [OH⁻], calcium [Ca²⁺], cesium [Cs⁺], potassium [K⁺], 

sodium [Na⁺], strontium [Sr²⁺], acetate [CH₃CO₂⁻], and formate [CHO₂⁻]. As detailed in the reference, 37 

analyte concentrations within the simulants were quantified using Inductively Coupled Plasma-Optical 

Emission Spectrometry (ICP-OES) to determine the concentrations of Al, Ca, Cr, Na, and K. Following 

this, Inductively Coupled Plasma Mass Spectrometry (ICP-MS) was employed to measure the Cs and Sr 

content. Simulant anion loadings, including Cl⁻, F⁻, NO₃⁻, NO₂⁻, PO₄³⁻, and SO₄²⁻, were quantified using 

Ion Chromatography. The reagents used to make these simulants were of ACS Reagent Grade and a 

detailed table of these concentrations is provided in Table S1 of the Supporting Information. Additional 

samples comprising single-component NaNO₃ solutions were prepared by dissolving NaNO₃ (Sigma 

Aldrich, ACS Reagent Grade, ≥99%) in deionized water (18 MΩ·cm). Multicomponent NaNO₂ solutions 

in NaOH were prepared by first mixing NaNO₂ (Sigma Aldrich, ACS Reagent Grade, ≥96%) with NaOH 

(Sigma Aldrich, ACS Reagent Grade, ≥98%) in deionized water at the desired concentrations.  

NMR spectroscopy 

Nitrogen-14 NMR spectroscopy was performed on an 11.7534 T Avance III spectrometer (Bruker) 

equipped with a 5 mm BBO SmartProbe. The Larmor frequency of 14N at 11.7534 T is 36.14 MHz. 

Spectra were acquired at 25 °C, unless otherwise stated. Typically, single-pulse, direct-excitation 14N 

NMR spectra were acquired for calibration experiments using a π/4 pulse of ~ 22 µs. The transmitter 

offset was set at the midpoint between nitrate and nitrite resonances unless otherwise specified for offset 

sweeps. For the spectra underlying Monte Carlo analyses, the time domain size was 12048 points, with a 

sweep width of 30120.5 Hz, an acquisition time of 0.4 s, a recycle delay of 0.1 s, and up to 32768 

transients. The effective recycle time per transient was defined as the sum of the acquisition time and the 

nominal recycle delay (aq + d1), which exceeded 5×T₁ for all 14N measurements. Comparable acquisition 

settings were used for transmitter offset experiments, with systematic shifts of ~29 ppm. Likewise, for 

shim perturbation experiments a shift of z2 = ± 200 units was applied. For the spectra underlying 

quantitative 14N NMR measurements of multicomponent, matrix-variable samples, conservative 

acquisition and recycle times were used (aq ≈ 4 s, d1 = 1 s), 32 transients, and a π/4 pulse.  Frequency-

domain processing included 20 Hz of exponential apodization (note intrinsic T₂ of NO₂⁻ is ~0.6 ms), zero-

filling to 32768 points, and uniform baseline and integration windows. Experimental parameters for 

additional 1H and 14N experiments are provided in the captions of Figures S1, S2, S4, S5, and S8 in the 

Supporting Information.  

For illustrative comparison of relative sensitivity, ¹⁵N NMR spectroscopy was performed on an 11.7434 T 

NMR spectrometer (Agilent/Varian) equipped with a broadband probe. Spectra were acquired at 25 °C 

using single-pulse, direct-excitation experiments with a calibrated 45° pulse of 10.62 µs. The transmitter 

offset was set at the midpoint between nitrate and nitrite resonances. Each spectrum was collected with a 



sweep width of 37 878.8 Hz, an acquisition time of 6.92 s, a recycle delay of 40 s, and 256 transients. To 

accommodate slow instrumental frequency drift over long acquisition times, experiments were 

implemented as pseudo-two-dimensional acquisitions and realigned prior to processing, with eight spectra 

of 256 transients co-added after alignment. Frequency-domain processing after addition included 

exponential line broadening of 2 Hz and baseline correction. The total experiment time was 26 h and 41 

min. 

Monte Carlo Assessment of Uncertainty  

Monte Carlo resampling was used to quantify parameter-specific, marginal uncertainty. 38-40 Residuals 

from frequency-domain spectral fits were used to propagate uncertainty conditional on the processed 

spectrum and the observed noise scale. Residuals were computed as the difference between the fitted 

model and the processed spectrum, and their standard deviation was used as a single noise scale to 

generate Gaussian noise added in the frequency domain for Monte Carlo uncertainty propagation. Each 

synthetic spectrum was fitted with a pseudo-Voigt lineshape. 41 Pseudo-Voigt functions were used as 

flexible numerical models of the processed frequency-domain spectra rather than attempts to recover the 

underlying physical lineshape. Distributions of fitted values were compiled for peak position, linewidth, 

integral, and Gaussian factor. Properties of the resampled distributions of fitted values (mean and standard 

deviation) were extracted using Gaussian fits as an approximation. To extend results across different 

concentrations, uncertainties were scaled by integral-based signal to noise ratio (defined below). These 

scaled uncertainties were propagated into calibration slopes, producing distributions from which 

confidence intervals were derived. This Monte Carlo approach quantifies uncertainty conditional on the 

processed spectrum and does not explicitly model time-domain noise propagation or acquisition-level 

noise correlations, which are discussed in greater detail outside the scope of this work. 42 Estimates of 

precision were evaluated separately from bias effects introduced by controlled changes of shimming and 

transmitter frequency. 

Here we extended the height-based signal to noise ratio, 43 to an integral-based signal to noise ratio 

(ISNR). ISNR was introduced here as an empirical normalization to compare uncertainty across 

resonances with substantially different linewidths, and was not intended as a formal estimator of 

analytical variance or independent noise samples. ISNR was defined as 

ISNR =  
𝐼

𝜎𝑅√𝑁eff

 

 

Eq. 1 

where 𝐼 is the fitted signal integral, 𝜎𝑅 = standard deviation of residual, and 𝑁eff = effective number of 

correlated points under the integration window, defined as the number of frequency-domain points within 

a total window of 5·FWHM (±2.5·FWHM around the peak center). 𝑁eff  is not interpreted as the number 

of statistically independent samples under apodization or other processing conditions that introduce 

correlated residuals. Throughout this work, signal quantitation is based on the analytic integral of the 

fitted pseudo-Voigt lineshape rather than numerical integration of discrete spectral points. 

Distributions of pseudo-Voigt lineshape values were compiled for peak position, FWHM, 𝐼, and Gaussian 

factor.  The relative standard deviation (RSD) of parameter 𝑖 was defined as  

RSD𝑖(%) =  100 ∙
𝜎𝑖

𝜇𝑖
 

 

Eq. 2 

where 𝜎𝑖 and 𝜇𝑖 are the standard deviation and mean of integral, linewidth (FWHM), or Gaussian factor 

(G) obtained from the Monte Carlo resampling.  



For peak position, given that the FWHM of nitrate and nitrite are significantly different, the FWHM-

normalized standard deviation of peak position (NSD𝑝) was defined as 

NSD𝑝(%) =  100 ∙
𝜎p

𝜇FWHM
 

Eq. 3 

 

Parameter-specific, noise sensitivity constants 𝑎𝑖 were obtained by regressing RSD against ISNR with 

RSD𝑖 =  
𝑎𝑖

ISNR
 Eq. 4 

 

In the noise-limited regime, 44 uncertainty decreases with the square root of the number of transients (𝑛𝑡) 

as 

RSD𝑖 ∝  
1

√𝑛𝑡
 

Eq. 5 

 

Finally, the number of transients and corresponding total acquisition time required at concentration (𝐶) to 

achieve target precision of parameter 𝑖 (TRSD𝑖) was calculated by ratioing a baseline dataset  

𝑡𝑡𝑜𝑡𝑎𝑙 = 𝑡0 (
RSD𝑖,0

TRSD𝑖
)

2

(
𝐶0

𝐶
)

2

 

 

Eq. 6 

where 𝑡0, 𝐶0, RSD𝑖,0 are the baseline measurement time, concentrations, and relative standard deviation, 

respectively. The reference dataset is that of nitrate for the nt=8192 acquisition (Table S6, Supporting 

Information). The measurement time is related to the recycle delay by the number of transients collected. 

 

Results and Discussion 

We benchmarked the relative sensitivity of 14N and 15N nuclei under process-relevant conditions to 

evaluate feasibility for direct nitrate/nitrite quantification. A prototypical 18-component matrix (S2; Na⁺, 

K⁺, Cs⁺, Al(OH)₄⁻, NO₃⁻, NO₂⁻, CrO₄²⁻, F⁻, PO₄³⁻) was analyzed by single-pulse direct excitation for both 

nuclei. As shown in Figure 1, natural abundance 14N produced NMR spectra with resolved NO₃⁻ and 

NO₂⁻ within seconds, whereas 15N required acquisition times on the order of several days. The resonances 

of NO₃⁻ and NO₂⁻ were separated by ~233 ppm, nearly 20-fold larger than their FWHM (~1 ppm for 

nitrate and ~10 ppm for nitrite), providing baseline separation. 



 
Figure 1. Nuclei-dependent signal acquisition rate. A comparison of natural abundance (A) 15N and 

(B) 14N NMR spectroscopy in the 18-component matrix, S2. The concentration of NO₃⁻ and NO₂⁻ are 

3.64 M and 0.25 M (Table S1 in the Supporting information).  

 

The large difference in signal acquisition rate arises from two factors. First, the high natural abundance of 
14N is 99.63% abundant whereas 15N is 0.37%. Second, as detailed in Figures S1-S3 in the Supporting 

Information, the spin–lattice relaxation times (T₁) of NO₃⁻ and NO₂⁻ further enhance acquisition 

efficiency for 14N relative to 15N. In the prototypical 18-component S2 matrix, analysis of inversion 

recovery experiments45 indicated that 14N T₁ values were ~30 ms for NO₃⁻ and ~1 ms for NO₂⁻. These T₁ 

values then facilitate selection of recycle delays of ~0.15 s, with the per-scan recycle time approximated 

as 5·T₁. By comparison, the 15N T₁ of a 1 M Na15NO₂ standard was ~13 s, approximately two orders of 

magnitude longer than the 14N values. On this basis, 14N acquires at ~6.7 scans·s⁻¹ compared to ~0.015 

scans·s⁻¹ for 15N, corresponding to a ~430-fold rate advantage, independent of the disparity in natural-

abundance of 14N and 15N. 

Also described in Figures S4 and S5 in the Supporting Information, 14N Carr–Purcell–Meiboom–Gill 

(CPMG) experiments46 showed that the broader NO₂⁻ resonance arises predominantly from quadrupolar 

relaxation. The markedly shorter T₂ of NO₂⁻ (~0.6 ms) compared to NO₃⁻ (~32 ms) reflects the greater 

electric field gradient asymmetry at the nitrogen nucleus in a bent coordination (C₂v) in NO₂⁻, relative to 

the trigonal planar (D₃h) coordination of NO₃⁻.47  Given that nitrite exhibits a sub-millisecond T₂, its 

quantitative reliability could be questioned. 48 This concern is investigated through analyses of precision-

time and systematic bias, and ultimately resolved by demonstrating linear concentration dependence. 

Monte Carlo Uncertainty Analysis  

In solution, rapid isotropic tumbling averages the first-order quadrupolar interaction, while second-order 

quadrupolar effects contribute to rapid transverse relaxation, which, alongside post-acquisition 

processing, can result in broad observed lineshapes that are not well described by a strict Lorentzian 

model. 49 Quantitative analysis of 14N NMR uncertainty and precision–time tradeoffs is not adequately 



captured by conventional linear least-squares, as parameters of pseudo-Voigt line shapes can be coupled, 

such as FWHM and G. Likewise, since the Gaussian factor is bounded between 0 and 1 and post-

acquisition apodization introduces correlated residuals, standard deviations from least-squares fits 

underestimate uncertainty and fail to capture covariance. 44 Accordingly, the Gaussian factor is treated as a 

statistical nuisance parameter retained to absorb model flexibility and stabilize estimation of the integral, 

linewidth, and peak position, rather than as a physically interpretable quantity. As shown in Figure 2, this 

limitation is evident in Monte Carlo ensembles at low transient (nt) averaging, where stacked spectra 

display broad noise manifolds not accounted for by least-squares error propagation. 

 
Figure 2. Monte Carlo resampling of the fitted 14N NMR spectra of the NO₂⁻ resonance in the S2 

matrix. (A) Stacked resampled spectra at low and high averaging illustrate noise behavior. (B) Mean 

integral and position values as a function of transients demonstrate convergence with averaging. (C) 

Parameter distributions of integral versus position at 16 transients demonstrate variance-limited scatter 

consistent with a two-dimensional Gaussian. (D) The relationship between FWHM and the Gaussian 

factor at 16 transients demonstrates parameter covariance. In panel B, the integral and peak position of 

the lowest-transient spectrum are highlighted in gray to guide the eye. In panels C and D, the line 

denotes the principal direction of variation of the Monte Carlo ensemble, constrained to pass through 

the ensemble mean. Comparable results for the NO₃⁻ resonance are provided in Figure S6 in the 

Supporting Information. 

 

Residuals from fitted spectra were resampled using Gaussian perturbations scaled to the observed residual 

variance in the processed spectrum. Each synthetic spectrum was refit with the same pseudo-Voigt 

procedure. The resulting ensembles illustrate statistical behaviors. First, as shown in Figure 2B, the 

ensemble means of integral and peak position converge as the number of averaged transients increases. 

Second, with 16 transients, integral and peak position lead to an approximately Gaussian marginal 

uncertainty (Figure 2C) with the FWHM and the Gaussian factor having some degree of covariance, 

illustrating intrinsic coupling of those parameters in the pseudo-Voigt model. Unlike conventional 

nonlinear least-squares, Monte Carlo resampling propagates parameter covariance explicitly into marginal 



uncertainty estimates,40 for all parameters (see Tables S3-S7 in the Supporting Information for associated 

values). 

When expressed as a function of the integral-based signal to noise ratio (ISNR; Eq. 1), marginal 

uncertainties for NO₃⁻ and NO₂⁻ collapsed onto common curves for normalized peak position (peak 

position/FWHM), along with the relative standard deviations of linewidth and integral (Figures 3A–C). 

On log-log axes, relative standard deviation values scaled linearly with ISNR (Eq. 4), with slopes of −1 

within uncertainty, consistent with the expected noise-limited law, RSD ∝ 1/ISNR. 40 These relationships 

were evaluated by linear regression in log–log space after logarithmic transformation of both RSD and 

ISNR which yielded parameter-specific constants that quantify relative noise sensitivity (𝑎𝑖, see Table S8 

in the Supporting Information) with fitted intercepts corresponding to log(𝑎𝑖). Among these, position 

exhibited the lowest constant, linewidth and integral were moderately more sensitive, and the Gaussian 

factor was far less stable. Unlike the other parameters, nitrate and nitrite did not collapse to a common 

curve for the Gaussian factor (Figure 3D), reflecting its boundedness and covariance with linewidth. As a 

result, the Gaussian factor constants differed by orders of magnitude and exhibited wide confidence 

intervals, identifying the Gaussian factor as a statistical nuisance parameter, which stabilizes parameters 

of interest (integral, FWHM, and peak position). 41,50,51  

 
Figure 3. Scaling of marginal parameter uncertainty with the integral-based signal to noise ratio. 

The standard deviation of (A) integral, (B) position normalized by FWHM, (C) FWHM, and (D) 

Gaussian factor for NO₃⁻ and NO₂⁻, fit separately due to boundedness and covariance with linewidth. 

Solid lines are log–log regressions of RSD or NSD according to Eq. 3, yielding slopes near −1 and 

intercepts corresponding to log(𝑎𝑖) as shown in Table S8 in the Supporting Information. 

 

 

Since the slopes in Figure 3 are near −1, the data follow noise-limited scaling under the present 

acquisition and processing conditions for position, linewidth, and integral. 44 In contrast, deviations in 

Gaussian factor reflect large variability and instability, consistent with its identification as a statistical 

nuisance parameter. 41,50,51 Because the data fall in the noise-limited scaling regime, ISNR increases with 

the square root of the number of transients, and uncertainties follow the expected dependence within the 

noise-limited regime (Eq. 5). 44 This relationship underpins the acquisition planning chart (Figures S7, 

Supporting Information), which maps the concentration of NO₃⁻ or NO₂⁻ to the number of scans and total 

experiment time using Eq. 6, enabling scan/time predictions to be made from a single reference dataset. 



For example, at 0.05 M concentration of either NO₃⁻ or NO₂⁻, a ~0.1 h (6 minutes) and ~ 0.4 h (24 

minutes) duration measurement achieves an integral with an RSD of 2% and 1%, respectively. 

 

Bias analysis 

Although random error decreases with averaging, systematic bias persists and must be evaluated 

separately. In these bias experiments, the objective was to assess systematic shifts in fitted parameter 

means rather than changes in measurement precision under degraded conditions. Shimming experiments 

quantified the influence of magnetic-field inhomogeneity on 14N qNMR spectroscopy. For orientation, 

representative 1H spectra illustrating severe shim distortions are provided in Figure S8 in the Supporting 

Information. For the corresponding 14N spectra, distortion under the same shim conditions was 

significantly more modest and a pseudo-Voigt lineshape model was regressed. The 14N peak position of 

nitrate (Figure 4A) shifted approximately linearly with z2, whereas linewidth broadened modestly and 

normalized integrals remained essentially constant within ±0.5% (Figures 4B–C). These results 

demonstrate that shim bias manifests primarily in line-shape parameters rather than in the integral. 

Operationally, this facilitates approximation of “acceptable” shims as those within ±500 z₂, under which 

the FWHM remains 31–34 Hz and normalized integrals vary by ≤0.5%. Notably, at these shim settings 

the corresponding 1H spectra remain considerably distorted (Figures S8, Supporting Information), 

underscoring that the definition of “acceptable shims” is nucleus dependent.  

 
Figure 4. 14N NMR spectroscopy of NO3

- in the S2 matrix with bias introduced via shim 

malalignment and frequency offset. (A) Peak position as a function of shim offset (z2) showing an 

approximately linear trend. (B) FWHM as a function of z2 with near-parabolic dependence. (C) 

Normalized integral as a function of z2, invariant within ±0.5%. (D) Integral (normalized to z2 offset 



of 0) as a function of transmitter offset for π/2 and π/4 excitation pulses. Error bars represent parameter 

uncertainty derived from Monte Carlo resampling of the unperturbed reference spectrum and are 

applied uniformly across all perturbed conditions to emphasize systematic bias effects. 

 

Since NO₃⁻ and NO₂⁻ are separated by ~232 ppm at ~36 MHz, excitation bandwidth represents another 

source of systematic error. 25 Reduced RF power is required to suppress probe ringing over this dispersion, 

narrowing the excitation bandwidth and making apparent signal integrals dependent on excitation 

frequency. 52 To quantify this effect, integrals of the NO₃⁻ resonance in the S2 matrix were measured as a 

function of offset for π/2 and π/4 pulses (Figure 4D). At 300 ppm downfield from the NO₃⁻ resonance, 

π/2 excitation decreased the integrated resonance of NO₃⁻ by ~10%, whereas π/4 excitation decreased by 

~6%. If the transmitter frequency is selected as the midpoint between the NO₃⁻ and NO₂⁻ resonances, each 

resonance lies within ±120 ppm from the center, and both excitations preserve quantitation within a few 

percent. Regardless, we selected π/4 excitation because it flattens the offset response, suppresses ringing, 

and yields more stable integrals. Although π/4 nominally reduces sensitivity by ~30% per scan, the short 
14N T₁ values (1–30 ms) ensure rapid recovery, so in practice the penalty is minimal for concentrations 

above the detection threshold. The same bandwidth and selectivity considerations extend broadly to 

multipulse experiments, which are generally susceptible to distortion when performed off-resonance. 49 

Example multipulse experiments include inversion-recovery, saturation recovery, CPMG pulse sequences. 

To avoid such artifacts, measurements were performed with the transmitter frequency on-resonance for 

each analyte (Figure S1-S5, Supporting Information). 

Quantitative Response Across Matrix Complexity 

We further examined five multicomponent Hanford-type simulants (S1–S5, Table S1, Supporting 

Information) containing more than ten ionic species spanning millimolar to molar concentrations. Despite 

large differences in composition and ionic strength, integrated resonances of both NO₃⁻ and NO₂⁻ follow 

the same calibration line (Figure 5). For the five simulants at 25 °C, the calibrated ¹⁴N π/2 pulse length 

varied by less than ~3% and the measured ¹⁴N T₁ values for NO₃⁻ and NO₂⁻ were ≤ 80 ms (Figure S4 and 

S5, Supporting Information). This demonstrates that the method maintains quantitative performance 

across chemically diverse matrices and extends beyond controlled challenges to applied, multicomponent 

systems.  Marginal uncertainty in these calibrations was quantified by Monte Carlo propagation of per-

point measurement variances, derived from the linear fit using uncertainties established from the Monte 

Carlo analysis. The resulting slope was 3909 ± 20 counts·mM⁻¹ (± 1σ).  



 
Figure 5. Quantitative response of 14N qNMR across increasing matrix complexity and the matrix 

challenge of 0-3 M NaOH with 1 M NaNO2.  

 

We next assessed quantitative performance under controlled matrix perturbation by varying alkalinity in a 

ternary system (NaNO₂ + NaOH + H₂O). The NO₂⁻ ion was selected as the analyte because its shorter T₂ 

produces broader resonances and therefore provides a stringent test of quantitation. A π/4 excitation pulse 

was used to balance sensitivity with uniform excitation. Across the range of 0–3 M NaOH at fixed 1 M 

NaNO₂, all integrated intensities lie on a single calibration line within uncertainty (Figure 5). These 

results indicate that strong alkalinity does not degrade quantitative response. Within this bound, slopes 

were indistinguishable across the binary, ternary, and multicomponent cases, confirming that diverse 

matrix compositions did not affect the quantitative response of NO₃⁻ and NO₂⁻. 

 

Conclusions 

This study establishes quantitative 14N NMR as a practical approach for quantifying NO₃⁻ and NO₂⁻ 

concentrations in chemically complex environments. At natural abundance, 14N provided rapid and 

quantifiable NO₃⁻ and NO₂⁻ signals, whereas 15N required prohibitively long acquisition times. Monte 

Carlo analysis of marginal uncertainty was integrated to provide parameter-specific standard deviations 

for the integral, peak position, linewidth, and G, which facilitated ranking of their sensitivity to noise. The 

analysis clarified sources of systematic bias arising from shimming, transmitter offset, and excitation 

pulse bandwidth. Quantification of NO₃⁻ and NO₂⁻ was validated in binary, ternary, and multicomponent 

systems, including a controlled NaOH challenge and Hanford-type simulants with 18 ionic species. 

Despite deliberate perturbations and high ionic strength, NO₃⁻ and NO₂⁻ data converged to a single 

calibration. Marginal uncertainty estimates scaled for each matrix were propagated by Monte Carlo 

resampling of the calibration data points to yield statistically rigorous standard deviations for the 

calibration slope. Together, these results extend solution-state quadrupolar qNMR into chemically diverse 

environments and establish an uncertainty-bounded approach for advancing chemical quantification in 

complex environments. 
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