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ABSTRACT
Raman spectroscopy is a valuable tool for detecting trace compounds over wide ranges of concentrations but is usually limited 
to qualitative analysis (e.g., identification) due to the difficulty of determining concentration from Raman peak intensity except 
under very controlled conditions. This study presents a new quantitative model, derived from first principles, that can be used 
to estimate the concentration ratio of binary mixtures from their Raman intensities over several orders of magnitude, fully ac-
counting for any nonlinear behaviors introduced by factors such as overlapping peaks and self-absorption. By training the model 
on experimental data of mixtures with known concentrations, the empirical parameters describing a particular mixture can be 
ascertained and then used to predict concentrations in further samples. The efficacy of the model is explored using synthetic 
datasets representing four scenarios depending on which compounds contribute to each peak. Bootstrapped model training can 
be used to consider the effects of noise, determine uncertainties for future predictions, and estimate the limits of detection and 
quantification for any given measurement. Finally, the model's efficacy is tested on experimental data for aqueous solutions of 
different organic nucleotides at concentration ratios between 0.1 and 1000 ppm, showing that the model works over 4 orders of 
magnitude and can be used to reliably predict the concentration ratio of test samples to within 0.1 orders of magnitude. This ad-
vanced model will improve our ability to estimate and assess concentrations in a wide range of mixed samples, even when their 
peaks overlap significantly.

1   |   Introduction

Raman spectroscopy is a well-established noncontact, nonde-
structive analytical technique for detecting trace compounds 
in complex samples, obtaining distinctive spectra for a wide 
range of organic and inorganic compounds that are of interest 
to different research communities, with Raman routinely used 
in pharmaceuticals, mineralogy, meteoritics, material science, 
and microbiology, among others [1–8]. Raman is now even being 
used to look for chemical evidence of past life and habitabil-
ity on Mars, with two instruments operating onboard NASA's 
Perseverance rover mission [9, 10]. Raman spectroscopy detects 
molecules by measuring the inelastic scattering of laser light 
by their vibrations, with the pattern of Raman scattering peaks 
being highly specific to the molecule's chemical structure [11]. 
The additive nature of Raman scattering means that the Raman 

signal is received from all compounds present in the sample si-
multaneously, weighted by the product of their concentrations 
and scattering cross-sections, enabling the combined detection 
of different components if their spectra do not overlap consider-
ably [11, 12]. Raman has been used in this manner to study the 
composition of microbial cells, mineral mixtures, meteorites, 
and many other samples [6, 7, 13].

Combined with resonant enhancement to increase scattering 
yields, it can be possible to detect the Raman signature of cer-
tain organics at concentrations below 1 part per million [14]. 
While Raman intensity is intrinsically linear with respect 
to concentration, the quantitative use of Raman to measure 
concentration has historically been limited by the sensitiv-
ity of measured Raman intensities to other factors, such as 
variable output and focusing of the laser, and attenuation 
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and self-absorption of scattered light within the sample, all 
of which can introduce unexpected fluctuations and nonlin-
earity to any experimentally measured trend [15, 16]. These 
factors are not easily accounted for except in specific samples 
under controlled conditions, typically requiring the pres-
ence of an internal or external standard for normalization 
[12, 17, 18]. When normalization is not practical, these factors 
can be side-stepped by instead evaluating the intensity ratio 
of the analyte in question to another compound present in the 
sample, such as the medium, provided both can be detected si-
multaneously. By taking the ratio of intensities for two peaks, 
one from the analyte and one from the medium, for a series 
of experimental mixtures of known concentration ratio, it 
becomes possible to back-calculate the analyte/medium con-
centration ratio for subsequent samples of the same analyte/
medium mixture. This approach has been used to achieve 
quantitative and semiquantitative analysis of concentration 
ratios in binary and ternary mineral/mineral and organic/
mineral mixtures [13, 19–21].

However, these methods have always used linear equations to 
describe the relationship between Raman intensity ratio and con-
centration ratio, which assumes that one measured peak has an 
intensity exclusively due to analyte 1 while the other is exclusively 
from the medium. In practice, analyte and medium may have 
minor vibrational modes that overlap with the peaks of the other 
and will contribute a non-negligible signal at very high or very low 
concentration ratios, leading to decidedly nonlinear behavior at 
extreme concentrations. This nonlinearity has not been reported 
in previous studies, which have typically evaluated a relatively 
narrow range of concentration (1–2 orders of magnitude) where 
linearity is expected, and very rarely examine concentration ratios 
below 1% (~10,000 ppm). For a quantitative approach to work over a 
larger range of potential concentrations, and especially at concen-
trations as low as 1 part per million, the traditional linear model of 
Raman intensity ratios must be corrected and refined to account 
for the nonlinearity that can be introduced by cross-contributions 
from any overlapping peaks of the analyte and medium.

This article presents a novel quantitative model derived from 
first principles to accurately describe how measured intensity 
ratios relate to concentration ratios for binary mixtures, ac-
counting for all possible permutations of cross-contributions 
from analyte and medium. It explores the behavior and limita-
tions of the model based on synthetic datasets and then tests it 
on real experimental data of aqueous organic/salt/water solu-
tions from a previous study, spanning an organic/water concen-
tration ratio range of 0.1 to 1000 ppm [15]. It will also describe 
how to use bootstrap resampling to improve the robustness of 
the model and enable estimation of other important parameters, 
such as prediction uncertainty, limits of detection, and limits of 
quantification.

2   |   Materials and Methods

2.1   |   Aqueous Mixtures

The preparation of aqueous nucleotide solutions was originally 
reported in Razzell Hollis et al. [15]. In brief, deoxyribose ade-
nosine triphosphate (dATP), deoxyribose cytidine triphosphate 

(dCTP), deoxyribose guanosine triphosphate (dTTP), and deoxy-
ribose thymidine triphosphate (dTTP) were used as received, 
as a 100-mM PCR-grade nucleotide solution (Sigma Aldrich 
DNTP-100), that were mixed with a stock solution of 100 mM 
Na2SO4.10H2O (Sigma Aldrich) dissolved in purified MilliQ 
water to obtain nucleotide concentrations of 0.01 to 50 mM. 
Na2SO4 concentration was therefore 100 − X  mM where X  is the 
concentration of nucleotide.

2.2   |   DUV Raman Spectroscopy

The collection of experimental Raman spectra was originally 
reported in Razzell Hollis et al. [15]. In brief, all measurements 
were done using MOBIUS, a custom deep-ultraviolet (DUV) 
Raman spectrometer at the NASA Jet Propulsion Laboratory. 
MOBIUS uses a 248.6-nm pulsed NeCu laser (Photon Systems 
Inc) and a liquid N2 cooled CCD detector (Horiba Symphony 
e2v 42-10). A slit width of 250 μm and a grating of 1800 lines/
mm produced a spectral step size of 3.8 cm−1. Twenty-five spec-
tra were collected per sample, each integrated over 1200 laser 
pulses at 40 Hz and an energy of 2.5–3.4 μJ/pulse. Immediately 
prior to measurement, 50 ± 0.05 μL of solution was deposited 
onto a clean aluminum wafer beneath the objective lens and 
the sample stage z-axis position adjusted so that the wafer was 
in focus through the droplet; all spectra were collected within 
20 min of deposition to minimize the effects of evaporation on 
concentration.

2.3   |   Spectral Processing

Preprocessing of spectra was done in Loupe, a custom pro-
gram written for MOBIUS, and included laser output normal-
ization and cosmic ray removal [22]. Further processing was 
done using a set of Jupyter Notebooks [23], adapted from the 
publicly available OSTRI suite developed for Raman and FTIR 
analysis by Razzell Hollis [24]. Processing included automatic 
baseline subtraction by polynomial fitting, automatic peak de-
tection, peak fitting using pseudo-Voigt functions, and record-
ing of spectra to a standardized data format. Intensity values 
were taken directly from each point spectrum according to a 
set of pre-defined frequencies for each component molecule 
in the sample.

2.4   |   Synthetic Data Generation

Synthetic data comprised intensity values generated for a binary 
mixture with given concentrations of molecules A and B. The 
total intensity of peak v was generated using Equation (1), based 
on predefined values for incident intensity I0, the Raman scat-
tering cross-sections of A and B for that peak, JA,v 3and JB,v, their 
concentrations CA and CB, an assumed interrogation volume V , 
and the instrument sensitivity Fv and the attenuation factor Xv 
for that wavelength. Optional dark noise and shot noise were 
added using normally distributed random values with standard 
deviation Ndark and Nshot.

(1)

Iv =
(

I0 ⋅ Fv ⋅ Xv ⋅ V ⋅

(

JA,vCA + JB,vCB
)

± Ndark

)

×

(

1 ± Nshot

)
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2.5   |   Model Training and Testing

The model was trained on a given set of intensity ratios for samples 
of known concentration ratio to determine the best-fit values for 
empirical parameters FXJ,FXB, and JA. Model training was done 
in log space by Nelder–Mead (downhill simplex) minimization of 
the cost function using the LMFIT Python package [25]. Training 
data were first cleaned to remove nonpositive values. A first fit 
was attempted; then, outlier data points were identified based on 
residuals > 1 order of magnitude and residuals ≥ 2 times the stan-
dard deviation of all residuals, and if any outliers were found, a 
second fit was done without those points. Bootstrapping was used 
to obtain more representative estimates of model parameters and 
their uncertainties: Intensity ratio values for each input sample 
were resampled with replacement 1000 times; each set of resam-
pled values was then fitted using the model to obtain 1000 sets of 
estimated parameters. Overall model parameters were calculated 
from the means and standard deviations of estimated parameters. 
See Appendix B (Supporting Information) for a detailed descrip-
tion of all data cleaning, fitting, and evaluation steps of model 
training.

3   |   Results

3.1   |   The Quantitative Model

For a binary mixture of two molecular species A and B, with 
two distinct and measurable Raman peaks, there will be two 
measured intensities, I1 and I2, that depend on the concentra-
tions of A and B and how much they each contribute to each 
peak. The empirical relationship between concentration ratio 
and measured intensity ratio is given by Equation (2). For the 
full derivation of this equation from first principles, as well as 
detailed descriptions of the factors included in each term, see 
Appendix  A in the Supporting Information. The underlying 
assumptions of this equation will be described in detail in the 
“Discussion” section.

Equation (2) contains five distinct terms that describe how differ-
ently the Raman spectrometer interrogates peaks I1 and I2 depend-
ing on their frequencies, and how much A and B contribute to each 
peak. F is the ratio of the instrument's overall sensitivity to I1 versus 
I2; X is the ratio of the weighted volume interrogated by the instru-
ment at I1 versus I2; J is the ratio of scattering cross-sections for A at 
I1 versus B at I2; A is the ratio of scattering cross-sections for A at I2 
versus I1; B is the ratio of scattering cross-sections for B at I1 versus 
I2 The last two terms account for all possible cross-contributions 
by A and B, and the larger J is relative to A and B, the more linear 
the curve defined by Equation (2) will be (see Figure S1).

However, these are coupled together into just three correlated 
parameters FXJ, FXB, and JA that are needed to fully describe 
the behavior of I1

I2
 in terms of CA

CB
. These can be determined empir-

ically by measuring the trend in I1
I2

 versus CA
CB

 (see Figure S1) for 

binary mixtures of A and B across several known concentration 

ratios, and fitting it with Equation  (2) to get estimated values 
of F̂XJ, F̂XB, and ĴA. Once FXJ, FXB, and JA are known for a 
given combination of molecules A and B, Equation  (2) can be 
used to predict the intensity ratio for any possible concentration 
ratio, and the inverse Equation (3) can be used to predict concen-
tration ratio for any possible intensity ratio.

Equations (2) and (3) hold true as long as F ,X , J > 0 and A,B ≥ 0. 
This leads to four possible trends for I1

I2
 versus CA

CB
 depending on 

whether A > 0 and/or B > 0, as shown in Figure  1. If A > 0, 
there is a nonzero contribution of A to I2 that becomes signifi-
cant at very high concentration ratios where A dominates, and 
I1
I2

 approaches an asymptotic upper limit defined by FXJ∕JA. If 

B > 0, there is a nonzero contribution of B to I1 that becomes sig-
nificant at very low concentration ratios where B dominates, and 
Iv1
Iv2

 approaches an asymptotic lower limit defined by FXB. Herein, 

these different scenarios are referred to as Scenario 1 (where 
A,B > 0), Scenario 2 (A = 0,B > 0), Scenario 3 (A > 0,B = 0), 
and Scenario 4 (A,B = 0).

The synthetic data plotted in Figure 1a–d was generated using 
Equation  (1) with known values of F ,X , J ,A,B with no added 
noise (see Figure S2 for absolute intensities). It shows that the 
linear relationship presumed in many quantitative and semi-
quantitative Raman models is only strictly true when there are 
no cross-contributions at all (A,B = 0, Scenario 4). When A > 0 
or B > 0 (Scenarios 2 and 3), the trend will only be approxi-
mately linear over a limited range of concentration ratios, be-
coming nonlinear as it approaches the asymptotic value defined 
by either FXJ∕JA or FXB. This range is smallest (all else being 
equal) when A,B > 0 (Scenario 4).

When the nonlinear quantitative model was fitted to each curve 
in Figure 1a–d, it replicated the input data and estimated param-
eters F̂XJ, F̂XB, and ĴA from fitting were similar to their true val-
ues (Table 1; Figure S3). For true parameters that were nonzero, 
estimated values were within ± 0.1% of true values, indicating 
that the model can accurately fit simulated data derived from 
first principles. However, the model was only fitted over a partic-
ular range of concentration ratios and cannot correctly estimate 
parameter values that would only produce variations outside 
that range; for example, if FXB = 0 but the curve is only fitted to 
data with intensity ratios of 10−2 or higher, then the model has 
no way to distinguish FXB = 0 from FXB = 10−13 (see Scenario 4 
in Figure 1d). Consequently, it is important to train each model 
on data that represent the range of concentrations that are ex-
pected to be encountered in test samples and to understand that 
extrapolating beyond the range of training data may lead to in-
accurate results.

3.1.1   |   Effects of Noise

Spectral noise creates uncertainty in measured Raman inten-
sities that will affect the quality of any fit and introduce un-
certainty to estimated parameters. Noise comes in two main 

(2)I1
I2

=

FXJ ⋅
CA
CB

+ FXB

JA ⋅

CA
CB

+ 1

(3)
CA
CB

=

I1
I2
− FXB

FXJ − JA
I1
I2
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forms in Raman spectroscopy: dark noise, which is additive and 
independent of absolute signal, and shot noise, which is multi-
plicative and increases with absolute signal (see Appendix B, 
Supplementary Information) [26, 27]. When noise is added to 
synthetic data, as shown in Figure  1e–h, dark noise tends to 
increase uncertainty at low concentrations, while shot noise 

increases uncertainty across all concentrations in proportion 
to their absolute signal (see Figures S5–S8). Because the model 
relies on assessing the ratio of two peaks, the impact of noise is 
compounded: normally distributed shot noise of ± 0.2× leads to 
± 0.34× standard deviation in intensity ratio, such that 95% of 
measured intensity ratios are within ± 0.69×.

FIGURE 1    |    Synthetic data showing the trends in intensity ratio vs. concentration ratio for Scenarios 1–4, where A,B > 0 (a), B > 0 (b), A > 0 (c), 
and A,B = 0 (d), respectively. (a–d) Intensity ratios and resulting fit with the quantitative model for idealized synthetic data with no added noise. 
(e–h) Intensity ratios and resulting fit with the quantitative model for idealized synthetic data with normally distributed dark noise of ± 1000 and shot 
noise of ± 0.2×. Dotted black lines indicate the linear relationship Iv1

Iv2
= FXJ

CA
CB

 and the asymptotic limits defined by FXB and FXJ∕ JA.

TABLE 1    |    True values versus fitted values for parameters FXJ,FXB, and JA plus asymptote FXJ∕ JA, evaluated for synthetic data with and without 
dark noise of ± 1000 and shot noise of ± 0.2×. Input data consisted of 100 values per evaluated concentration ratio; fitting was done after automatic 
trimming of nonpositive and outlier data points.

Parameter Scenario 1 Scenario 2 Scenario 3 Scenario 4

FXJ True 2.50E+03 2.50E+03 2.50E+03 2.50E+03

Fit (no noise) 2.50E+03 2.50E+03 2.50E+03 2.50E+03

Fit (noise) 2.50E+03 2.63E+03 2.48E+03 2.36E+03

FXB True 5.00E−02 5.00E−02 0 0

Fit (no noise) 5.00E−02 5.00E−02 3.21E−12 4.53E−13

Fit (noise) 5.39E−02 5.29E−02 3.23E−03 2.22E−16

JA True 2.50E+02 0 2.50E+02 0

Fit (no noise) 2.50E+02 1.25E−07 2.50E+02 1.06E−09

Fit (noise) 2.36E+02 1.38E−12 2.33E+02 1.37E−13

FXJ∕JA True 1.00E+01 Inf 1.00E+01 inf

Fit (no noise) 1.00E+01 2.00E+10 1.00E+01 2.35E+12

Fit (noise) 1.06E+01 1.91E+15 1.07E+01 1.73E+16
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Spectral noise has three effects on the quantitative model fit: 
(1) Increased variance in input intensity ratios leads to greater 
uncertainty in all fitted parameters and introduces random 
error versus their true values (see Figures  S5–S8). (2) At ex-
treme concentration ratios where one peak is very weak, even 
small absolute variances from dark noise can lead to outliers 
that deviate from expected values by several orders of magni-
tude, which may compromise the quality of the fit. This phe-
nomenon is responsible for the very large negative error bars 
seen in Figure  1e–h; such outliers may need to be trimmed 
from the training dataset to avoid spurious fits (Figure S4). (3) 
large absolute variances can even lead to nonpositive intensity 
values at low concentration ratios, which must be trimmed 
to avoid computational failure when converting input data to 
log space.

Removing nonpositive values and outliers allows the fit to pro-
ceed but reduces the size of the training dataset and potentially 
overestimates the value of F̂XB, as shown for the Scenario 3 ex-
ample in Figure 1g. The effects of noise can be minimized by 
adjusting measurement settings to maximize signal: noise ra-
tios as much as possible for all spectra used to train the model. 
However, even with relatively large magnitudes of noise (Ndark 
± 1000, Nshot ± 0.2×), estimated values of nonzero parameters 
are still within ± 6% of their true values.

3.1.2   |   Accounting for Uncertainty

It is important to understand how accurate the estimated pa-
rameters are when fitting data that includes some uncertainty 
from noise and measurement error [28, 29].  Many available 
fitting algorithms (such as SciPy's curve_fit and LMFIT's min-
imize functions) include functionalities for estimating the stan-
dard errors of fitted parameters as part of the fitting process 
[25, 30]. However, these packages typically assume normally 
distributed parameters with no bounds, and as parameters 
FXJ, FXB, and JA are bounded at 0 and may be non-normal, 
standard errors produced by these packages may not be correct.

The simplest approach is to approximate the underlying empir-
ical distribution of observed data by bootstrapping, fitting the 
model N times on random samples (with replacement) of the 
input dataset [31]. This method (described in detail in Appendix 
B) is more computationally intensive, as hundreds or thousands 
of fits must be done to properly sample the distribution, but 
neatly sidesteps the need to derive the appropriate equations 
for propagating uncertainties to each parameter. The resulting 
distributions of fitted parameters F̂XJ, F̂XB, and ĴA (Scenario 1 
shown in Figure 2, see Figures S9–S11 for Scenarios 3 and 4) 
can be used to obtain median values that are robust against sin-
gularly poor fits to calculate covariance and correlation coeffi-
cients for fitted parameters (see Figures S12–15) and to estimate 
uncertainty of predictions made using the trained model.

Figure  2 also shows the impact of increasing shot noise on 
bootstrapped parameter distributions for a Scenario 1 dataset. 
Distributions may be normal or non-normal, depending on 
whether they have a lower bound (e.g., as FXB approaches 0). 
Consequently, mean and standard deviation are not always ap-
propriate, instead parameter distributions are better described 

by their median and the 16th–84th percentile range (≈ X̂ ± 1� 
for normally distributed values). As shot noise increases, the 
error between median parameters and their true values tends 
to increase (see Table S1) and the distributions become broader. 
Despite this, the variance of fitted parameters is still much 
smaller than the effective variance of the input data: When 
shot noise is ± 0.2×, the standard deviation of intensity ratio is 
± 0.34× but the equivalent spread of parameter F̂XJ in Figure 2 
is (2.54–2.70) × 103 (roughly equivalent to ± 0.06×).

3.1.3   |   Predicting Concentration From Intensity

Once the model has been trained on experimental data to 
determine the representative distribution of parameters 
FXJ,FXB, and JA for a given binary mixture of A and B, those 
parameters can be used with Equation (3) to predict the concen-
tration ratio for other samples based on the observed intensity 
ratio. A bootstrap-trained model can provide N predictions per 
input test value (see Figure S16), allowing estimation of median 
and uncertainty that reflects the uncertainty in the model itself. 
For multiple test values, the resulting distribution is a convolu-
tion of uncertainty from the model and from test data (as shown 
in Figure 3).

Consider two hypothetical test samples of the same mixture 
with true concentration ratio CA

CB
= 10−3 and CA

CB
= 10−6. Each 

was measured 100 times to get intensity ratios I1
I2
≈ 2.1 ± 0.28 

and I1
I2
≈ 2.1 ± 0.28, respectively, shown in Figure  3a,b. When 

a 1000-fold bootstrap-trained model was used to predict con-
centrations for these samples, it produced 100 × 1000 predicted 
values with a distribution that represents the convolution of the 
uncertainty from the model and the uncertainty of the test data 
itself (Figure 3c,d). For the sample where CA

CB
= 10−3, the median 

prediction was CA
CB

= 1.01 × 10−3 (an error of +0.1% vs. truth) with 

an 16th–84th percentile range of (0.713 − 1.45) × 10−3. For the 
sample where CA

CB
= 10−6, the median prediction was an errone-

ously negative − 0.916 × 10−6.

Negative concentration ratio predictions occur when the 
evaluated intensity ratio falls outside the expected range of 
FXB ≤

I1
I2
≤

FXJ

JA
. 0% of predictions were erroneous for CA

CB
= 10−3 

but 56% were erroneous for CA
CB

= 10−6 as the evaluated I1
I2
≈ FXB. 

When a substantial proportion of predictions are erroneous for 
a particular sample, the user should consider whether the mea-
sured intensity ratio falls outside the limits of quantification 
based on the uncertainty in the measurement and the model.

3.1.4   |   Limits of Detection and Quantification

There will always be a limit to how low the concentration of a 
molecule can go before it becomes undetectable, or unquantifi-
able, in a given analytical measurement. The limit of detection 
is typically defined as the minimum concentration required 
to have an acceptably small chance of being a false positive 
(that the measured signal could have come from a blank sam-
ple). The limit of quantification is the minimum concentration 
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required to have an acceptably small chance of being a false 
negative (that the measured signal is less than that at the limit 
of detection). Bootstrap-trained models allow for robust nu-
merical estimation of these limits by simulating the expected 

intensity ratio distributions for mixtures at different concen-
trations and comparing them to the simulated distribution of 
a blank sample. In this study, the acceptable risk was set at 1%, 
a signal equivalent to the 99th percentile of the blank. Because 

FIGURE 2    |    Application of bootstrapped model training to noisy datasets. (a–c) Synthetic datasets generated using true values 
FXJ = 2500,FXB = 0.05, JA = 250 (Scenario 1) with Ndark = 0 and either Nshot ± 0.1 × (blue), ± 0.2× (green), and ± 0.3× (red). (d–f) Distributions of 
fitted parameters from 1000-fold bootstrapped model training on each dataset. Dashed vertical lines indicate median parameter values from boot-
strapping, solid vertical lines indicate true values, and solid curves indicate approximate normal distributions. See Figure S9–11 for Scenarios 2–4.

FIGURE 3    |    Application of trained models to predict concentration for previously unseen synthetic test data representing samples with concen-
tration ratio CA

CB
= 10−3 (a) and 10−6 (c). (a, b) The distribution of 100 synthetic intensity ratios for each test sample. (c, d) Distribution of predicted con-

centration ratios from evaluating test data distribution using a 1000-fold bootstrap-trained model.
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the quantitative model involves two peaks I1 and I2, there will 
be upper and lower limits for both detection and quantifica-
tion, with lower limits dictated by the 99th percentile of FXB 
(Figure  4a) and upper limits dictated by the 1st percentile of 
FXJ∕JA (Figure 4b).

Figure 4 shows the intensity ratio distributions predicted by a 
trained model for blank samples (black), at the limit of detec-
tion (blue), and at the limit of quantification (red). In the ab-
sence of noise, the limits of detection and quantification will be 
determined solely by the uncertainty in F̂XB and F̂XJ∕ ĴA from 
model training (Figure 4a,b). Both lower and upper limits are 
shown, leading to an overall model-driven range of detection 
of 5.5 × 10−7 < CA

CB
< 1.4 × 10−1, and a model-driven range of 

quantification of 1.1 × 10−6 < CA
CB

< 7.1 × 10−2. These ranges will 

narrow with increasing uncertainty in F̂XB and/or F̂XJ
ĴA

, and no 
matter how accurately and precisely a test sample is measured, 
this particular model will never be able to robustly detect or 
quantify concentrations outside this range.

In practice, there will also be some background noise in a mea-
surement that will further hinder the quantitative analysis 
of a given mixture. If the level of noise in a test measurement 
is known, it can be included in the calculation of detection/
quantification limits by broadening the distributions shown in 
Figure 4a,b accordingly (see Appendix B) and then reevaluating 
LD and LQ. Uncertainty due to noise will, inevitably, narrow the 
range of concentration ratios that can be reliably detected and 
quantified: For the data shown in Figure 4c, where the peak I2 
has a hypothetical SNR of 500:1, the noise-driven lower limit of 
detection would be 1.9 × 10−6 < CA

CB
 and the noise-driven lower 

limit of quantification would be 3.8 × 10−6 < CA
CB

. These calcula-

tions enable the user, when faced with a spectrum with a well-
defined peak I2 but no clear detection of peak I1, to estimate the 
maximum possible concentration ratio that could be present 
without I1 being detectable. Conversely, the user can estimate 

the minimum possible concentration ratio when I1 is detected 
and I2 is not.

3.1.5   |   Assessing Accuracy

Figure  5 shows the results obtained when four models repre-
senting Scenarios 1–4 (trained on a minimal synthetic dataset of 
1 sample per order magnitude from CA

CB
= 10−7 to 10−1, 100 mea-

surements per sample) were then tested on a fresh set of syn-
thetic data generated across the same range. Two test datasets 
were generated for each scenario, one with no noise and one with 
the same level of added noise as the training data, Ndark = ± 100 
and Nshot = ± 0.1×.

When evaluated on noiseless test data (blue lines in Figure 5), 
each model is limited only by how accurately it fitted the train-
ing data. Predicted concentration ratios are close to truth over 
a wide range, but at very low or very high concentration ra-
tios, there is a systematic increase in error due to uncertainty 
in the model's estimated value of FXB and FXJ

JA
, respectively. For 

Scenario 1, the estimated model-driven limits of quantification 
are ∼ 1 × 10−6 <

CA
CB

< ∼ 6 × 10−2; within this range, the root-
mean-square prediction error (RMSPE) for the median predic-
tion is ~0.014 orders of magnitude; that is, the median prediction 
made for noiseless test data in this range will be, on average, 
within 0.97–1.03× of its true value. Over the same range, the 
risk of getting erroneous predictions (CA

CB
< 0) or false negatives 

(CA
CB

< LD) is estimated to be zero (Figure 5i–l).

For noisy test data (red lines in Figure 5), the model's ability 
to accurately predict concentration ratio is further hindered 
by variance in input data, particularly when either peak in-
tensity approaches the magnitude of the dark noise. This 
leads to increased uncertainty in predictions, especially at 
very low concentration ratios, until even the median predic-
tion is no longer reliable due to random error. For Scenario 

FIGURE 4    |    Distribution of predicted intensity ratios at LD (the limit of detection) and LQ (the limit of quantification) for a trained Scenario 1 mod-
el versus the lower blank CA

CB
= 0 (a, c) and upper blank CA

CB
= ∞ (b, d). Results are given for the inherent model-driven limits (a, b) and noise-driven 

limits where either I2 (c) or I1 (d) has a known SNR of 500:1. Intensity ratios beyond the critical value (the 99th percentile of F̂XB for lower limits, the 

first percentile of F̂XJ
ĴA

 for upper limits) are indicated by white-filled boxes in each histogram.
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1, the estimated noise-driven limits of quantification are 
∼ 1 × 10−5 <

CA
CB

< ∼ 6 × 10−2, within which the RMSPE for 
the median prediction is 0.05 orders of magnitude; that is, 
median prediction is within 0.90–1.12× of truth. The lower 
limit coincides neatly with the onset of increased error and 
increased risk of false negatives at very low concentrations for 
all four scenarios, highlighting the value of estimating limits 
as a method for gauging the reliability of prediction for a given 
model and measurement (Figure 5i–l).

3.1.6   |   Case Study

Aqueous Nucleotides.

An experimental case study was conducted to test the effi-
cacy of the nonlinear quantitative model using real mixtures: 
solutions of an organic small molecule, deoxythymidine tri-
phosphate (dTTP), dissolved in purified water with an inter-
nal standard, Na2SO4. Figure 6 shows the average normalized 
deep-ultraviolet Raman spectra measured for varying dTTP 

concentrations 0.01–50 mM (equivalent to a dTTP:H2O con-
centration ratio of 10−7 − 10−3 and a dTTP:Na2SO4 concentra-
tion ratio of 10−4 − 100). dTTP exhibits multiple Raman peaks 
between 800 and 1800 cm−1, with the two strongest peaks oc-
curring at 1350 and 1635 cm−1. The internal standard Na2SO4 ex-
hibits a single v1 stretching peak of the dissolved [SO4]

2− anion 
at 975 cm−1 [32], while water exhibits two peaks, a strong, broad 
O–H stretching mode around 3400 cm−1 and a much weaker 
O–H bending peak at ~1625 cm−1 [33].

Peak intensities were measured using the simplest method possi-
ble: directly taking measured counts from the pixel closest to the 
specified peak position in each spectrum, which were then av-
eraged across 25 measurements for each sample. Absolute peak 
intensities (shown in Figure S17) were highly variable and tended 
to decrease with increasing dTTP concentration due to strong ul-
traviolet self-absorption by dTTP [34], which effectively reduces 
the weighted interrogation volume of the sample. This is fully ac-
counted for when intensity ratio is taken, leading to curves consis-
tent with the quantitative model (Figure 6), but the weak 975 cm−1 
Na2SO4 was so reduced in intensity that it became dominated by 

FIGURE 5    |    Application of trained models to test data for Scenarios 1–4. (a–d) Intensity ratios for test datasets with noise (red) and without noise 
(blue). (e–h) The relative error of predicted concentration ratios versus their true values. (i–l) The corresponding rate of false negatives and nonposi-
tive predictions. Solid lines indicate median values; colored areas show corresponding 16th–84th percentile ranges for each dataset. Solid gray areas 
indicate regions outside the noise-driven limits of quantification; hatched gray areas indicate regions outside the noise-driven limits of detection. 
Training and noisy test data were both generated with Ndark = ± 100 and Nshot = ± 0.1×.
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background noise (Figure S17), leading to large variance at high 
concentration ratios (see error bars in Figure 6b,c). By compar-
ison, the 3400 cm−1 H2O peak signal was still strong enough to 
be consistently measured even at very high concentration ratios 
(Figure 7c,d). At the other end of the range, the relative intensity 
of the 1635 cm−1 dTTP peak flattened out at low concentration 
ratios as it became dominated by the overlapping ~1625 cm−1 
H2O peak, leading to a lower limit determined by H2O not dTTP 
(Figure 6c,e). Overall, the 1350 cm−1/3400 cm−1 ratio (Figure 7d) 
was the most linear, with measured intensity ratio varying by 4 
orders of magnitude with no apparent upper or lower limits in 
the evaluated range, making it most consistent with Scenario 4; 
the 1635 cm−1/945 cm−1 ratio spanned just 2 orders of magnitude 
and exhibits both lower and upper limits, making it most con-
sistent with Scenario 1; 1635 cm−1/3400 cm−1 exhibited a lower 
limit consistent with Scenario 2; 1350 cm−1/945 cm−1 exhibited 
an upper limit consistent with Scenario 3.

Figure  6 also shows the median models obtained from boot-
strapped training on each of the four plotted datasets, demon-
strating that each experimentally measured intensity ratio can 
be accurately fitted using the quantitative model, accounting 
for the various nonlinear behaviors observed. Estimated val-
ues and uncertainties for parameters F̂XJ, F̂XB, and ĴA are re-
ported for each model in Table 2, as well as the inherent limits 
of detection and quantification based on those uncertainties. 
The 1645 cm − 1/945 cm−1 model (dTTP/Na2SO4; Figure 6c) was 
highly nonlinear, with median parameters F̂XB = 8.0 × 10−1 
and F̂XJ

ĴA
≈ 1.7 × 102 and model-driven limits of quantification 

of 1.3 × 10−4 − 2.1 × 10−1, meaning that it can reliably quan-
tify dTTP/Na2SO4 concentration ratios spanning at most 3.2 
orders of magnitude. By comparison, the 1350 cm−1/3400 cm−1 
model (dTTP/H2O; Figure 6d) was the most effective in terms of 

FIGURE 6    |    (a) Experimentally measured spectra for aqueous mixtures of dTTP and an internal standard, Na2SO4, in purified H2O [15]. Spectra 
were averaged over 25 measurements, baselined, normalized to the strongest peak between 800 and 1800 cm−1, and colored according to dTTP/H2O 
concentration ratio. (b–e) Average intensity ratios and trained model curves for different combinations of peaks from dTTP versus Na2SO4 (b, c) and 
from dTTP versus H2O (d, e). Red areas indicate the 16the–84th percentiles for bootstrapped models, solid gray areas indicate regions outside the 
model-driven limits of quantification, and hatched gray areas indicate regions outside the model-driven limits of detection.

FIGURE 7    |    Experimentally measured intensity ratios for mixtures 
of the different nucleotides dATP, dCTP, dGTP, and dTTP with Na2SO4 
in H2O, evaluated for the most distinctive peak of each nucleotide (1310, 
1505, 1460, 1350 cm−1, respectively) versus the 3400 cm−1 peak of H2O. 
All model-driven limits of detection and quantification fall outside the 
plotted concentration ratio range.
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linearity, with median limit parameters F̂XB = 0 and F̂XJ
ĴA

≈ 84, 

indicating minimal cross-contributions from dTTP and H2O at 

3400 and 1350 cm−1 respectively. Because F̂XB was evaluated 
to be 0 with 0 uncertainty, the model has a lower limit of 0. 
However, it should be remembered that these model-driven lim-
its only indicate the maximum possible range over which a 
given model can be applied to ideal test data and that applying 
it to measurements with nonzero levels of background noise 
or uncertainty will always lead to more conservative ranges of 
detection/quantification.

Leave-one-out cross-validation was used to test the validity 
of each model and determine its effectiveness: The model was 
trained multiple times on N − 1 available data points and then 
tested on the remaining data point. There was little variation in 
median model parameters during cross-validation, suggesting 
that the median model was well fitted to the overall dataset and 
not sensitive to outliers in the data (see Table S2). The predicted 
concentration ratios for each test sample were also relatively ac-
curate, with an average RMSPE of 0.098 orders of magnitude 
(0.80–1.25 × truth). Critically, the RMSPE of the test dataset is 
comparable with that of the training dataset, suggesting that the 
models are not over-fitted to the training data.

The quantitative model was also trained on mixtures of three 
other organic nucleotides in water, namely, deoxyadenosine 
triphosphate (dATP), deoxycytidine triphosphate (dCTP), 
and deoxyguanosine triphosphate (dGTP), across nucleotide: 

H2O concentration ratios of 10−7 − 10−3. Each nucleotide has 
its most distinctive peak at a slightly different frequency, 
1310 cm − 1 for dATP, 1505 cm−1 for dCTP, and 1460 cm−1 for 
dGTP (see Figures  S18–S20). Figure  7 shows the resulting 
intensity ratios and trained models for each nucleotide's best 
peak when evaluated versus the 3400 cm−1 H2O peak, with 
all four mixtures producing roughly linear models that differ 
only in F̂XJ , which varies from 4.2 × 103 for dTTP to 2.6 × 104 
for dGTP (Table 3). This is consistent with experimental ob-
servations that, of the four nucleotide solutions, dGTP pro-
duces the largest intensity ratio at a given concentration ratio 
and dTTP the smallest.

The trained models in Figure  7 can be used to estimate the 
maximum possible concentration of each nucleotide that could 
exist in a test sample without being detected. Suppose that a test 
solution was measured such that the 3400 cm−1 H2O peak had 
an intensity of 500 counts and background noise was ± 1 count. 
The resulting limits of detection would be 2.9 × 10−7 for dATP, 
7.2 × 10−7 for dCTP, 2.6 × 10−7 for dGTP, and 1.1 × 10−6 for dTTP. 
Assuming no other compounds are present at significant con-
centrations, these concentration ratios equate to absolute nucle-
otide concentrations of 16, 40, 14, and 61 μmol/L, respectively.

4   |   Discussion

The quantitative model provides a theoretical basis for deter-
mining concentration ratios from measured intensities of a 

TABLE 2    |    Estimated model parameters (median, 16th–84th percentiles) for the different peak pairs of dTTP versus Na2SO4 and dTTP versus 
H2O. The upper and lower model-driven limits of detection and quantification are also given.

dTTP versus Na2SO4 dTTP versus H2O

Parameter 1350/945 1635/945 1350/3400 1635/3400

FXJ (3.9, 3.8–4.0)E2 (5.7, 5.4–6.0)E2 (4.2, 4.2–4.3)E3 (6.2, 6.2–6.3)E3

FXB (9.1, 0.7–38)E−15 (8.0, 7.8–8.1)E−1 0 (1.5, 1.5–1.5)E−2

JA (2.7, 2.0–3.8)E0 (3.4, 2.5–4.6)E0 (5.1, 0.0–13)E1 (2.7, 1.9–3.6)E2

FXJ∕JA (1.4, 1.0–1.9)E2 (1.7, 1.3–2.3)E2 (8.4, 3.3–12E12)E1 (2.3, 1.7–3.2)E1

LLD − ULD 0–4.1E−1 7.9E−5–3.4E−1 0–5.2E−3 3.0E−8–4.3E−3

LLQ − ULQ 0–2.6E−1 1.3E−4–2.1E−1 0–4.1E−3 6.2E−8–2.5E−3

TABLE 3    |    Estimated model parameters (median, 16th–84th percentiles) for mixtures of different nucleotides in water, evaluated for each 
nucleotide's strongest peak vs. that of H2O.

dATP versus H2O dCTP versus H2O dGTP versus H2O dTTP versus H2O

Parameter 1310/3400 1505/3400 1460/3400 1350/3400

FXJ (1.6, 1.6–1.6)E+4 (6.5, 6.2–6.7)E+3 (2.6, 2.6–2.6)E+4 (4.2, 4.2–4.3)E+3

FXB 0 (2.7, 2.6–2.8)E-3 (9.6, 8.1–11)E-4 0

JA (2.8, 0.3–3E14)E-12 (1.0, 0.1–4.9)E-13 (4.1, 2.4–5.8)E+2 (5.1, 0.0–13)E+1

FXJ∕JA (5.7, 0.0–61)E+15 (6.3, 1.3–63)E+16 (6.4, 4.5–11)E+1 (8.4, 3.3–12E12)E+1

LLD − ULD 0–1.7E−03 4.9E−8–4.2E+11 1.2E−8–2.5E−3 0–5.2E−3

LLQ − ULQ 0–1.7E−03 8.6E−8–3.7E+11 2.6E−8–1.3E−3 0–4.1E−3
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given binary mixture, provided that both components are de-
tectable to Raman and the model is first trained on experimen-
tal data from samples of known concentration ratio. Analysis 
of experimental data from aqueous solutions demonstrates that 
the model can effectively describe observed trends in Raman 
intensity ratios, even when there are cross-contributions that 
introduce nonlinear behaviors. It shows that the ratio-driven 
model automatically accounts for effects such as interrogation 
volume: Optical modelling of these solutions in a previous study 
demonstrated that the combination of the laser's focal plane 
with the nucleotides' strong self-absorption led to significant de-
creases in interrogation volume and absolute Raman intensities 
at high concentrations [15]. These effects are not seen in the in-
tensity ratio data shown in Figure 5, which follow the expected 
behavior predicted by the quantitative model as variations in 
(weighted) interrogation volume are effectively cancelled out 
when intensities are expressed in terms of ratios. While it is 
therefore implied that the model should also handle situations 
where the medium is the source of self-absorption, further work 
will be required to ascertain just how effective the model is at 
handling highly turbid or solid mixtures that exhibit substan-
tial subsurface scattering, which will be addressed in a subse-
quent study.

4.1   |   Application

As the quantitative model must be trained on experimental 
data for a given binary mixture of A and B, a trained model 
will be specific to that pair. To evaluate multiple possible mix-
tures, multiple models must be trained on different datasets 
representing each pair. Experimental data should be collected 
using as many samples of known concentration ratio as is 
practical to prepare. The concentration ratios prepared should 
span multiple orders of magnitude to capture a broad range of 
possible F̂XB and F̂XJ

ĴA
 values and should always encompass the 

range of concentration ratios that are anticipated in test sam-
ples to avoid risks associated with extrapolation. Similarly, the 
calibration data used to train the model should be acquired 
using instrument settings that provide the best possible sig-
nal:noise ratio to reduce the impact of noise on estimated 
parameters, provided there is no evidence of spectral degra-
dation due to overexposure and/or photo-bleaching of mole-
cules in the sample. If significant background noise is present 
in training data, it may lead to overestimation of F̂XB and an 
underestimation of concentration ratio at very low intensity 
ratios. While the model can be trained on a single measured 
spectrum per sample, 10+ measurements per sample are rec-
ommended to permit bootstrapped model training—this pro-
vides a more accurate estimation of median F̂XJ, F̂XB, and ĴA 
and enables calculation of uncertainties and limits of detec-
tion/quantification for the trained model. Cross-validation 
can then be used to evaluate the performance of the model 
when predicting concentration ratio without compromising 
the data volume used for model training.

Raman intensities should be measured the same way for both 
training data and any subsequent test data the model is ap-
plied to. If absolute intensities at specific frequencies are used, 
then the same frequencies should be evaluated in test data; if 

integrated peak areas are used, then the same ranges should 
be integrated in test data (see Appendix  B). Such information 
should always be recorded alongside the trained model parame-
ters to ensure correct usage.

Making predictions using a trained model will be most robust 
when evaluated on multiple measurements of the test sample, pro-
viding a median prediction and distribution that also reflects the 
uncertainty in test measurement; however, the model can still be 
applied to a single measurement if necessary (see Appendix B). For 
spectra where multiple identities of A and/or B are potentially valid, 
for example, peak I1 is observed at a frequency consistent with two 
different molecules, the intensity ratio can be evaluated using each 
appropriate model to predict the concentration ratio for that binary 
pair. The results from each model can then be presented alongside 
one another as hypotheses for each possible mixture. As the model 
will inevitably be trained on imperfect experimental data contain-
ing some degree of noise, there will be some uncertainty and de-
gree of error in the estimated values of FXJ,FXB, and JA. Errors 
can include the prediction of negative concentration ratios (which 
cannot be true) when a trained model is applied to intensity ratio 
data outside the expected range �FXB <

Iv1
Iv2

<
�FXJ

�JA
. Consequently, 

any prediction of concentration ratio should always be done with 
consideration of the model's inherent limits of detection and quan-
tification, LD and LQ.

4.2   |   Implicit Assumptions

The model is built on equations that come with several im-
plicit assumptions, the first being that the intensities I1 and 
I2 are exclusively due to Raman scattering from molecular 
species A and B, and not any other component C. If the test 
sample is a ternary mixture of A, B, and C, the model can still 
produce meaningful results provided C does not significantly 
modulate evaluated intensities by modifying X  through selec-
tive attenuation of one measured peak over another. Adapting 
the model to directly model ternary mixtures is a priority for 
future work.

The second assumption is that all factors influencing measured 
Raman intensity are accounted for in the empirical parameters 
FXJ, FXB, and JA, even if the factor was not included in the der-
ivation from first principles. This is convenient for accurate pre-
diction of concentration from intensity, as any phenomena that 
systematically alter Raman intensities (e.g., solvation or mixing 
effects) should be represented in the experimental spectra used to 
train the model, and therefore, the model parameters will incorpo-
rate the effects of those phenomena. However, it does mean that 
the sample- or instrument-specific properties such as J, X, or F 
cannot be extrapolated from F̂XJ, F̂XB, ĴA in the absence of addi-
tional context (e.g., an instrument response curve).

The third assumption is that molecules of A and B are distrib-
uted such that the concentration ratio CA

CB
 is roughly constant 

throughout the weighted interrogation volume. This volume is 
defined as the region that is both illuminated by the laser (either 
directly or indirectly) and can be observed by the collection op-
tics (directly or indirectly), weighted by how much incident light 
is received and how much scattered light can be transmitted to 
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the detector depending on location. This means A and B can be 
distributed heterogeneously provided they are always propor-
tional to each other. For samples where A and B have dissimilar 
distributions, such as a pure layer of A sitting on top of a pure 
layer of B, molecules of A and B will experience very different at-
tenuation environments and the resulting intensity ratio Iv1

Iv2
 may 

deviate from what would be expected for an proportionately dis-
tributed mixture.

4.3   |   Comparison With Other Studies

The model described in this study presents several advantages 
over previous models in the literature. First, the logarithmic 
regression method can handle data spanning several orders of 
magnitude without biasing the results to higher absolute values, 
whereas previous studies have typically been limited to linear 
regression spanning just 1–2 orders of magnitude [12, 19, 21]. 
Second, it can fully account for nonlinear effects and provide 
quantitative analysis for a greater variety of mixtures, even those 
that exhibit appreciable cross-contributions due to overlapping 
peaks. This is demonstrated in Figure  5, where the intensity 
ratio for the dTTP/H2O peak pair at 1635 and 3400 cm−1 flattens 
out at very low concentrations due to overlap with the H2O peak 
at 1620 cm−1; evaluating this data using a conventional linear 
model would systematically overestimate the relative concentra-
tion of dTTP at very low concentrations, potentially by multiple 
orders of magnitude. Third, the use of bootstrap resampling to 
obtain many fitted models allows the estimation of uncertainty 
when making predictions, and the calculation of limits of de-
tection and quantification for that model and mixture. For sam-
ples where a particular peak is not detected, the model can still 
provide valuable information on possible compositions by esti-
mating the maximum concentration ratio that a given molecule 
could have based on the available data.

5   |   Conclusions

The quantitative model described in this study was derived 
from first principles to fully describe the nonlinear behavior of 
Raman intensity ratios observed in binary mixtures, account-
ing for potential cross-contributions by overlapping peaks. 
This enables a more robust analysis of composition over a wider 
range of concentration ratios, and for a greater variety of mix-
tures, even ones that exhibit appreciable overlap. Combined 
with bootstrapped model training, the most robust model pos-
sible can be obtained even from noisy input data along with full 
propagation of uncertainty to any predictions made, as well as 
calculation of important parameters such as the limits of de-
tection and quantification. When applied to experimental data 
on aqueous solutions of four different nucleotides, the trained 
model can correctly predict organic/water concentration ratios 
to within 0.1 orders of magnitude for samples ranging from 
10−7 (0.1 ppm) to 10−3 (100 ppm). Overall, this represents a sig-
nificant development over previous attempts at quantitative 
or semiquantitative Raman spectroscopy, which have histori-
cally relied on linear calibrations that do not account for cross-
contributions and were evaluated over narrower concentration 
ranges.

The ability to estimate relative concentrations over several or-
ders of magnitude will be invaluable to the study of many dif-
ferent mixtures using Raman spectroscopy, across a wide range 
of scientific disciplines. For truly unknown samples that may 
contain one or more different compounds of interest, the model 
can be used to assess the concentration of any potential mixture, 
if the appropriate models have been trained on experimental 
data of known samples. Even when key peaks are not observed, 
the corresponding limits of detection and quantification can be 
calculated for each potential mixture to assess the maximum 
possible concentrations that would not be detectable in a given 
measurement. All the algorithms used in this study have been 
made publicly available as self-contained Jupyter Notebooks 
with detailed documentation on their use to encourage the ap-
plication of this methodology by other researchers [23]. These 
will continue to be updated as the quantitative model is devel-
oped further.
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