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ABSTRACT
Machine learning analysis has been applied to Raman data obtained in both nuclear and biopharmaceutical industrial applica-
tions. A 785-nm Raman instrument using a spatial heterodyne spectrometer (SHS) was used to acquire Raman spectra for the 
nuclear dataset, whilst a new deep UV resonant SHS system, featuring a 228.5-nm diode-pumped solid-state laser, was used to 
capture Raman spectra of biological macromolecule samples for the biopharmaceutical dataset. A key focus is on the practical 
challenges faced in the design of data processing tasks and machine learning architectures due to real-world limitations in data 
collection. A fully connected (FC) autoencoder is employed as part of a regression task, which generates predictions on analyte 
concentrations in mixed substances. The method was shown to outperform industry standard regression tools, principal com-
ponent regression (PCR) and partial least squares (PLS) regression, each used as comparative benchmarks, by over 50% in a test 
of model precision across the nuclear and biopharmaceutical datasets investigated in this work. Advancements in the precision, 
speed and effectiveness of such tools are of critical importance in an industrial environment. This is driven by compelling mo-
tivations to reduce not only the costs associated with these processes but also to increase the quality of resulting products or to 
reduce the risks within industrial operations, where applicable.

1   |   Introduction

Analysis of mixed chemical substances is a common problem 
across industries from purification within drug manufacture 
through to the identification of unwanted material in industrial 
settings. Raman instrumentation is ideally suited to this task; 
however, ‘real world data’ is often noisy and contaminated with 
unwanted light sources. Furthermore, these problems are often 
compounded by a scarcity of data. In this study, we examine the 
application of machine learning tools to identify and quantify 
chemical mixtures within two settings: nuclear clean up and 
biopharmaceutical drug manufacturing.

Nuclear facilities undergo a process known as postoperational 
clean out (POCO) at the end of an operational life cycle before 

decommissioning [1]. This is done to reduce potential risks and 
hazards, whilst simultaneously reducing the running costs as-
sociated with dismantling the redundant facility. The goal of 
POCO is to reduce the organic residue found on nuclear sites 
in vessels and pipework to an acceptable level so that they may 
be repurposed. This reduction is a crucial step as these sites 
may be inaccessible to humans due to unsafe levels of radia-
tion in the surrounding area. If acceptable levels of reduction 
are not achieved, there is a heightened risk of potential fire 
hazards during the decommissioning process, for example, 
in the plasma cutting of stainless steel pipework. Therefore, 
being able to precisely identify and quantify concentrations 
of organic components holds immense importance, as this 
knowledge can significantly enhance cost efficiency in the 
safe cleanup of nuclear sites, with potential savings estimated 
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by Sellafield Ltd. to be in the range of £10–£100 million per 
facility over the course of the lengthy POCO process, which 
can extend to upwards of 40 years.

In this work, tributyl phosphate (TBP) and odourless kerosene 
were chosen as ‘worse-case scenario’ by-products in POCO. 
These chemical compounds would exist within a wide range of 
pipes and vessels, and in a variety of forms such as bulk organics 
or films on aqueous surfaces, due to the use of these organic ma-
terials as ‘reprocessing agents’ during solvent extraction. TBP 
can be used as an extractant in nuclear chemistry, which serves 
as one of the liquid components in the separation of compounds 
in solution comprising two insoluble liquids [2]. This separation 
is based on the difference in solubility. Thus the nuclear data-
base utilised in this work is composed of TBP dissolved in kero-
sene across a range of high concentrations.

With regard to the biopharmaceutical industry, drug manufactur-
ing represents a costly undertaking. With a growing market size 
of over $300 billion in 2022, which is predicted to increase to over 
$850 billion by 2030 [3, 4], there is a strong financial incentive 
to improve manufacturing efficiency for drugs that are essential 
across numerous application areas. Such enhancements result in a 
decrease in waste products and an increase in drug quality due to 
the heightened assurance of component concentrations.

Protein biologics currently hold a position of focus in biophar-
maceutical research; hence, this work includes two datasets of 
biomolecular compounds used in the production of monoclonal 
antibodies (mAbs), which are specialised drug therapies de-
signed to target specific proteins in cancer cells through a liquid 
chromatography manufacturing process. The first is a macro-
molecule, immunoglobulin G (IgG), which is a common type of 
antibody found in humans [5]. The second is tryptophan, which 
is an amino acid used in protein synthesis [6]. Both molecules 
serve important roles in the human body, so they are relevant 
areas of study for biopharmaceutical industries in protein bio-
logics research.

A major challenge present throughout this downstream process 
is a risk of protein aggregation [7–9], which affects the yield of 
the resulting protein products. Besides that, protein aggregates 
are connected to adverse immunogenicity [9]—the ability for a 
drug introduced into the body to produce an undesirable im-
mune response—thus further emphasising the need for quality 
control during the manufacturing of mAbs. By designing moni-
toring tools to quantify aggregation levels, adjustments could be 
made to liquid chromatography processes to assist in maximis-
ing drug yield and quality.

Raman spectroscopy has been recognised as a potential mon-
itoring tool. Nevertheless, conventional spontaneous Raman 
spectroscopy in the visible and near-IR wavelength regions, 
whilst being capable of measuring the high concentration nu-
clear dataset mentioned above, proves impractical for gathering 
high-quality data in this biopharmaceutical scenario, primarily 
due to significant levels of fluorescence that convolve with the 
Raman response to analyte proteins [10].

For the biopharmaceutical datasets, an ultraviolet resonance 
Raman spectroscopy (UVRRS) system [11–13], a form of RRS 

utilising a deep ultraviolet Raman probe laser, is used to over-
come the challenge of fluorescence by operating at low wave-
lengths (below 250 nm). In this wavelength range, the analyte 
Raman and fluorescence responses become spectrally separated. 
In addition to this, the signal-to-noise ratio (SNR) of the result-
ing spectra is enhanced by two complementary factors. Firstly, 
as the Raman scattering intensity is proportional to λ−4, the 
shorter wavelength laser used in the UVRRS system provides 
an increase in peak intensity. Secondly, as the laser wavelength 
is reduced, the electronic transition of many organic molecules 
containing conjugated structures is approached [13], which 
produces a resonant effect that amplifies the Raman response 
by several orders of magnitude [11, 14]. An additional factor to 
consider when measuring biopharmaceuticals within the deep 
UV is that samples can strongly attenuate. Typically, the Raman 
response is assumed to be linear with sample concentration, 
as attenuation can be assumed negligible (Equation  1); how-
ever, with the Deep UV sample, the exponential component of 
(Equation 1) becomes significant [15, 16].

Where S is the signal intensity, Lp is the laser power, V(R) is 
the overlap integral of the outgoing laser and the telescope 
field of view, A is the collecting telescope area, Oe is the in-
strument optical efficiency, DQE is the detector efficiency, I(R) 
is the overlap integral between the outgoing and incoming 
beams, ΔR is the depth of the sample, ⍺ is the Raman scatter-
ing cross section of the analyte, N is the number of scattering 
centres, τ is the optical depth of the medium, and R is the dis-
tance to the target.

Two different Raman systems were used in this work, a spon-
taneous Raman spatial heterodyne spectrometer (SHS) oper-
ating at 785 nm for the nuclear industry dataset and a UVRRS 
SHS system operating at 228.5 nm for the biopharmaceutical 
industry dataset. The Raman spectra of mixed substances 
were measured and analysed using a machine learning fea-
ture extractor combined with a linear regression model, which 
was jointly trained on each dataset. Model design and imple-
mentation were a point of focus in this work, and the perfor-
mance of these models was compared with industry standard 
methods: principal component regression (PCR) (constituting 
principal component analysis (PCA) and a linear regression 
tool) and partial least squares (PLS) regression in optimised 
scenarios. The efficacy of these methods is considered as po-
tential complements to, or replacements for, existing analyti-
cal tools.

A key theme explored within this work is the effect of a small 
dataset size on the design and implementation of machine learn-
ing models. Small datasets are commonplace in many industrial 
settings [17], as a strong incentive is often required to invest 
time and money into producing a large dataset for exploratory 
research. Therefore, it is important to examine real-world ap-
plications where data availability is limited and consider ways 
to optimise the analysis of small datasets. Such considerations 
include the choice of neural network architecture and data pre-
processing techniques [18], as well as the type and usage of data 
augmentation strategies [19].

(1)S =
LpV(R)AOeDQEI(R)ΔR�Ne

−2�

�R2

 10974555, 2025, 12, D
ow

nloaded from
 https://analyticalsciencejournals.onlinelibrary.w

iley.com
/doi/10.1002/jrs.70003 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [02/12/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Raman Spectroscopy, 2025 1571

There are a number of existing machine learning architectures 
trained for applications in processing mixed Raman spectra. 
However, the focus of these architectures is primarily on the 
identification of mixture components [20], or through the use 
of large datasets to pretrain neural networks for regression 
tasks [21], which is a process in contravention to the small data-
sets typically available in an industrial setting.

The limits of the selected data augmentation strategy are inves-
tigated by analysing the performance of the regression model 
based on selected modifications to the augmentation process. 
This test is carried out on a database of amino acid measure-
ments from one of the biopharmaceutical datasets, which was 
measured at non-uniform concentration intervals. Previous 
measurements on these amino acids have shown them to have 
a Raman response that is non-linear with respect to concentra-
tion, due to higher concentration samples having a greater atten-
uation of the signal, particularly in the UV.

2   |   Methodology

The machine learning model chosen for this regression task was 
a fully connected (FC) autoencoder, which was trained to fulfil 
the role of a non-linear data compression and feature extraction 
tool for the input mixture spectra. Once the autoencoder was 
trained, the compressed spectra were fed through a regularised 
linear regression model (ridge regression) in order to make pre-
dictions on the analyte concentration within each mixture. This 
work explores the effects of small database sizes on the choice, 
design and implementation of machine learning architectures, 
as well as the data preprocessing and augmentation techniques 
implemented to attempt to overcome this limitation.

2.1   |   Data Acquisition and Preprocessing

The Raman spectra for the TBP chemical database were cap-
tured using a HES2000 spectrometer, an in-house setup devel-
oped at IS-Instruments. The spectrometer features an Andor 
iVac 316 FT detector, with 150-line/mm blazed diffraction grat-
ings from Richardson. The 500-mW laser had a central wave-
length of 785 nm. The exposure time was set to 30 s for each 
spectrum. A schematic for the SHS configuration [22, 23] is 
shown in Figure 1.

The Raman spectra for the IgG and tryptophan mixture da-
tabases were captured using a deep UV Raman spectroscopy 
system called Odin, which is another in-house setup developed 
at IS-Instruments. The spectrometer features an Andor iDus 
420 FT detector, with 400-line/mm blazed diffraction gratings 
from Richardson, and with bespoke lenses and beam split-
ters designed for working at these Deep UV wavelengths. A 
229-nm-long pass filter was used to suppress any laser light. A 
9-mW laser was used at a central wavelength of 228.5 nm. The 
exposure time was set to 30 s for each spectrum. The arrange-
ment of the Odin spectrometer is the same as the HES2000 spec-
trometer, as seen in Figure 1.

For the TBP nuclear dataset, there were nine concentrations 
measured with 128 repeats, ranging inclusively from 10% to 

90% TBP dissolved in kerosene at uniform intervals. All spectra 
were interpolated to a wavenumber range of 100 to 2200 cm−1, 
at a constant wavenumber resolution of 4.102 cm−1 using a cubic 
spline interpolation.

For the biopharmaceutical datasets, there were 10 repeat mea-
surements per concentration, with 11 concentrations measured 
for IgG ranging from 0.1021 to 2.0173 mg mL−1, and 17 con-
centrations measured for tryptophan ranging from 0.0127 to 
5.0971 mg mL−1. The biopharmaceutical datasets were interpo-
lated using a cubic spline interpolation to separate wavenumber 
ranges of 600–2250 cm−1 at a constant wavenumber resolution 
of 3.223 cm−1 for the IgG dataset, and 570 to 2270 cm−1 at a con-
stant wavenumber resolution of 2.969 cm−1 for the tryptophan 
dataset.

The interpolation resulted in spectra containing 512 bins for 
all three datasets. The repeat measurements for all datasets 
were then partitioned into the training, validation and test-
ing datasets. This resulted in training datasets with popula-
tion sizes of 918 for TBP, 110 for IgG and 170 for tryptophan. 
Therefore, due to the limited size of the datasets available, the 
application of data augmentation becomes crucial in order to 
introduce enough sample variability required for training a 
deep neural network effectively in the context of this regres-
sion task.

2.2   |   Data Augmentation Strategy

Linearly weighted data augmentation was applied to increase 
the number of samples, and therefore the variance in each data-
set, which is a vital step in training deep learning models [24]. 
The ability of a deep learning regression model to make accu-
rate predictions on a target dataset is facilitated by data augmen-
tation, which builds on the statistical diversity of the training 
dataset. Interstitial concentrations could be synthesised using 
this augmentation method, which were created from neighbour-
ing discrete concentrations sampled from the respective raw 
datasets. To synthesise an augmented spectrum, three spectra 
were chosen at random from a data pool combining two neigh-
bouring concentrations, which are assumed to possess a linear 
Raman relationship due to the small concentration difference 
between them. Each sample was then multiplied by a scaling 

FIGURE 1    |    Schematic for the SHS used to capture Raman measure-
ments [18].
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coefficient and then linearly combined to produce the spectrum. 
These three coefficients were sampled from a Dirichlet distribu-
tion [25] with position concentration parameter, α, equal to 2.0 
for all coefficients.

This data augmentation method allows for an arbitrary number 
of augmented samples to be synthesised. In total, there were 
16,000 unique training samples synthesised every epoch, with 
2000 fixed samples created before training for the validation 
and testing datasets. Once the spectra were synthesised, noise 
proportional to 10% of the mean intensity of each spectrum was 
then added to further increase sample variance, followed by L2-
normalisation to remove intensity bias from the neural network 
during training. This method of noise addition was designed to 
be representative of the noise associated with the FT spectrome-
ters used to capture each dataset for this work.

Figure 2 shows examples of mixed TBP-kerosene spectra syn-
thesised by the data augmentation process throughout the entire 
concentration range. As the concentration of TBP increases with 
respect to kerosene, the main peaks between 500 and 1500 cm−1 
become more intense, with the exception of the large peak be-
fore 1500 cm−1 that decreases with increasing TBP concentra-
tion, albeit to a nonzero count, as both TBP and kerosene have a 
characteristic Raman response around this wavenumber.

2.3   |   Regression Model Architecture

To predict the concentration of a solution, salient features from 
each spectrum were extracted using an FC autoencoder, which 
was achieved by training the model to reconstruct input spectra. 
Using the embedding from this trained model, which contains 
the features required for reconstructing the data back to each 
input spectra, a separate regression model was trained for pre-
diction. Ridge regression, a variation of linear least squares with 
an additional L2-normalised penalty term (typically used when 
data suffers from multicollinearity), was used as the regression 
model for this task. This regression model was fit to the low-
dimensional embedded version of the same training data that 
was used to train the autoencoder. Similarly, the testing dataset 
partitioned for use by the autoencoder was used to evaluate the 
success of the ridge regression model, thereby evaluating the 
combined ‘AE-Ridge’ regression task.

The autoencoder used in this work contains five layers, in-
cluding the input and output layers. There are two FC layers in 
the encoder, the last of which is the 128-unit embedding layer, 

which was used as an input for the decoder. The decoder mir-
rors the architecture of the encoder. The output of each hidden 
layer was normalised using batch normalisation, followed by a 
Leaky ReLU activation function with slope coefficient, α, of 0.3. 
Dropout was used as the last layer in each hidden block with a 
dropout rate of 0.25 to regularise the model during training. The 
model depth and size for each layer were determined through 
a grid search optimisation, minimising the mean squared error 
(MSE) loss. A block diagram for the AE-Ridge model is shown 
in Figure 3.

The model was trained for 5000 epochs, with a static learning 
rate of 0.01 and a batch size of 200 spectra. The loss function 
used to train the autoencoder was the MSE loss between the 
input and reconstructed spectra, and the Adam optimisation 
algorithm was used—with hyperparameters β1 = 0.9, β2 = 0.999, 
and ϵ = 10−7—to adjust the model parameters during training. 
All trainable layers were regularised using L2 weight decay with 
a regularisation factor, γ, of 0.1, and clipnorm [26] was used to 
clip the calculated gradients to the maximum L2-norm value. 
Once the autoencoder was trained, concentration estimates 

FIGURE 2    |    Synthesised spectra of mixed TBP-kerosene through the entire inclusive range of concentrations.

FIGURE 3    |    Autoencoder block diagram. The effective size of the 
hidden layers during training is a fraction of each respective size (384) 
based on the dropout rate of 25%. Note that the batch size dimension is 
equal on all layers and is thus omitted. The embedding hidden layer of 
the trained autoencoder is used as an input vector for the ridge regres-
sion task to estimate mixture concentrations.
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were made by training the ridge regression model, which used 
the embedding vector of the autoencoder as input data and the 
synthesised concentrations as output target labels, as shown in 
Figure 3.

2.4   |   Influence of Non-Uniform Concentrations on 
Dataset Design

For the data augmentation strategy, there is an assumption of 
linear scaling between neighbouring samples with small dif-
ferences in concentration. Due to this, two tryptophan data-
sets were defined: one retaining the 5 mg mL−1 sample, termed 
Trypt-5; and the other discarding it, termed Trypt-2. This re-
sulted from the closest neighbour to the 5 mg mL−1 sample being 
sufficiently separated in concentration as to reduce model per-
formance should the former sample be retained. Figure 4 and 
Figure S1 show examples of synthesised spectra produced by the 
data augmentation process for the IgG and Trypt-5 datasets. The 
performances of these models are evaluated in Subsection 3.3, 
followed by an exploratory test to overcome performance issues 
in the AE-Ridge model trained on the Trypt-5 dataset—owing to 
decreased uniformity of measured concentrations—by modify-
ing the data augmentation strategy.

3   |   Results and Discussion

The performance of the combined AE-Ridge model is evaluated 
against industry standard regression tools PCR and PLS regres-
sion in Subsection  3.1 for the TBP nuclear dataset. This com-
parison is made using performance metrics commonly found 
in industrial settings: the coefficient of determination (R2), the 
95% prediction interval (PI), and the limit of detection (LoD). 
The complete set of results is provided for all regression tools, 
trained both with and without data augmentation, demonstrat-
ing the increase in performance of the combined AE-Ridge 
regression tool, aided by the data augmentation technique de-
signed for this regression task, over the industry standard used 
within this work. Subsection 3.2 covers the results and evalua-
tion of the biopharmaceutical datasets using the same metrics. 
Lastly, Subsection  3.3 investigates a modification made to the 
data augmentation strategy to account for the non-uniform 
nature of sampled concentrations in the tryptophan dataset, 
specifically by taking the natural logarithm of the discrete 
(unaugmented) concentrations before synthesising interstitial 

spectra, showing a drastic increase in the performance of regres-
sion models trained on both the Trypt 2 and Trypt-5 datasets.

3.1   |   Results and Comparison to Industry Standard 
Methods for the Nuclear Dataset

The performance of the AE-Ridge regression model was com-
pared against two standard regression methods used for con-
centration prediction: PCR and PLS regression. The latter of 
which is widely used in chemometrics and other similar areas 
of spectroscopic data processing [27–29]. PCR had two distinct 
processes: PCA for dimensionality-reduction and ridge regres-
sion, chosen to match the AE-Ridge regression model for a more 
comparable test, to make predictions on the concentrations of 
each sample.

Although it is typical to determine an appropriate number of la-
tent components to retain based on a user-specified threshold, 
such as the first N latent components to contain at least 95% 
of the explained variance, the AE-Ridge regression model was 
compared to the best case scenario from both the PCR and PLS 
regression tasks to set a high benchmark. Sets of both models 
were trained based on the full range of retained latent compo-
nents, meaning from one latent component to the maximum 
number of original components, 512. The model that achieved 
the lowest 95% PI score was selected as the best model, individ-
ually for each regression method and sample dataset, to be com-
pared to the respective AE-Ridge model.

For a complete evaluation, all three regression methods were 
tested on the TBP datasets, both with and without data augmen-
tation applied. The purpose of this was to determine whether the 
increase in performance in the AE-Ridge model was due to the 
non-linear features extracted by the neural network or through 
the data augmentation strategy. This was done in addition to se-
lecting the optimal number of latest components to retain for 
each regression model. The results of these tests are shown in 
Table 1 for the TBP dataset.

The results of the concentration predictions on the TBP data-
set using the three regression methods showcase the increase 
in performance of the AE-Ridge machine learning regression 
model over the industry standard alternatives when combined 
with data augmentation. Without the use of data augmenta-
tion, the AE-Ridge regression model still outperformed the 

FIGURE 4    |    Synthesised mixture spectra of IgG through the entire range of concentrations between approximately 0.1 to 2 mg mL−1. The lower 
concentrations feature a large, broad water peak before 750 cm−1 that is suppressed as the concentration increases. Conversely, the intensity of the 
main IgG peaks increase as the concentration increases.
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alternative approaches in that category, although the results are 
closely comparable. It should be noted that all regression models 
benefitted from the use of data augmentation; however, the AE-
Ridge model saw the greatest gain in performance. In particular, 
the value of the 95% PI metric for the AE-Ridge model trained 
with data augmentation achieved approximately 50% better per-
formance over both PCR and PLS regression, which achieved 
similar results.

3.2   |   Results and Comparison to Industry Standard 
Methods for the Biopharmaceutical Datasets

The complete set of permutations (mixture datasets, regression 
models, and data processing procedures) was tested. As before, 
the AE-Ridge model was retrained and reevaluated on the un-
augmented mixtures datasets to fulfil this requirement. Tables 2 
and 3 demonstrate the advantage of machine learning in the 
ability to learn complex, non-linear relationships. For Raman 
measurements in the IgG, Trypt-2 and Trypt-5 datasets, the 
peak heights did not scale linearly with concentration, primar-
ily due to attenuation of the Raman signal at DUV wavelengths. 
The ability of AE-Ridge to learn that non-linearity has resulted 
in substantial improvements in the 95% PI score.

The necessity for a representative data augmentation procedure 
is also highlighted, as the AE-Ridge model substantially outper-
forms the PCR and PLS regression models on all three datasets. 

Interestingly, data augmentation improved the performance of 
all regression models across all datasets, with the exception of 
PLS regression trained on the Trypt-5 dataset that decreased 
in R2 and 95% PI performance. This could be attributed to the 
inability of the data augmentation procedure to accurately syn-
thesise interstitial concentrations between measured concen-
trations with a large separation, as in the case for the 2- and 
5-mg mL−1 samples, but retaining an improvement to the LoD 
alongside the other regression models.

For the IgG dataset, the AE-Ridge model was outperformed by 
PCR on the discrete data with the exception of LoD, but suc-
ceeded PCR in all metrics when trained on augmented data—
particularly on the 95% PI metric, which shows an approximate 
50% improvement. With regard to the tryptophan datasets, the 
performance of all regression models was lower than the IgG 
counterparts owing to the increased non-uniformity of the mea-
sured concentrations. When trained on the Trypt-2 dataset, the 
AE-Ridge model outperformed both PCR and PLS regression 
regardless of the use of data augmentation—though the perfor-
mances of all models were improved by its inclusion. Whereas, 
when trained on the Trypt-5 dataset, the AE-Ridge model only 
surpassed the other methods with the inclusion of the data aug-
mentation procedure. This suggests that the AE-Ridge model is 
limited in the ability to learn non-uniform separations in data. 
The results demonstrate that data augmentation enables ma-
chine learning models to gain a more significant improvement 
in performance than both PCR and PLS regression. Additionally, 

TABLE 1    |    Results of evaluating the three regression methods trained on the TBP dataset, both with (augmented) and without (discrete) data 
augmentation.

Method

Discrete Augmented

N R2 95%PI (%) LoD (%) N R2 95%PI (%) LoD (%)

PCR 321 0.9909 ±4.92 1.59 284 0.9964 ±3.11 0.80

PLS 8 0.9918 ±4.67 1.55 17 0.9963 ±3.13 0.79

AE-Ridge 128 0.9924 ±4.51 1.48 128 0.9984 ±2.04 0.75

Note: The value N represents the number of latent components each dataset had after dimensionality-reduction. The best results are shown in bold.

TABLE 2    |    Results of evaluating the three regression methods trained on the three mixtures datasets without data augmentation.

Dataset Method

Discrete

N R2 95%PI/mg mL−1 LoD/mg mL−1

IgG PCR 5 0.9872 ±0.1404 0.1148

PLS 3 0.9798 ±0.1763 0.1326

AE-Ridge 128 0.9804 ±0.1738 0.0838

Trypt-2 PCR 66 0.7998 ±0.6216 0.2790

PLS 3 0.7917 ±0.6340 0.2689

AE-Ridge 128 0.8383 ±0.5585 0.1563

Trypt-5 PCR 86 0.5263 ±1.6940 0.8634

PLS 3 0.5161 ±1.7122 0.9000

AE-Ridge 128 0.4253 ±1.8658 0.7834

Note: The value N represents the number of components each dataset had after dimensionality-reduction. The best results are shown in bold.
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the lack of data augmentation on the Trypt-5 discrete dataset, 
and the subsequent poor performance, emphasises the fact that 
most machine learning models—in particular deep learning 
models—are data hungry.

3.3   |   Effects of Modifying Data Augmentation 
Process on Model Performance

The effects of data augmentation when applied to machine 
learning are showcased in Figure  5, in combination with the 
results in Tables 2 and 3 in the previous section. The range of 
predicted concentrations is both more accurate and precise due 
to data augmentation, which benefits from the near-uniform 
separation of measured concentrations.

As mentioned, the data augmentation procedure benefits 
from samples being measured at uniformly distributed con-
centrations. The trendlines plotted for both the discrete and 

augmented variant models highlight the improvement to each 
regression model with the exclusion of the outlier sample at 
around 5 mg mL−1 (see Figure  S2). Additionally, regardless of 
the data augmentation procedure implemented, the raw data 
must be faithful to the concentration that it is labelled to repre-
sent. As the data augmentation procedure synthesises intersti-
tial concentrations in a linear fashion, any flaws in the raw data 
are represented alongside the desired distinguishing features. 
This effect is seen in Figure S2b as the data points around the 
1-mg mL−1 sample concentration feature a low-frequency oscil-
lation. The AE-Ridge model trained on the Trypt-2 augmented 
dataset displays a minor plateauing of predicted concentrations 
beyond approximately 1.5 mg mL−1, suggesting that the regres-
sion model has learned a data representation based partially off 
of a simple peak-height estimation, alongside the non-linear na-
ture of the signal intensity.

The data augmentation method employed benefits greatly 
from the raw dataset being measured at uniformly spaced 

TABLE 3    |    Results of evaluating the three regression methods trained on the three mixtures datasets, both with data augmentation.

Dataset Method

Augmented

N R2 95%PI/mg mL−1 LoD/mg mL−1

IgG PCR 6 0.9890 ±0.1303 0.0340

PLS 14 0.9872 ±0.1406 0.0287

AE-Ridge 128 0.9951 ±0.0871 0.0179

Trypt-2 PCR 311 0.9162 ±0.4007 0.1119

PLS 16 0.8588 ±0.5219 0.1176

AE-Ridge 128 0.9758 ±0.2126 0.0534

Trypt-5 PCR 11 0.6503 ±1.4555 0.3945

PLS 29 0.4821 ±1.7713 0.4470

AE-Ridge 128 0.7221 ±1.2975 0.3090

Note: The value N represents the number of components each dataset had after dimensionality-reduction. The best results are shown in bold.

FIGURE 5    |    Concentration predictions using the AE-Ridge regression model on the IgG dataset both with and without data augmentation. The 
dashed black lines show the identity line, and the orange and red lines show the trendlines for the plotted data points. Regression metrics are shown 
in Tables 2 and 3. (a) IgG discrete model test predictions. (b) IgG augmented model test predictions.
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concentrations. The effect of this is demonstrated in 
Subsection  3.2, Tables  2 and 3 by the improved model perfor-
mance of the IgG dataset in comparison to the two tryptophan 
datasets that possess notably worse data uniformity. An explor-
atory test was performed to improve model performance on both 
the Trypt-2 and Trypt-5 augmented datasets through a modifi-
cation to the data augmentation process.

The respective models were retrained on the same data as be-
fore, but with the natural logarithm applied to all associated 
labels (concentrations) at the data augmentation stage, which 
were used throughout the training and inference processes, and 
only exponentiated back to the true values in order to convert 
concentration predictions into the desired units. This conver-
sion shifted the measured concentrations closer towards uni-
form intervals (see Figure S3), which had the effect of greatly 
improving model performance, owing to the benefit of uniform 
data sampling to the data augmentation strategy.

Table 4 shows an improvement to the Trypt-2 augmented data-
set, and a drastic improvement to the Trypt-5 dataset, in terms 
of the R2 metric, by utilising the natural logarithm of the data la-
bels at the data augmentation stage. The LoD performance saw 
an approximate 20% improvement on the Trypt-2 dataset and a 
30% improvement on the Trypt-5 dataset, due to the increased 
data uniformity. However, the 95% PI metric remained in close 
proximity between ‘standard’ and ‘logarithmic’ versions of each 
tryptophan regression model, despite the large improvement to 
the R2 value. Due to the mathematical nature of this procedure 

and the increased density of low concentration samples that 
were measured, the resulting models are more accurate at pre-
dicting samples with a lower concentration.

As the concentration of a sample increases, the model begins to 
diverge in its predictive capability, as can be seen in Figure 6, in 
which the line of best fit diverges from the identity line at higher 
concentrations (though this effect is harder to see in Figure 6b 
owing to the difference in scale). The nature of this divergence 
would explain the retention of the high 95% PI values. Despite 
this, the results demonstrate a clear improvement in the perfor-
mance of the tested regression models owing to the increased 
uniformity in the sample data—placing the performance of the 
‘logarithmic’ Trypt-2 model, with data augmentation, closer in 
line with that of the IgG counterpart model (see Table 3). This 
method may also allow for the incorporation of the outlier sam-
ple around 5 mg mL−1, providing that the reduction in model 
performance is acceptable in the bounds of the particular re-
gression task, which heavily depends on the importance of the 
outlier samples.

This result emphasises the advantage to the data augmentation 
strategy, and by extension, its positive impact on the perfor-
mance of regression models, of measuring samples at uniform 
concentration intervals. Alternatively, specialised adaptations 
to online processing techniques, like the one outlined here, can 
alleviate the need for such rigid data collection prerequisites, 
which would otherwise impose impractical constraints from an 
industrial standpoint.

TABLE 4    |    Results of training the Trypt-2 and Trypt-5 datasets by taking the natural logarithm of the labels (concentrations), in comparison 
to the standard values. The values for each metric were exponentiated back to mg mL−1 for the comparison. The value N represents the number of 
components each dataset had after dimensionality-reduction. The best results are shown in bold.

Dataset

Standard labels Logarithmic labels

N R2 95%PI/mg mL−1 LoD/mg mL−1 N R2 95%PI/mg mL−1 LoD/mg mL−1

Trypt-2 128 0.9758 ±0.2126 0.0534 128 0.9932 ±0.1835 0.0456

Trypt-5 128 0.7221 ±1.2975 0.3090 128 0.9764 ±1.2666 0.2346

FIGURE 6    |    Concentration predictions using the AE-Ridge regression model on the Trypt-2 and Trypt-5 augmented datasets, trained with log-
arithmic concentration labels. The dashed black lines show the identity line, and the orange lines show the trendlines for the plotted data points. 
Regression metrics are shown in Table 4. (a) Trypt-2 logarithmic model predictions. (b) Trypt-5 logarithmic model predictions.
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4   |   Conclusion

A competitive machine learning regression tool was developed 
that outperformed two industry standard tools, PCR and PLS 
regression, which were used as comparative benchmarks within 
this work. By separately training the AE-Ridge regression model 
on datasets from both nuclear and biopharmaceutical indus-
tries, it was proven that the model could effectively adapt across 
a wide variety of data, with different scales for the dependent 
variable. Sample concentrations in the nuclear database were 
represented as a decimal percentage, and hence bound between 
0 and 1, whereas sample concentrations in the biopharmaceuti-
cal databases were measured in units of mg mL−1, which is an 
unbounded scale ranging from 0 to positive infinity.

In addition to different dependent variables, the databases dif-
fered in other aspects, such as varying magnitudes in concen-
tration, different Raman spectroscopy measurement methods 
(spontaneous and RRS) and analyte molecule sizes. In particu-
lar, amplified non-linear Raman spectra were measured for both 
biopharmaceutical databases due to a combination of RRS and 
the size of the macromolecules, which caused greater sample 
attenuation, meaning that the exponential term of the LIDAR 
equation [15, 16] could no longer be ignored like it can for spon-
taneous Raman spectroscopy.

The AE-Ridge model achieved an approximate 50%–90% im-
provement on the 95% PI metric between the TBP with odourless 
kerosene nuclear dataset and IgG and tryptophan biopharma-
ceutical datasets. In terms of R2 performance, values ranged 
between 0.975 and 0.995 for all datasets when trained on syn-
thesised data and with modifications to the sampling strategy 
(specifically for the tryptophan datasets). Lastly, the AE-Ridge 
model improved upon the LoD performance of the other regres-
sion models by approximately 5% for the nuclear dataset and 
substantially greater at 30%–110% between the biopharmaceu-
tical datasets.

These performance gains were facilitated through the use of a 
data augmentation strategy to increase sample variance during 
training. A linear relationship was assumed between neigh-
bouring sample concentrations for the data augmentation strat-
egy, which proved effective at predicting the concentrations 
of the TBP and odourless kerosene dataset due to the linear 
Raman response and the uniform intervals of concentration 
measurements.

As for the biopharmaceutical datasets, the AE-Ridge model per-
formed better on all metrics on the IgG dataset over the tryp-
tophan dataset, primarily owing to greater sample uniformity. 
This is verified by large performance gains in the tryptophan 
data when the sampling strategy used in data augmentation was 
modified to provide a more uniform dataset. There was an ap-
proximate 2% increase in the R2 metric on the Trypt-2 dataset 
versus a 35% increase on Trypt-5, and the LoD further improved 
by 17% on Trypt-2 versus a 32% increase on Trypt-5, showing 
that the modification naturally improves datasets with worse 
sample uniformity to a greater extent than those with better.

Careful consideration must be given to the nature of any mod-
ifications made to the data augmentation sampling strategy, as 

the accuracy of the Trypt-5 trendline begins to diverge at greater 
concentrations as a result of the exponential used in the modi-
fication. This result shows potential for the inclusion of outlier 
samples within an arbitrary dataset without adversely affecting 
the performance of standard samples. However, modifications 
to either the regression model or the data augmentation tech-
nique would be required in order to improve predictions made 
on the outlier samples themselves. Although the non-linear 
Raman response from the organic macromolecules used in the 
biopharmaceutical datasets may place a limit on such potential.

Whilst each regression model was trained on datasets of liquid 
samples, this method could be applied to any mixed sample, 
such as gases or mixed solid particles—given small enough par-
ticle sizes that homogeneity could be assumed. There is already 
a precedent set for including multiple states of matter inside 
chemical databases within POCO procedures, as it is common 
to encounter residual organics in the form of bulk substances or 
vapours. Consequently, there is a need for future research aimed 
at adapting to such multiphase databases.

The improvements made by the AE-Ridge model would trans-
late to tangible benefits for both the nuclear and biopharmaceu-
tical industries and to other industrial applications not seen in 
this work. For the nuclear sector, in particular POCO, the in-
creased certainty of sample concentrations over competing in-
dustry standard regression tools would enable cost reductions 
in the context of risk assessments. This could also contribute 
to maximising drug quality and yield in the biopharmaceuti-
cal industry, as improvements in quality control measurements 
during the manufacturing of mAbs would help to prevent ad-
verse effects resulting from undetected protein aggregation, and 
improved yield would translate into reduced costs in the rapidly 
growing market.
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