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1 Supplementary Information

1.1 Source Code

The code used in this project can be found by following the below link to the GitHub
repository. However, this repository is for code as it was at publication for archiving
purposes. This repository will contain a link to a version of this project that is actively
maintained and is receiving updates.

https://github.com/Grimblewald /Neural-networks-for-microplastic-fourier-
transform-infrared-spectroscopy-data

1.2 Calculation of Performance Metrics

Recall, Precision € F1

Model performance is primarily evaluated using Precision and Recall metrics, and
the relationship between these is captured through the F1 score. Further performance
insights are gathered through AUC and ROC curves.


https://github.com/Grimblewald/Neural-networks-for-microplastic-fourier-transform-infrared-spectroscopy-data
https://github.com/Grimblewald/Neural-networks-for-microplastic-fourier-transform-infrared-spectroscopy-data

Precision is the proportion of true positive identifications among all positive
identifications (both true and false positives). It is calculated as follows:

Precisi TruePositives (1)
recision =

TruePositives + FalsePositives
Recall (also known as Sensitivity) is the proportion of true positive identifications

among all actual positives (both true positives and false negatives). It is calculated as:

TruePositives
Recall = — - (2)
TruePositives + FalseNegatives
These metrics are calculated on a one-vs-all basis, aggregating performance across
all categories. This makes them suitable for imbalanced datasets or for an overall
model assessment.
The Fjs score is a single value metric that combines Precision and Recall. It is

calculated as:

(1+ B2%) - (Precision - Recall)
(B? - Precision) + Recall
When £ = 1, Precision and Recall are valued equally, resulting in the F; score:

Fpg = (3)

2 - (Precision - Recall)
= 4
! Precision + Recall )

Receiver Operating Characteristic Curve € Area thereunder

The Receiver Operating Characteristic Curve (ROC) is a graphical representation of
the performance of a binary classifier system as its discrimination threshold is varied.
It is created by plotting Recall against the False Positive Rate (FPR) at various
threshold settings.

The FPR is calculated as:

FPR — FqlsePositives _ (5)
TrueNegatives + FalsePositives

The ROC curve provides a tool to select possibly optimal models and explore how
distributions for True and False rates for both positives and negatives overlap, where
a curve fitting more tightly into the upper right corner indicates less overlap between
true/false pairs, which implies the model has more well-defined decision boundaries

than for a curve which more closely resembles the diagonal.
The Area Under the Receiver Operating Characteristic Curve (AUC) aims to repre-
sent the information provided by the ROC as a single value metric. It is approximated

using the trapezoidal rule given by:

K-1
TP TP
AUC = Y (FPRy1 — FPRy)- ( R’““; Ri) (6)
k=1

where K is the total number of unique thresholds, F'P R}, is the False Positive Rate,
and T PRy, is the True Positive Rate at threshold ¢;. AUC provides insight into the
model’s performance compared to random guessing, with 1.0 representing a perfect



model and 0.5 representing a model that is no better than random guessing. What this
metric loses in its conciseness are measures of skew in the ROC curve, and so a model
with an ROC indicating a propensity for false positives can have the same AUC as a
model with a propensity for false negatives, therefore in cases of equivalent AUC it is
wise to compare ROC and proceed in accordance with relative costs of each mistake.

1.3 Table of Results for Per Dataset Model Performance
Metrics
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1.4 Why we need the fingerprint region

Spectra were only included in the final dataset if they were collected within the mini-
mum range, as the finger print region, as the name implies, is crucial for more precise
identification of samples. For example, differentiating between PE, PP and PEPP is
not easy without a signal at approximately 718cm~! (see Figure 1). So in order to
improve outcomes, only data with this information is considered.

Comparison of PE and PP against their blend PEPP
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Fig. 1 presents a comparison of ATR-FTIR spectra for PE, PP, and PEPP. Thicker lines show
the mean for a subset of spectra with this label. The paired thin lines around means indicate the
standard deviation around mean intensity at that wavenumber. A set of key distinctions are evident
in classes, where only PE lacks a detectable peak at approximately 1375c¢m ™!, which is associated
with the C-H3z 'umbrella’ vibrational modes. Conversely, PP exhibits at most a weak signal from
C-H, rocking at approximately 718cm~1. PEPP, however, displays clear signals in both these regions.
Although there are other differences, such as those observed around 2950 — 3050cm~1, these can be
more subtle, and become unreliable when samples are degraded or unknown additives are used. The
features highlighted in the figure are the most prominent, easily identifiable, and reliable, even amidst
potential degradation effects or differences due to additives. This is evident from the low amount of
variation around these specific signals.

1.5 Decision Boundaries

The no free lunches theorems[1] support the intuition that any elevated performance
of one model over one class of problems is offset by performance over another class of
problems, and so we should consider the challenges a task presents and the relative
suitability of a given machine learning model to that type of task.

With sufficient data, poor choice of model can often be mitigated, for example when
sampling a continuous space using 10 samples per class, performance of models that
learn discrete spaces suffers greatly (figure 3). Taking the example of a classification
tasks for 2D points, where classes are defined by which spiral arm they belong to
(figures 2 to 5, we can see that for this type of problem discrete methods like decision
trees or random forest, may learn boundaries that fail catastrophically, while models
that handle spaces in a continuous way, while imprecise, learn realistic boundaries.
For sparsely sampled spaces, like those represented by many of the poorly sampled
classes in the microplastic FTIR problem, poor model choice can result in catastrophic
failures similar to those shown in the figures 2 and 3. Catastrophic failure in this



context meaning decision boundaries are learned which may be entirely unrealistic
rather than just imprecise.

For this reason, choice of model is considered important, and special care should
be given to the consideration of what type of decision boundaries are likely to exist in
truth. If discrete boundaries are expected, a RF model is likely to be more appropriate
while for continuous boundaries then SVM, given availability of an appropriate kernel,
or an ANN might be a better choice. In case of FTIR data of microplastics, boundaries
are not expect to be discrete neat polymers are frequently combined to marry beneficial
traits of each polymer. This means samples may smoothly transition between any
number of classes. This is important to consider, because blends of PE and PP (PEPP),
is one of the most common sample types found in environmental samples. So a models
tendency to learn continuous representations is therefore considered fundamental to
reliably solving the problem of classifying environmental microplastic samples from
their FTIR specta, where data for specific samples is often sparse or incomplete.

Comparison of Machine Learning Methods for Solving a toy spirals problem using 5 points

Decision Tree Random Forest KNN SVM
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Fig. 2 A comparison of decision boundaries as formed by different machine learning algorithms for
a set of non-linearly separable classes. Shaded areas indicate what a point in that location would be
predicted as, while colour intensity indicates the confidence with which it would be predicted. The
data used was generated by creating interlocking spirals, where each point is uniformly distributed
from 0 to 1 along the classes axis, where the class axis were spread unevenly around the origin, finally
points were rotated around the origin relative to their magnitude. What this illustrates is how at
extremely low sample counts (5 per class), an ANN can still learns a useful representation of this
space, while other methods fail, typically in catastrophic fashion.



Comparison of Machine Learning Methods for Solving a toy spirals problem using 10 points

Decision Tree Random Forest

Fig. 3 A comparison of decision boundaries as formed by different machine learning algorithms for
a set of non-linearly separable classes. Shaded areas indicate what a point in that location would be
predicted as, while colour intensity indicates the confidence with which it would be predicted. The
data used was generated by creating interlocking spirals, where each point is uniformly distributed
from 0 to 1 along the classes axis, where the class axis were spread unevenly around the origin, finally
points were rotated around the origin relative to their magnitude. This shows that at relatively low
sample counts (10 per class), this shows that most methods still perform catastrophically while ANN
and SVM improve the accuracy of their boundaries

Comparison of Machine Learning Methods for Solving a toy spirals problem using 100 points
Decision Tree Random Forest KNN svM

Fig. 4 A comparison of decision boundaries as formed by different machine learning algorithms for
a set of non-linearly separable classes. Shaded areas indicate what a point in that location would be
predicted as, while colour intensity indicates the confidence with which it would be predicted.. The
data used was generated by creating interlocking spirals, where each point is uniformly distributed
from O to 1 along the classes axis, where the class axis were spread unevenly around the origin, finally
points were rotated around the origin relative to their magnitude. At a reasonable sampling density
for sample space, (100 per class), we can see that most methods learn reasonable, though not always
great, decision boundaries.

Comparison of Machine Learning Methods for Solving a toy spirals problem using 1000 points
Decision Tree Random Forest kNN SVM

Fig. 5 A comparison of decision boundaries as formed by different machine learning algorithms for
a set of non-linearly separable classes. Shaded areas indicate what a point in that location would be
predicted as, while colour intensity indicates the confidence with which it would be predicted. The
data used was generated by creating interlocking spirals, where each point is uniformly distributed
from O to 1 along the classes axis, where the class axis were spread unevenly around the origin, finally
points were rotated around the origin relative to their magnitude. For a relatively high sampling
density (1000 per class), we can see that compared to 100 point sampling density, the additional
samples have limited additional impact for improving the boundaries learned by methods such as
random forest.



1.6 Per Dataset tSNE reduction of Predictions

This section showcases how errors in labelling are consistent across datasets, but also it
showcases how certain plastic representations appear to have a geographic component.
Taking PS space as an example, for some datasets, while the fringes appear well
sampled, the central types appear to be absent, as in the Kedzierski set. This indicates
a potential spatial or temporal component that is not captured adequately but just
this dataset alone.
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1.7 Disclosure Statement on Large Language Model Use

In the development of this manuscript, large language models (LLMs) were utilized
to obtain feedback and suggestions for improvement. The LLMs employed include
a series of models from openAl (gpt-3.5-turbo, and gpt-4)[2, 3] as well as a locally
hosted model (”OpenLlama 13B” [4], and the quantized Mixtral-8x7B [5] variant ” The-
Bloke_Mixtral-SlimOrca-8x7B-GPTQ”). The text was provided in LaTex format, and
interactions with the models were facilitated through Python command line interface.
Some local models were fine tuned using LoRA[6] on personal information, including
project documents, experimental data, drafts, and other relevant texts. The following
system prompt was used

Hey there! We're currently working on an exciting project focused on creating a compre-
hensive LaTeX syntax document. This document aims to cover the application of machine
learning techniques in the analysis of microplastic FTIR data. As a Language Model, you
are here to assist in exploring and evaluating various aspects of this project. You are
encouraged to take the role of a critical and hard to please co-author. You are encouraged
to critically evaluate your own replies, question design choices in work shared with you,
or ask questions for clarification in decisions made. If questions or tasks are unclear, then
ignore the initial prompt and ask clarifying questions first. Let’s dive in with the first task!

Models were used to get feedback on draft material, or ease the burden of laborious
but non critical tasks, such as converting a markdown formatted table to a latex
formatted table. For example, in the methods section, a LLM was asked what questions
someone might ask, if they were seeking to reproduce work, that are not already
answered by in the document. The section was then updated such that answers to
sensible questions the LLM’s came up with were included.

It is important to note that not all feedback or suggestions generated by the LLM
were implemented. The insights provided by the models were treated with the weight
and credibility one might attribute to an individual who is well read and has profi-
cient language skills, but holds limited comprehension of the knowledge they posses.
Nonetheless, these tools proved valuable in refining the initial draft of the manuscript.

Another example, would be the use case of providing the following prompt

try write this out properly, expanding the acronyms ” The aggregate data had a total of 16
classes after processing, where a Pareto plot (Figure 7?) of the aggregate dataset highlights
the significant imbalance in class representation. The final classes were PE, PP, PEPP, PS,
EVA, PA, CA, PET, PVC, AF, PC, PU, Pest, PCL, NP, PMMA”

The output of which was mostly correct for non fine-tuned models, where for exam-
ple AF being incorrectly, though reasonably, translated to ” Aramid Fibre” or with
Pest being predicted as Pesticides. The output was then edited to improve continuity
and proof read for mistakes. Out of curiosity, the non tuned LLM’s were asked "are
there any of these acronyms where you are not certain of your guess?” the answer
provided being:

I am confident about most of the acronyms, but "Pest” and ”AF” are a bit uncertain.
”Pest” is typically short for ”Pesticides”, but in the context of data classes, it could poten-
tially stand for something else. Similarly, ” AF” is often used for ” Aramid Fiber”, but it
could also represent different terms depending on the specific context of your research. If
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these acronyms have specific meanings in your field of study, I would recommend using
those instead.

So, interestingly, the incorrect expansions were of ’low confidence’, even before any
corrections were made, or were indicated.
The final example prompt is as follows.

{python dictionary with model parameters} please re-write this code using plain language,
using language suitable to an academic journal article. It should give the name of the
parameter used and the value used for that parameter. ”

The output was then edited to improve clarity, flow, and to fix syntactic errors.

The full extent to which LLM’s were used in the creation of this document can be
summarised as augmenting the proof reading of early drafts by providing feedback on
text clarity and brevity, providing feedback on potential gaps in information provided,
and alleviating workload on repetitive monotonous tasks like transcribing parameters
used in code to plain English. LLM’s proved valuable in the creation of this document,
saving many hours of work. Of particularly noteworthy utility were open models, and
the ability to readily fine tune these using tricks such as Low-Rank Adaptation.[6]

1.8 Label Consolidaiton rules

Labelling conventions varied significantly across different datasets. Rules used in this
work are as follows

The general rule applied is that labels should be mapped to the same semantic rep-
resentation, however there were two instances where significant alterations were made
to the original label. Specifically, in the Kedzierski dataset, data labelled as ‘morpho-
typel® and ‘morphotype2‘ were relabelled as ‘PEPP‘. The Kedzierski group originally
identified these as anthropogenic polymer samples, however their true identity was
uncertain at the time of publication. We argue that there is evidence for these being
PEPP, in part due to the relative abundance of the 'morphotypes’ and that of PEPP
across datasets. This is further supported by reference spectra drawn from Turku et
al.’s work[7] which provides examples of PEPP spectra that closely match the averages
for each of the morphotypes.

Additionally, some classes were ignored. For example, the Brignac dataset intro-
duced a class labelled ‘Phthalate’, which represented spectra where the polymer signal
was deemed to be significantly masked by phthalate additives. However, this class was
not included in training or evaluation of the final model due its potential class hetero-
geneity. Classes labelled "Unknown’, or were under-represented (N < 4) such as ABS
were also ignored for training.

11



Original Relabel | Ignore
Unknown true
Non-plastic true
N-MP true
Petroleum wax true
Unidentifiable true
Unidentifiable true
ABS true
latex true
Latex true
nolnfo true
Cellulose true
phthalate true
Phthalate true
HDPE PE
LDPE PE
LLDPE PE
Other PE PE
dPE PE
d-PE PE
PE_c PE
PE_d PE
PE_f PE
Unknown PE PE
Unknown PE PE
PP/PET mix PEPP
Mixture PEPP
PP_w_HDPE PEPP
MT1 PEPP
MT2 PEPP
PE/PP mix PEPP
PP_d PP
EPS PS
PS PS
PEst PEstr
PETE PET
Poly(vinylidene fluoride) PVC
Cellulose Triacetate CA
PP/PMMA mix PMMA
”Nylon” PA
”Nylon ” PA
EVA wax EVA
PEVA EVA

1.9 ATR-FTIR spectral intensities

The reflectance R of a singal after N reflections is given by
I N
R(N) = == = (1 - ad,) (7)
0

Where R(N) is the reflectance after N reflections, I is beam intensity and Iy is
intiial beam intensity, « is the absorbtion coefficient and d. is the effective depth of
penetration. Here the depth of penetration can be calculated by

12



= . (®)
27 (n? sin® @ — n3)?

Which describes the depth of penetration (d,) for the evanescent wave, which
depends on the wavelength (), beam incident angle (), and refractive indices of both
the internal reflection element (n;) and the sample (n2)[8]. Among these variables,
only wavelength is expected to vary throughout spectrum collection. Consequently,
variations in signal intensity arising from effective relative abundance of a bond relies
solely on wavelength and a constant factor.

This would pose a problem if a sample is not sufficiently thick and homogeneous in
composition. When a sample is too thin, the effects are obvious in the collected data
where this presents as an upward curving baseline with a slope inversely proportional
to wavelength, however inhomogeneity would not have immediately obvious impacts.

1.10 No Baseline Correction

Baseline correction is recommended for FTIR spectra,[9-11], however these algorithms
carry the assumption that samples are sufficiently thick and have a homogeneous com-
position. If we consider the equation for calculating penetration depth for ATR-FTIR
(refer (8)), then under typical conditions the penetration depth, and thus intensity of
the signal, is proportional to the wavelength of the beam. Therefore, given the nature
of MP data, it makes safe use of such corrections difficult for two reasons.

The first reason is that sample thickness can be thin enough that over-penetration
will easily occur at lower wave-numbers. The second is that sample composition is
not homogeneous, as such surface level composition will be over-represented at higher
wave-numbers while at lower wave-numbers bulk composition is better represented.
This is because degradation effects often lead to significant differences between surface
and bulk composition, where surface degradation levels are also non-uniform across
the surface.[12, 13] Therefore in samples with in-homogeneous composition where sur-
face and bulk composition differ, this penetration effect could introduce a significant
de-trend in relative signal intensities, independent of trends impacting the baseline,
especially at lower wave-numbers. This is problematic, as if this is the case then algo-
rithms like airPLS could exaggerate erroneous representations while removing clues of
these errors existing. For this reason detrend effects, while an annoyance, may be too
important and informative to remove.

These suspicions were investigated by removing effects due to wavelength by multi-
plying intensity by the reciprocal of the corresponding wavelength, the wave-numbers,
before the normalisation step. This was compared against airPLS and a combined
approach (wave-number multiplication first then airPLS). Results for a thin film sam-
ple can be found in figure 7, which shows how airPLS on it’s own creates significant
non-existent information. This is viewed as evidence supporting the position of using
no baseline correction. While for some methods applying wave-numbers based correc-
tion might be beneficial, this is a transformation, which if even required, is readily
learned by neural networks. Therefore, despite it being recommended practice - no
baseline correction was used in the model presented in this work. However, if one
wishes to employ baseline correction, then our results, which are partially reflected
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in figure 7, indicate it may be better to simply multiply a deviant spectrum’s inten-
sities by the corresponding wavenumbers as the sole method of correcting baseline
de-trends, as this produces more realistic results.
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Fig. 7 This highlights how airPLS might exaggerate some features that may not really exist, thus
introducing noise to the dataset. If baseline de-trends are observed in ATR-FTIR data, it may be
better to address these directly via their likely cause, which is over-penetration. This over-penetration
de-trends the baseline as a function of wavelength, so multiplying by the reciprocal, the wave-number,
this corrects the de-trending effect.

1.11 MinMax Normalisation vs. Z-Score Standardisation

MinMax normalisation arises as a natural choice in this study when one seeks to
address non-sample originating variance in a sample’s spectrum. In the context of
ATR-FTIR the measured intensity, which correlates to the relative abundance of
specific bond behaviours, is perfectly accurate. Inaccuracies arise from experimental,
human and machine error. These uncontrolled acquisition variables introduce bias in
scale and location, which is uniformly applied throughout the spectrum. This bias
arises from sampling conditions including, but not limited to, variation in ambient
lighting can shift the baseline and influence the signal to noise ratio.

In this study, we use MinMax normalisation to address the variance in a sample’s
spectrum that does not originate from the sample itself. This is particularly relevant in
ATR-FTIR, where the measured intensity accurately reflects the relative abundance
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of specific bond behaviours. However, inaccuracies can occur due to experimental,
human, and machine errors. These uncontrolled variables introduce a bias in scale and
location, uniformly applied throughout the spectrum. This bias can be influenced by
various sampling conditions, including changes in ambient lighting.

To counter these issues, we first set the baseline to zero by subtracting the sample
minimum. Next, determining the scaling factor, which arises from changes in the
fraction of the IR beam exposed to the sample, is more challenging. Usually, reference
samples with known quantities are used to address these issues during quantitative
analysis. However, these references must be created at the time of acquisition, and
this information is not available in public datasets. Therefore, we chose to scale by
the maximum value as a practical solution.

While this method simply shifts the bias rather than removing it, it improves pre-
cision as all samples of the same type will have the same maximum and therefore
the same bias. This does not allow for quantitative comparisons, but it does enable
comparison of relative abundance. This is considered reliable as the maximum for a
class remains consistent over a broad range of impacts, including degradation effects.
Therefore, small changes can be compared more readily, and can be compared indi-
rectly to changes across classes, where changes are not relative to each position but
rather relative to each class maximum.

This method has limitations. For example, changes in ambient lighting can alter
the volume under the curve, causing some volume that should be under peaks to be
under the baseline instead. This means scaling by min-max can make fluctuations
between neighbouring values more extreme, proportional to the impact of unaccounted
ambient lighting. However, if acquisition method follows recommendations, typically
enforced by commercial software, then in practice this is not typically an issue since
baselines are frequently recollected to account for shifts in background throughout an
experiment.

While z-score standardisation or similar is often considered better practice for
an unknown problem, we propose that using our knowledge of how a spectrum is
produced to guide our scaling approach can improve the informativeness of a resulting
spectrum. For this problem, the Min-Max approach appears to be the natural choice
for mitigating non-sample variation in a spectrum.

The following image shows a series of spectral averages (bold line) and variance
(band around line) and showcases how Min-max scaling retains more information
than z-score scaling would. Variance has been scaled up by a factor of 10 to highlight
differences in behaviour between min-max and z-score methods.

The variance across samples should be very low, with the exception that the
changes in mechanical pressure will strain the structure, causing shifts in some bonds,
which should be seen in the Si-O-Si stretching vibrations at 1000cm™, manifesting
as a skew in this peak range.[14] We can see that there is no clear evidence of this
trend in the raw data, or the z-score standardised data, but it is clear in the min-max
scaled data. Zooming into the relevant region we can see how for Min-Max the left
hand side of peaks remains relatively consistent across spectra, while the right hand
side captures the change in skew for different pressures accurately.
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Fig. 8 The spectra shown are average (line) and 10x variance (band) for z-score standardised (left)
and MinMax normalised (Right) spectra. Both scaling methods show a significant reduction in vari-
ance compared to the raw data (centre) however, only MinMax accurately captures subtle trends in
the data. The spectra are of the same glass wool filter, each spectrum captured at the same location,
varying only the contact pressure at which samples are acquired.
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Fig. 9 The z-score standardised (left) and Min-Max normalised (Right) spectra both show a lot less
non-informative variance than the raw data (centre) however, how remaining variance is captured
differs across the scaling methods, where min-max captures the appropriate expected trend.

1.12 Utility of Onehot Encoding

One-hot encoding is important to this problem as some classes will blend into one
another, such as in the case of neat polymers and their blends. This is a problem
as there is no set standard for interpretation. For this reason we expect tasking a
model with learning to confidently predict only a single class for a sample to be
potentially detrimental to model performance. By allowing a model to predict the
relative probability of each class, even if expected to predict only one class, this allows
the model to better handle the uncertainty arising from discord in labelling practices
for neat and blended cases accross datasets. If the model aims to optimize categorical
cross entorpy for softmax predicitons, given by

c
CCE = — Z ti log Pi (9)
K3
where C is the number of classes, ¢; is the ground truth and P; is the prediction,
we can interpret this as describing the distance of a prediction’s distribution from
the ground truth distribution. From this it is clear that error equally distributed
among all non target classes would yield the lowest loss, and so for predictions where
error gathers in a specific class, it indicates the network sees noteworthy similarities
between samples. Provided we do not over-train the network, this approach should
give predictions that are crude, unintentional, yet informative fractional encodings of
a sample.
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1.13 Prediction Behaviour Split by Class

A paired set of confusion matrices can give good superficial insight into model
behaviour, these can be found in Figure 10, and highlight how predictions behave for
both false positives and false negatives. The remaining section gives more in-depth
explorations of the same information for interesting classes.

Holdout Mean for 10 Models Holdout Mean for 10 Models
F1:92.98% | CA: 92.98% | L: 0.5288 F1:92.98% | CA: 92.98% | L: 0.5288
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Fig. 10 presents two confusion matrices (CMs) that illustrate the predictive performance across
classes, with rows indicating the true labels and columns indicating the predicted labels. Values
along the diagonal in both matrices represent correct predictions (true positives). The left matrix is
normalized by row totals, which allows for an interpretation of predictive accuracy within each class.
Specifically, a value in a cell shows the percentage of instances of a given class that are predicted
as each possible class, highlighting the sensitivity or recall of the predictions. The right matrix is
normalized by column totals, focusing on the precision of the predictions. Here, a cell’s value indicates
the likelihood that a prediction for a class corresponds to that actual class, addressing the question,
"When a class is predicted, how often is that prediction correct?’ Off-diagonal values in this matrix
reveal the proportion of false positives for each predicted class. Both matrices offer complementary
insights: the left on the model’s ability to identify all instances of a class (recall), and the right on
the confidence in the model’s predictions (precision).

These graphs show how confusion between classes occurs, reading top to bottom,
left to right, the first panel shows the density for predictions, grouped by (true /
false) and (positive / negative) combinations. The subsequent panels show prediction
frequencies in terms of where false negative predictions end up, and where false positive
predictions end up. In Figure 20 we can see prediction frequencies for PEPP that show
a uniform density for false positives, indicating misclassification are unlikely to resolve
with further training. Looking at what classes are cheif among these confusions, we
can see that PE and PP are the common culprits, which is reasonable given PEPP is
a combination of these
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Model Performance for Class CA
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Model Performance for Class PC
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Model Performance for Class PE

1.0
k] . TP ’
= o FP o
Q05 - ryow
S . N o
o o
0.0 ®  No Counts
TP FP ™ FN
Pareto Chart of Class Distributions for PE FN 3 Pareto Chart of Class Distributions for PE FP
e e e -100Z 60 - oo - 100
40 - r S
z /'/./* e 3z A
c o c40 -
[ a o
220 - -50 ¢ 3 - 50
o s 020 -
w o
L E
0 - N _, E 0 - -0
O
< o oo 2 n < 4 D 0 a < a o
= Q z o § a0 Qa > g = o z

Fig. 19 PE Prediction Density

Model Performance for Class PEPP

1.00 ;
0.75 N
Z . FP
3 050 o T 5
0.25 WEE FN
a
0.00 % No Counts
™

ilities

ro

TP FP FN
Pareto Chart of Class Distributions for PEPP FN g Pareto Chart of Class Distributions for PEPP FP
- 100 8 - 100
c
100 - o} -
> //.———o———o——"—< S 3150 .
g g g
E -50 ¢ 3100~ - 50
g s0- 2 g
i -25 ® & 50 - - 25
=3
_ HEERae.  : _ B e
0 0 s 0 0
a w < %] << ©

w

PP
EVA
PE

Fig. 20 PEPP Prediction Density

22

Cumulative Percentage

Cumulative Percentage



Model Performance for Class Pest
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Model Performance for Class PMMA
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Model Performance for Class PS
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1.14 Exploring Spectra in Data

When exploring the representation of certain spectra in datasets, poor classification
accuracy for these becomes a little more apparent. In the case of PMMA as captured
in the Kedzierski set (SI 27), we can see that there are some significant issues with
how this data has been captured, reasonably leading to misclassification.

Fig. 27 presents PMMA spectra averages and variance, as well as 3 random subsamples for the
datasets Kedzierski (left) and Primpke (right)

Mb\ LJ' A J\ J\JUL AWULJ_A_ LU»JL_AW \wtu» u_

Fig. 28 presents PU spectra averages and variance, as well as 3 random subsamples for the datasets
OpenSpeccy (left) and Primpke (right)
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