Software Usage Notice

 This software is provided for research and educational purposes only. Commercial use
is not permitted.

e Do not redistribute this software, including modified versions, without prior

permission from the author (aoyagi@st.seikei.ac.jp).

o The software is provided “as is,” without warranty of any kind. Users are responsible
for verifying the results and assessing their suitability for the intended purpose.
e If you encounter any problems or have questions, please contact

aovagi(@st.seikei.ac.ip.

Software Download:
https://www.dropbox.com/scl/fo/27ben5iztho0p0dnqy910/ALV61N3wQCIZv0f8oMniuoE?rlkey=jelSkxn
2r7pr8on0svep65801 &st=gh20ua9h&dl=0

Unsupervised Learning Methods: PCA, MCR-ALS, and Sparse Autoencoder (SAE)
Unsupervised learning methods are useful for exploring the intrinsic structure of
measurement data without requiring prior labels.

e PCA provides an overview of the dataset by reducing its dimensionality and
revealing the major sources of variation.

e  MCR-ALS decomposes the data into pure components (or groups of related
variables) together with their corresponding concentration or score profiles.

e Sparse Autoencoder (SAE) extracts latent features using a nonlinear neural
network. Because SAE can model nonlinear relationships, it may reveal finer
structural information than MCR-ALS for some datasets.

Although MCR-ALS and SAE often produce similar results, SAE may provide more

detailed feature extraction when nonlinear effects are present.

Supervised Learning Methods: Random Forest (RF)
Supervised learning methods are useful for identifying variables related to a target peak,
target image, or target variable that has been identified through exploratory analysis.
Typical applications include

o identification of mass peaks related to a selected peak,

o discovery of variables exhibiting behavior similar to a selected variable,

o identification of mass images related to a selected target image.
Random Forest (RF) is generally applicable to a wide variety of datasets because it can

model nonlinear relationships among variables.
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Today I will discuss how machine learning can improve our interpretation of SIMS data. I will begin
with a short demonstration of generative Al, then focus on multivariate analysis and machine-learning
methods for spectra and images. The aim is to connect the results with the physical and chemical
processes that generate the measured data.
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Representing Scientific Knowledge for Explainable Al

Scientific Knowledge
= Knowledge Representation (Label Design)
= Explainable Al
=» Interpretation of Measured Data
=» Scientific Meaning Hidden in Measured Data
=» Better Understanding of Scientific Laws

The objectives:

= to understand how measured data are generated through the underlying
physical and chemical processes

- to reveal as much of the scientific meaning contained within the data as
possible

=>» revealing scientific laws that have not yet been fully understood.

From Measured Data to Scientific Meaning =»
SIMS, MS, XPS, Raman, TEM, SEM, NMR, XRD, ...

Satoka Aoyagi (Seikei Univ)

The objective is to uncover the scientific meaning in the measured data. Researchers first represent
relevant scientific knowledge in a form that a model can use, for example through labels and
descriptors. Explainable methods then help us examine the relationships between the model results and
the measured variables. Scientific interpretation and validation help us connect these findings to the
underlying physics and chemistry.
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We cannot stop people from using generatlve Al
Therefore, we need to think about how to collaborate with it appropnately
= 5 L ‘ » N

Feed your dataset into a generatlve Al system
=> It can explore the data and identify patterns without L
specific instructions.
Is it wonderful — or nsky”
-

It may be useful for getting some hmts before analysing

the data yourself. \
5

But can you rely on the results from a generative Al system? i

= 7 /i
That is why we need to understand the basic mechanisms of Al
— especially now!

-
-

Satoka Aoyagi (Seikei Univ
First, I would like to briefly discuss the current state of Al
Generative Al has advanced rapidly, and many of you may already use it in your studies or research.

However, applying generative Al directly to SIMS data is not yet common. Here, I would like to show
what happens when we try.

It may be useful for getting some hints before analysing the data ourselves. However, we also need to
consider whether we can rely on its interpretation. This is why understanding the basic mechanisms of
Al is important.
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Simple sample: Three polymers (PET, PS PC)

T
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Machine Learning
Multivariate Curve Resolution (¥

PET(17%)  PC (4.6%) PS (15%) Substrate (46%)

Y. Yokoyama et al., Surf. Interface Anal., 47(4) 439-446 (2015) S'dl()kil /\()\"d”i Sl.‘il\'(.‘i Um\;)

This sample contains PET, PS and PC on a substrate. The total-ion and characteristic-peak images show
their spatial distributions, while the MCR results provide component images and corresponding spectra.
These results provide a reference for the generative-Al demonstration that follows. Chemical
assignments still rely on interpreting the extracted spectra.
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Generative Al PET, PS, nd PC
Polymer sample dataset
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Total ion image (ToF-SIMS), 32 by 32 pixels, 1333 peaks (1~461 Da)

Satoka Aoyagi (Seikei Univ

Suppose we have SIMS data from a sample with an unknown composition. In this demonstration, I
knew the true composition, but I treated it as unknown.

First, I converted the SIMS data into text and uploaded it to generative Al systems, including ChatGPT
and DeepSeck.

Here, the rows represent spatial pixels and the columns represent mass peaks. The dataset contains

spectral and spatial information, but these numerical values alone do not explain the sample chemistry
or measurement conditions.
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Generative Al

Component 1: 39.0, 41,0, 710, 57,

NMF spatial comp (Tic lized, squ: t transformed)
5,581 \ .

Compomant 2, 730,910, 147.1, 280, 1150

- Automatic analysis by this Generative Al did not identify main materials.
=>» The identification based on fragment ions is not straightforward.
=>» PDMS and Na/K contaminations were suggested.

- The main material distributions were indicated.

6 Satoka Aoyagi (Seikei Univ)

The automatic analysis indicated the main spatial distributions, but it did not identify the main polymers
correctly. It suggested PDMS and sodium or potassium contamination instead. Separating regions and
assigning their chemical identities are different tasks. The fragment-ion information alone did not
provide enough context for reliable identification.
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Generative Al
Add the material candidates: PEG, PE, PP, PS, PET, PC, and PMMA

TIC-normalized NMF maps (rank=7)

NMF 1: PMMA rich mixed organk  NMF 2: Unidentified / possible metastable-1on bandiMF 3: PMMA 9
o 2 ° ) o o o

PET
PS

At present, interpretation still requires human expertise.

7 Satoka Aoyagi (Seikei Univ)

I then supplied a list of candidate materials: PEG, PE, PP, PS, PET, PC and PMMA. This was a
candidate list, rather than a statement that all seven polymers were present. With these clues, the results
from non-negative matrix factorization, NMF, and cluster analysis improved. Some assignments were
correct. However, several regions remained uncertain, so interpretation still required human expertise.

Al-generated slide

If Generative Al Is So “Smart,” Why Does It Get
Scientific Data Analysis Wrong?

Key point: Being good at computation is not the same as interpreting data scientifically

Generative Al Scientific

understanding “Can analyze”

#
What was “Can analyze
measured? correctly”

Broad

knowledge

Fast What caused it?

computation What should we
Can write code trust?

Today's question: What should we give Al, and how much can we leave to
it, for it to reason like an expert?

The demonstration separates computational ability from scientific interpretation. The Al could process
a matrix of mass peaks and spatial pixels, but I had not supplied the measurement conditions or relevant
background knowledge about the sample. Without these clues, it could not reliably determine what the
extracted patterns meant. This leads to the question on the next displayed slide: would supplying more
information solve the problem?



Al-generated slide
So, Should We Just Give AI All the Background

I RO AN O L iscantion diesioon sinosmtionily s & bostes ssies

Information AI may
need

Measurement principle

Instrument & sample
conditions

Analysis &
interpretation

Preprocessing history

Very powerful
if the selection is
right

Noise & constraints
Hypotheses & unknowns

Required validation

!ven |!a!!er:

Expert tacit
knowledge

But if Al selects the wrong information at the start,
even excellent reasoning can produce a beautifully
coherent wrong answer.

This difference looks suspicious.” “This 1s probably instrument-related” — Knowledge learned

from experience but hard to put into word

Would providing enough information solve this problem? Not necessarily. Even when sufficient
information is provided, important information may not be appropriately selected, connected, or used.

The challenge is therefore not only to provide sufficient information, but also to ensure that Al
preserves and uses the knowledge essential to the analysis. This includes the measurement principles,
conditions, preprocessing history, uncertainties and purpose of the analysis.

We usually express this knowledge through natural language, equations or structured descriptions.
However, practical experience and scientific judgment can be difficult to express explicitly. How can
we make that knowledge accessible to AI? This remains a major challenge.
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Al Applications in Spectrum and Image Analysis

Purpose Current Methods / Applications |Future
Dataset overview HERA T = — ——aa 1=
‘Component extraction | MCR / NMF, SAE, SOM, ... =
Vﬂﬁab|9ihlerbfeﬁﬁ6ﬂ s ;RFt LASSO‘.WWANN.»» | 1_‘

. VA 3 Prediction of unknown
Material prediction Label design + RF/ANN mialenials
Quantitative analysis ANN Matrix-effect correction
Noise reduction ANN, HNN IR daniRingrand

preprocessing

Knowledge discovery

Hidden relationships among
variables, important variables

Discovery of new
scientific insights

Measurement optimization

Automatic optimization of

acquisition conditions
Measurement — Analysis
- Re-measurement

Detection of unknown or
unexpected samples

Autonomous analysis —

Anomaly detection -

- How Al reaches its conclusions

- Scientific knowledge that reflect the physical and chemical processes underlying

the measured data = Scientific discoveries
10

Satoka Aoyagi (Seikei Univ)
Before discussing advanced machine learning applications, let us first look at the current machine

learning methods that help us interpret complex SIMS datasets. This table summarizes both current and
future applications of machine learning in SIMS and related analytical techniques.

Conventional multivariate analysis, such as principal component analysis, is still a powerful tool for
interpreting complex dataset, particularly for obtaining an overview of the data. For extracting pure
components or important features, unsupervised learning methods, such as multivariate curve resolution
(MCR), a type of non-negativity matrix factorization (NMF) and autoencoders are particularly useful.



After unsupervised learning identifies characteristic components or spectral patterns, supervised
learning methods can identify the variables that are most strongly associated with these findings.

More advanced applications include material prediction, quantitative analysis, noise reduction and
knowledge discovery. Although, automatic denoising is still challenging todays, it is likely to become
increasingly practical in the coming years. Moreover, autonomous measurement systems may become
feasible in the near future. Such systems could automatically optimize measurement conditions, search
for the most informative regions for analysis, and even suggest the next sample preparation or
measurement strategy.

Although this future may sound very convenient, it also places greater responsibility on us as scientists.
We must understand how Al reaches its conclusions rather than simply accepting its answers. At the
same time, we need to provide Al with scientific knowledge that reflect the physical and chemical
processes underlying the measured data. Collaboration between human scientific understanding and Al
will be essential for achieving reliable and explainable scientific discoveries.

PCA provides an overview, while MCR, NMF and SAE extract component patterns or features.
Supervised methods can investigate variables related to a target, predict material-related labels or
estimate composition.

The future column includes measurement optimization and autonomous analysis as possibilities, rather
than capabilities demonstrated in this tutorial. Our focus is on understanding how the available methods
support spectral and image interpretation.
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- - - - .
Al, Machine Learning, and Multivariate Analysis
’ 3
Data Analysis Artificial Intelligence (AI)
Iti 3 lvsi —— Knowledge Representation
- Multivariate Analysis | Reasoning
PCA, NMF, PLS, ... | — lanig
. A E — Search
- Machine Learning=>» Al: ANN [ Mactine Legritig
+—— Supervised Leaming
Machine Learning —— Linear Models
—— Linear Models — Tree-based Methods
Linear Regression \: Decision Tree
E Logistic Regression Random Forest
LASSO — Kernel Methods
— Tree-based Methods L_svm
Decision Tree +—— Unsupervised Learning
Random Forest t—— Autoencoder
Extra Trees —SOM
Gradient Boosting Trees —— Clustering
—— Kernel Methods — Reinforcement Leamning
L—svMm
— Neural Networks L— Neural Networks (Deep Learning)
MLP MLP
CNN CNN
Autoencoder Transformer
Transformer GNN
GNN —— Al Agents / Autonomous Systems
11 Satoka Aoyagi (Seikei Univ)

This optional overview places multivariate analysis and machine learning within the broader field of
Al It groups learning methods by their model families and learning tasks. The tutorial concentrates on
PCA, MCR, SAE, Random Forest and shallow neural networks because their results can be examined
in relation to measured spectra and images.



1. The Structure of Spectral and Image data (SIMS data)

2, Feature extraction by unsupervised learning methods
Multivariate analysis: PCA, MCR/NMF, cluster analysis, ...
ANN-based methods (SAE, SOM, CNN, ...)
~sparse autoencoder~

3. Identifying the variables that are most strongly associated
with analysis targets (supervised learning)
Random Forest (RF), LASSO, PLS, ...

4. Supervised Learning Method - Labels and Descriptors
4.1. Random Forest =» Material Prediction
4.2 ANN-based supervised learning system

The tutorial begins with the matrix representation of spectral and image data. We then examine
unsupervised feature extraction using PCA, MCR or NMF, and sparse autoencoders. Next, supervised
learning helps us investigate variables associated with a target.

Finally, we introduce label and descriptor design to connect random forest material prediction and
ANN-based quantitative analysis with scientific knowledge.
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Machine Learning and Al

Learning Types

| -Supervised Learning
| -Unsupervised Learning
-Reinforcement Learning

-Statistics

-Multivariate Analysis (PCA, NMF et cetera
-Deep Learning
Artificial Neural Networks (ANNSs)

* Multilayer Perceptron (MLP) €Feedforward Neural Networks
+ Convolution Neural Network (CNN)
* Recurrent Neural Network (RNN)
* Hopfield Neural Network (HNN) (2024 Novel Winner)
* Boltzmann machine (2024 Novel Winner)
* Transformer (Language Language Model)
- Others: Decision trees ...

Satoka Aoyagi (Seikei Univ)

Machine-learning tasks include supervised, unsupervised and reinforcement learning. This tutorial
focuses on the first two. The slide also lists model families, including conventional statistical methods,
decision trees and several neural-network architectures. We will choose methods according to the
analysis purpose and the information available for interpreting their outputs.
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Most machine-learning algorithms require this matrix representation.

To apply machine learning to SIMS or MS imaging datasets, we first convert the data into a matrix
because most algorithms require this representation. Each mass-peak image can be converted into a
vector, and these vectors can then be combined to form a matrix. Unsupervised learning requires only
the dataset itself, whereas supervised learning requires both the dataset and labels. The success of
supervised learning often depends more on appropriate label design than on the choice of algorithm.
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3D image =» 2D images 21D vector =»Matrix
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For a three-dimensional dataset, flatten each depth-layer image into a vector, and join the vectors end to
end in a fixed order. Repeat that ordering for every mass peak to form the numerical matrix. After
analysis, the same ordering lets us reshape scores or encoded values back into spatial images.
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Appropriate data format for mass spectrum prediction
~Appropriate labels and descriptors!(!

Descriptor (variable) [Rawdata =» Numerical data]

- Processed Peak: Peak intensity € Area | Peak shape
Auto-searched peaks Al

- Continuous Peak: Peak intensities divided into set mass bin intervals
(binning: 0.05 Da, 0.1 Da, etc.)

.||||||||,‘||“ Binning
P —>E—>

1
>

[SITC) | BN T PRV PSSO\ | |
Bin size: 0.3 Da € To distinguish between organic and inorganic peaks.
The same peak lists for SurfaceLab (10N-TOF) and WinCadence/TOF-DR (Ulvac-Phi).

Scaling €= Data obtained with different conditions.
Normalized to total ion count.
Normalization (min-max scaling), Standardization (auto scaling)

16 Processed Peak & Continuous Peak as defined by Dr. Alex Henders@atoka Aoyagi (Seikei Univ

The descriptors are the numerical variables supplied to the model. They can be peak areas from peak
picking or intensities integrated over fixed mass bins. A common peak list helps align spectra from
different measurements.

Furthermore, peak picking is important for preparing appropriate descriptors for MS data. We can use
the SIMS software provided by vendors, as well as the free software available on GitHub.

In addition, normalization and scaling change the relative contributions of variables, in this case mass
peaks, so their choice should preserve the spectral information needed for the scientific question.
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Software Suite

PCA /MCR-ALS: unsupervised exploration
PCA extracts major variation as scores and loadings.
MCR-ALS separates data into non-negative component profiles.

SAE: sparse autoencoder

Learns nonlinear latent features by reconstructing the input data.
The supplied notebooks compare feature dimensions and sparsity settings.

RF: supervised analysis

RF_importanceSPEC / RF_importanceIMG predict a selected variable
or mass image and rank the other variables by predictive importance,

Sample / variable and image editions

ForSamples_SPEC: one row per sample, one column per variable.
ForIMG: one row per pixel, one column per mass peak.

Python / Jupyter notebooks (.ipynb), example CSV data and PDF user guides

Additional RF_specBrandy / RF_specPolymer notebooks perform classification.

17 Satoka Aoyagi (Seikei Univ)

I’ve shared the software suite for this tutorial. The practical suite contains PCA, MCR-ALS and sparse-
autoencoder notebooks for unsupervised learning analysis, and Random Forest notebooks for
supervised analysis. The RF importance notebooks predict a selected numerical variable or mass image
from the other variables. The additional RF specBrandy and RF _specPolymer notebooks perform
classification. There are separate editions for sample-by-variable data and pixel-by-mass data, with
example CSV files and PDF user guides.

Sources: supplied SoftwareSuite/UnsupervisedLearning and SupervisedLearning notebooks and PDF
user guides. PCA_sampleData 20260707.ipynb, MCRALS sampleData 20260707.ipynb,
SAE sampleData 20260707.ipynb; PCA 20260615.ipynb, MCRALS 20260617.ipynb,

9



SAE ParameterComparison 20260615.ipynb, Bayesian SAE 20260615 v2.ipynb;
RF_importanceSPEC 20260707.ipynb, RF importanceIMG_20260707.ipynb,
RF specBrandy 20250803.ipynb, RF _specPolymer 20250803.ipynb.
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Software, Programs and Libraries

Python 3:
pandas =» processing, good with DataFrame
numpy =» calculation, good with ndarray
matplotlib = figures
scikit-learn (sklearn) =» machine learning

Tensorflow (and Keras) are required to perform Autoencoders.
* Tensorflow =» Deep Learning (ANN-base methods)
* Keras = Application Programming Interface (API) that works with
tensorflow

MATLAB (Mathworks Inc.):
Statistics and Machine Learning Toolbox =» Machine Learning & MVA
Deep Learning Toolbox =» ANN-base methods

Eigenvector Research:
PLS Toolbox (Do not use this with MATLAB Deep Learning Toolbox.
"MIA Toolbox =¥ converting SIMS binary files (.bif and .bif6) into matrix

Satoka Aoyagi (Seikei Univ)
In Python, pandas is useful for handling tabular data, NumPy for numerical calculations, matplotlib for
figures, and scikit-learn for many machine-learning methods. TensorFlow and Keras are used for the
autoencoder examples.

MATLAB also provides toolboxes for machine learning and neural networks.

For SIMS image data, converting the original files into a numerical matrix is an important first step,
and the MIA Toolbox is one option shown here.
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Multivariate Analysis
PCA (Principal Component Analysis)
MCR (Multivariate Curve Resolution)
NMF (Non-negative Matrix Factorization)

4, Arrow direction: peaks
Data (sampIGS) PC2 F Arrow length: dispersion
i Peaks
> 4000000
2
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=
STy ;I'TJ;.,ALTJ l *"J.I““;l'“w, "Lm F2
Mass, u
PCA: PC1 separates two components
FA: An axis rotated to rep t each p
19 Satoka Aoyagi (Seikei Uni)

PCA and MCR or NMF provide different ways to summarize a complex dataset. PCA finds directions
that capture the greatest variation in the data. MCR or NMF aims to represent the data in terms of
component profiles, subject to the selected constraints. The diagram illustrates why an axis that
separates samples is not necessarily the same as an axis representing an individual material. We should
interpret the results according to the purpose and assumptions of each method.

10
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Principal Component Analysis (PCA)
Peaks of secondary ions Hear [ S~ T S80S S
(Peak intensity) =¥ variables || y? Y
So many variables (PCs) <
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covaraiance matrix of X’ =0 X axis
=> U (Score matrix) & V (Loading matrix)
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20 Satoka Aoyagi (Seikei Univ)

PCA replaces a large number of original variables with a smaller number of principal components.
Each principal component is a linear combination of the original variables. The scores describe the
samples or pixels in this new coordinate system, while the loadings show which mass peaks contribute
to each direction. Together, scores and loadings give an overview of the dataset and help us interpret
the differences among samples or regions.
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PCA and MCR (NMF) Results  PEG600 (13 units)

PC 2
(White: PEG)
MCR

PCA
=»Characterization

MCR
=»Pure components Comp. 1

PEG 1D ate
21 Satoka Aoyagi (Seikei Univ)

In this case, um, the pig sample measured with SIMS was analyzed using PCA and MCR.

The first PCA component distinguishes PEG from the silicon substrate. The MCR result presents
component images associated with PEG and the substrate. Comparing these images with the optical
image helps us understand the spatial correspondence. PCA is useful for characterizing variation, while
MCR can provide component-like profiles that are easier to connect with the materials present.

11
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Data analysis of spectrum-image data IDEAL

Material C H 3 Substrate

I EEEEE
I
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AT

22 Satoka Aoyagi (Seikei Univ)

Unsupervised learning can extract important features and, under suitable conditions, profiles
corresponding to pure components, together with associated images and spectra.
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Data analysis of spectrum-image data REAL

Material C HH 3 Substrate
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Matrix effects often split one material into multiple components.
23 Satoka Aoyagi (Seikei Univ)

However, in real measurements, nonlinear factors such as matrix effects can distort the results of
machine learning analysis.

12
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Linear Model (linear combination)
= General multivariate analysis (MVA)
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24 Satoka Aoyagi (Seikei Uniy)

A linear mixture model represents the measured spectrum as a weighted combination of pure-material
spectra. Coexisting materials can enhance or suppress ion intensities, causing the measured mixture to
depart from that expectation.

For example, neural-network models can represent nonlinear relationships.
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Unsupervised Learning XAl

Spectrum-image data analysis by sparse autoencoder (SAE)
with one hldden layer (middle layer)

Output
, Hidden layer Reconstruction

,‘ |
' - ‘ - Image
ot

Input

|
|
ﬂ ‘ Features |
|
| L] |
] weights weights|
| |
0 ectrum
128 x 128 = 16384 pixels 1000 P 1000
1000 peaks =» input size Encoder Ban
oder

Hidden Feature Size = Feature number

25 Satoka Aoyagi (Seikei Univ)
This is an example of an ANN-based method called an autoencoder. An autoencoder reconstructs the

input data at the output layer. Through this process, important features are extracted in one or more
hidden layers.

When we input SIMS imaging data, we can display the hidden-layer feature values for each pixel as
images. In addition, we can examine the weight matrices connecting the input, hidden, and output
layers. These weights can provide clues about how variables, such as mass peaks, relate to each
extracted feature.

13



SIMS School Al/Machine Learning 24 October 2026
Sparse Autoencoder: SAE
Weight and variable (mass peak)

Bright =» The encoded image of this feature shows high values.
=» Mass peaks with high weights are related to this feature.

Dark =2 The encoded image shows low values (zero with ReLU).
=> Interpret weights together with intensities and the activation.

Feature m

Input Nm =W X + Wi X2+ e Woi X,
Feature m The high Value Of Gm = f(Nm) (the bright
area in the feature image) means that
x;(peak intensities) with high weights

N, = l}(‘vm )+b. [ (w,,) are dominant for this feature.
a = f(N,) .

Satoka Aoyagi (Seikei Univ)

When SIMS imaging data is fed into a sparse autoencoder, the values at each hidden-layer node can be
displayed as an image, similar to a PCA score image. The weights between layers can provide clues
about which mass peaks contribute to each feature, somewhat like PCA loadings.

For each hidden node, the network calculates a weighted sum of the input intensities, adds a bias, and
applies an activation function.

Bright pixels indicate higher encoded values, while dark pixels indicate lower values, including zero.
With ReLLU, these encoded values are non-negative.

Bright pixels may reflect contributions from mass peaks with high intensities and large positive encoder
weights.

(Mass peaks with large positive decoder weights can help us interpret the spectrum associated with each
extracted feature.)

SIMS School Al/Machine Learning 24 October 2026

Explainable Al (XAl) for Spectrum and Image Analysis
Why Explainable Neural Networks?

Deep neural networks
=»Powerful but unclear decision-making processes.
Shallow neural networks (XAI)

= decision-making processes indicate relationships between the input variables and
the outputs =» Shallow neural networks can be more interpretable.

= Facilitate peak identification and chemical interpretation.

Spectrum & ‘ 1 || ||

Deep learning
=» Answer only

Image Data . i
T Process(Loadings)
= Lot s | ' Shallow ANN
EH  Ce— = Answer
HH ‘ z + Important peaks
o] e |
PCA and XAl Answers(Scores) PCA = Scores and Loadings

Satoka Aoyagi (Seikei Univ)

For chemical interpretation, we need to examine the variables associated with an output, as well as the
output itself. PCA provides scores and loadings. A shallow neural network can likewise expose
connections between the input peaks and hidden features or output labels. This makes the relationships
easier to inspect, although the weights still require interpretation in the context of the activation
functions and measured spectra.
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CSYV files supplied with the suite

PCA/MCR/SAE example: poly_mass999_pix032.csv
1,024 pixels = 32 x 32, with 999 mass variables.
First row: Pixel and mass values. First column: pixel numbers.

Reading settings for this example
data_start_row = 1 data_start_col = 1
use_mass_axis = True  use_pixel_axis = True
image_size_mode = "auto" (32 x 32 for this file)

Relation to the PEG example: poly_mass570_pix128.csv
The preceding PEG slide describes 128 x 128 pixels and 570 peaks.
Use the actual dimensions and mass list of each supplied CSV.

Brandy example (already autoscaled): brandy_singleLabel.csv
brandy_singleLabel.csv contains 24 samples x 15 aroma variables.
Each variable has mean ~ 0 and population standard deviation = 1.
Use scaling_method = "none" for PCA to avoid repeating autoscaling.

Satoka Aoyagi (Seikei Univ)
Now, I’d like to demonstrate how to use the software I’ve shared with you.

The supplied imaging CSV differs in format and size from the polymer dataset used in the generative
Al demonstration. The shared files also include a brandy dataset, which contains spectral information
but no images.

Skip the header row and Pixel column when extracting the numerical matrix. The alternative
data_mass.csv has no Pixel column, so its column settings differ. Check the actual dimensions and
header layout of the file used for each run.

Sources: supplied SoftwareSuite notebooks, example CSV files and 2026 user guides.
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poly_mass999_pix032.csv PET, PS, and PC

Mass

(Da) 1.01/ 2,01/ 12.000 13.01{14.01/15.02) ... [1119.72 1120.76 1163.75 i
1 1 0 0 0f 1 8 0 ) 0)
2 5 O 0 0f 0 9 0] 0] 0
3 0 O 0 0f 2 13 0 0 0
4 1 0) 0 0f 0 6 0 0l 0
5 2 0 1 0f 0 8 0 ) 0
6 0 O 0 0f 0 7] 0 0| 0
7 0o O 0 0| 1 4 0 ) 0
8 0 O 0| 0f 0 5 0] 0| 0
9 e 10 0 0f 0 10 0 0l 0
10 2 0 0f 1 5 0 0| 0
11 0 O 0 0| 0 7] 0 0] 0
12 0o O 0 0f 0 8 0 0) 0)
13 0) [ 1 1 1 7| O 0 0
14 2 O 0 Of o 10 0 0) 0

1023 1 0 [ 0| 2| |~ 5P 0 0 0

1024 1 0 (1) 0] b 0 0| 0

Total ion image (ToF-SIMS), 32 by 32 pixels, 999 peaks (m/z 1~461)

Satoka Aoyagi (Seikei Univ)
Here is an overview of the polymer imaging dataset.
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Datasets Polymer data (spectra)
; 3 o
Polycarbonate (PC) &-L>-0do,
o
Polystyrene (PS) g-cu,o,,
1t I
Polyethylene terephthalate (PET)  €0-C-<{5>-C-0-CHy CHy),
Mass (Da)PC_PS PET Mass (Da) PC_PS _ PET | ] :
1 15 | [cHs 107_107] o || Polymers_info.xlsx
21 27 27C2H3 1y 1s 15 CoH7 | i i
—28 2 7 29{2”5 15 i o — € Data information
3439 39 39C3H3 121] 121C7H502 | Polymers PCPSPET.csv
41 [ | 41lc3HS 128 128 12 C10H8 |
a3 | 43C2H30 139 133C8H502 | _j (-N9 scaling.
45| 45C2H50 11_?1 139 coH110 || €= With labels (PC, PS, and PET).
5050 50 50C4H2 14 141] C11Hg
51 51 51 S1C4H3 148 148CIHBO2
55.0184 { SSC3H30 149 149CoH902_|| Y. Yokoyama et al., Surf. Interface
55.0548 | 55C4HT 152 157 152 Clz2Ha
63 63 63 C5H3 163 163CoH703 | Anal., 47(4) 439-446 (2015).
65 65 65  GSCSHS 165 169 165 C13Hg
76 | | 7BC6H4 17d 178 178 C14H10
777N 77 T7C6HS 189 189 __IC15H9
91 o1 o1  lc7H7 191 181C10H704
103 103 (CBH7 193.0501 193C10H904
104 | 104C7H40 || 193.1017 193 CisH13 |
105.03401 105C7H50
105.0704 7 105 IC8H9

"Polymer Handbook", Perkin-Elmer, Physical Electronics Division
Satoka Aoyagi (Seikei Univ)
This slide provides information about the polymers in this dataset.

This dataset contains spectra of PC, PS, and PET. The table lists characteristic fragment ions and also
shows that some nominal masses can correspond to different ion formulas.

For supervised learning, the material identities are supplied as labels.

These examples illustrate why both the mass resolution and the chemical interpretation of the
descriptors matter.

SIMS School Al/Machine Leatning

Datasets Brandy data (spectra)

24 October 2026

Aroma Ingredent (ug/l)
5 6 ] a9 10 11 1213 1418
210 208 1962 87 25 1335 348 4968 430 10 29 6625 U8 415 139
AIT 360 3244 250 22 1711 805 6M0 $36 58 31 8825 14 1466 85
138 984 2561 87 27 1183 100 6805 441 30 41 8338 24 18¥0 121

1 | 2.4.5-Trimethyl-1.3-dioxolane
X 2 1,1-diethoxy 1sobutanc

; 3 cthvl butanoate

4 131 494 2363 177 34 1617 275 7164 S44 81 23 5622 18 1803 100 4 cthy!

5 | 30 100 1762 58 36 1375 674 6134 365 118 14 9575 )6 1188 56 5 L1-dicthoxy peatanc

? 6

8 7

] 8

Garman
Brandy

=
-
——H
b
3
N

A5 79 1376 78 S 1073 BO8 5241 182 78 16 1306 16 1368 80 ethyl hexanoate

" 1M 738 53 25 188 1262 3087 S04 31 0 3458 12 B04 61
120 34) 1323 62 68 1353 4507 4418 301 42 3 487§ 14 1433 &0 cthyl heptanoate

43 1410 1002 1 3 2661 113z 2n 1 17 45257 162 2785 210 s cthyl octanoate
Cognac 10 | 35 2600 1038 | 2 2380 14 11245 360 1 B3 11358 115 1936 154 9 bevali e
" 26 1458 623 1 B 2445 13 12338 251 1 B3 13394 149 2017 122 0 byl
12 4 52y 903 1 6 2 12 11987 257 1 112 12308 138 2545 146 ! cihy
13| 28 1763 1068 ) 12 2581 11 11583 264 | B7 12684 148 1810 103 1 cthl 2-furanoate
19| 12 1348 B0 1 4 2436 13 11601 219 1 85 14230 130 2187 92 12 ethyl decanoate
5| 9 23890 1994 10 B 1637 23 1566 435 ) 55 10331 257 2122 133 5 ey
18 ? 3242 604 13 S 2833 21 13614 272 1 119 14950 119 2889 131|
17| 86 412 1828 187 | 2301 165 8760 353 4z 26 8899 18 1202 60 14 cthyl lagrate
French 18 | B5 100 22 471 544 |74 2160 6283 447 130 13 13667 20 2014 139 15 ethyl mvristate

Brandy 19 | 42 207 @62 38 4 148) 23 6368 254 15 18 5484 21 US) 88
20 22 429 1708 212 12 23M 50 10886 374 44 25 V7BR 19 217 N
21 15 336 1247 03 30 2192 38 8040 31 26 21 6835 N w99 76
22 23 169 1450 Y46 223 991 1517 G760 46 62 10 11922 A5 2128 121
23 21 207 1085 53 12 1648 1625 8110 262 20 19 7826 22 3428 T

Next, here is an overview of the brandy dataset. This dataset has already been autoscaled.
The Brandy example contains 24 samples and 15 aroma-compound variables.
The groups include Cognac, French brandy and German brandy.

Brandy Info.xlsx describes the samples and variables, and brandy_singleLabel.csv contains the
autoscaled measurements. Its first row identifies the variables, and its first column contains group labels
that must stay outside the numerical matrix.

This small dataset lets us examine individual compounds alongside the extracted features.
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Auto scaled (iaia

Label | 1 Bs | axave | -5 7 I « | s w | 12 i3 1 is
1074] 0762 0as7| v.0ts] -0233] ness| 0205 <1253 Lowe| -osse] ae] 0s73] o] oses] e
2ano] 0550 237] 1av7| 0ze0] 3] o250 -0.ess| 2020 osae] 03s1] 03] o] 0a2s] nsal
DAZ6] 0277 1,767 0018 -0.215| 0.214] -0441] -0,589] 1089 <0141 «0.072] 0353 -0624| 0256| 0438
0382} 0379 1A%6] 0721 0054] DA66] -0366| -0.495 2109 1253 048] 0702 -0.714| 0431 <0133

0.504] 0x94] n5as| 0.506] 0.36] osxal 0024 0645 0337 2204] ss2] wavs] vras| oa0s| 27m
M7 0934 0048 09| 0410 <1 A06] 0155 <1163 <1475 LIT71] L794] -0474| -0.74S| -0.681| 0677
0031 -0891| -1.031) w.42s| -0233] -1evs| oeoa| -1910| 0267) -0.014] 0679] wvso| -0s0s| -1734| s
0.364) -0.584] -0.120] 0.342] 0.156] 0922] 3864] -1 -0.207] waw7] -L170] w7ss] 0738] 0se0] 12210

0337 ons9| -v62s| v906| 0a27] 1537] 0s17] rezs| o.sas| 0.93a] euss| a304] rass] remi| 2sel

A0 2439( 0570 0906| -DA36| WK6T| -0.622| 0921 0.376| 0934 1141 0036 07347 0010 1337

539 0811 -1210) -0906| <0383 0964] 0623 1300f -0392] 0934 1430) 0298 1.259] 0.519] OA6h

o688 1.129] -0778] 0.906| wavt| 1526 -us2a] ra7s| -0733] wwra] rere] auss| raes| 1sie| 1ue
0.539 1,319 -0.523| 0.906| -G48 1.198] 0625 103%| -0.663| -0.934 1257, 0245 1.214| 0.144| 0051

0.662] 0.765| -0.922| A.906| -G418]| GG48] -0.623) 1.075| -L109| -0.934] 1.199] 0405| 0973| 0.848| -0.350
0688 2159 0907 -0.823| -0.401| 0432} -0513] -0.355) LOI0| -0.934] 0332] 0006 2387) 0.726| 0.766
A705) 0.622| 1240 095 -0.410] 1.634] 0515 143 0.584) -0.934] 2IR1| 04Y9| 0ROT| 2ISR| 0.7ML
0.075) 0489 0,650] O.8d]| -D.445] (L715) -0474] 0409] 0218 O.U87| <.506) -0280| -0.714| -0.991] -1.221
0022} 05906 -0903| 3.44)| A.352] HIIR] 1479 0240 LI48| 2593 OER1} 0353) -0D.684| 0525 0929
39| 0.763| 0687 DS561| OA19] D701 0613) 0772 0.762| 055 D737 0719] -D.66Y| -LASY| 0459
0574} -0.466| 0465 1.045| 0348 G7¥% -0578| 0200| 0.4I6| 0.241] A.534] 0091 -0.699] -0.963| -0.922

(635 -0.590| -0247| 0.037| -0.18%| 0.527! -0598| -0.191] 0.099| -0.251] .650] -0546) -0.519| -1.370| -0.786
0.565] 0. 81_-1 2.067 0435 1516] -1.547] 0849 L ;U;tllﬁ | L831| 0.733 /4) Y68 L HVIOK ’-_U..\Oﬂ . 0.739] 0439
-.583 ~U.—763 '—JJ.JV_'? A.425| 0348 0415 l;“-sﬁ -U.If; -—U.GKJ 0415 477;] Tl 'l;i »U.&S’; " -0.578( -0.759
4.390] -0.685| -0.165| 0,610 0.585| .124] 0.146) -0.045| 0,198 037% 4[7‘)!4‘ 0.158| -0.609| -0,586| -0.405

7% [ R S 1 e A 1 P R O OB S [

34 Satoka Aoyagi (Seikei Univ)
In addition, the table shows the autoscaled brandy data.

Each variable is scaled by subtracting its mean and dividing by its standard deviation, so variables
measured on different numerical scales can be compared. This processing changes the relative influence
of the variables on the extracted components.

SIMS School Al/Machine Learning 24 October 2026

Software Suite:

Unsupervised Learning Supervised Learning

ForIMG ForIMG

PCA_20260615.ipynb RF_specPolymer_20250803.ipynb

MCRALS_20260617.ipynb RF_importancelMG_20260707.ipynb

SAE_ParameterComparison_20260615.ipynb

Bayesian_SAE_20260615_v2.ipynb RFImportance_IMG_UserGuide202
60707.pdf

PCA_MCR_SAE_UserGuide202707.pdf

ForSamples_SPEC (Data without images) ForSamples_SPEC

PCA_sampleData_20260707.ipynb (Data without images)
MCRALS_SampleDala_20260707.ip_vnb RF SPECBrandy 20250803-|pynb

SAE_sampleData_20260707.ipynb RF_importanceSPEC_20260707.ipynb

PCA_MCR_SAE_UserGuide_SampleVaria | gRpimportance_SPEC_UserGuide20260
ble_20260707.pdf 707.pdf

Please read the user guide PDF files before using the software.

35 Satoka Aoyagi (Seikei Univ)
I’ve shared the software suite for this tutorial.

The practical suite contains PCA, MCR-ALS and sparse-autoencoder notebooks for unsupervised
learning analysis, and Random Forest notebooks for supervised analysis. The RF importance notebooks
predict a selected numerical variable or mass image from the other variables.

The additional RF specBrandy and RF _specPolymer notebooks perform classification. There are
separate editions for sample-by-variable data and pixel-by-mass data, with example CSV files and PDF
user guides.

17



SIMS School Al/Machine Learning 24 Oclober 2026
Notebook setup and execution

1. Open the notebook
Keep the .ipynb and CSV in the same working folder.

!
2. Edit User Settings
Choose the input file, data layout and method parameters.

l
3. Run cells in order
Run each cell with Shift + Enter; confirm the matrix size.

!
4. Inspect and save results
Read the plots and check the notebook result folder.

Please read the user guide PDF files before using the software.

36 Satoka Aoyagi (Seikei Univ)

To run a supplied notebook, keep it and its CSV data in the same working folder and open the notebook
in Jupyter.

Edit User Settings, then run the cells in order with Shift and Enter.

Check the printed matrix size before interpreting the plots, and confirm where the result files are saved.
SAE requires TensorFlow and Keras, while the image MCR notebook also requires pyMCR.

Sources: supplied SoftwareSuite notebooks and user guides.

The details are described in the user guide for each program, so please read the relevant guide before
using it.”
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Scaling choices for the practical session

Brandy example: already autoscaled

brandy_singleLabel.csv contains 24 samples * 15 aroma variables.
Each variable has mean = 0 and population standard deviation # 1.
Use scaling_method = "none" for PCA to avoid repeating autoscaling.

MCR-ALS with this signed dataset
The sample notebook shifts negative input values to non-negative values.
Inspect mer_input_data.csv. The shift changes the component interpretation.

SAE with non-negative activations
Use scaling_method = "minmax" for the supplied ReLU example.
Keep preprocessing fixed when comparing hidden dimensions and sparsity.

SIMS counts

Poisson scaling is an option in the image notebooks.
Scaling changes which mass peaks dominate the extracted components.

Satoka Aoyagi (Seikei Univ)

The supplied Brandy CSV is already autoscaled, so PCA uses no additional scaling. MCR-ALS
requires a non-negative input. The SAE ReLU example uses min-max scaling. For SIMS count data,
the image notebooks also offer Poisson scaling. Keep the preprocessing recorded when comparing
methods or parameter settings.

Sources: supplied SoftwareSuite notebooks, example CSV files and 2026 user guides.
The details are described in the user guide for each program, so please read the relevant guide before
using it.”
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Data loading: the settings to check

User Settings (selected lines)

input_file = "brandy_singleLabel.csv* 1. Numerical data
data_start_row = 1 Skip the header row and
Label column: both start

data_start_col = 1 o3
positions are 1.

use_variable axis = True

variable row =0 2. Variable names
use_sample_labels = True Read the variable names
from row 0.

label_col = 0

3. Sample groups

Read labels from column 0;
keep them outside the

Data matrix shape: (24, 15) numerical matrix.

Number of samples: 24

Number of variables: 15

Check after loading

Brandy example: 24 sample rows = 15 variable columns. Python pasitions start at 0

38 Satoka Aoyagi (Seikei Univ

These are the data-loading settings for the Brandy example. Python positions start at zero, so row one
and column one skip the header and Label column. Read the variable names from row zero and the
sample labels from column zero. After loading, confirm a numerical matrix of 24 rows and 15 columns
before continuing.

Source: PCA_sampleData 20260707.ipynb, User Settings and data-loading output.
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PCA: User Settings
PCA_sampleData_20260707.ipynb

input_file = "brandy_singleLabel.csv* 1. Input and scaling

Use the Brandy CSV. It is
already autoscaled, so
choose "none".

scaling_method = "none"
n_components = 5

output_folder = "PCA_sample_results"

2. Number of PCs

n_components = 5 extracts
Execution five principal components.

Run the cells from top to bottom, then inspect the score and loading plots.

Saved files

PCA_sample_results: scores, loadings, explained variance and figures.

Forimages, use PCA_20260615.ipynb in ForIMG: scores are reshaped into PC images

Satoka Aoyagi (Seikei Univ)

For PCA, select the Brandy input file and retain scaling_method as none because the file is already
autoscaled. n_components equal to five extracts five principal components. Run the notebook in order
and inspect the explained variance, scores and loadings. The results are saved in PCA_sample results.
The separate image notebook reshapes the scores into PC images.

Source: PCA_sampleData 20260707.ipynb, cell 1.
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Scores: where samples lie

PCA Score Plot
0 - -

PC2 (15.3%)

Sample label
.0
P X
e 2

-2 0 2
PC1 {46,2%)

24 October 2026

PCA: reading scores and loadings

PC1 loadings: variables

PC1 Lsading Profile

Read the largest positive and negative
loadings.

Compare these variables with the
samples on each side of PC1.

The sign of a PC can reverse.

Orange samples: positive PC1 scores.
Colours indicate sample labels.

Saved notebook example: PCL explains 46.2%; P(

2 explains 15.3% of the variance

Satoka Aoyagi (Seikei Univ)

Read the score and loading plots together. The orange samples lie on the positive PC1 side in this saved
result. The largest positive and negative PC1 loadings identify variables associated with the two
directions. PC1 explains 46.2 percent of the variance and PC2 explains 15.3 percent. A principal-
component sign can reverse, so interpret the relationship between scores and loadings rather than the

sign alone.

Source: PCA_sampleData 20260707.ipynb, saved outputs in cells 3 and 5.

SIMS School Al/Machine Learning

MCR-ALS: User Settings

MCRALS_sampleData_20260707

input_file = "brandy_singleLabel.csv*
scaling_method = "none"
n_components = 4

max_iter = 200

le-8

tolerance =

output_folder = "MCRALS_sample_results”

Check the preprocessing message

.ipynb
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1. Component count

The supplied example uses
four components. Compare
other counts.

2. Iterations

max_iter sets the iteration
limit; tolerance sets the
stopping threshold.

The Brandy data contain negative values. This notebook shifts the data
to non-negative values before MCR-ALS; inspect mer_input_data.csv.

Use a separate result falder for each component count so that comparisons remain availahle
Satoka Aoyagi (Seikei Univ
The MCR-ALS sample settings specify four components and a limit of 200 iterations. The tolerance
controls the stopping criterion. Because the Brandy data contain negative values, inspect the
preprocessing message and mer_input_data.csv to confirm the shift applied before fitting. Compare
component counts using separate result folders and evaluate the component profiles alongside
reconstruction error.
Source: MCRALS sampleData 20260707.ipynb, cells 1, 3 and 4.
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MCR-ALS: component contributions

Component 1 across samples

MCR-ALS Component 1 Concentration for Each Sample

0.5 1
c /‘
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Sample number

Samples 9-16 have larger contributions to component 1 in this example.

Relative camponent contributions; these are not calibrated chemical concentrations

Satoka Aoyagi (Seikei Univ)

This plot shows the contribution of component one across the samples. Samples nine through sixteen,
the cognac samples, have relatively higher values in this example. These values represent relative
component contributions rather than calibrated chemical concentrations.

The next slide shows the variable profile for the same component.
Source: MCRALS sampleData 20260707.ipynb, component 1 saved output in cell 6.

SIMS School Al/Machine Learning 24 October 2026
MCR-ALS: the corresponding variable profile

Component 1 across variables
MCR-ALS Component 1 Profile

| /\/\ N,
: /\/ 1

2 4 6 8 10 12 14
Variable axis

Intensity / contribution

Read this variable profile with the sample contributions on the preceding slide.

Saved notebook ourput: four components; the signed inpur was shifted befare fitting

Satoka Aoyagi (Seikei Univ)

This is the variable profile of component one. The larger values indicate variables contributing more
strongly to this component. Compare this profile with the sample contributions on the preceding slide to
identify which measured compounds support the sample pattern. The non-negative shift applied before
fitting must be considered when interpreting these values.

Source: MCRALS sampleData 20260707.ipynb, component 1 saved output in cell 7.
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SAE_sampleData_20260707.ipynb

input_file = "brandy_singleLabel.csv*
scaling_method = "minmax”
hidden_dimensions = (2, 3, 5]
weight_1 = (0.1, 0.5]

target_1 = [0.05, 0.1]

epochs = 200

batch_size = 8

First trial: one condition

hidden_dimensions = [2]
weight_1 = [0.1]

24 October 2026

SAE: parameter comparison settings

1. Input scaling

"minmax" maps each
variable to 0-1 for the
supplied ReLU example.

2, Latent features

hidden_dimensions controls
the number of encoded
features.

3. Sparsity

weight_1 controls the
penalty; target_1 specifies
target activity.

target_1 = [0.05]

The original lists run 3 = 2 % 2 =

2 conditions. Keep other settings fixed for comparison

Satoka Aoyagi (Seikei Univ

The SAE settings use min-max scaling and compare hidden-layer dimensions of two, three, and five.
The sparsity weight controls the penalty strength, while the target activity specifies the desired average
activation.

The program tests all twelve combinations in the supplied parameter lists. For a quick initial run, use
the single-value lists shown below the main settings.

Compare the results and select the most promising settings. If needed, refine them by testing nearby
parameter values.

Source: SAE sampleData 20260707.ipynb, cell 1.
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SAE: loss and encoded features
Training loss Encoded features
Training Loss 4 Encoded Feature Plot
)’ —— : ’
o164 \ .
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o
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Encoded eatume L
Check whether loss decreases and Each point is a sample; numbers
stabilizes. identify samples.
Compare reconstruction error between Inspect the feature weights before
conditions. assigning chemical meaning.
Saved condinon 1: 2 feamres, weight 0.1, target activity 0.05; reconstruction MSE = 0.0729,

Satoka Aoyagi (Seikei Univ)
This saved example uses two encoded features, a sparsity weight of 0.1 and a target activity of 0.05.

The training-loss curve decreases and approaches a stable value. The encoded-feature plot positions the
samples in the learned feature space, with sample numbers beside the points. Compare reconstruction
error across conditions and inspect feature weights before assigning chemical meaning to a separation.

Source: SAE sampleData 20260707.ipynb, cell 5, saved condition 1: hid=2, weight=0.
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Feature 5 29
PC1 negative orientation German & French brandy
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This is a separate Brandy analysis example using an eight-feature SAE result.
PCA separates Cognac from the German and French brandies along PC1, and the loadings identify the
aroma compounds supporting this direction.
SAE feature one relates to Cognac, while feature five relates to the German and French groups.
Compare the listed weights with the PCA loadings. The parameter settings differ from the two-feature
practical example shown earlier.
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Unsupervised = Supervised Learning Methods
Classification is only the first step; interpretation is the real challenge.

- Extremely large and complex SIMS datasets can be
classified using unsupervised learning methods, such as
PCA, NMF/MCR, and SAE.

However, the extracted components often remain difficult

to interpret chemically.

= These components can then be used as targets in
supervised learning methods, such as RF, to identify
the mass peaks most strongly associated with them.

Although unsupervised learning extracts important
components, it does not always identify all of the mass
peaks associated with a target material.

47 Satoka Aoyagi (Seikei Univ)

Unsupervised learning gives us component patterns or features, but their chemical identity can remain
uncertain. We can define an interesting peak, spatial pattern or extracted component as a supervised-
learning target and investigate the measured variables related to it. The following section first explains
target labels and the RF mechanism, then demonstrates the practical notebooks.
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Supervised Learning: Labels and Descriptors

Jariabl . v
= ] ] Supervised IDearmng
= e 1 = escriptor
g g H 1§S _Labels  (Varisbles
S = ‘5(,.,. [ 1 g '§ I m
SR THEY e R
% 4 [ [ IS .\“‘? 1+ ‘1
5 [IIEIIII~<'3'““P‘\‘.L HHHH B

Unsupervised L LY [TITT]
Learning

Label Design: Supervised learning requires numerical labels. = The target
information must be properly annotated and converted into numerical values.

Scientific knowledge—including chemical structures, molecular
fragmentation, ionization mechanisms, and physical and chemical
principles—must first be represented in a form that Al can understand and

utilize.
The performance of supervised learning depends not only on the
algorithm but also on the labels.

Satoka Aoya

Supervised learning adds target information to the measured descriptor matrix.

For example, for material prediction, labels can represent material identities or properties. For
spectrum-related prediction, they can represent peak intensities or defined classes. This connects
scientific knowledge with the specific question that the model learns to answer.
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Supervised learning
Labels and Annotation
- In order to create useful teaching data, i.e. data with correct labels, the factors to be

analysed must be effectively annotated. Since machine learning can only handle
numerical values, concepts must first be converted into them.

For example;

Annotating target materials is crucial for creating effective labels for a successful material
prediction system that can identify unknown materials.

The substances contained in the training dataset are to be predicted.

Annotate the group of substances to be predicted.

Assign numbers to the names of the substances (only predict the assumed substances).
List the characteristics of the substances (e.g. physical properties) and quantify each
characteristic. (class values, presence/absence, one-hot encoding).

When measuring a sample, if you want to predict the spectrum obtained as the result of the
measurement:
Annotate the predicted spectrum.
Select the signal intensity relative to the numerical value representing the spectrum peak.
Select all peaks or only the important ones.
Signal intensity: Class value: whether above the threshold (one-hot encoding).

Satoka Aoyagi (Seikei Univ)

Annotation specifies what the target labels mean. Assigning an ID to each known entity supports
classification among those entities. Encoding shared properties or structural elements can support a
more general prediction task. For target spectra, we can use measured intensities or threshold-based
classes. These representations define the scope of the model before training begins.
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Appropriate data format for mass spectrum prediction
~Appropriate labels and descriptors’’!

Labels =» Target values (answers) for Single-Label

supervised learning. abe Descriptors
Examples of labels: 1D No. 7 bl 1 | D R

* Material, molecule, or element identity 1 0.07|...] 0.11] ... | 0.86] ...

* Chemical structure 3 0.07)...] 0.09 ... | 0.90] ...

* Material properties 0.00...| 0.00| ... o ...

* Experimental or measurement conditions 5 0.04{...] 0.19] ... | 0.06
Label representation Multiple-Labels

* Assign a numerical value to each class or ale )€ PLOr's
category. AlB|..|Z]| 12.. 90 ... | 135]...
* Multiple properties can be encoded into 0 1..] 0 0.07..]0.11f ... | 0.63]...
a single label. 1 0..] O 0.01..[0.09 ... [0.09...
* Individual properties can also be 0 O..[ 1 0.00...] 0.00 ... 0l...
represented as separate labels using one- one-hot encoding

hot encoding or multi-label encoding.

Satoka Aoyagi (Seikei Univ)
The two tables compare a single target-label column with multiple target-label columns.
For example, in material prediction, a material ID represents a fixed category, while separate presence-
or-absence labels can represent individual properties or structural elements. The numbers used as

category IDs are categorical codes. Shared structural labels can help us investigate materials beyond a
fixed list, provided the training data cover the relevant structures.

SIMS School Al/Machine Learning 24 October 2026

Example: RF and Decision Trees

Features=400, Samples=900 Gini index = Zp(1-p)
Three Classes A= 300, B = 300, C = 300), Gini= 0.67

The number of features selected for decision trees=20

o 5 The feature which gives
Roe nockl Feature No.10 = 100 l‘\\,,\,‘ the smallest Gini index is
‘ employed out of the
/ No Yes \| selected 20 attributes.
Samples=300,[ B, ]=[0,300,0] Samples=600, [A, . C]=[300, = 300]
Gini=0* 1+1*0+0* 1=0 Leaf node| | Gini =(1/2)*(1/2)+(1/2)*(1/2)=0.5
| The feature which gives the smallest | —| Feature No.5 = 1000
Gini index is employed.
No Yes
Samples=400, [A, . C]=[100, 0, 300] Samples=200, [A,  ]=[200, 0, 0]
Gini =(1/4)*(3/4)+(3/4)*(1/4)=0.375 Gini=0 Leaf node
Feature No. ? = ???
51 Satoka Aoyagi (Seikei Univ)

A decision tree separates samples by asking questions about feature values. In this example, the
questions compare peak-related variables with thresholds. The Gini index describes how mixed the
classes are at a node; it is zero when all samples belong to one class. A candidate split is evaluated by
how much it reduces the weighted impurity of the resulting nodes. Repeating this process produces
branches and eventually leaf nodes with class predictions.
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The Concept of Random Forest

Training data (900) d dimension €4230 peaks
(features)
[ (PR POYY:

. =

T
Bootstrap Bootstrap Bootstrap The number of decision trees
Sample o C Sample 2 — Sample M M=170
= ]
] =C
= Test data(100)
.
— B
0100...1
1100...1—] 1101....0
N

() x) ... Fu(X)
| Majority Rule The number of features
(peaks) randomly selected
Important peaks Molecule for decisions d’(<d)
1 r L d’ =338

Satoka Aoyagi (Seikei Univ)
This example illustrates material prediction using a random forest. A random forest trains many trees
on bootstrap samples and considers a random subset of variables for the candidate splits. The ensemble
combines the resulting predictions. The numbers of peaks, selected features, and trees shown here
belong to this particular example and are not universal settings.
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Decision Trees )

[T M 15 80 A ronds sy
T e (e
[
T Ne
- el
11 0 Anadl) Loty
B ..

¥ No

Model

10 0 Al 2 bty
T weee

Majority
Rule
Prediction of Test Data RF RF
Tree 3 | Classifier Regressor
0 0 0.5
0 0.5
1 1.0
1
2

Average

1.3
2.0

Tree.xlsx

This spreadsheet shows how the forest combines predictions from individual trees. Classification uses
voting among class predictions, while regression averages numerical predictions. Keep training and test
data separate when evaluating the resulting model.
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RF: from a target to related variables

Measured matrix X

Rows: samples or pixels
Columns: variables or masses

Select target y

One variable or one mass image
Remove target columns from X

Fit Random Forest regression
Predict y from the remaining variables

!
Inspect related variables

RF importance, correlation and profiles / images

RI- nses a numerical targer this pant al the suite is supervised learning

Satoka Aoyagi (Seikei Univ)
Random forests can be used for material prediction through classification and for quantitative analysis
through regression. They can also identify variables that are important for predicting a selected target.
This flowchart explains how to use the random forest importance programs for this purpose.

Source: RF_importanceSPEC 20260707.ipynb and RF_importanceIMG_20260707.
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Target: A mass peak

Label: Intensity of the selected target mass peak for each
sample (pixel or voxel)
* Preferably expressed as normalised values or class values.

 Descriptors (Variables) |
Sample Label |
P (m/z 70) m/z 12 m/z27 | m/z45 | m/z86 | m/z 184 m/z 1000 |
1 0 1 0.2 0 0.2 0.5 0.2
2 e O | [ W | S g sl eag 3] - 03 1 e ([T 050
3 0.5 0.2 0.2 1 0.5 1.0 0.2 |
4 1 1 0.5 1 0.2 1.0 L -]
1024 0.2 0 0.2 05 |

= The mass peaks most strongly associated with the target
mass peak are identified.

Satoka Aoyagi (Seikei Univ)
In the mass-peak example, the intensity of a selected peak is the target value for each sample or pixel.

The remaining mass peaks are used as predictors. We exclude the target peak from the predictors so
that the model examines its relationships with other variables. The target remains numerical for
regression. Alternatively, we can define classes using an intensity threshold and perform classification.
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RF for samples: selecting the target

User Settings (selected lines)

CSV_FILE = "brandy_singleLabel.csv" 1 Sample class labels

ORIGINAL_LABEL_COLUMN = "Label® Exclude the original Label
USE_ORIGINAL LABEL_AS_FEATURE = False column from the predictors.
TARGET SELECTION MODE = "name"

R 7 A .‘ J A R " - -
TARGET_VARIABLE_NAME = "2 2. Prediction target

SCALING_METHOD = "none" Choose variable "2" by its
USE_BAYESIAN_OPTIMIZATION = True column name.

3. Execution

) ) Run the preview and
Inspect the target preview before running the RF remaining cells; inspect the

calculation. importance table.

Before fitting

Target variahle 2 is also removed [rom the predictor marrix

Satoka Aoyagi (Seikei Univ)
I’d like to show you how to use RF importance programs using the Brandy data example.

The sample RF notebook uses the Brandy CSV and selects target variable two by its column name.
Keep USE_ORIGINAL LABEL AS FEATURE false to exclude the original group labels. The target
variable is also excluded from the predictors. Check the preview, then run the remaining cells for
parameter selection, fitting and importance analysis.

Source: RF_importanceSPEC 20260707.ipynb, User Settings and saved target preview.

SIMS School Al/Machine Learning 24 October 2026
RF for samples: target variable preview

Selected target: variable 2

Selected target variable behavior: 2

Target variable value

0.0
-0.5 4

0 5 10 15 20 25
Sample number

Confirm that the target is the intended variable and inspect its sample-wise behavior.

I'he predictor matrix contains the ather variables; target variable 2 is excluded
Satoka Aoyagi (Seikei Univ)
For the brandy example, this preview shows the selected target, variable two, across the samples.

Confirm that the intended column has been selected and examine its sample pattern before fitting the
model. The random forest will predict this target using the remaining measured variables.

Source: RF_importanceSPEC 20260707.ipynb, saved target variable preview in cell 2.

28



SIMS School Al/Machine Learning 24 October 2026

RF for samples: reading variable importance

RF importance for predicting target variable: 2

RF importance
o =
w >

o

13
6
7

10
3

© ) -
Vanable

15
9
5

12

14

Variable 11 ranks first in this saved example

High importance means useful prediction of target variable 2.
It does not specify the sign of the relationship; check correlation and profiles.

Select importance ranks or variahle names in User Settings, then vun the profile-display cell again

58 Satoka Aoyagi (Seikei Univ)

In this saved example, variable eleven has the highest RF importance for predicting variable two.
Importance describes usefulness for prediction and doesn’t indicate whether the relationship is positive
or negative. Inspect the correlations and the selected variable profiles as well. To examine other
variables, change the ranks or variable names in the user settings and rerun the cell that displays the
profiles.

Source: RF_importanceSPEC 20260707.ipynb, cell 7 saved RF importance plot.
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Target: Component image (image distribution)

Label: Intensity for each sample (pixel or voxel)

 Descriptors (Varia;bléé)
m/z45 | m/z86 | m/z 184 m/z 1000
0 0.2 0.5 0.2
0 o5 | 02 | . | 05
1 0.5 1.0 0.2
1 0.2 1.0 1
0 0.2 0.5

= Mass peaks associated with the target
component are identified.

59 Satoka Aoyagi (Seikei Univ)
RF importance can help us find variables associated with a particular region of the sample.

An extracted component image can also be used as a numerical target. Its value at each pixel becomes
the target value, y, while the original mass-peak intensities form the predictor matrix, X.

This is an extension of the workflow. The supplied imaging RF notebook uses selected mass columns
or their sum as the target. Using a PCA, MCR, or SAE component image therefore requires adapting
the target input. The resulting importance indicates which mass peaks are useful for predicting the
component’s spatial distribution.
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RF for images: checking the target image

User Settings (selected lines) Target preview

Target mass image; (135.05)

250

200

150 »
H

100 8

0

o

Confirm the selected
Data and mass selection mass and image before

fitting RF.

CSV_FILE = "poly_p03.csv*
IMAGE_HEIGHT = 128
IMAGE_WIDTH = 128
FIRST_MASS_COLUMN_INDEX =0
TARGET_MASSES = [135.05]

MASS_TOLERANCE = 0.10

128 x 128 pixels; the first mass column is 0.
Select the nearest mass to 135.05 within +0.10.
Run cells in order to obtain the importance table.

The 1arget mass column is excluded from the predictors. Multiple targer masses are summed

60 Satoka Aoyagi (Seikei Univ)

You can use either the polymer dataset with 999 mass peaks or the one with 570 mass peaks. Select a
component image obtained from PCA, MCR, or SAE and, after adapting the notebook’s target input,
use its pixel values as the target for random forest regression.

The original mass-peak intensities serve as predictors. RF importance then identifies the mass peaks
that are most useful for predicting the target image’s spatial pattern. This is one way to use random
forests to investigate variables associated with an extracted component.

In this example, the mass peak at m/z 135 was identified as an important predictor of the target region’s
spatial pattern.

Source: RF_importanceIMG 20260707.ipynb, User Settings and saved target preview in cell 2.

XAI and Supervised Learning

Material Prediction based on spectra using

Random Forest
- Peptide prediction: Individual amino acids
=» Permutations of two adjacent amino acids
(Sequence)

Quantitative analysis based on mass spectra

using ANN
- Matrix effects (Non-Linear Data: SIMS and MS)
- Artificial Neural Network (ANN)

Annotating target materials is crucial for creating effective labels for a successful prediction
system that can identify unknown materials.
= The analysis system should learn the reference sample datasets.
= The identification within our database
=2 The teaching information, labels, can be straightforward.
Numbering the target materials is sufficient.
=> Cannot identify unknown materials whose data are not contained in the training dataset.

We now move to two applications: material prediction from spectra and quantitative analysis of
mixtures.

For material prediction, labels represent chemical structures, starting with amino acids and adjacent
amino acid pairs. Assigning IDs to known materials supports classification within a fixed database,
while structural labels describe information shared by different molecules.

For quantitative analysis, labels represent composition.
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VAMAS Project TWA2 A26 (2019) AI/Machine learning
application to Static-SIMS spectrum data analysis

Training Data (Spectra)
: il Ll
vy g |y New Spectrum
Lily |l || Supervised | Trained Model
s H Machine
- Learning =
> - Materials are predicted.
( | I 1* 414 = Important peaks related to the
2 materials are suggested.

1) Alternative database
2) Identification of mass peaks
3) Interpretation of extremely complex data (images and spectra)

Data sets for learning (universal data format)
€ Huge number of appropriate data from all over the world

62 Satoka Aoyagi (Seikei Univ)
We started the VAMAS project for material prediction in 2019----
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Amino acids could be labels for peptides.

The labels composed of the 20 amino acids for machine learning

| | |
| |
Peptide AA Sequence Ala|Arg| Asn | Asp | Cys | GIn | Glu | Gly | His | Lle Leu‘Lys Met | Phe | Pro | Ser | Thr | Trp | Tyr| Val

S1 | ADPNKFYGIM (1 | O |1 (1 |0f(0jOf1)|0O|jO(2|1) L |T|2]|]O0f(0O[0]|L]|O

S2 ESTHQWCK (0|0 OO (1 (1|1 (Of1|0Of(O|21]JO|O0OfjO|1|1|1|[0O]|O0

S3 DRVYIHPF O] O] 1 |010]|00| L3I0 |0]"0

S4 | cyigneeLG (OO 1 (O f1(1]0f1]0f1|1|0]|O

S5 RPPGFSPFR |0 |1|O0|OfO0|OJO|1|OfOlO|OjJO|1|1|1|O|O|O]O

U | AEMTHWCK |1 (0|0 |0 |1 (0|1 fOf1f0fO|1|L | O]|OfO|1|1]|Of0

sum 2l2f2]2la]2l2l3][3]2]2]a]2]3]a]2]2]2]3]1
YGGFMRRVGRPE
s7 |"“emanm |@|1[0]o]ofo]r]|1]o]ojo|of1|1]|1|o]jofofr[1
=er |
CYIQNCPRG |
S8 | carghyvasowcny| 0 | L[ 1[0 |2 [1]0|1]|0]|1|o|ofo|o]|1|o]jofof1rf0
suM 2(4]3]2]a]3]|3]|5[3]3]2]3]34]6]2]2]2]5]2

S. Aoyagi, et al.: Anal. Chem. 93, 4191 (2021); S. Aayagl, et al., ] Am Soc §hyse Rep ey 301 LK 2hiv)

Initially, we chose peptides as model samples because they contain combinations of the twenty amino
acids. We used twenty labels to represent the presence or absence of each amino acid.

The label table encodes the presence or absence of each of the twenty amino acids in a peptide. One
means present, and zero means absent. These shared structural building blocks replace a label that
represents only the peptide name.

Adding peptides increases the diversity of the training data, but presence-or-absence labels do not
describe residue order.
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VAMAS Project ~Samples and Data~

1) Six Samples (amino acid sequence, M.W. 1000~1200)
Sample 1: Physalaemin (ADPNKFYGLM, 1155)
Sample 2: Synthesized peptide 1 (ESTHQWCK, 1018)
Sample 3: Anigiotensin I (DRVYIHPEF, 1046)

Sample 4: Oxytocin (CYIQNCPLG, 1008)

Sample 5: Bradykinin (RPPGFSPFR, 1060)

Unknown (AEMTHWCK,1005)

+ Samples 7 & 8 (BMA-12P & Vasotocin)

2) Participants (25 institutions, 27 machines)

Japan (18+2), Germany (2), China (1), Korea (1), UK (1), and USA (2)
Primary ions: Ga’, Bi', Bi;’, Bi,"*, C.,**, and Ar,,,,’

Data size: 1038 spectra + 61 spectra of Samples 7& 8 = 1099
Labels: 20

Descriptors: 4230

S. Aoyagi, et al., Anal. Chem. 93, 4191 (2021).

64 s Aoyagi, etal., J Am Soc Mass Spectrom, 35(12) 3057 (2024) Satoka Aoyagi (Seikei Univ)

The VAMAS peptide dataset combines measurements from multiple institutions and primary-ion
sources.

The slide lists the peptide samples. The expanded dataset contains 1,099 spectra, with twenty amino-
acid labels and 4,230 spectral descriptors. It lets us study prediction across varied measurement
conditions.
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Amino acid fragment ions

Formula |Mass (u)| A.A. | Formula [Mass (u)] A.A. | Formula [Mass (u)

o ©
no xS AP

0B [~ m(>
<3

CH4N 30.034| C4H10N 7208 R C4HI1IN3 101.1)
CH3N2 43.03] C2H7N3 7306 E 102

=
<m

C2H6N | 44.05]
CHS
C3H30
C3H6N
C3H7N
C2H4NO
CHS5N3
C2HBNO!
C2H5S
C4HBN

C3HBNO 74.06
C2HBNS 76.02
C4H5N2
C4H6N2
C5H70
C4HBNO
C5HI10N
C3H5N20
C5H12N
C3H7N20
C4H50 C3HENO2
C3H4NO! C7H7
CaHaN ; C5H7N2
C3H302| 71, C4HANO2
C3H6NO i 2| C4H10N3

CA4H1O0NS | 104.05
C7H70 107.05
C5HBN3
C4HSN202
C4H7N202
C5H90S
C8H10N
C6H5N20
C5H11N4

W
RZ|X|O|-

P

ol [T
mxo
Qx|m<|T|(T|0—H

C9HBN
C9H80
C8H10NO
C10H11N2
C11HBNO
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D. S. Manius, B. D, Rater, B. A. Carlson, and J. F. Moulder, Anal. Chem. 65, 1431 (1993)

I-B. Lhoest, E. Detrait, PvdBd Aguilar and P. Bertrand: J. Biomed. Materials Res. 41, 95 (1998)

C.D. Tidwell, D.G. Castner, S.L. Golledge, B.D. Ratner, K.Meyer, B. Hagenhoff and A. Benninghoven, Surf, Interface Anal.,
31, 724 (2011).

M.S. Wagner and D.G. Castner, Langmuir 17, 4649 (2001).

H.E. Canavan, D.J. Graham, X. Cheng, B.D. Ratner and D.G. Castner, Langmuir 23, 50 (2007).

Amino-acid fragment ions produce strong signals in conventional TOF-SIMS, and prediction using
these labels worked well. However, presence-or-absence information alone cannot tell us the amino
acid sequence. We therefore needed additional information about residue order.

This table lists reported amino-acid-related fragment ions and their literature sources.
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Low energy CID fragment ions: a, b and y-type

ions

10 eV/atom

-
T

Asn(N)

Arg(R)

Val(\})

YY)

Val(\;)

’ Hls(l-;) . Pro(é)

Phe(F)

263, y,, VY; 271, b,

254, b,-NH,

353, b,-NH,
499, Y. \516, b_-NH,
VYVH

615, b,-NH,

342|370, b
{

505, a,

\

400, y,,YVH

533, b,
649, c,

66 S. Aoyagi, et al., Anal. Bioanal. Chem., 405(21):6621-8 (2013)

724, a-NH,

604, 2 632, b,

741,a, 884, b +H,0
752, b,-NH,
vavnvp
: 769 b,

662, y,

1015, MH-NH,

867, b,

1000

1032
M+H

Satoka Aoyagi (Seikei Univ)

In separate studies, we found many fragment ions containing multiple amino acid residues in SIMS

spectra.

This slide shows an example of a peptide spectrum measured using an argon-cluster ion beam. There
are several fragment-ion types, including ions containing more than one residue. These larger fragments
are important because they can carry information about relationships between neighboring residues,
beyond the presence of individual amino acids.

SIMS School Al/Machine Learning
Amino acid sequence indicating 400 Labels
(two adjacent amino acids) (Permutation)

AA
AR
AN
AD
AC
AQ
AE
AG
AH
Al
AL
AK
AM

RA
RR
RN
RD
RC
RQ
RE
RG
RH
RI
RL
RK
RM

NA
NR
NN
ND
NC
NQ
NE
NG
NH
NI

NL
NK

DA
DR
DN
DD
DC
DQ
DE
DG
DH
DI

DL
DK

CA
CR
CN
CD
CcC
cQ
CE
CG
CH
CI

CL
CK

NM DM CM
AF RF NF DF CF QF EF
AP RP NP DP CP QP EP
AS RS NS DS CS QS ES
AT RT NT DT CT QT ET

QA EA
QR ER
QN EN
QD ED
QC EC
QQ EQ
QE EE
QG EG
QH EH
Ql EI
QL EL
QK EK

GA
GR
GN
GD
GC
GQ
GE
GG
GH
GI

GL
GK

HA
HR
HN
HD
HC
HQ
HE
HG
HH
HI

HL
HK

IA
IR
IN
ID
IC
1Q
IE
IG
H
1l

IL
IK

QM EM GM HM IM
GF HF IF
GP HP IP
GS HS IS
GT HT IT

LA
LR
LN
LD
LC
LQ
LE
LG
LH
LI
LL
LK
LM
LF
LP
LS
LT

AW RW NW DW CW QW EW GW HW IW LW
AY RY NY DY CY QY EY GY HY I¥' LY KY
AV RV NV DV CV QV EV GV HV IV LV KV

S. Aovagi, et al., J Am Soc Mass

KA
KR
KN
KD
KC
KQ
KE
KG
KH
KI
KL
KK
KM
KF
KP
KS
KT

MA FA
MR FR
MN EN
MD FD
MC FC
MQ FQ
ME FE
MG FG
MH FH
MI FI
ML FL
MK FK
MM FM
MF FF
MP FP
MS FS
MT FT

KW MWFW

MY FY
MV FV

PA
PR
PN
PD
PC
PQ
PE
PG
PH
Pl
PL
PK
PM
PF
PP
PS
PT
PW
PY
PV

SA
SR
SN
SD
SC
sQ
SE
SG
SH
SI
SL
SK
SM
SF
SP
SS
ST

TA
TR
TN
D
TC
TQ
TE
TG
TH
TI
TL
TK
™
TF
TP
TS
TT

24 October

WA YA
WR YR
WN YN
WD YD
WC YC
wQ YQ
WE YE
WG YG
WH YH
WI YI
WL YL
WK YK

2026

VA
VR
VN
VD
VC
vQ
VE
VG
VH
VI

VL
VK

WMYM VM

WF YF
WP YP
WS YS
WT YT

VF
VP
VS
VT

SW TW WWYW VW

SY
SV

TY
TV

WY YY
WV YV

VY
VvV

spectrom. 35(12) SAtOREZA oyagi (Seikei Univ)

To identify peptides, amino acid sequence information is required. Therefore, we incorporated
information on adjacent amino acid pairs into the label design.

There are 400 possible ordered pairs of adjacent amino acids, because there are 20 choices for each
position. These 400 labels were added to the original 20 amino acid labels. The order matters: for
example, AE and EA are different sequence elements.
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400 Labels (combination) + 20 Labels (A.A.)

RF results (Interpolation) RF results (Extrapolation)
Data Data Data Data | pape | Pata
Label number | Label bt Label R Label number e nur:aber
ARS8 S R 22 C 176 W 173 R 23
CK 178 F 22 Q | 176 [YG| 172 £ =
EM 178 P 22 K | 176 | M | 172 Y 23|
HW 178 ¥ 22 s | 175 |ESESI - i
MT 178 RV 21 E | 174 [AD| 102 D 17
TH 178 N 21 CK | 173 INK[ 102 & s
wC 178 || «SH 19 Qw | 173 | DP 102;’_ RR 6
AlaA) | 178 N D 16 ES | 173 [hEE é&; — .
| Cys(C) 178 Yl 15 HQ | 173 |LM s 6
GluE) | 17g¥ I 15 ST | 173 | KE | 8102 . -
His(H) 178 PE 11 TH | 173 |[IESEN02N s 5
Lys(K) 178 9 WC | 173 [EENSIESI02SNE=SE B
Met(M) | 178 HP 9 H | 173 | A | 102 VG 5
The(T) | 178 IH 9 T | 173 BN 18 5
Trp(W) 178 VY 9 E£S ST TH, WC CK, AD DP, PN L L
AL LM MTTH LW NI KEFY, GL LM Ry ¥l
W CK
AEMTHWCK BRVYIHPF AEMTHWCK DRVYVHPFHL

S. Aoyagi, et al,, J Am Soc Mass Spectrom. 35( ‘J’S‘a'ti)kflilﬂoyaoi (SL‘ll\L‘l Uni\;)
Using these labels, we correctly reconstructed the sequences of the peptides included in the training
data in this analysis.
Even for peptides not included in the training dataset, partial amino acid sequences could be predicted.

The tables compare interpolation and extrapolation results. We should distinguish a set of predicted
adjacent pairs from an unambiguous reconstruction of a complete sequence. Nevertheless, these
predictions provide more structural information than amino acid presence alone.
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Feature Importance in Random Forest

Feature importance (variable importance)

- A Random Forest model is trained to predict a single label.

= Feature importance indicates how frequently and effectively each
variable is used to split the decision trees.

= Variables that contribute more to classification have higher
importance.

= Therefore, feature importance reveals the variables (e.g., mass
peaks) that are most useful for predicting the target label.

Example

Label: Material A

Mass peaks with high importance may include:

= Peaks characteristic of Material A.

- Peaks characteristic of other materials, whose absence helps
distinguish Material A.

69 S. Aoyagi, et al.: Anal. Chem. 93, 4191 (2021). Satoka Aoyagi (Seikei Univ)
RF importance can also highlight mass peaks associated with a particular chemical structure, such as an
amino acid.

These peaks may characterize the target material or another material whose absence helps distinguish
the target.

Importance guides further investigation; it does not prove a fragmentation mechanism.
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Important features, m/z, for Important features, m/z, for
GIn (Q) prediction. Arg (R) prediction.
Importance | m/z Amino acid | |Importance | m/z Amino acid

0.0427 59.1 R
0.0273 101.1 R 0.0295 1050.8 Peptide
] 00291 | 871 N,G
0.0229 449.0 - 0.0235 43.1 R
e T A,C,S,E WER, 0.0233 112.1 -
YL 0.0226 72.1 G
0019 | 104.1 M 0.0197 1049.8 Peptide
0.0186 |[113.1 G 0.0189 84.1 R,H

Glutamine (Q) related fragment ions have not been reported.
Unknown fragment ions from a target material can be
suggested by the spectrum prediction system.

Label generalization = General organic material prediction

70 S. Aoyagi, Y. Fujiwara, A. Takano et al.: Anal. Chefat@igh Ah$203dikei Univ)

These tables list peaks useful for predicting glutamine and arginine labels. The glutamine results
suggest candidates for further examination where established fragment assignments were limited. A
peak can support a label prediction without originating exclusively from that residue, so chemical
assignment and independent checks remain necessary.
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Peptide labels € Two consecutive amino acid residues
General organic molecule labels € SMILES-derived structural descriptors

Label Design for Organic Material Prediction
Material =» SMILES (Simplified Molecular Input Line Entry System)
=>» Chemical Substructures =»Training Labels

« Labels represent chemical structures, not material names.
» This enables the prediction of previously unseen organic materials.

N[C@@]([H)(C)CEONIC@@([H)(CC(=0)0)C(=0NI[C@@]([HINCCCC(=O)N[C@@)(H])
(CC(=0)N)C(=O)N[C@@]([H])(CCCCN)C(=O)NIC@@]([H])(Cclcccee YC(=O)NIC@@]([H])
(Celeec(0)ec)C(=0)NCC(=0IN[C@@)(H])(CC(C)C)C(=0)N[C@@](IH])(CCSC)C(=0)0

Branches () N[C@@), [H], C, =0, N[C@@], CC(=0)0, ...

Cyclic structures  N1[C@@]([H])(CCC1), clcee(O)ecl, ...

Weininger, D. 1988, SMILES, a Chemical and Information System. 1. Introduction to Metantomaticalyy
hodology and Encoding Rules. J. Chem. Inf, Comput. Sci. 28(1): 31-6.

Wiswesser, W.J. 1954, A Line-Formula Chemical Notation. New York: Cromwell.

l RDKit (Chem.Descriptors), Chemical graph theory: € Compatible with SMILES

71 K. Kamochi, M. Inoue, S. Ogawa, D. Hayashi, and 5. Aoaygi, JSA 30(1), 1527 (2023)  Satoka Aoyagi (Seikei Univ)

We extend structural label design from peptide residues to general organic molecules. Each molecule is
represented by a SMILES string, from which smaller structural elements are extracted as labels. The
model predicts these structural elements from a spectrum. The predicted pattern can then be compared
with candidate molecules, rather than being restricted to a numerical ID for each training material.
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A - 178 SMILES Labels 61, Accuracy =0.80
5 [N+] 178 ]
[5 (0] 178
7 (C@HCC)C) [7af 25 (o) 174
9 (H]) [178] 43 NYC@@| 174 .
m =N) el | wiceennncee: | | The peptide data set can
13 (C(CIC) [178] 46 ~NCC 174 >
19 (€C) 178]_50 B=CN*# 74 | be applled to the
27 (CCONC(=N)N) 178] 52 Heesit 174 5 .
Y e I bbb prediction of other organic
32 (0]} [178] . R 1
AT cc-co-co 17| | Materials.
39 | COCCCCoCC=0CCCreUcC ‘l.‘nl :;‘; ;1: * X’
W | _ccoceaoccooceo ] 3 ||~ Other organic materials
41 coccccoccceeccee  jizal 45 173 . .
rF NC@w] IE2] BT sC || could be predicted by this
48 OC 178] 16 — {CC(=0)N) 160 =
) 0CC ;mll 18 (CCC)C) 7 method using SMILES
56 WCCCNCH Ti78]_3 [Co@] [
58 4COP# [178] 29 (€0) 3 Labels.
61 #OCCI N+ & 178] 57 #CO# 3
2 [C@] 1764 60 HWN# 3 - {
17 (CCL=0)0) ‘l7‘ﬁ+ 23 (CCC(=0)N) 2 An unl\nown mOIECUIe
22 (Ce*ccece™) 1176] 12 (=) 0 1 i1
- T = = p could be identified from a
33 C [176] 47 a 0 :
T o i 0 predicted label pattern.
1 e eec(O)oc™ 175 54 #HOOCH 1)
21 (Comere(O)ec™) [175] 59 HOSH 0
31 (Cs) [175
36 crcee(Opec* 1175
53 #Cc*cocst 175
55 HCCC# 175 davane = nploackxt('uS1_5S78_smilesLG1.csv', dypes"Hout', commems="#" dellmiwr')
24 {CCO(=010) 174 darore = pploadea(testU2_smblesh b Losy'y diypes "lost'. comments="1, delimitey
72 I, Masuda, et al., J. Vac. Scl. Technol. A 43(2) 023204 (2025) Satoka Aoyagi (SL‘”\(‘i Univ)

This slide shows an example using 61 SMILES-derived labels. The predicted label pattern can be
compared with the structural elements of candidate molecules. A reported accuracy describes the
performance in the particular evaluation shown here. The important idea is that chemical structures
shared among molecules can provide information beyond a fixed list of material names. Whether a
previously unseen molecule can be identified depends on the coverage and discriminating power of

those labels.

24 October 2
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SIMILES Chemical structure labels

T. Masuda, et al., J. Vac. Sci. ledmol A\4’())()

—@Cw a0 CClC@] | [Co@] [Co@H] C@)] [CaH] [Canl0]_|_[Canio
I0[C@H]
IC-) (C-]=C0 [H] [ir+3] IMg+2] N-] IN-10} IN+] 10-] {C{IC@H]
{oco
JOC@HIO)
olc@@Hl |, [ ce@nix) | (ca@nix : (c@um) c@imiio) (canx)x)
(Coricmi) [petcicicton] ccoco | ic@en o o {cal fecicl i ¢}
{O)C@HI0
SO | ucamix)
lIc@ , Plc@Hoic@H Ic@nIX)0) | (IC-1=c0) (1)) (IN-10) {o-n ) (=
1x)0)
) [=CO[C@H]{ X}
4 CCC{XHoc
R (T‘ st C=C(X}/ i A Lo
{=c(x) =) | (=CIX 1=Co[c@H] oterim: (=cc=co) (=CNu) =N), [, =0 (=NC=N0)
Ocean Plastic (Sty rofoam,.(;in |styreng: PS) prediction (0.925)
CIX)CH
(CI=COIOIAT]
{OCO=CC=CCu (c1xy
(=0) \C =CON=CC=C0}| (C{=0]00} (C{c)c) {CIX)IN-]0O} (C{X)C) (,7(‘)'(‘_ix)(_] (CIX)CO) {CIX10}
IOCO=CC=CCO - %
CON=CC=C0)
TG=COCI=C0] | {G=COCI=Co) [ [C=COCT=C0] | (C=COCIX) | 16=00CTX) | (c—cocix)
: 2 CI=NC=N0) | C(=NC=N0} N=CN=CONCO X} ciX) AR e
© {C=co) [C=C0C INco=cei=cleiNct=co=cet={eci=cle=co) | Neo-cerx) | Neo=cccoq [F (‘: :']“(NI‘)‘) oo}
COlF)Cl) | cojesc) F)cl) ap XiC x|
{CO=NC0O=CC)
CLC0=CIN-I]
)Cl=COlC@H)
([C@@HI
[(.U{(_,;.ygvnl (COIC@H] ((,(:;\0»)
([C@H] c : C=CoC(=C{C(
({CUC@HNOO) & ,g'g:m § (C0=CC=CC=C]{CO=NCO=CCO) y (co[c@@H)
o { (o . . ico=ce=ce=cfco-nco=ca oG
(CojC@@H) H(,(ix‘Hlfll(,‘g'l {Co[C@H) OlC@HI0C(CH {Ch=C of =C {Co=0) (X)0)
l(CliC@H] €{CL00}CO}
(0C0CO}0)0) lator

3204 (2025).

Based on the SMILES labels, unknown ocean plastic samples were predicted as polystyrene with a high

level of label agreement. These ocean plastic samples were also confirmed to be polystyrene using
TOF-SIMS MSMS.

The displayed value of 0.925 represents the label agreement reported for this example. Agreement with
predicted chemical-structure labels supports a candidate identification, while the MS/MS measurement

provides an independent chemical check.

Please let us know if you are interested in our material prediction system, which is based on RF and
SMILEs. We can share our programmes with you.
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Mass Imaging is linked to quantitative analysis.

Mass image = Peak intensity at each pixel (voxel)
€Quantitative analysis

MS images The original image After ANN
e T <
EsasaEaazasass EEmEman (Matrix effects
Difes FHHH | correction)
B | £EEEE FEEE
1T ! rHH 11
Reagent =
HHH T
CEEH o
E,F__- , I T X / \
g
Hi ’ \ i oty I A
Reagent required Flexible methods are
area required

Satoka Aoyagi (Seikei Univ

In mass imaging, peak intensity can change with both the amount of a substance and its chemical
environment, which can cause matrix effects. This schematic shows how matrix effects can enhance or
suppress the intensity of a particular secondary-ion mass peak. As a result, the image based on that peak
may not accurately represent the actual distribution of the substance.

Obtaining accurate mass images requires reliable quantitative analysis that accounts for matrix effects.
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VAMAS Project TWA2 A31 (2021)
5 N

OEL Samples: Ir(ppy), & Alq,, Ir(ppy), & Cumarin 6 M

(0, 25, 50, 75, 100 %) |

e e So— M NS
TOF-SIMS (ION-TOF GmbH): L= B
Bi,”" (PI).& GCIB Fsput(ermg) Ir(ppy),
TOF-SIMS (ULVAC-PHI, Inc.): Tris[2-phenylpyridinato-C?,Nliridium(I1I)
Bi,"" (P1) & GCIB (sputtering) Iridium, tris[2-(2-pyridinyl-kN)phenyl-kC]
OrbiSIMS: Ar clusters C“H‘-”'":"J
J105: Water clusters (H,0) M. W. 65516
- Positive and negative ion spectra it @) 0);/1;]
- Depth profiles and surface analysis C}’N\L/“\ .
g5 \o/' I ‘-\0
XPS - Depth profiles NN
K
Desorption/lonization Induced by Neutral SO, Alg,
i)

Clusters (DINeC) Tris-(8-hydroxyquinoline)aluminum
MALDI-TOF (LDI) C,H,,AIN,0,
- Positive and negative ion spectra M. W. 459.12

Satoka Aoyagi (Seikei Univ)

Two sets of binary OEL mixture samples were analysed by ToF-SIMS with Bi cluster and water cluster
ion beams, and OrbiSIMS with an Ar cluster ion beam, as well as laser desorption/ionisation (LDI), and
desorption/ionisation induced by neutral SO2 clusters (DINeC).

XPS was also employed for reference.
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Supervised Learning XAl
Quantitative analysis using ANN (Shallow MLP)
Input (spectra) Hidden Output (Ratios)
Matrix (s x v) L (s x 5)
131138 ... [1199 [1200] WY 1 [075] 05 [025] 0
4RI 1Joflolo]o
o | o sl o o R ) R A T 01 O
o | 005 0.00 | 0.00 9. 31 1" [ 0]
s of1f{ofo]o

-y - o [0 oo 100
N D I : yololi1lofo
o I il ; M oo o210
o 9% .. [°®] o Z \gro o[of1]o
0.00 | 0.00 oo1 | 4 = 0 0 0] o 1
3 1.5 1 = 12 4 0 |0 |0 |01
0;)0 0;)0 0;())0 0;)0

b b i, [ ) waxwe

Important mass
'R ﬂ T 1 peaks
Non-linear =ty Lineax .
I ‘ a 1 I | = Quantitative
| P 1 1 analysis

76 s Aoyagi, et al., Analytical Chemistry 95, 15078-15085 (2023).  Satoka Aoyagi (Seikei Univ

We have developed a shallow multilayer perceptron (MLP)-based system for quantitative analysis from
SIMS spectra.

This shallow MLP can predict sample compositions and identify the mass peaks contributing to each
label representing the composition.
Please let us know if you are interested in quantitative analysis system, which is based on ANN. We
can share our programmes with you.
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Summary

Label design is crucial for developing effective supervised learning
-Material prediction
€ representing the essential structural elements of molecules
-Quantitative analysis for three-component system
€ Representing the essential compositions of each material

Scientist x Al

=>»Understanding the scientific meaning and the physical and
chemical principles underlying measured data.

From Measured Data to Scientific Meaning
=»SIMS, MS, XPS, Raman, TEM, SEM, NMR, XRD, ...

aoyagi@st.seikei.ac.jp
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From Measured Data to Scientific Meaning
Measured Data
1
Knowledge Representation — encode scientific knowledge
g
Machine Learning — extract patterns
1
Explainable AT — identify what drives the result
1
Scientific Interpretation — connect results with physics/chemistry
i
Validation — test alternative explanations
1
Scientific Knowledge / Discovery

Al should not only provide answers. It should help us understand
the measured data contain those answers.
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