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Abstract

We propose a suitable and interpretable methodology for FTIR spectral classifi-
cation when using weakly-labelled data. A multi-scale CNN is implemented with
first layer kernel widths chosen to match common FTIR peak widths, before an
ensemble of these models (EMSCNN) is constructed using validation set voting.
In the context of cancerous tissue classification from FTIR spectra, EMSCNN
achieves a weighted mean of per-class sensitivities of 83 4+ 6% and F1 score of
67 + 7%, beating all other models tested. A new semi-supervised VAE version
of the CRIME framework is implemented to interpret the model, elucidating dis-
tinct pathways to each spectral classification. Multiple VAE architectures are in-
vestigated using convolutional or transformer encoders and linear or transformer
decoders. Finally, linear weighted cosine similarity models are constructed us-
ing the VAE latent space and achieve similar performance to direct classification
methods. Our code is available here.

1 Introduction

The scientific community has long appreciated the potential of Machine Learning (ML) for pre-
dictive tasks using spectroscopic data [Zhang et al., 2022, Contreras and Bocklitz, 2025]. Fourier
Transform Infrared Spectroscopy (FTIR) is one of the most widely used techniques for determining
sample composition, and unlike most spectrometers, FTIR spectrometers are generally fast, inex-
pensive, and robust. Over the past few years, multi-scale convolutional neural networks (MSCNN5s)
have been shown to perform exceptionally in many spectroscopic fields ranging from acute neonatal
quiet sleep detection using EEG signals to Salmonella serovar identification from surface-enhanced
Raman spectra [Ansari et al., 2022, Ding et al., 2021, Yu et al., 2021, Cai et al., 2022, Tang et al.,
2023]. Despite this, the application of MSCNNs to FTIR spectra has been limited, with most anal-
yses instead applying linear models, CNNs, random forests, or gradient boosting to a small number
of manually-selected integrated spectral peaks or PCA components [Haghi et al., 2021, Zhang et al.,
2025]. Three previous works [Luo et al., 2025, Leng et al., 2023, Shuai et al., 2024] have applied
MSCNNS s to FTIR spectra, yet none of them use a physics-informed kernel design.

Work on explainable FTIR systems has also been limited, with previous works either focussing on
a small number of input features [Ceran and Gurbanov, 2025, Zhang et al., 2025], genetic program-
ming (GP) [Goodacre, 2003], or LIME and SHAP weighting analysis [Zhang et al., 2025, Haghi
et al., 2021]. Of these approaches, limiting features and genetic programming both risk producing
over-simplified models, whilst LIME and SHAP weightings are difficult to interpret. Consequently,
the existing FTIR explainability methods are unlikely to simultaneously satisfy both clinical explain-
ability and accuracy requirements [Slack et al., 2020, Aboy et al., 2024, Farah et al., 2023, Contreras
and Bocklitz, 2025].
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To overcome some of these challenges, this work provides a framework for utilising weakly-labelled
(one label per image) FTIR hypercubes to extract multiple interpretable pathways per classification.
This is achieved in three steps. First, we implement a new MSCNN architecture with kernel sizes
chosen to match the widths of common FTIR features. Second, we apply a modified CRIME [Zaki
et al., 2024] framework to this model with a physics-motivated semi-supervised variational auto-
encoder (VAE) architecture, generating clusterings of LIME [Ribeiro et al., 2016] explanations.
We then hypothesise that separate CRIME VAE latent-space clusterings corresponding to the same
classification can represent different paths to that classification. Based on this, we use the CRIME
latent space clusters as the basis for a cosine-based spectral-similarity model to approximate the
original MSCNN.

2 Methodology

Model Architecture The relatively simple MSCNN architecture with 74866 trainable parameters
implemented in this work is detailed in Figure 1. The first layer incorporates multiple convolutional
heads with different kernel sizes chosen to span the same widths as common FTIR spectral features.
The choice of relatively large kernel sizes here is essential, as it provides a pathway for the model
to easily differentiate between slightly translated or skewed absorption peaks - features that are
characteristic of environments with differing levels of acidity or hydrogen bonding [Wolpert and
Hellwig, 2006]. The remaining structure of the architecture is a compacted version of that proposed
by Zaki et al. [2024], but with significantly increased dropout frequency to prevent overfitting to
weakly-labelled data. To further prevent overfitting, we construct a voting ensemble (EMSCNN) of
models which converge well based on the validation set.
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Figure 1: The MSCNN architecture implemented in this work. C1D(input channels, output chan-
nels, kernel size, stride) denotes a 1D convolutional layer and FC denotes a fully connected layer.

Modified CRIME Framework We modified the CRIME framework proposed by Zaki et al.
[2024] in two main ways. First, we implemented the framework using a semi-supervised M2
VAE [Kingma et al., 2014], allowing us to investigate the effect of incorporating model classifi-
cation predictions directly into the latent space clustering. Second, we implemented a range of
encoder-decoder pairs designed to capture the interactions across different wavelengths. The in-
put to each VAE is the concatenation of a FTIR spectrum and its LIME weights. These encoder-
decoder pairs had convolutional-perceptron (CP), convolutional-transformer (CT) and transformer-
transformer (TT) architectures. The convolutional encoder incorporates a MSCNN approach with
kernel sizes of 3 and 300 in the first layer, before concatenation and fully-connected (FC) projection.
The perceptron decoder has a FC layer mapping to the output features through a scaled and biased
tanh (SBT) projection. The transformer encoder copies the first convolutional encoder layer, but
projects each convolved feature to 4 dimensions after concatenation. It then uses a transformer en-
coder framework with 3 layers, 4 heads, 64 hidden dimensions, and sinusoidal positional encoding,
followed by a FC projection. The transformer decoder uses a FC projection followed by a causal
transformer decoder framework with 3 layers, 4 heads, feed-forward dimension 256, and output



dimension 64, before FC reduction to one dimension per output feature, and SBT projection. The
classifier head after each feature extractor has FC layers mapping from 64 — 128 — 4 dimensions
with ReLU activation. Latent embeddings were calculated by concatenating the classifier probabili-
ties and the encoder outputs, before FC projecting to 4 dimensions for both y and o.

Linearisation Process After constructing the VAE latent space, we again follow the standard
CRIME framework and apply K-means clustering to the embeddings, generating contexts. To con-
struct a maximally interpretable model from this, we first calculate the average LIME weightings
and average spectrum for each context. We then label these with the most frequent MSCNN clas-
sification prediction for the spectra within that context. To classify a spectrum, we calculate the
normalised-LIME-weighted cosine similarity between each normalised average spectra and the nor-
malised test spectrum, classifying the test spectrum according to the label of the context with which
it best matches. Here, normalisations are linear mappings of the range to [—1, 1].

Experimental Method An FTIR dataset recorded and pre-processed as described by Nallala
et al. [2016] was provided by the University of Exeter. This dataset consisted of 90 FTIR spec-
tral images (1.19 M spectra) with 5 ym spatial resolution and intensities at 801 wavenumbers from
1000-1800 cm~1. Of these images, 31 were classified as normal, 17 as hyperplastic, 27 as adeno-
matous, and 15 as cancerous, with the latter classifications taking precedence if multiple classes of
tissue were present. The spectra within each image were therefore weakly-labelled.

Using the stratified group K-fold method, the dataset was split into four independent sets of spectral
images, whilst maximising the cross-set class balance. All experiments were performed with 4-fold
cross-validation by permuting which dataset splits constituted the training, validation and test sets in
a 2:1:1 ratio respectively. MSCNN models were trained on the training set, and tuned using the val-
idation set, whilst VAEs were trained and tuned using the validation set. All results presented show
test-set performance. The models and VAEs were trained for four-class prediction. However, it is
often more convenient to present results as non-cancerous (normal, hyperplastic and adenomatous
tissues) vs cancerous tissues. To account for the varying number of spectra with each classification
label, we define the sample weighted sensitivity (SWS) as the weighted mean of per-class sensitiv-
ities, where the weights are proportional to the number of spectra in each class. Unless otherwise
stated, F1 denotes the mean across folds value in binary cancerous vs non-cancerous classification.

3 Results and Discussion

MSCNN Performance As the spectra utilised here are weakly labelled, and the number of inde-
pendent samples in an evaluation is relatively small (~20), we expect performance to vary depending
on which features a model learns. To ensure reliable ensemble performance, we therefore set the
threshold for EMSCNN inclusion at the cross-fold MSCNN validation set median SWS (> 0.55).
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Figure 2: Binary cancer classification performance by model type. a) Direct predictions b) Lin-
earised CRIME predictions. M and L denote EMSCNN model reproduction, and label reproduction
performance respectively. The model suffix denotes the semi-supervision level, where 0.2 — 20%
supervision.



To evaluate EMSCNN performance, we compared it with mean square error, cosine similarity, PCA
fed linear discriminant analysis (PCA—LDA), PCA fed eXtreme gradient boosting (PCA—XGB),
and direct eXtreme gradient boosting (XGB). In each case, the PCA dimension was 25, and default
hyperparameters were used. The results in Figure 2a show that our EMSCNN model achieves the
best SWS and F1 scores (0.83 &+ 0.06 and 0.67 4 0.07 respectively), and is the only model to
perform well in all metrics simultaneously. For comparison, XGB achieves SWS and F1 scores of
0.7740.03 and 0.62+0.07 respectively. This good cross-metric performance, and the ability for the
EMSCNN to produce qualitatively excellent spatially reconstructed predictions gives us confidence
that EMSCNN is the most suitable model for weakly-labelled FTIR spectral classification.
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Figure 3: UMAP representations of a 20% supervised CT VAE latent space after CRIME clustering
(a) and coloured by label (b). ¢) The number of predicted and labelled cancerous entries within each
context. d) The mean spectra and LIME weightings for cancerous labelled contexts at extreme ends
of the UMAP arm (87, 90), and one which correctly opposes the target labels (97).

Explainability and Conclusions Although the CRIME framework proposed by Zaki et al. can
produce interpretable latent spaces, we found that the addition of low-level supervision improved
interpretability, as shown in Figures 3a-b. Compared with the unsupervised approach, which pro-
duces the latent space shown in Figure 4a, the latent space in Figure 3b much better separates the
non-cancerous classifications. These figures also demonstrate how the semi-supervised VAE has
learnt to produce two wings; one with normal and hyperplastic tissues, and one with adenoma-
tous and cancerous tissues, with all tissues present in the centre. This corresponds well with the
weakly-labelled nature of the dataset, and the physical similarities between tumour (adenomatous
and cancerous) and non-tumour (normal and hyperplastic) tissues. The cluster of normal labelled
spectra in context 31 corresponds to necrotic tissue, which is physiologically similar to cancerous
tissue. Remarkably, the VAE well separates this context, suggesting it could be classified well if
necrotic labels were also available for training.

The spectra for contexts 87 and 90 in Figure 3d both correspond to cancer-dominated clusters, yet
their LIME weightings differ significantly, demonstrating the ability of this methodology to extract
different pathways to the same classification. For example, the weightings which are heavier in
context 87 between 1300-1700 cm ™! are clustered around spectral peaks and troughs - indicative
of combined imperceptible shifts due to the environmental pH [Wolpert and Hellwig, 2006]. The
majority of spectra in context 97 are labelled as cancerous, but the EMSCNN has correctly learnt
that these were mislabelled, as is particularly evident when comparing the spatial locations of these
clustered spectra with the H&E stain of the sample as shown in Figure 4b-c. Our claim is further
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Figure 4: a) The UMAP representation of an unsupervised CT VAE latent space after CRIME,
coloured by label. b) A false-colour FTIR image for a cancerous sample, showing the spatial lo-
cations (dots within red circles) of spectra within non-cancerous CRIME context 97. ¢) The H&E
image corresponding to b).

supported by the major differences between LIME weightings in the range 1000-1300 cm ™! for
context 97 and those in contexts 87 and 90. This region alone could be sufficient to inform cancer /
non-cancer classification, but further work is required to confirm this.

The results in Figure 3c demonstrate that context-wise EMSCNN and label classifications often
agree well, and that different classifications are primarily clustered in small, independent subsets of
all contexts. This assists the linearisation methodology, enabling the performance seen for many of
the VAE architectures detailed in Figure 2b. It is generally observed that the VAEs recreate the model
predictions better than the label predictions, and that enabling supervision improves prediction per-
formance in all cases. The 20% supervised CP and TT models performed especially well, achieving
performance comparable to the direct classification methods shown in Figure 2a. Our methodology
therefore increases the interpretability of CRIME in weakly-labelled FTIR spectral classification
problems, and enables the generation of performant and interpretable linearised models.
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